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Abstract

In the United States, credit card companies frequently use machine learning algo-

rithms to proactively raise credit limits for borrowers. In contrast, an increasing

number of countries have begun to prohibit credit limit increases initiated by banks

rather than consumers. In this paper, we exploit detailed regulatory micro data

to examine the extent to which bank-initiated credit limit increases are directed

towards individuals with revolving debt. We then develop a model that captures

the costs and benefits of regulating proactive credit limit increases, which we use to

quantify their importance and evaluate the implications for household well-being.

∗This paper was prepared for the Carnegie-Rochester-NYU Conference Series on Public Policy. The
views expressed in this paper are solely those of the authors and do not represent the views of the Federal
Reserve Board or the Federal Reserve System. Cord Barnes provided excellent research assistance.

†Federal Reserve Board (vitaly.bord@frb.gov)
‡King’s College London, University of Manchester, and IFS (agnes.kovacs@kcl.ac.uk)
§Federal Reserve Board, IFS, and CEBI (patrick.e.donnellymoran@frb.gov)

1

https://sites.google.com/view/patrickmoran/research/credit-limit-increases
mailto:vitaly.bord@frb.gov
mailto:agnes.kovacs@kcl.ac.uk
mailto:patrick.e.donnellymoran@frb.gov


1 Introduction

As algorithmic decision-making reshapes consumer finance, a critical tension has emerged

between the efficiency of automated credit decisions and the protection of vulnerable

consumers. In the credit card market, limit increases are a particularly important but

understudied source of credit, affecting more than 12% of accounts each year. Countries

differ in their approach to regulating limit increases. For example, in the United States,

the overwhelming majority of these increases are implemented automatically by lenders

using proprietary models rather than requested by consumers. By contrast, reflecting

concerns about indebtedness and consumer protection, several countries have restricted

banks’ ability to raise credit limits: for instance, the UK now prohibits limit increases

for borrowers who have been in persistent revolving debt, while Canada prohibits bank-

initiated credit limit increases without consumers’ consent.

Policy makers face an important question: to what extent should they regulate algo-

rithmic decision-making in credit markets, particularly when banks increase credit limits

automatically? On the one hand, automatic credit limit increases can be beneficial, as

they relax credit constraints and give households greater flexibility to smooth consump-

tion over adverse shocks. On the other hand, such increases may also be detrimental.

Most of a bank’s credit card profits come from consumers who carry persistent debt

(Adams et al., 2022), creating incentives for banks to direct limit increases toward these

individuals. If some consumers struggle with self-control, additional credit may lead to

greater indebtedness (Laibson, 1997; Gul and Pesendorfer, 2004). Indeed, empirical evi-

dence shows that consumers borrow more after credit limit increases, even when they did

not request the increase and are not observably constrained (Gross and Souleles, 2002).

In this paper, we exploit regulatory data on credit card lending to investigate who re-

ceives bank-initiated credit limit increases, then develop a quantitative model to evaluate

the costs and benefits of allowing banks to proactively raise credit limits. We make three

main sets of contributions. First, in the data, we present several new stylized facts about

the importance of limit increases in credit card lending strategies, the role of proactive

bank-initiated increases that are not requested by consumers, and their relationship to

revolving debt. Second, we examine the extent to which bank-initiated credit limit in-

creases are directed towards individuals with revolving debt, and consistent with existing

literature, document that debt rises after limit increases. Third, we develop a model

of household behavior that allows us to perform the first quantitative analysis of the

positive and normative implications of restricting bank-initiated credit limits increases,

examining both the UK approach of prohibiting increases for revolving borrowers and

the Canadian approach of requiring explicit consumer consent. Overall, we believe our

results have important implications for consumer protection and the emerging field of
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algorithmic regulation in consumer finance. Indeed, while many aspects of credit card

markets are regulated, there is little oversight of the factors lenders can use to proactively

raise credit limits.

Our empirical analysis utilizes regulatory data on credit card lending from Federal

Reserve’s Capital Assessments and Stress Testing Reports (Y-14) filed by large credit

card issuers, covering more than 70% of the U.S. credit card market. This dataset is

uniquely suited to our purpose because it allows us to differentiate between bank- and

consumer-initiated credit limit increases, something which is impossible to observe in most

other datasets, such as credit bureau data. The Y-14 data contain monthly, account-level

information about granular aspects of credit usage including balances, purchase volumes,

finance charges, and fees.

We begin by cataloging several new stylized facts about the role and prevalence of limit

increases in the U.S. credit card market. We show that limit increases are an important

source of consumer credit, with half as much additional available credit coming from limit

increases as from new account originations. Limit increases are relatively more important

for lower credit score borrowers, as lenders often follow a “low and grow” strategy on these

accounts— with low limits at origination, followed by increases depending on borrower

behavior. The share of revolving balances — the part of total balances that are carried

from the previous month rather than paid off and thus accrue interest — made possible

by limit increases is similarly higher for low-credit score borrowers.

Importantly, the overwhelming majority of limit increases in the U.S. are proactively

implemented by banks rather than requested by consumers. Credit card lenders have

extensive amounts of data on their existing customers, which they can mine with machine

learning and artificial intelligence algorithms to ascertain the most profitable customers

to whom to give limit increases. Consistent with their use of algorithms, we show that

banks that more often refer to ‘artificial intelligence’ or ‘machine learning’ in their annual

filings tend to support a larger share of revolving balances with limit increases, rather

than the credit limit granted at origination.

Next, building on these stylized facts, we examine the extent to which credit card

utilization is correlated with the likelihood of receiving a limit increase. We distinguish

between two different types of credit card utilization: revolving utilization, which reflects

debt that is carried from prior months, and transacting utilization, which reflects new

purchases. While both revolving utilization and transacting utilization are positively

correlated with a limit increase, we find that the likelihood of receiving a limit increase

varies across the two types of utilization. More specifically, the correlation with revolving

utilization follows an inverse-U shape with the highest probability of receiving a limit

increase occurring for moderate levels of utilization. By contrast, the correlation with
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transacting utilization follows a logarithmic growth pattern: the probability of a limit

increase rises with utilization until about a utilization of 0.3, and above that level, uti-

lization does not appear to vary with the probability of an increase. We find that these

patterns vary somewhat with credit score, likely reflecting underlying differences in risk.

We conclude the empirical results with a simple event study examining what happens

to utilization after a limit increase. Our findings are consistent with the results established

in the literature: in the months after a limit increase, utilization rebounds to pre-increase

levels, as consumer increase their revolving debt. Notably, this effect occurs even in

accounts that are not near their credit limit and so are unlikely to be liquidity constrained.

This is consistent with the presence of self-control issues, which also predicts that higher

credit limits may lead to greater borrowing.

After presenting the empirical results, we develop a model that allows us to perform

the first quantitative analysis of novel real-world policies that restrict bank-initiated credit

limit increases. In the model, households make consumption, saving, and borrowing

decisions over the life-cycle while faced with uninsurable income and employment risk.

We allow for heterogeneous preferences following Nakajima (2017), allowing for two types

of households with and without self-control issues à la Gul and Pesendorfer (2001, 2004).

We assume hidden information on household type, such that credit card companies cannot

make lending decisions based on type, but only based on observed consumer behavior.

In the model, the credit card company initially offers a similar product to all consumers,

but with the option of tailoring credit limits later. We calibrate the credit limit increase

function using Y-14 data, then internally estimate the preference parameters to match

aggregate statistics on the U.S. credit card market.

The above model captures two opposing effects from allowing proactive limit increases

based on machine learning algorithms. According to traditional theory, consumers benefit

from additional credit, as it gives them greater flexibility to smooth consumption and self-

insure against risk. At the same time, if bank algorithms implicitly target consumers with

self-control issues, it may lead to greater temptation and increased borrowing, which may

be detrimental to consumers even if it is profitable to banks. Taken together, our model

captures the benefit of relaxed constraints, as well as the potential risk of giving too much

credit to consumers with behavioral biases (see e.g. Livshits, 2020).1

We begin by analyzing the properties of the baseline model, where consumers receive

credit limit increases based on the empirical evidence from the Y-14 data. Through the

lens of our model, we find that most credit limit increases go towards consumers with

self-control issues, since these borrowers are more likely to maintain revolving balances.

As a result, many limit increases are detrimental from the perspective of the consumer.

1We focus on self-control issues due to their well-documented importance in credit card borrowing
(Meier and Sprenger, 2010; Gathergood, 2012; Kuchler and Pagel, 2021).
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That said, we find important heterogeneity regarding which limit increases are beneficial:

while customers with zero or low utilization almost always benefit from greater access to

credit, customers with moderate or high utilization are frequently harmed by proactive

limit increases, as these consumers are more likely to suffer from self-control issues.

Using the above model, we analyze the positive and normative implications of alter-

native regulations that restrict banks from raising credit limits in certain situations. In

our first counterfactual exercise, we evaluate a policy that prohibits banks from raising

the credit limits of revolving borrowers, motivated by a recent policy in the UK. In our

model, we find that this policy results in a large decrease in the share of credit limit

increases going towards consumers with self-control issues. As a result of fewer limit

increases, the debt-to-income ratio declines by roughly 2 percentage points, even as the

average utilization rate increases slightly due to reduced credit. Turning towards welfare,

we find that prohibiting limit increases to revolving borrowers improves welfare by 1.1%

in terms of consumption equivalent variation. While agents without self-control issues

are slightly harmed by reduced access to credit, these costs are small compared to the

benefits of reduced temptation and lower interest expenditure by agents with self-control

issues. Finally, we find that when the firm is able to re-optimize its credit limit increase

function in response to the new policy restriction, the policy helps to shift credit limit

increases from agents with self-control issues to agents without such issues, and thus the

counterfactual policy continues to improve overall well-being.

The second counterfactual policy we analyze restricts banks from increasing credit

limits without consumer consent, inspired by recent regulations in Canada, Singapore,

and New Zealand, which will be implemented across EU member states in 2026. This

policy shows similar positive and normative implications as prohibiting limit increases for

revolvers, under the assumption that consumers are fully aware of their self-control issues.

That said, we find meaningful differences if we alter our assumptions about the share of

sophisticated versus näıve consumers. Requiring consumer consent improves welfare when

consumers are sophisticated, whereas prohibiting limit increases for revolving borrowers

remains effective even if all households are näıve.

Taking stock, our results have important policy implications for algorithmic regulation

in credit card markets. While the U.S. has extensive regulations on credit rejections and

limit decreases, there is a notable lack of regulation surrounding proactive bank-initiated

limit increases.2 Although we do not observe the exact algorithms used by banks to

determine their optimal policy for proactively raising credit limits, our empirical analysis

2Lenders have to follow two main types of regulations around credit limit changes: when decreasing a
credit limit or rejecting an application to increase a credit limit, lenders needs to provide a reason under
the Equal Credit Opportunity Act; and when increasing limits, they need to abide by “ability-to-pay”
rules and only make loans that borrowers can reasonably pay given their income and other obligations,
although Fulford and Stavins (2025) find that these rules are generally non-binding.
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demonstrates a revealed preference for giving additional credit to revolving borrowers. In

our calibrated model, this implies that credit increases are disproportionately allocated to

consumers with self-control issues, raising concerns about exploitative contracting in the

spirit of Heidhues and Kőszegi (2010). Taken together, we conclude that if some house-

holds have self-control issues, there are strong consumer protection reasons to regulate

the algorithms used by banks to proactively to raise credit limits.

Related Literature. Our paper contributes to several strands of literature. First, an

extensive literature has examined how credit limits affect consumption and borrowing in

the credit card market (Agarwal et al., 2023, 2017; Fulford and Schuh, 2023; Gross and

Souleles, 2002). These papers generally find that borrowers alter their spending with

changes in their credit limit even if they are unconstrained and have utilization below

their credit limit. Most of these studies do not establish a causal interpretation to these

findings, with the exception of Aydin (2022) who uses a field experiment to identify a

causal effect and Chava et al. (2023) who examine the effects of credit limit changes

arising from bank funding shocks. A causal effect is generally difficult to identify, as

automated changes to credit limits may be responses to borrower actions. Kovrijnykh

et al. (2023) find that lenders increase limits on borrowers’ existing credit card accounts

when borrowers open new credit cards, consistent with the new accounts revealing positive

information about the borrowers’ creditworthiness. 3

We add to this literature by examining the account and borrower characteristics that

help predict limit increases. To our knowledge, the only previous paper that has focused

on account-level drivers is Fulford and Stavins (2025), who examine how the ability-

to-pay rules implemented as part of the 2009 Credit Card Accountability Responsibility

and Disclosure (CARD) Act affected lenders’ granting of credit limit increases. They find

that although most income updates are followed by limit increases, lenders often increase

limits without receiving any updates about borrower income. We add to this literature

by being the first to evaluate the importance of utilization and revolving behavior in

driving bank-initiated limit increases, and to document the differential roles of bank- and

consumer-initiated limit increases.

Second, our analysis of the welfare effects of restricting bank-initiated credit expansion

contributes to the literature on consumer protection regulation for consumers with biased

or nonstandard preferences. Heidhues and Kőszegi (2010) show that when some borrowers

have present-bias preferences, it is welfare-improving to ban large penalties for deferring

small repayments, and Heidhues and Köszegi (2015) argue that in the credit card market,

the welfare costs of lenders taking advantage of consumers’ misunderstandings may be

large. Although regulation may help prevent over-borrowing, it may nevertheless be

3In addition, Yin (2022) shows that borrowers infer both higher growth in future personal income
and and higher macroeconomic growth from lender-initiated credit limit increases.

6



welfare reducing for irrational borrowers (Exler et al., 2024). Along these lines, Jolls

and Sunstein (2005) argue that the law can help de-bias consumers by nudging them

towards the rational outcome, rather than by enacting regulation. On the empirical

side, Bertrand and Morse (2011) perform a field experiment and find that additional

information disclosures about payday loans reduce customers’ borrowing. Stango and

Zinman (2011) show that weaker enforcement of Truth in Lending Act disclosures widens

the gap in prices between more- and less- biased consumers. Gathergood (2012) shows

that self-control issues are strongly correlated with over-indebtedness in the UK credit

card market. Relative to the existing literature, we are the first to document that bank-

initiated credit limit increases are often targeted towards revolving borrowers, and the

first to analyze the recently-implemented real-world policies that restrict this behavior.

Third, we contribute to an emergent literature on the regulation of algorithmic deci-

sion making (see e.g. Blattner et al., 2021). While banks release little public information

on their approach to proactive credit limit increases, many credit card companies use

large-scale experiments to evaluate and optimize the profitability of credit limit adjust-

ment functions (Botella, 2022). This approach closely resembles reinforcement learning,

where a bank adopts a policy rule for credit limit increases, which they optimize based

on the observed rewards to following that policy versus occasionally deviating from that

policy, as described by Sutton and Barto (2018). Indeed, recent research shows that a

machine learning algorithms bank-initiated credit limit increases may outperform other

approaches.4 We contribute to this literature by examining how credit card companies

give limit increases based on observed borrowing behavior and the potential implications

for household well-being.

Finally, we contribute to the literature on the revolving and transacting, or conve-

nience, functions of credit cards. Adams and Bord (2020) stress the importance of sepa-

rating accounts by their credit card usage to understand credit market dynamics during

the COVID-19 pandemic. Grodzicki and Koulayev (2021), Fulford and Schuh (2023), and

Lee and Maxted (2023) show that revolver status is highly persistent. Adams et al. (2022)

emphasize that revolvers are the primary driver of credit card lenders’ income, with in-

terest income comprising the vast majority of lenders’ revenues and profits. While other

papers such as Agarwal et al. (2017) have discussed profitability in the context of credit

limit increases, we focus on disentangling the roles that the revolving and transacting

utilizations play in driving limit increases.

The rest of the paper is organized as follows. Section 2 introduces the data and es-

tablishes several motivating stylized facts on the importance of proactive limit increases,

the prevalence of “low-and-grow” strategies, and their role in making possible higher ag-

4See (Alfonso-Sánchez et al., 2024) for an analysis of the outperformance of the Double Q-Learning
algorithm
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gregate revolving debt. Section 3 evaluates the relationship between revolving utilization

and limit increase at the loan level. Building on these findings, section 4 presents the

quantitative model and section 5 discusses the main model results and counterfactuals.

Section 6 concludes and discusses directions for further research.

2 Data and stylized facts

In this section, we first discuss the regulatory data we use in the empirical parts of the

paper. Next, we present several new stylized facts on the prevalence and importance of

credit card limit increases. Finally, we turn to an overview of the regulatory framework

regarding limit increases.

2.1 Data

Our data come from Form FR Y-14M of the Federal Reserve’s Capital Assessments and

Stress Testing Report (henceforth, Y-14) for the January 2014 to December 2024 time

period. These data provide monthly, account-level information on all credit cards issued

by large stress-tested banks with more than $100B in assets. The 26 banks in the dataset

during our sample period comprise, in aggregate, more than 70% of credit card balances

in the U.S.. Because of the large size of the dataset, for our analysis, we use a 0.5%

sample of accounts, consisting of more than 150 million observations corresponding to

more than 3.6 unique active credit cards.

The data include detailed information on the characteristics and usage of each credit

card account, including credit limit, balances, utilization, total purchases, finance charges,

and delinquency. The data also include measures of the borrower’s credit score, which are

available both updated and at origination. Self-reported income is available at origination

for most borrowers. Until 2020, lenders also reported updated income whenever it was

refreshed by the borrower; however, this information is not available since 2020 (see

Fulford and Stavins (2025) for more details).

The Y-14 dataset has two advantages over credit bureau data, which is often used

to examine consumer financial health and behavior. First, because the data include

information on balances and actual payments, it is possible to identify revolvers—accounts

that utilize the credit feature of a credit card and carry balances month to month on which

they pay interest. It is important to identify revolvers because interest comprises the vast

majority of the profitability of credit card portfolios, and so revolvers are a credit card

lender’s most profitable customers (Adams et al., 2022). Second, the data allow us to

identify credit limit changes and whether they were initiated by the lender or the borrower.

To our knowledge, this is the only currently-available dataset that identifies the source of

8



a change in credit limit, thus allowing us to study bank-initiated limit changes separately

from consumer-initiated ones.

One difference between the Y-14 data and more-commonly-used credit bureau data

is that the Y-14 dataset is at the account level. Although we are able to examine some

borrower characteristics such as credit score, we are unable to link to the borrower’s other

loans or even other credit cards. A further discussion of the data and summary statistics

is presented in section A.2 of the Appendix.

2.2 Motivating stylized facts about credit card limit increases

Credit card limit increases are an understudied aspect of the provision of credit in con-

sumer credit markets. In this subsection, we present a variety of aggregate stylized facts

that motivate the model we present in section 4.

Fact 1. Limit increases are an important source of credit.

Figure 1, Panel A, plots the total credit limit—that is, the amount of available credit—

coming from newly originated cards and from credit card limit increases each quarter.

Panel B plots the total number of credit cards that are issued each quarter and the total

number of cards that undergo limit increases.
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Figure 1: Credit card limit increases and new issuance

As the figures show, during the post-pandemic period, credit card limit increases

result in more than $40B of additional available credit each quarter, which is almost 60%

of the approximately $70B of available credit that arises from new card issuance. Prior

to the pandemic, credit limit increases were about $30B, or about half of new issuance.

In addition, the total number of cards that undergo a credit limit increase each quarter

is 30% higher, on average, than the total number of new cards issued.

9



Fact 2. Limit increases are a particularly important source of

credit for higher-credit-risk borrowers.

Figure 2, Panel A, shows the average credit limit over time by credit score at origination

for cards originated since 2014. We define as superprime all borrowers with credit scores

above 760; as prime those with credit scores of 680-760; as near prime those with credit

scores of 620-680; and as subprime those with credit scores below 600.5
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Figure 2: Average credit limit by account age

The panel shows a vast difference in the average credit limit at origination across

the credit score groups. The average superprime credit card is granted a credit limit of

more than $12,000 at origination, while the average subprime credit card limit is only

$700. By five years after origination, the average superprime credit card limit is increased

to $15,000 (a 25% increase), and it remains approximately unchanged by 8 years after

origination. By contrast, the credit limit on the average subprime credit card increases

to $2,700 (a 285% increase), and it continues to increase to almost $5,000 by 8 years

after origination.6 This is consistent with “low-and-grow” strategies of giving higher-risk

borrowers low initial credit limits and then increasing them based on borrower behavior.

The increases we document are driven to some extent by credit score improvements,

although this cannot explain the full increase in credit.7

5A variety of credit scores and credit scoring methods are reported in the Y-14M data, which we
standardize to these bins. Different reported methodologies use different formulas and even different
scales. However, credit scores are essentially ordinal scales of risk, and so grouping them into these large
bins, rather than more granular bins, avoids the bin definitions being influenced by particular credit
scoring methodologies or scales.

6These magnitudes are smaller when limiting to accounts that are not closed or charged off. Credit
cards that are observed through 2024 have an average credit limit of $1,300 at origination, which increases
to $2,300 by five years after origination (a 75% increase) and $3,200 by 8 years after origination. Credit
cards of near prime borrowers show similar trends, while those of prime and superprime borrowers are
mostly unchanged since they are less likely to be closed or charged-off.

7Credit limits among borrowers who remain subprime increase to only $1600, on average, by 5 years
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Panel B shows the average credit limit over time by four income groups: more than

$150,000, $75,000-$150,000, $40,000-$75,000, and less than $40,000. Income is self-

reported at origination. Differences in credit limits at origination by income group are

somewhat smaller than by credit score—consistent with credit score playing a larger role

in determining credit at origination—and the trends over time are similar.

Figure 3: Distribution of limit increases by account age and credit score

Figure 3 shows the distribution of limit increases by account age, as well as the average

amount of the increase, for the four credit score bins.8 All credit score groups tend to

experience more limit increases earlier in the lifecycle of their accounts, but the effect

is particularly pronounced for subprime and near prime borrowers. Almost 33% (20%)

of limit increases at subprime (near prime) accounts occur in the first 6 months after

origination, but only 10% (14%) occur after 5 years. By contrast, about 15% of limit

increases at prime and superprime accounts occur in the first 6 months after origination

and a similar 15% occur after 5 years. Notably, about 55% of subprime accounts, 35%

of near prime accounts, and 25% of prime and superprime accounts undergo at least one

limit increase within the first 6 months of account origination. Section A.1 includes the

distributions by the four income groups we use. Again, the patterns are similar.

Fact 3. Most credit card limit increases are bank-initiated.

Figure 4 shows the share of bank-initiated credit limit increases, weighted by the size of

the increase (the blue line) and by the number of credit cards undergoing a limit increase

(the red line). In both cases, about 75-80% of limit increases have been bank-initiated in

after origination and about $2700 by 8 years after origination.
8This figure includes only credit cards originated since January 2014.
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recent years. The high level of bank-initiated increases likely relates to the importance

of information and relationships in banking. When a new customer applies for a credit

card, the lender must decide whether to approve and what size of credit limit to grant

the borrower using only information on the borrower’s credit score, credit report, and

self-reported income. However, after the borrower begins using the card, the lender has

extensive information on usage, spending, and payment behavior, which it can then use

to adjust the credit limit.
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Figure 5: Credit Limit

Figure 5 disaggregates the total credit limit outstanding into three components: the

credit limit at origination; bank-initiated limit increases; and borrower-initiated limit

increases.9 Panel A shows that the credit limit at origination comprises the majority of

9The figure includes cards originated since January 2014. For simplicity, we ignore limit decreases,
which we find are relatively rare (see Figure 9).
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total credit limit in each credit score group, and the share of the total limit that is due

to increases after origination is higher for subprime and near prime borrowers. Panel B

shows a qualitatively similar pattern by income.

Fact 4. The share of revolving balances made possible by limit

increases is higher for lower-credit-score borrowers.

A credit card has two main functions: a convenience function which allows the account

holder to use it as a method of payment and a credit function which allows the account

holder to use the credit card as a source of credit. Figure 6 examines the extent to which

limit increases make possible the revolving function of credit cards. To estimate this,

we split revolving balances—the part of total credit card balances that is carried from

one month to the next, not fully paid off and thus accrues interest—into the component

made possible by the card’s original credit limit and the component made possible by

subsequent limit increases. We use a conservative approach and only assign the part of

revolving balances that exceed the original credit limit as supported by limit increases.
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Figure 6: Outstanding revolving balances and limit increases

In this figure, we assign revolving balances as either supported by the original credit limit or by subsequent
credit limit increases. We follow a conservative approach and assign only the portion of revolving balances
that exceed the original credit limit, we assign the portion to limit increases. Credit scores are as of
origination; revolving balances are as of the end of 2024.

Panel A of Figure 6 shows revolving balances as of December 2024, split by whether

they were made possible by the original credit limit or subsequent increases, and by the

credit score at origination. Overall, about 30% of revolving balances are made possible

by limit increases, but this figure varies with credit score. The share of revolving bal-

ances supported by credit limit increases is 60% for cards of subprime borrowers, 35%

for near prime borrowers, and only 20% and 12% for prime and superprime borrowers,

13



respectively. Panel B splits revolving balances by income at origination. As with Panel

A, higher-income groups have a lower share of revolving balances that are made possible

by subsequent limit increases.

Fact 5. Lenders that mention AI more have a higher share of

revolving balances made possible by limit increases.

Figure 7 splits lenders by the median of the distribution of the number of times they

refer to ‘machine learning’ (ML) or ‘artificial intelligence’ (AI) in their 2024 10K filings.

Panel A shows that for all credit score groups, lenders with above median mentions of AI

have a higher share of revolving balances made possible by credit limit increases. AI and

machine learning technology lend themselves easily to models of limit increases. Lenders

are likely able to use data on customers’ credit usage to determine to whom they should

give limit increases (Botella, 2022). Further, because revolvers comprise the majority of

the profits of a bank’s portfolio (Adams et al., 2022), giving limit increases to support

revolving balances may help to boost lender profits, subject to the risk of default. Panel

B similarly a similar pattern by income. In Figure 23 of the Appendix, we show that

these results are not driven by differences in credit limits issued at origination (which can

mechanically constrain the revolving debt supported prior to any limit increases).

0

10

20

30

40

P
er

ce
nt

Subprime Near prime Prime Superprime

Panel A. Credit Score

0

10

20

30

40

P
er

ce
nt

<$40K $40-75K $75-150K >$150K

Panel B. Income

Below median Above median

Mentions of ML/AI in 10K:

Figure 7: Percent of revolving balances supported by limit increases and ML/AI

This figure splits lenders by the number of mentions of artificial intelligence and machine learning in
their 10K reports. The share of revolving balances supported by limit increases is calculated as in Figure
6. Credit scores are as of origination; revolving balances are as the end of 2024.
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Fact 6. Credit card limit increases are more prevalent among

revolvers.

Figure 8 shows the incidence of limit increases among “revolving accounts” that had

revolved at least once in the previous three months and accounts with no recent revolving.

Panel A shows that bank-initiated increases are about 1.5-2 times more prevalent among

revolving accounts, relative to non-revolving accounts. Panel B shows that for borrower-

initiated limit increases, there is essentially no difference in the prevalence of increases

among revolvers and non-revolvers. Taken together, the two panels of Figure 8 suggest

that an account’s revolving status is an important factor in whether the account is granted

a bank-initiated limit increase by the lender.10
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Figure 8: Limit increases and revolving status

Fact 7. Limit decreases are much less common than increases.

Figure 9 examines the relative prevalence of limit increases and decreases.11 Panel A

shows the change in total available credit from limit increases and decreases each quarter,

as a share of the total credit limit on open cards. The aggregate amount of available credit

increases by about 1-1.5% each quarter from limit increases, and decreases only about

0.2% from limit decreases. The only period when there were more limit decreases than

increases was the 2nd quarter of 2020, when the number of limit increases plummeted

10In Appendix A.1, we examine how this finding relates to Fact 2, which shows that a high share of
limit increases occur within the first 6 months. We find that a large share of accounts begin revolving
soon after origination, suggesting that lenders can likely predict future revolving behavior from revolving
behavior in the first few months, and may target limit increases accordingly.

11Figure 9 examines limit increases and decreases among active cards. About one third of bank-
initiated limit decreases are among inactive cards–that is cards, that have not been used in at least one
year. Since limit changes on inactive cards are unlikely to have a large effect on borrowers, we focus on
active cards throughout this paper.
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because of concerns about consumer financial health due to the COVID-19 pandemic.

Notably, while limit decreases doubled in that one quarter, they remained at only 0.5% of

all cards. Similarly, Panel B shows that about 4% of credit cards undergo a limit increase

each quarter, while only 0.5% undergo a limit decrease.12 Because limit decreases are

rare—both in absolute terms and compared to limit increases–we focus on increases in

this paper and leave an examination of limit decreases for future research.
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Figure 9: Credit limit increases and decreases

2.3 Regulations on Proactive Credit Limit Increases

Having established the importance of credit card limit increases for consumer credit in the

United States, we next turn to a discussion of the regulations surrounding limit increases,

both in the United States and internationally.

In the United States, there is very little regulation of bank-initiated credit limit in-

creases. Two main types of regulations apply to any granting of credit, including limit

increases and originations of new credit cards. First, the Equal Credit Opportunity Act

stipulates that when decreasing a credit limit or rejecting an application to increase a

credit limit, lenders need to provide a reason; they similarly need to provide a reason

when rejecting an application for a new credit card. Notably, this regulation applies

to consumer-initiated credit increases, but not bank-initiated increases. Second, when

increasing limits—–and approving applications for new cards–—lenders need to abide by

“ability-to-pay” rules and only make loans that borrowers can reasonably pay given their

income and other obligations.13

By contrast, several countries have passed legislation that regulates proactive credit

12Because there is some autocorrelation in limit increases, aggregating to the yearly level yields that
more than 12% of cards undergo a limit increase each year, adding about 5% to total credit limit.

13Fulford and Stavins (2025) find that these rules are generally non-binding.
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limit increases. The legislation comes in two broad varieties: bans of unsolicited limit

increases to some or all borrowers (United Kingdom, Australia) and requirements that

lenders obtain customer consent before any increase is implemented (Canada, Singapore,

New Zealand, and European Union).

Bans: In the United Kingdom, a lender is prohibited from increasing limits for re-

volving borrowers who have been in persistent revolving debt for 12 months or longer,

where persistent is defined as when the amount paid towards interest and fees exceeds

the amount of principal repaid.

In Australia, since 2018, the National Consumer Credit Protection Act has prohibited

bank-initiated credit limit increases in all cases. Whereas lenders cannot initiate or

suggest a credit limit increase, consumers can request one.

Approvals: In Canada, a lender must obtain a customer’s consent at the time of

each credit limit increase. If the customer gives oral consent to a credit increase, the

lender must confirm it in writing by the next account statement. Similar legislation is in

effect in Singapore and New Zealand.14

The EU has passed similar legislation requiring member states to implement a ban

on “unilateral” credit increases by November 20, 2026. Lenders will not be allowed to

increase credit limits without the customer’s approval or request.

3 Empirical Analysis

Having established several stylized facts about credit limit increases, we next turn to our

empirical analysis. Expanding on Fact 6, we show that revolving behavior appears to

play a role in the likelihood of a bank-initiated limit increase. In addition, consistent

with existing literature, we find that borrowers’ revolving utilization grows after limit

increases.

3.1 Who receives credit card limit increases?

In this section, we investigate the account and borrower characteristics that correlate

with receiving a credit limit increase. Lenders use machine learning (ML) algorithms

and artificial intelligence (AI) approaches to choose which borrowers to give credit limit

increases. Since we are unable to observe these proprietary algorithms, we investigate

in the data which account features are the most important in receiving a limit increase.

This investigation documents a revealed-preference for giving limit increases to revolving

borrowers—that is borrowers who do not fully pay off their balances.

14The Monetary Authority of Singapore also has rules for the maximum credit limit on each card
which depends on borrower income.

17



Analysts at credit card lenders use a two stage process of first identifying who should

receive a limit increase and then quantifying the size of the increase, according to our

conversations with them. We adopt a similar two-stage approach. First, we estimate a

linear probability model to determine the factors that affect the probability of receiving

a limit increase.15 Second, we briefly examine the factors that affect the size of the limit

increase in Appendix A.5. The intensive margin results are broadly in line with the

extensive margin results, therefore we do not discuss them in detail.

To identify the factors that affect the likelihood of receiving a limit increase, we

estimate an OLS regression of the form:

Yit = βUtilizationit + γControlsit + λt + ηg + ϵit (1)

where, in most of our regressions, Yit is an indicator for whether account i received a

limit increase at time t+1. Controlsit are a set of controls and include log of credit card

limit, the interest rate margin, an indicator for whether the borrower has other credit

cards with the same lender, and indicators for a bank-initiated limit increase, borrower-

initiated increase, and change in credit score in the previous 3 months. We include month

fixed effects, λt. Other fixed effects, ηg include state, lender, credit score deciles, income

deciles, and fixed effects for the types of other relationships the consumer has with the

same lender.16 In our main specification, we also include card portfolio group fixed effects.

We define card portfolio groups as a combination of the lender, type of card, and annual

fee.17 Including card group fixed effects allows us to compare credit cards that have

similar characteristics and thus are targeted to similar types of borrowers. Throughout,

standard errors are clustered at the card portfolio group level.

We focus our analysis on the role that Utilizationit plays in bank-initiated limit

increases. We measure Utilizationit as the statement balances divided by credit limit,

averaged over the previous 3 months. Because trends in utilization may also affect the

likelihood of a limit increase, we also include the change in utilization from the prior

three months in our main regressions (see Appendix A.3).

In addition, we further split utilization into two components. Revolving utilization—

defined as revolving balances as a share of the credit limit—is the portion of overall

utilization due to balances that the borrower revolves and pays interest on. Transacting

15We use a linear probability model to allow us to use the multitude of fixed effects discussed below.
However, the results are qualitatively similar using other estimation approaches.

16Relationships include deposit, investment account, mortgage, home equity, auto, student loan, in-
stallment loan, and multiples of these relationships.

17The type of card includes a combination of product type—whether the card is a co-branded credit
card, an oil and gas credit card, an affinity card, a student card or other—the reward type–whether the
card earns cash, miles, points, another reward, or nothing—and whether the credit card is secured.
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utilization, by contrast, is the credit card utilization that arises from purchases. This

distinction allows us to differentiate between accounts that have high utilization because

they have large purchases but pay them off and accounts that have high utilization from

using the credit feature of credit cards. It is also important to note that the two types of

utilization are intricately linked—a high transacting utilization one month can become

revolving utilization the next month if the borrower does not pay it down.

For brevity, we examine two questions below: how does the probability of bank-

initiated limit increases vary with revolving and transacting utilization; and how do

these results differ for consumer-initiated limit increases. In Appendix A.3, we present

how other account characteristics including credit score and income affect the likelihood

of bank- and consumer- initiated increases, and examine heterogeneity by credit score

and age.

Utilization and bank-initiated limit increases

We begin by examining how the correlation between utilization and credit limit increases

varies across the utilization distribution.
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Figure 10: Utilization and the likelihood of a credit limit increase

Figure 10 plots the regression coefficients from 10-point bins of revolving utilization

and transacting utilization. The bins include the upper bound but not the lower bound so

the first bin includes accounts with revolving utilization ∈ (0,0.1]. We omit the coefficient

on cards with zero utilization—which comprise about half of the observations for revolving

utilization and a quarter of the observation for transacting utilization—so the coefficients
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should be interpreted as relative to an account with zero utilization. Panel A shows

that the coefficients on the bins of revolving utilization follow an upside down U-shaped

curve. Accounts with very high revolving utilization above 0.9 are just as likely likely to

receive a limit increase as an account with zero utilization, but all other bins are more

likely to, with the probability of an increase rising with utilization until the 5th bin.

Panel B repeats the analysis for transacting utilization and shows a pattern similar to

that of a logistic growth curve. The probability of receiving a limit increase is lowest for

accounts with transacting utilization below 0.1, but rises monotonically until the 4th bin.

For transacting utilization above 0.4, the likelihood of receiving a limit increase does not

vary with utilization.

Although the coefficients we estimate are small—due to the sparseness of limit in-

creases in the data—they are economically meaningful. In Figure 11, we compare the

coefficient on the (0.2,0.3] bin of revolving utilization (the dashed line) to the effect of a

recent change in credit score on the likelihood of a limit increase (the solid line).18 The

figure suggests that being in the (0.2,0.3] bin of revolving utilization has approximately

the same positive effect on the likelihood of a limit increase as a 66-point increase in

credit score. Since Figure 10 suggests that the effect from being in bins corresponding

to revolving utilization [0.3-0.7) is slightly larger, these bins would be equivalent to a

slightly larger increase in credit score.
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Figure 11: Marginal effect on the likelihood of a limit increase

This figure compares the effect of a change in credit score in the previous 3 months (solid
line) to the coefficient on the (0.2,0.3] bin of revolving utilization (the dashed line)

18All of our regressions include an indicator for whether the borrower’s credit score changed in the
previous 3 months and the size of that change. The solid line calculates the marginal effect from a credit
score change using these coefficients.
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Consumer-initiated increases

Next, we examine whether the drivers of consumer-initiated increases differ from those

of bank-initiated increases. Figure 12 shows that for transacting utilization, the pat-

terns across the bins of utilization are similar for bank-and consumer-initiated increases.

Revolving utilization, however, exhibits a much flatter upside down U-shaped pattern

than in Figure 10, with most of the coefficients not statistically different from zero.

In addition, the coefficients on deciles 7-10 are negative. The magnitudes of the coeffi-

cients on revolving utilization are also much smaller for consumer-initiated increases than

bank-initiated increases, suggesting that for consumer-initiated increases, lenders do not

weight revolving utilization as highly in the approval process. We discuss our findings on

consumer-initiated increases further in Section A.4 of the Appendix.
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Figure 12: Utilization and consumer-initiated limit increases

3.2 What happens after limit increases?

Having examined the relationship between account utilization and limit increases, we

next perform a simple event study to examine how revolving utilization and debt change

following a limit increase. Our findings confirm the results established by prior literature

that consumers generally borrow more after a limit increase (Aydin, 2022; Gross and

Souleles, 2002). In addition, the following discussion should not be interpreted causally;

it is meant simply to illustrate borrowers’ behavioral responses to limit increases and

provide a potential reason for why lenders target revolvers for increases.

Figure 13 presents the results of the event study, using the same sample as in section
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3.1. The dependent variable is revolving utilization and we include all accounts, so the

coefficients should be interpreted as relative to a credit card account that is not within 12

months of a limit increase.19 The panel on the left estimates the effect of a bank-initiated

increase, and we remove from the sample any accounts within 12 months of a consumer-

initiated increase. The panel on the right estimates the effect of a consumer-initiated

increase.
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Figure 13: Event study: revolving utilization around limit increases

Three points stand out from figure 13. First, consistent with the results of section

3.1, revolving utilization is higher at accounts before they experience a limit increase

than at accounts that are not within 12 months of a limit increase. Moreover, revolving

utilization is particularly higher prior to a bank-initiated increase, consistent with banks

targeting revolving borrowers for increases. Second, revolving utilization drops sharply

when the limit increase takes effect—this is mechanical since utilization is calculated as

a share of the credit limit. In addition, utilization experiences a downward trend even

before the limit increase, especially for consumer-initiated increases. Third, revolving

utilization rebounds in the months after the limit increase. For bank-initiated increases,

revolving utilization returns to its previous level by 8 months after the increase. For

consumer-initiated increases, revolving utilization rises above its pre-increase level.

Overall, figure 13 suggests that after a limit increase, revolving balances at the average

credit card account increase about 40%, with 30% of the limit increase going towards

revolving balances.20 These results are somewhat larger than Gross and Souleles (2002),

19Using only “treated accounts” that receive a limit increase at some point gives qualitatively similar
results. We exclude observations that are within twelve months of a limit decrease. We include month,
state, and card-group fixed effects; including all the controls from section 3.1 does not change the results.

20These statistics are calculated using summary statistics from section A.2: average revolving utiliza-
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who find that total debt increases by about 13% of the limit increase, and Aydin (2022),

who finds that total debt grows by about 18%. Our larger coefficient likely occurs for

several reasons. First, our findings are not causal —in so far as lenders target borrowers

who are likely to increase their debt, this would lead to higher coefficients. Second,

utilization is generally higher in our sample than in the Gross and Souleles (2002) sample,

which would lead to larger debt response even if consumers have the same utilization

targeting behavior. Third, we focus on revolving utilization, rather than total utilization.

In Appendix A.6, we show that the trends in total utilization are similar to revolving

utilization but total utilization does not rebound as much, suggesting that total debt

increases less, in percentage terms, than revolving utilization.

Importantly, we find that the rebound in revolving utilization in figure 13 is not driven

by constrained consumers. In Appendix A.6, we show that limiting to consumers who

have a revolving utilization below the mean of 0.28 immediately prior to the increase

yields very similar results.

Relying on these empirical findings and the stylized facts in the previous section, we

next build a quantitative model of household behavior in the credit card market which

reflects the following facts established in this section. First, as facts 1 and 2 showed

that limit increases are an important source of credit, in our model, we allow borrowers’

credit limits to increase over time. While in the stylized facts, we examined differences

by both credit score and income, for tractability, in the model we only focus on borrower

income since we find that heterogeneity by income is similar to that by credit score.

Second, since facts 3 and 7 established that most limit increases are bank-initiated, we

only consider bank-initiated increases in the model and abstract away from consumer-

initiated increases and from decreases. Third, fact 6 and the empirics in section 3.1

established that banks target revolvers for increases, likely because these increases lead

to higher revolving balances as shown by facts 4 and 5 and the event study in section

3.2. We incorporate these findings into the model by allowing lenders to target borrowers

based on their revolving utilization, among other factors. We next turn to a discussion

of this model.

4 A life-cycle model with credit card debt

As shown in our empirical analysis, credit card companies frequently and proactively

raise credit limits based on observable household behavior. While we do not know banks’

exact algorithms for raising credit limits, we observe in our empirical analysis that banks

often do so based on the consumer’s revolving borrowing. In this section, we develop

a novel quantitative model of household behavior that allows us to analyze the positive

tion just prior to limit increase is 28% and the average limit rises 40% after a bank-initiated increase.
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and normative implications of banks’ approach to proactively raising credit limits, and

to assess the costs and benefits of counterfactual polices that may limit banks’ ability to

raise limits using their preferred algorithm.

We begin with a life-cycle consumption-saving model with credit card borrowing, po-

tential defaults, and preference heterogeneity, in the spirit of Nakajima (2017) and Fulford

and Schuh (2024). We include two types of households with heterogeneous preferences,

where some share of households have self-control issues and the remaining share do not,

similar to Nakajima (2017). The theoretical literature has long predicted that agents

with self-control problems should exhibit higher credit card borrowing (Laibson, 1997,

Angeletos et al., 2001, Laibson et al., 2017), and empirical evidence strongly supports

this prediction. Meier and Sprenger (2010) find that individuals with self-control issues

are significantly more likely to have credit card debt. Gathergood (2012) shows that self-

control issues are positively correlated with over-indebtedness in the credit card market,

and that self-control issues play a stronger role than financial illiteracy. Kuchler and

Pagel (2021) document that revolving borrowers exhibit self-control problems by system-

atically failing to follow through on their own debt paydown plans. Given this empirical

evidence, we believe that self-control issues are of first-order importance when thinking

about credit card regulation.21

This empirically-motivated modeling choice introduces an important economic trade-

off between giving households too much versus too little credit. In a model without self-

control issues, greater access to credit is almost always beneficial, as it makes markets

more complete and helps households smooth consumption over adverse shocks and over

the life-cycle. This standard economic intuition fails to explain the growing prevalence

of policies restricting credit limit increases that we observe worldwide. In contrast, in

a model with self-control issues, too much credit may be detrimental if it leads some

households to over-borrow and over-consume. Our model nests both possibilities, allowing

us to quantitatively assess the welfare implications of credit restriction policies that would

appear puzzling in standard frameworks without behavioral frictions.

In addition to including heterogeneous preferences, we also extend our model to cap-

ture the fact that banks often give low credit limits at origination, which they then

proactively increase based on borrower behavior.22 In our model, we adopt a reduced-

form approach to giving bank-initiated credit limit increases to consumers, guided by

our empirical analysis. While this abstracts from the richer details of banks’ confiden-

tial data and learning algorithms, it gives us a rough approximation of how banks give

21While other behavioral biases may also be relevant, they are outside the scope of the current paper.
22In contrast, most models of credit card lending assume that the credit limit is fixed and/or exogenous.

One notable exception is Fulford and Schuh (2024), who model a credit limit that grows exogenously
based on age, income, and default. We believe our model is the first to allow the credit limit to increase
in response to observed credit utilization.
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limit increases, and captures banks’ revealed preference of giving more limit increases to

revolving borrowers.23 In our counterfactual analysis, we then restrict the banks’ ability

to: a) give credit limit increases to revolving borrowers, and b) give credit limit increases

without borrowers’ consent.

As mentioned above, our model captures a critical trade-off between extending addi-

tional credit to individuals who benefit from relaxed credit constraints versus protecting

individuals with self-control issue who may be tempted to increase borrowing in response

to greater access to credit. From the perspective of firms, however, giving credit to indi-

viduals with self-control issues may be highly profitable if these consumers are willing to

carry persistent, high-cost revolving balances. To the best of our knowledge, our model

is the first to be used to evaluate the pros and cons of allowing banks to increase credit

based on observed borrower behavior and to assess potential alternative regulations.

4.1 Modeling Framework

Demographics. The economy is populated by overlapping generations of households.

Each generation consists of an equal number of households that are born at age 1 and

live up to age T , working during the initial W years of their lives before mandatory

retirement. The total measure of households remains constant over time.

Preferences. The model features two types of households with distinct preferences that

coexist: a proportion ϕstandard of households with standard preferences, and ϕtempted with

temptation preferences (ϕstandard + ϕtempted = 1). Households maximize the sum of their

expected discounted lifetime utility, subject to a budget constraint we define later:

maxEt

T∑
t=0

βt
jUt (2)

In this equation, βj represents the discount factor for households of type j, which is either

standard or tempted (i.e., j ∈ {standard, tempted}). Here, Et denotes the expectation

operator at time t, and Ut is the utility function in period t. For standard households,

the utility function represents the felicity from consuming nondurables:

Ut = u(ct) (3)

where ct is the chosen level of nondurable consumption and the felicity function u(·) is

concave and increasing in ct. For tempted households, we use a modified utility function

23In reality, banks’ approach to proactive credit limit increases is proprietary, and we do not observe
the exact algorithms they use to determine their optimal policy for proactively raising the credit limits
of some consumers and not others. For this reason, we approximate bank’s policy function for credit
limit increases using their observed decisions to give limit increases recorded in the Y-14M data.
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that represents temptation preferences developed by Gul and Pesendorfer (2001, 2004):

Ut = u(ct)− λ
[
u(c̃t)− u(ct)

]
(4)

Here c̃t represents the most tempting consumption alternative in period t, defined as:

c̃t = argmax
ct∈Bt

u(ct), (5)

where Bt represents the current period budget set.

The key feature of temptation preferences is that utility U() depends not only on ac-

tual consumption, but also the most tempting alternative available in the choice set. The

term in square brackets represents the utility cost of temptation – the difference between

the felicity one could get focusing only on the present, u(c̃t), and the felicity actually

enjoyed given chosen consumption, u(ct). λ captures the degree of temptation. When

λ = 0 the model reduces to standard preferences, eliminating the effects of temptation.24

Temptation preferences are not the only framework that gives rise to self-control prob-

lems and present biases. Another prominent strand of the literature focuses on models

with hyperbolic discounting, as developed by Strotz (1956), Phelps and Pollak (1968),

Laibson (1997), Harris and Laibson (2001), and Angeletos et al. (2001). We believe that

temptation preferences offer two main advantages in our setting. First, unlike hyperbolic

discounting, temptation preferences are time-consistent, facilitating model-consistent wel-

fare analysis. Second, they model self-control problems differently: individuals are in-

fluenced by tempting alternatives regardless of their final choices, whereas hyperbolic

discounting only considers chosen consumption. This distinction is empirically relevant,

as Toussaert (2018) finds that many individuals are willing to pay to remove the tempt-

ing alternative even when they do not ultimately succumb to temptation, consistent with

temptation but not hyperbolic discounting.

Assets. Households can save or borrow through a fully liquid financial asset, at. When

saving (positive at), households earn a fixed return ra per period. When borrowing

(negative at), households can access credit card debt at a constant interest rate rc, which

exceeds the return on savings (rc > ra). The model incorporates heterogeneous credit

limits across k distinct levels, allowing us to evaluate policy interventions related to

household-specific credit limit increases. Initially, all households are assigned to the

lowest credit limit, with the potential to receive credit limit increases through a stochastic

process, which we describe next.

Credit Limit Increases. Motivated by our empirical findings that most limit increases

24In our baseline model, we assume that households are fully aware of temptation and thus perfectly
sophisticated. Section 5.4 examines robustness when some share of tempted households are näıve.
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are bank-initiated, we focus exclusively on bank-initiated credit limit increases in our

model, abstracting from consumer-initiated requests for computational tractability. In

the baseline model, we adopt a reduced-form approach to modeling the bank’s decision

to extend a credit limit increase (CLI) to a given household. This approach enables us

to flexibly capture the bank’s credit decisions using the Y-14M data, while remaining

agnostic about the specific algorithms used by the bank in making these decisions. Later,

in Section 5.5, we allow banks to solve their own profit maximization problem and confirm

the robustness of our results. For now, we adopt the following latent-variable formulation:

CLI∗ = b0 + x′b+ ε, ε | x ∼ U(−a, a). (6)

Here, x represents observable characteristics that influence the probability of receiving a

credit limit increase (e.g., income, credit utilization, etc.) The binary credit limit increase

(CLI) indicator is then defined as:

CLI =

1 if CLI∗ > 0

0 otherwise
(7)

This formulation is convenient as it aligns with the linear probability model used in Sec-

tion 3.1; the straightforward mapping of regression coefficients allows us to calibrate the

coefficients of this function using actual data.25 This approach delivers a close map-

ping between revolving utilization and credit limit increases, ensuring that our calibrated

model closely matches the data along this important dimension (see figure 14).

Bankruptcy. The model adopts a bankruptcy procedure similar to Chatterjee et al.

(2007) and Nakajima (2017), resembling a Chapter 7 bankruptcy filing. When a house-

hold defaults on credit card debt, a specific sequence of financial consequences unfolds.

The household first incurs a fixed default filing cost of ξ. At this point, the existing debt

is entirely eliminated, with no future repayment obligations. During the default period,

the household is prohibited from saving, as any potential savings would be immediately

garnished by the lender. A proportion η of current labor income is garnished by the

lender. Simultaneously, the household’s credit history transitions from good (h = 0) to

bad (h = 1). While in bad credit standing (h = 1), the household is completely excluded

from the credit market, with their borrowing limit reduced to zero. Ultimately, with

probability π0
h, the bad credit history is expunged, returning h to 0 and removing any

further negative consequences of the past default.

Income. Households receive an exogenous income stream with explicitly modeled em-

ployment and unemployment risk, similar to O’Dea (2018). We assume that employment

25The empirical coefficients (β0, β) can be mapped to the latent variable coefficients (b0,b) as follows:
b0 = 2aβ0 − a and b = 2aβ, when using the same explanatory variables.

27



(ei,t) evolves through a first-order Markov process where the probability of employment

πe depends on the previous period’s employment status, detailed in Appendix B.1.4. For

employed households, log income comprises a deterministic and a stochastic component:

ln yi,t = gt + zi,t, gt = d0 + d1t+ d2t
2 + d3t

3 (8)

where gt represents a deterministic age profile approximated by a third-order age-polynomial

and zi,t captures an idiosyncratic shock to log income from an AR(1) Markov process:

zi,t = ρzi,t−1 + εi,t, εi,t ∼ N(0, σ2
ε), εi,0 ∼ N(0, σ2

0)

The parameter ρ captures income shock persistence, with εi,t represents independent and

identically distributed shocks across households. The initial variance of income inno-

vations, εi,0, might differ from subsequent periods to account for initial income hetero-

geneity. Unemployment results in lower income: when unemployed, households receive

unemployment benefits, ln yi,t = ln b. During the working life, household income is sub-

ject to a progressive tax schedule approximating the U.S. tax code. This results in an

after-tax household income given by

ỹi,t = yi,t − τ(yi,t)

After retirement, which we assume to happen deterministically at age W, households

receive two sources of income: progressive social security income and annuitized dis-

bursements from a mandatory retirement account. Details on taxation and retirement

are in Appendices B.1.1-B.1.3.

Households’ problem can be formulated recursively and solved using numerical tech-

niques. The problem’s state variables are (at, zt, ut, ht), where at represents asset position,

zt is the persistent labor income shock, ut is unemployment status and ht is credit history.

In Appendix B.2 we provide a detailed characterization of the problem.

Information Structure. We assume that the credit card company perfectly observes

household income, age, and borrowing decisions, but does not observe household type.

We assume that the household has a full understanding of the economic environment

in which they operate, apart from knowing the firm’s policy function for credit limit

increases.26 This latter assumption is helpful for computational simplicity, as it allows us

to treat credit limit increases as unexpected from the perspective of the customer.

Firm Profits. We consider a representative credit card company that extends loans to

consumers at an interest rate rc while facing a capital cost of ra. The firm’s profit is

26Indeed, it has taken us considerable time and research to begin to understand the firm’s policy
function for credit limit increases.
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defined as the sum of interest expenditure on revolving balances minus provisions in the

case of defaults, for each household i and time period t.

π =
∑
i,t

(
(rc − ra)(adi,t)(1− Idef)− ((1 + ra)(adi,t)− ηỹi,t)Idef

)
(9)

Where Idef is an indicator function denoting default status (1 for default, 0 otherwise),

and adi,t = max{−at, 0.0} represents the household’s revolving balance.

When household i does not default in period t, the firm generates interest of rc while

incurring a capital cost of ra on the outstanding balance, resulting in a net revenue of

(rc−ra)adi,t. Conversely, when household i defaults, the firm sustains a loss of (1+ra)adi,t,

representing the revolving balance adjusted for capital costs, which is partially mitigated

by garnishable income ηỹi,t, similar to Nakajima (2017).

In our model, the credit card company makes one simple decision: whether to adjust

credit limits for different households.27 For computational tractability while estimating

the preference parameters in the baseline model, we assume this decision follows a prede-

termined policy rule based on household-specific characteristics such as income or credit

utilization rate. In determining this rule, we adopt the latent variable procedure previ-

ously outlined in Section 3.1 and further discussed in Section 4.3. Later, in Section 5.5,

we assess the robustness of our results by allowing the firm to optimize this policy rule

by choosing the coefficients in equation (6) to maximize their profits in equation (9).

4.2 Model intuition via the Euler equations

To better understand the basic mechanisms driving consumption, saving, and borrowing

choices in our model, it is useful to examine the optimality conditions for different house-

hold types as represented by their respective Euler equations. These Euler equations hold

when households are able to freely adjust their liquid assets and are at the interior of

their choice set, i.e. they are not at their credit limit or an interest rate notch.

Households with standard preferences who have access to a liquid asset yielding return

ra smooth consumption according to the following Euler equation:

u′(ct) = (1 + ra)βEt

[
u′(ct+1)

]
(10)

This standard Euler equation shows that the marginal cost of giving up one unit of

current consumption must equal the marginal benefit of consuming the proceeds of the

27We allow the lender to change the credit limit as they learn more about the borrower, but leave
the interest rate fixed, consistent with the 2009 CARD Act, which limited credit card lenders’ abilities
to adjust interest rates based on new information about borrowers (see e.g. Nelson, 2025). In practice,
lenders rarely adjust interest rate spreads (Grodzicki, 2020). Similarly, we do not allow for credit limit
decreases, consistent with how rarely they occur (Figure 9).
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extra liquid saving in the next period.28

For households with temptation preferences, we derive the Euler equation follow-

ing Kovacs et al. (2021), who show that temptation generates testable implications for

consumption growth through its effects on the modified Euler equation. In particular,

tempted consumers abide by the following modified Euler equation in our model:

u′(ct) = (1 + ra)βEt

[
u′(ct+1)−

λ

1 + λ
u′(c̃t+1)

]
(11)

The modified Euler equation shows that for tempted households, the marginal cost of

giving up one unit of current consumption must equal the marginal benefit of consuming

the proceeds of the extra liquid saving in the next period, minus the marginal cost of

resisting additional temptation next period.

This modified condition create a fundamental bias towards present consumption.

Temptation incentivizes consumption to be tilted toward the present, making house-

holds poorer in the future but sparing them the disutility of resisting the temptation to

spend all their resources—temptation they would face if they saved more for the future.

The strength of self-control issues depends on two key factors captured in the Euler

equation. First, it depends on the importance of temptation itself, measured by λ
1+λ

.

Second, it depends on the marginal utility of consuming tempting resources u′(c̃t+1). The

incentive to shift resources from the future to the present (increasing current consump-

tion) is stronger when either the temptation parameter is high or when the marginal

utility from consuming additional tempting resources in the future is high (i.e., when the

household expects to have fewer resources available for temptation in the future).

These contrasting Euler equations have important implications for how different types

of households respond to changes in credit card limits. For standard households, equa-

tion (10) implies that increased access to credit is welfare-enhancing, as it allows better

consumption smoothing across periods and states of the world—the additional borrowing

capacity helps households optimize their intertemporal consumption plans without dis-

tortion. However, for tempted households, equation (11) reveals a different side of credit

access: higher credit limits increase the tempting consumption opportunities in future

periods (higher c̃t+1), which through the term λ
1+λ

u′(c̃t+1) creates additional incentives

to consume today rather than save for tomorrow. This mechanism can lead tempted

households to over-borrow and over-consume when credit limits are raised, potentially

making them worse off despite having access to more credit.

28When a consumer borrows, the Euler equation is unchanged, except that we replace ra with rc due
to the interest rate wedge between saving and borrowing. For simplicity we denote the time preference
parameter as β, which we later estimate differently for standard and tempted consumers.
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4.3 Calibration

We set the institutional parameters to reflect the economic environment faced by U.S.

households. Parameters set outside the model are detailed in Table 10 in the Appendix.

Demographics. Decisions in the model take place at an annual frequency. All house-

holds enter the labor market at age 25 (t = 1), retire at age 65 (W = 41), and die at age

80 (T = 56).

Preferences. The felicity function follows a constant relative risk aversion (CRRA)

specification:

u(ct) =
c1−γ
t

1− γ
− Idefκ (12)

Where γ represents the coefficient of relative risk aversion. We assume that when house-

holds default, they incur both a financial and psychological cost. This psychological effect

is captured by κ in equation (12), and Idef is an indicator function that equals 1 when

default occurs. The parameters γ and κ are internally calibrated and shown in Table 1.

The temptation parameter λ, specific to households with temptation preferences, is

set to the value λ = 0.28 estimated by Kovacs et al. (2021) using consumption data from

the U.S. Consumer Expenditure Survey. This estimate aligns with the existing literature,

similar to the value reported by Kovacs and Moran (2025), and close to the 0.23 value

found by Huang et al. (2015).

Assets. The return on savings is set to 2% and the credit card borrowing rate is 14%,

following Fulford (2024). Households differ in their credit card borrowing capacity, with

credit limits varying between 0 and a maximum credit limit (CLmax). We discretize

the potential credit card limit range from zero to CLmax using eight equally spaced grid

points (k = 8). It is important to note that households affected by temptation are also

influenced by their credit card limits. The credit card limit fundamentally affects the

budget set, which in turn determines the most tempting consumption alternatives, as

specified in equation (5).

Credit Limit Increases. Initially, each household h is assigned to the lowest credit

limit, with the potential to receive credit limit increases over time. The credit card limit

of each household evolves stochastically, driven by three factors: current credit card limit

(CCLimit), credit card utilization (CCUtil), and household income (Income). As a result,

the latent varible formulation represented by equations (6)-(7) in the model becomes:

CLI∗h,t = b0 + b1 log(CCLimith,t) + b2CCUtilh,t + b3Incomeh,t + εh,t. (13)
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CLI =

1 if CLI∗ > 0

0 otherwise
(14)

This specification is consistent with the empirical equation (1) in Section 3 where the

dependent variable is an indicator for whether a credit card receives a limit increase,

with controls log of the credit card limit and income. The exact coefficients used in the

firm’s policy function are presented in Table 11.

The procedure for determining credit limit increases for each household h and time

period t in the model follows these steps:

1. For each household h and time period t, randomly draw a shock (εh,t) from a uniform

distribution between (-0.5, +0.5).

2. Use the model’s simulated values of of credit card limit, credit card utilization and

income (CCLimith,t, CCUtilh,t, Incomeh,t) to create log credit card limit, utiliza-

tion and income bins that align with the empirical regression counterpart.

3. Map the empirically estimated coefficients of the explanatory variables (β0, β from

Table 11) to the latent variable coefficients (b0, b) as shown in footnote 25.

4. Calculate CLI∗h,t using equation (13).

5. Determine whether credit limit increase occurs for each household h and time period

t using equation (14).

To demonstrate that the latent variable algorithm for credit limit increases in the

model approximates the empirical credit limit increases well, we plot the probability of a

credit limit increase by credit card utilization bin in Figure 14 for both the model and the

data. Orange dots represent empirical probabilities, while the dark blue line represents

probabilities from the model’s latent variable method. As shown, the data and model

align closely, both exhibiting an inverted U-shaped relationship with card utilization.29

As noted previously, credit limit increases crucially affect households’ budget sets.

For standard households, credit limit increases have an unambiguously positive effect

by enabling them to better smooth consumption. In contrast, tempted households face

a trade-off: while expanded access to credit facilitates consumption smoothing, it also

increases temptation to overborrow and overconsume, as discussed in Section 4.2.

Bankruptcy. The default process is characterized by three key parameters, following

Nakajima (2017). We set the filing cost ξ to $1117 (at 2015 prices), which reflects the

29Note that the figure presented here closely resembles Figure 10 in the Empirical Section. The
primary difference is that the empirical regression allows for the inclusion of many more controls related
to household characteristics than the simulated model does.
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Figure 14: Credit limit increase by utilization

average cost of filing for Chapter 7 bankruptcy. The probability π0
h of wiping out a

household’s bad credit history is calibrated at 0.1, ensuring an average of 10 years before

returning to the credit market.30 The parameter η representing garnished labor income

is calibrated within the model and shown below in Table 1.

Income. To establish income-related parameters, we adopt the approach of Kovacs and

Moran (2025), who estimate the earnings process using a two-step minimum distance

method. For the parameters of the non-linear tax function, we use the estimation re-

sults by Keane and Wasi (2016) and convert them to 2015 units. The results of these

estimations can be found in Table B.3 in the Appendix.

Internally calibrated parameters. Using the Method of Simulated Moments, we

internally calibrate the model parameters that are listed in Table 1 to match aggregate

statistics of household behavior, as shown in Table 2. In particular, we target (1) the

share of households with revolving credit card debt, (2) the average utilization rate of

credit cards, (3) the default probability, (4) and the average debt to income ratio.

Parameter Symbol Value

Proportion of standard households ϕstandard 0.60
Discount factor for standard household βstandard 0.92
Discount factor for tempted household βtempted 0.96
Risk aversion parameter γ 0.72
Income garnishment ratio η 0.30
Utility cost of default κ 1.76

Table 1: Parameters set within the model

30The geometric distribution calculates the average number of periods before exiting the bad credit
state (including the successful period) as: (1− π0

h)/π
0
h + 1 with this value of 10 implying π0

h = 0.1.
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Table 1 reports the estimated values for the calibrated parameters. The results indi-

cate a heterogeneous population: standard households make up roughly 60% (ϕstandard)

of the population, while tempted households account for the remaining 40%. The share of

households with self-control issues is consistent with empirical evidence, which finds that

a substantial fraction of individuals are present-biased, with estimates ranging from 25-

60% across studies (e.g. Ashraf et al., 2006; Meier and Sprenger, 2010; Toussaert, 2018;

Balakrishnan et al., 2020; Schneider and Moran, 2024). Further, our sensitivity analysis

confirms that ϕstandard is pinned down by all four targeted moments, and demonstrates

how changes in the targeted moments affect the parameter value (Appendix B.4).

We estimate the time preference parameter β separately for standard and tempted

households. The time preference parameter is 0.92 for standard households (βstandard)

and 0.98 for tempted households (βtempted). The higher estimate for tempted households

aligns with previous research on self-control problems, as documented by Laibson et al.

(2017) and Ganong and Noel (2019).

The rest of the parameters are estimated on the whole population. The coefficient of

relative risk aversion γ is 0.65, which is somewhat low compared to studies focusing on

standard households. For context, Kovacs et al. (2021) found γ = 0.83 when estimating

a model with tempted households. The income garnishment ratio η is estimated at 0.36,

slightly higher than the 0.34 reported by Nakajima (2017). Finally, we estimate the

psychological (utility) cost of a default κ to be 2.6.

5 Model results

This section presents the main results from our calibrated model. Section 5.1 outlines the

properties of the baseline model, while Sections 5.2 and 5.3 analyze the implications of two

counterfactual policies: (i) restricting banks from increasing credit limits for borrowers

with revolving debt, and (ii) requiring consumer consent for all limit increases. Sections

5.4 and 5.5 test the robustness of our results by examining scenarios with näıve tempted

households and with optimizing firms, respectively.

5.1 Properties of the baseline model

Table 2 presents aggregate statistics from U.S. data (the first column) compared to the

baseline model (second column.) In the data, we see that 45 percent of individuals have

credit card debt, based on data from the Survey of Consumer Finances and reported by

Nakajima (2017). Conditional on having credit card debt, the average utilization rate is

around 35 percent, based on data from the CFPB’s Consumer Credit Panel (CCP) and
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reported by Fulford and Schuh (2024).31 We target all four empirical moments in our

calibration routine. Overall, the model gets a relatively good fit of the targeted moments,

successfully replicating the large share of consumers with credit card debt and the other

targeted moments.

U.S. Baseline model
All Standard Tempted

Proportion in debt 45.0 41.8 18.9 76.0
Utilization rate 35.0 28.9 4.1 73.6
Default probability 0.94 0.94 0.08 2.22
Total debt over income 8.6 6.8 1.1 15.4

Note: All statistics are in percents. The first, second, and fourth targeted moments are from Nakajima
(2017). The utilization rate conditional on credit card debt is from Fulford and Schuh (2024). Averages
are defined over the working age population.

Table 2: Targeted moments: baseline model vs. data

The third and fourth columns of Table 2 show aggregate statistics for agents without

and with temptation. Similar to Nakajima (2017), agents with temptation are much

more likely to carry revolving credit card debt and account for the vast majority of

borrowing and defaults. In contrast, agents without temptation use credit card borrowing

only occasionally, primarily when their income is low and they expect it to rise going

forward. As a result, agents without temptation have a much lower utilization rate and

debt-to-income ratio than their tempted counterparts. Similarly, agents with temptation

have higher credit card utilization rates and debt-to-income ratios, as well as higher

probabilities of default.32

Figure 15 presents further statistics for the agents without and with temptation in

our model. Consistent with the fact that they carry larger revolving balances, we see that

agents with temptation pay a substantially higher share of income on credit card interest

payments. This is important given that past research shows that revolvers are the primary

driver of credit card lenders’ income, as interest payments on revolving debt comprise the

vast majority of lenders’ revenues and profits (Adams et al., 2022). Through the lens of

our model, agents with temptation are thus highly attractive customers, given that they

are willing to borrow at relatively high interest rates and thus devote a meaningful share

of income towards credit card interest payments.

The final panel of Figure 15 shows the probability of a customer receiving a credit

31We do not use the utilization rate from the Y-14M since the Y-14M data are at the account-level,
rather than the consumer level.

32The differences between agents with and without self-control issues are reminiscent of Meier and
Sprenger (2010) who find that present-biased individuals are more likely to have credit card debt,
Grodzicki and Koulayev (2021) who provide survey evidence that individuals who ‘spent more than
they wanted’ due to credit cards are more than twice as likely to revolve, and Lee and Maxted (2023)
who show that present bias induces households to persistently revolve debt.
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Figure 15: Baseline model: behavior by type
Note: The variables in this figure are averages of model-simulated data for households aged 25-65.

limit increase based on the firm’s policy function specified in equation (13). In our model,

tempted agents are much more likely to receive credit limit increases, in large part due

to their revolving credit utilization, documented in the previous section. This raises a

number of important questions: (i) to what extent do consumers benefit from such limit

increases, and (ii) to what extent should policy makers regulate such limit increases? We

address both of these questions in due time.

Figure 16 shows the share of individuals with revolving credit card debt by income

quintile. As is well-documented, many middle- and high-income consumers maintain re-

volving credit card debt (see e.g. Exler and Tertilt, 2020). Figure 16 decomposes the

contribution of individuals with and without temptation to the aggregate share of re-

volving borrowers. For agents without temptation, the share of revolving borrowers

declines monotonically with income. By contrast, for agents with temptation, the share

of revolvers is relatively unaffected by income. This demonstrates the importance of

temptation in our model, which plays a key role in explaining why individuals in the top

of the income distribution maintain high-interest revolving balances on their credit card.
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Figure 16: Share of revolvers by income quintile

5.1.1 To what extent are credit limit increases beneficial for consumers?

Figure 17 decomposes the probability of credit limit increases based on revolving utiliza-

tion. The black dots come from the data and are input into the firm’s policy function for

credit limit increases. The blue bars show the probability of limit increases in our sim-

ulated model. As mentioned previously, the model mechanically generates credit limit

increases in line with the empirical evidence. The orange bars in Figure 17 show the

probability of limit increases that are beneficial from the perspective of the borrower.33

The orange bars show that many credit limit increases are not beneficial to the borrower.

What drives the above heterogeneity in whether consumers benefit from higher credit

limits? Our model features two opposing channels. On one hand, higher credit limits are

beneficial as they relax credit constraints, giving individuals greater flexibility to smooth

consumption over the life-cycle, adverse shocks, or unemployment. In our model, agents

without temptation almost always benefit from greater credit limits. On the other hand,

for agents with temptation, higher credit limits also increase the most tempting consump-

tion alternative, c̃t in equation (5), inducing additional temptation to over-consume. In

many cases, this may be detrimental for the consumer, if it leads to over-consumption

and reduced saving for retirement and precautionary purposes, or if it leads to an above

optimal share of income being spent on expensive credit card borrowing.

Figure 17 reveals important heterogeneity across utilization bins. While customers

with zero or low utilization almost always benefit from credit limit increases, customers

with higher utilization are frequently harmed by credit limit increases in our calibrated

33This is computed by comparing the expected value of receiving a credit limit increase relative to the
expected value of maintaining your current credit limit.
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Figure 17: Probability of credit limit increases by card utilization rate

model. For customers with utilization rates above 50 percent, we see that the major-

ity of credit limit increases are detrimental from the perspective of the borrower. This

heterogeneity arises because in our model, agents with temptation generally have higher

utilization ratios, as shown in Table 2. As a result, credit limit increases going to bor-

rowers with high utilization ratios disproportionately go to agents with temptation, for

whom the costs often outweigh the benefits.

5.2 Prohibiting limit increases for revolving borrowers

In this section, we assess a counterfactual policy where credit card companies are re-

stricted from using their preferred algorithm for credit limit increases. More specifically,

we assume that firms are prohibited from increasing the credit limits of consumers with

revolving debt, despite firms’ observed preference to give credit limit increases to these

customers. This counterfactual policy analysis is inspired by a recent effort by the UK

Financial Conduct Authority (FCA) to regulate bank-initiated credit limit increases.34

The FCA has recently reached an agreement with UK credit card companies, who have

agreed to a new policy where no customer will be given a credit limit increase if they

have been in persistent revolving debt for a year or more.

To better understand the effects of this reform on household behavior and well-being,

34When discussing credit limit increases, the UK Financial Conduct Authority stated, “An important
objective of our regulation of the credit card market is to ensure that consumers, especially those at risk
of debt problems and those in financial difficulty, are not given unaffordable credit limit increases and
have proper control over their credit limits. This is so they can avoid borrowing more than they intend
to and avoid a worsening of their circumstances.”
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we solve and simulate our calibrated model with a counterfactual policy where banks are

prohibited from offering credit limit increases to any consumer with revolving debt. More

specifically, we modify equation 7 so that consumers are only given a credit limit increase

if CLI∗ > 0 and at ≥ 0.

While we view this as a first approximation of the effects of the above policy, we

note two important limitations. The first is that a period in our model is defined as

one year, so even temporary credit card usage results in a temporary restriction against

credit limit increases, which is slightly stricter than the UK policy. Second, we do not

let the firm adjust the other parameters of the credit limit increase function in response

to this policy. Although we examine the impact of partial re-optimization of the firm

in Section 5.5, we acknowledge that the welfare results could be further attenuated in

a general equilibrium framework. We believe that a fruitful avenue for future research

would be to better understand how firms might strategically adapt their broader credit

policies in response to these regulatory constraints.

5.2.1 Implications for consumer behavior

Figure 18 presents the effects of the above policy on consumer behavior using our cali-

brated model. Each bar depicts the contribution of the two household types to the key

variables of interest in the baseline model (the first bar) compared to the counterfac-

tual policy (the second bar). The visualization distinguishes between households without

temptation (dark blue) and households with temptation (orange). By comparing the

Baseline and the UK-style Policy scenarios, we can observe how this regulatory interven-

tion differentially affects these two distinct groups of consumers.

As illustrated in the figure, prohibiting credit card companies from increasing credit

limits for revolving borrowers has significant effects on aggregate variables. The most im-

mediate effect is a dramatic reduction in the probability of credit limit increases, which

falls from an annual rate of roughly 5.5% to around 1.0%, with substantial declines ob-

served for both standard and tempted households.35 Simultaneously, default probabilities

decrease from about 0.9% to almost zero, predominantly driven by a substantial drop in

default probabilities for tempted households. This sharp reduction suggests a crucial

mechanism for constraining credit expansion among vulnerable borrowers who are (as

default probabilities indicate) mostly the tempted households.

The utilization rate, on the other hand, experiences a slight increase, primarily driven

by lower credit limits, which are only partially offset by reduced borrowing. Indeed, the

constraint on additional credit for tempted households precipitates a decline in their debt-

35Note that the UK policy prohibits limit increases for revolving borrowers regardless of whether the
increases are bank- or consumer-initiated. As a result, we believe that our results would be little changed
if we were to extend our model to allow consumers to proactively request limit increases.
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Figure 18: Counterfactual analysis: behavior by type

to-income ratio, which consequently reduces their interest payments relative to income.

5.2.2 Implications for household well-being

In this section, we evaluate the welfare implications of prohibiting credit limit increases

to customers with revolving debt. As we pointed out earlier, restricting credit access

to households has a trade-off: it might be detrimental for households who would use

additional credit for consumption smoothing purposes, while it might be beneficial for

households with self-control issues who may over-borrow without credit limit restric-

tions.36 To capture these heterogeneous effects, we carry out a welfare analysis that

accounts for differences across household types.

To assess the welfare of the counterfactual policy, we compute the consumption equiv-

alent variation (CEV), i.e. the percentage change in consumption that would equate

households’ utility between the world that prohibits credit limit increases to customers

with revolving debt and the world where credit limit increases are allowed uncondition-

ally. We adopt a utilitarian social welfare function, where the social planner gives a

weight to the utility of each type proportional to their share in the population.

36As John Campbell stated in his 2016 Ely Lecture, “Financial regulators face a difficult tradeoff
between the benefits of regulation to households that make mistakes, and the cost of regulation to other
financial market participants.”
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We consider two different measures of welfare. In the baseline, we assume that the

social planner has the same preferences as households (thus the planner internalizes the

psychological cost of temptation). In the alternative measure, we assume that the social

planner ignores the psychological cost of temptation, i.e. the social planner has λ = 0,

even while households still suffer from temptation. The alternative welfare criterion

captures the impact of temptation on household choices while ignoring its psychic cost.

Table 3 presents the consumption equivalent variation (CEV) results, which provide

insights into the welfare implications of the credit restricting policy. The overall welfare

effect is positive, with a 1.12% improvement when psychological costs are considered.

This aggregate figure, however, masks significant variations across household types.

Overall Effect Standard Tempted
With Psychological Costs 1.12 −0.21 3.12
Without Psychological Costs 0.98 −0.05 2.54

Table 3: The effect of prohibiting limit increases for revolving borrowers (CEV, %)

Standard households, who borrow for consumption smoothing purposes only, experi-

ence a modest welfare loss of 0.21%. This negative impact stems from the policy’s con-

straint on these households’ borrowing capabilities, which limits their ability to smooth

consumption. In contrast, tempted households show a remarkably different response.

These households experience a substantial welfare gain of approximately 3.12%. This

positive outcome suggests that limiting credit access for households prone to impulsive

borrowing can actually improve their welfare (i.e., the benefit from reduced temptation

outweighs the cost of constrained consumption smoothing for tempted households).

The second row of Table 3 demonstrates the welfare effect when the social planner

ignores the psychological cost of temptation in the welfare evaluation. The alternative

welfare measure does not fundamentally alter our main conclusions. The benefit from

restricting tempted households’ access to additional credit still dominates the cost arising

from having less available resources for consumption smoothing purposes.37

We believe that our main welfare results are robust to alternative assumptions about

the source of self-control issues. While we focus on temptation preferences for our quanti-

tative exercise, we believe that hyperbolic discounting would generate qualitatively similar

predictions, though with slightly smaller welfare gains. The key difference is that temp-

tation introduces an additional welfare channel: the psychic cost of resisting temptation,

which occurs even for households who choose not to borrow. By reducing this psychic

37The distribution of welfare changes provides additional insights into the heterogeneous effects of the
policy across household types. Figure 36 in Appendix B.5 shows the distribution of welfare effects by
households for each type of household. Most standard households, operating at low credit card utilization
levels, remain largely unaffected by the policy. Tempted households, however, display more significant
and varied responses to the credit limit restrictions.
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cost, the policy improves well-being of tempted households that remain debt-free—a

mechanism supported by experimental evidence that individuals pay for commitment

even without succumbing to temptation (Toussaert, 2018). This is consistent with Ta-

ble 3, which shows that the psychic costs of temptation amplifies the welfare benefits of

prohibiting limit increases for revolving borrowers. Nevertheless, we find that this policy

remains beneficial regardless of whether we account for the psychic costs of temptation.

Overall, our findings suggest that carefully designed credit limit policies could poten-

tially enhance aggregate household welfare, particularly in populations with a substan-

tial proportion of tempted borrowers who struggle with self-control problems in financial

decision-making.

5.3 Prohibiting limit increases without borrowers’ consent

In this section, we analyze a counterfactual policy that restricts credit card companies

from increasing credit limits without the borrowers’ consent. This analysis is motivated

by recent regulatory efforts in several countries, including Canada, Singapore, and New

Zealand, aimed at controlling bank-initiated credit limit increases.

To better understand the implications of this reform on household behavior, we solve

and simulate our calibrated model under the assumption that banks are prohibited from

offering credit limit increases without consumer consent. Specifically, we modify equation

7 to ensure that consumers receive a credit limit increase only if CLI∗ > 0 and if the

consumer’s expected value function with the limit increase exceeds that without it.

5.3.1 Implications for consumer behavior

Figure 19 presents the effects of the counterfactual policy on consumer behavior using

our calibrated model. Similar to Figure 18, each bar depicts the contribution of the two

household types to the key variables of interest under the baseline and counterfactual

policy. By comparing the Baseline and the Canada-style policy scenarios, we can observe

how this regulatory intervention differentially affects these two distinct consumer groups.

As illustrated in the figure, requiring consumer consent for all limit increases produces

significant impacts on aggregate variables. These results, however, are almost identical

to those from the previous counterfactual shown in Figure 18, where companies are pro-

hibited from raising credit limits for consumers with revolving debt.

The most significant difference between the two policies is their effects on the proba-

bility of credit limit increases. The probability of a credit limit increases goes from 5.5%

in the baseline model to roughly 1.9% under the policy requiring consumer consent.38 For

38While it is outside the scope of our model, we do not expect the above policy to result in a large
increase in consumer-initiated limit increase requests, since the policy would only prevent limit increases
that are not desired by consumers.
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Figure 19: Counterfactual analysis: behavior by type

comparison, prohibiting limit increases for revolving borrowers reduces the probability

of limit increases even further, to roughly 1.0%. This indicates that requiring consumer

consent constrains credit expansion slightly less than the policy targeting revolving debt.

5.3.2 Implications for household well-being

Table 4 presents the implications for household well-being, measured in terms of con-

sumption equivalent variation (CEV), similar to Table 3. The overall welfare effect of

the policy is positive, showing a 1.16% improvement when psychological costs are taken

into account. Standard households experience a slight welfare reduction of 0.19%, while

tempted households benefit significantly, with a welfare gain of approximately 3.19%.

Overall Effect Standard Tempted
With Psychological Costs 1.16 −0.19 3.19
Without Psychological Costs 1.04 0.00 2.59

Table 4: The effect of prohibiting limit increases without borrowers’ consent (CEV, %)

Notably, these welfare results closely resemble those reported in Table 3. Thus, the

policy restricting banks from offering credit limit increases without the borrower’s consent

yields similar welfare implications to the policy that limits credit increases for revolving

borrowers, under our baseline assumption that consumers are sophisticated.
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5.4 Robustness to the existence of näıves

In our baseline model, tempted households are assumed to be sophisticated, meaning they

are fully aware of their self-control issues. However, empirical evidence from several stud-

ies suggests that a significant proportion of households exhibit partial or limited awareness

of their future self-control problems, with estimates ranging from 50-80% across different

experimental settings (see for example DellaVigna and Malmendier, 2006, Augenblick

and Rabin, 2018 or Allcott et al., 2021).

For this reason, we evaluate how the presence of näıve tempted households affects

our welfare results across the two different policy scenarios. Specifically, we allow a

varying fraction of tempted households to be näıve, rather than sophisticated (as in the

baseline scenario). We then recalculate the welfare impact of each counterfactual policy.

Figure 20 shows the results from this exercise. On the left, we show how the fraction

of näıve households affects the welfare impact of prohibiting credit limit increases for

revolving borrowers (section 5.2). On the right, we present the same analysis for the

policy prohibiting credit limit increases without the borrower’s consent (section 5.3).

Figure 20: Impact of näıves on welfare across policy scenarios

In each subplot, the x-axis represents the fraction of näıves among tempted households

(ranging from zero to one), while the y-axis measures the welfare impact of each policy

in terms of consumption equivalent variation (CEV).

There is a striking contrast between how these two policies perform as the fraction

of näıves changes. Prohibiting credit limit increases for revolving borrowers remains

effective regardless of whether tempted households are sophisticated or näıve, as shown

by the relatively flat line in the left subplot. Conversely, prohibiting credit limit increases

without the borrower’s consent is only welfare-enhancing when most tempted households

are sophisticated. The right subplot clearly demonstrates a negative linear relationship
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between the fraction of näıves among tempted households and the welfare impact of this

policy, with welfare gains disappearing entirely as the naive fraction approaches one.

The reason for this difference is straightforward: while the first policy constrains credit

limit increases for everyone with revolving credit, the second policy only restricts credit

increases for households who actively choose not to have them. Given that the second

policy leaves the choice to the household, its effectiveness depends on whether house-

holds can accurately judge whether a credit limit increase is beneficial. Sophisticated

households, being aware of their own self-control issues, can commit to refusing credit

limit increases as a way to restrict their future borrowing. In contrast, näıve households

don’t recognize that they will have self-control problems in the future, and therefore

more frequently opt for credit limit increases that ultimately lead to over-borrowing and

over-consumption.

5.5 Robustness to firm re-optimization

In our baseline model, credit card companies follow a policy rule for giving credit limit

increases, which we estimate using the Y-14M data to capture the companies’ revealed-

preference for giving credit limit increases to revolving borrowers, among other factors.39

While this gives a good approximation of the economic environment currently faced by

households in the U.S. and abstracts from variation across time and space, we acknowledge

that any change in regulation would likely lead firms to alter their policy function for

proactive credit limit increases as they re-optimize their learning algorithms in response

to the new regulatory regime.

For this reason, we now assess the sensitivity of our results to allowing the firm to

re-optimize its policy function for giving credit limit increases. More specifically, we now

allow the firm to optimize the coefficients b0 and b of the policy function (in equation

(6)) for credit limit increase, maximizing its expected profits as defined in equation (9).

To do so, we allow the firm to try out alternative policy functions and assess their

profitability, similar to the large-scale experiments implemented by banks to optimize

credit card profitability (Botella, 2022). In our simple implementation, the firm selects

the parameters to maximize profitability using the Nelder–Mead method. And although

we cannot capture the full adjustment that would likely be implemented by banks using

data and algorithms that we do not observe, we view this as a first approximation.

Figure 21 shows the relationship between credit utilization and the probability of

credit limit increases when the firm is allowed to select the CLI parameters optimally.

Remarkably, the model delivers a credit limit increase function that has a similar shape

39While we do not observe the proprietary learning algorithms used by banks to give credit limit
increases, nor the more detailed transaction level data that they are allowed to use, we view our approach
as a rough approximation of the companies’ preference for giving limit increases to revolvers.
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Figure 21: Credit limit increase by utilization with re-optimizing firm

to that observed in the data, with the highest probability of increase being for revolving

borrowers who have a moderate degree of credit card utilization. The firm is much less

willing to give limit increases to individuals near zero utilization or 100 percent utilization,

similar to the empirical results in Figure 10. The main dimension upon which our model

fails is that it gives fewer credit limit increases than are observed in the Y-14M data.40

Figures 37 and 38 in Appendix B.5 present the effects of both counterfactual policies

(prohibiting credit limit increases to revolving borrowers and prohibiting increases with-

out borrower consent) through the lens of our model with an optimizing firm. In this

version, we allow the firm to optimize its CLI policy function once in the baseline regime

and again in each counterfactual policy regime.

In the baseline with firm optimization, debt-to-income ratios, interest payments, and

defaults are all reduced compared to our initial calibration, as the optimizing firm issues

fewer CLIs than observed in our baseline data. When we implement the counterfac-

tual policies, we find qualitatively similar implications to our baseline results (presented

in Sections 5.2 and 5.3), though with slightly different magnitudes. Under both policy

changes, the firm responds by reallocating a higher fraction of limit increases toward con-

sumers without temptation issues compared to the scenario without firm re-optimization.

Nevertheless, both counterfactuals still produce reductions in debt-to-income ratios, in-

terest payments, and default probabilities, consistent with fewer credit limit increases

being directed toward households with self-control issues.

Turning towards welfare, Table 5 shows the implications of both counterfactual poli-

cies when firms are allowed to re-optimize. Similar to our previous results, we again find

that the benefits of reduced temptation outweigh the costs of reduced flexibility, leading

households to benefit on average from the counterfactual policies. However, the positive

40This may be driven by the fact that our model is at an annual frequency, while firms learn monthly.
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effects are dampened relative to our baseline calibration. This occurs because our model

with the optimizing firm and baseline policy already features fewer limit increases—thus

the reduction in limit increases due to the counterfactual policies is smaller than in our

previous analysis.

Overall Effect Standard Tempted
UK
With Psychological Costs 0.21 −0.24 0.89
Without Psychological Costs 0.28 −0.00 0.72

Canada
With Psychological Costs 0.27 −0.20 0.98
Without Psychological Costs 0.32 −0.01 0.81

Table 5: Welfare results with firm re-optimization, (CEV, %)

6 Conclusion

This paper provides novel evidence on the role and prevalence of bank-initiated credit

limit increases. While we do not observe the precise algorithms used by banks, our

empirical analysis reveals that banks systematically extend additional credit to revolving

borrowers. This pattern suggests a revealed preference for targeting borrowers who are

likely to generate interest revenue by carrying revolving balances.

To evaluate the welfare implications of this behavior, we develop a structural model

that incorporates borrower heterogeneity and self-control problems. We find that if a

significant share of borrowers suffer from self-control issues, restricting banks from uni-

laterally increasing limits for revolving borrowers could improve welfare.

Our analysis offers a first step toward understanding the costs and benefits of reg-

ulating algorithmic credit limit increases. Several directions for future research remain.

First, while we focus on self-control problems, other behavioral biases may also influence

borrowing behavior. For example, Stango and Zinman (2009) document that many con-

sumers suffer from exponential growth bias—the tendency to underestimate how interest

compounds—which can lead consumers to borrow more than they otherwise would. In a

related vein, Bäckman et al. (2025) provide evidence that low monthly payments lead to

increased borrowing, potentially because some consumers focus on payment size rather

than total borrowing costs. Understanding whether banks disproportionately extend

credit to consumers exhibiting these biases—and whether alternative policy interventions

could offer better protection—remains an important open empirical question.

Second, our model centers on bank-initiated credit limit increases for tractability.

A promising direction for future work is to compare bank- versus consumer-initiated
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increases, particularly in environments where moral hazard may shape banks’ responses

to consumer requests.

Finally, the regulatory landscape is evolving. Countries such as the UK, Canada, and

Australia have introduced policies that restrict or prohibit bank-initiated credit limit

increases, and similar regulations are forthcoming in the European Union in 2026. These

policy interventions remain largely unstudied. As data become available, empirical work

evaluating their effects—both on consumer borrowing behavior and on how banks adjust

their credit allocation strategies—would enhance our understanding of the consequences

of such regulation.
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A Appendix

A.1 Stylized Facts

This section presents extra analysis for the stylized facts discussed in section 2.2.

Appendix for Fact 2

Figure 22: Distribution of limit increases by age and income

This figure includes only credit cards originated since January 2014.

Figure 22 replicates the analysis of Figure 3 by income.

Appendix for Fact 5

Figure 23 compares the average credit limit at origination for credit cards issued by

lenders above and below the median of the number of mentions of AI and ML in their

10K statements by credit score (Panel A) and by income (Panel B). The figure shows no

systematic differences between the average credit limit at origination for lenders above

and below the median in their mentions of ML/AI.

Appendix for Fact 6

In Fact 2, we showed that a high share of limit increases occur within the first 6 months.

How does this reconcile with limit increases being more prevalent among revolvers? The

blue line in Figure 24 displays the share of accounts that revolve, by age. The figure

shows that many accounts begin to revolve balances immediately upon card origination.

Indeed, of cards that revolve at some point in their first 10 years of existence, about
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two-thirds revolve in the first 6 months after origination. This finding is consistent with

Grodzicki and Koulayev (2021), who find that when accounts start revolving balances

they continue to do so for over a year, on average.

The red line in Figure 24 shows the fraction of current revolving balances divided by

the maximum revolving balances the account ever carries, averaged across ever-revolving

accounts. Conditional on revolving, even young accounts revolve about 60% of their

maximum revolving amount, on average. Thus, it is not the case—on the extensive margin

or the intensive margin—that young accounts revolve less often or smaller amounts. This

suggests that lenders can likely predict future revolving behavior from revolving behavior
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in the first few months, and may target limit increases accordingly.41

A.2 Summary Statistics

This section discusses the summary statistics for the empirical analysis presented in

section 3. Table 6 shows summary statistics for our sample using Y-14 data. Columns 1

and 2 present means and standard deviations for the full sample, while columns 3 and 4

focus on the bank-initiated increases and columns 5 and 6 focus on the borrower-initiated

increases. For columns 3-6, the data are as of the month prior to the limit increase.

Several points stand out. First, accounts that undergo a bank-initiated credit increase

tend to have somewhat lower incomes and credit scores relative to the full sample. 55% of

instances of bank-initiated increases have a prime or superprime credit score, compared to

65% for the full sample. Similarly, 29% of bank-initiated increases have reported income

above $75,000, compared to 31% for the full sample. Interestingly, borrower-initiated

increases tend to be have somewhat lower credit scores than the full sample, but higher

incomes: 60% of observations have a prime or superprime credit score and 37% have

reported income above $75,000. 42

Second, accounts that undergo limit increases tend to have higher utilization. While

both bank and borrower-initiated accounts tend to have higher overall and transaction

utilization, only bank-initiated increases tend to have higher revolving utilization. Indeed,

while about 45% of the active cards in the full sample are revolvers–the same share as

among accounts that undergo a borrower-initiated increase–60% of accounts with a bank-

initiated increase are revolvers.

Third, the average bank-initiated credit limit is about $2,400, while the average

borrower-initiated limit increase is a slightly large $2,800. That said, the average bank-

initiated increase is larger in percentage terms, as the average credit limit prior to a

bank-initiated increase is somewhat smaller.

41Of course, lenders learn other information about the account in the first 6 months, not just the
account’s likelihood to revolve. Importantly, lenders learn about the account’s likelihood to default. Of
accounts that become 30 or more day delinquent at some point, about a third become delinquent for the
first time in the first 6 months after origination.

42Credit scores are measured contemporaneously. If a credit score since origination is not available,
then credit score at origination is used. We similarly use most recent income when available. However,
as discussed in Fulford and Stavins (2025), since 2020, updated income is no longer collected in the data.
Limiting to just the 2014-2020 period and using only updated income does not change our results.
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Variable All Bank-Initiated Increase Borrower-Initiated Increase
Mean SD Mean SD Mean SD

CC Limit ($) 9,883.763 8,969.863 7,557.323 7,447.187 8,081.482 8,595.169
Interest rate margin 14.586 5.157 15.299 5.664 15.545 4.873
I{Mult CC with Lender} 0.383 0.486 0.290 0.454 0.359 0.480
Credit score 751.216 80.056 732.718 65.776 739.140 66.640
Superprime 0.442 0.497 0.248 0.432 0.293 0.455
Prime 0.231 0.422 0.326 0.469 0.334 0.472
Near prime 0.253 0.435 0.366 0.482 0.317 0.465
Subprime 0.073 0.261 0.060 0.238 0.056 0.229
Income: > $150,000 0.091 0.287 0.080 0.271 0.125 0.331
Income: $75,000 - $150,000 0.227 0.419 0.224 0.417 0.262 0.440
Income: $40,000 - $75,000 0.279 0.449 0.316 0.465 0.296 0.456
Income < $40,000 0.240 0.427 0.320 0.467 0.249 0.432
Utilization 0.295 0.350 0.411 0.302 0.353 0.312
Revolving Utilization 0.224 0.334 0.278 0.308 0.210 0.296
Transactional utilization 0.073 0.113 0.136 0.143 0.145 0.163
Revolver 0.435 0.496 0.598 0.490 0.449 0.497
Heavy Revolver past 12 Mo 0.253 0.435 0.303 0.460 0.213 0.409
Light Revolver past 12 Mo 0.381 0.486 0.469 0.499 0.473 0.499
Transactor 0.356 0.479 0.219 0.413 0.308 0.462
I{Recent bank-initiated increase} 0.037 0.189 0.016 0.126 0.015 0.122
I{Recent borrower-initiated increase} 0.009 0.092 0.005 0.068 0.036 0.185
I{Recent credit score change} 0.752 0.432 0.790 0.407 0.811 0.391
Recent credit score change 0.077 9.114 0.917 9.561 1.331 9.452
Age <6m 0.046 0.209 0.108 0.310 0.054 0.227
Age 6m-1y 0.062 0.241 0.125 0.331 0.098 0.297
Age 1-2y 0.356 0.479 0.405 0.491 0.489 0.500
Age 3-5y 0.244 0.429 0.268 0.443 0.313 0.464
Age 5-10y 0.230 0.421 0.200 0.400 0.210 0.407
Age 10+ 0.306 0.461 0.162 0.368 0.150 0.357
Chg Limit ($) 2,524.417 2,412.428 2,980.702 3,449.598
Pct Chg Limit 0.413 0.337 0.423 0.330

Observations 160059951 2008939 466631

Table 6: Summary statistics
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A.3 Who receives limit increases?

In this section, we present more detailed analysis examining the correlations between

credit card account characteristics and the likelihood of limit increases. Specifically, in

section A.3.1 we examine the effect of a wide range of account characteristics, as well

as the change in account utilization, on the likelihood of receiving a limit increase. In

section A.3.2, we show that our results are not driven by the dynamic relationship between

transacting and revolving utilization. In section A.3.3 and A.3.4, we examine how our

results vary by credit score and age, respectively. In section A.4, we present more analysis

on borrower-initiated limit increases, while in section A.5, we briefly discuss the results

on the intensive margin.

A.3.1 Account characteristics and limit increases

Table 7 presents the results of equation (1), where the dependent variable is an indicator

equal to 1 if the account experienced a bank-initiated increase in the following month.

In specification (1), we include controls for age, coarse credit score and income bins,

Mult CC with Lender—an indicator for whether the borrower has another credit card

with the lender—log of the credit limit, interest rate margin, indicators for recent bank-

initiated limit, borrower-initiated limit and credit score increases, and the change in credit

score over the previous 3 months. We also include month, state, and bank fixed effects.

Specification (2) adds card group fixed effects, while specification (3) adds credit score

and income decile fixed effects.

Our main variable of interest in specification (1)-(4) is utilization, which we decompose

into revolving and transacting utilization in specifications (5)-(6). In specifications (4)

and (6), we also add the change in utilization from the prior 3 months. As expected,

utilization is positively correlated with receiving a limit increase, with a 1 percentage

point increase in utilization leading to approximately a 1.4 basis point increase in the

probability of receiving a limit increase.43 Decomposing utilization into its revolving and

transacting components, we find that both components are positively correlated with

limit increases. In addition, growth in both components is negatively correlated with

limit increases. The results of specification (6) suggest that a one standard deviation

increase in revolving utilization increases the probability of a limit increase by 0.2 basis

points, while a one standard deviation increase in transacting utilization increases the

probability of a limit increase by 0.5 basis points.

The coefficients on the other variables are generally as expected. Younger cards were

43Because of the sparseness of the limit increase indicator at the monthly frequency—as shown in
Table 6–both the coefficients and our R-squared are quite low. Fulford and Stavins (2025) find a higher
R-Squared of about 0.15, but their sample consists of credit cards younger than 5 years, which are more
likely to experience a limit increase.
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more likely to receive a credit limit increase, and higher credit score cards were more

likely to receive one than subprime cards. Cards with a higher credit limit were less

likely to receive a limit increase, as were cards that recently experienced a limit increase.

Cards of borrowers with recent growth in their credit score were more likely to receive a

limit increase.

(1) (2) (3) (4) (5) (6)

Utilization 0.013*** 0.012*** 0.014*** 0.013***

(0.001) (0.001) (0.002) (0.002)

Chg. in utilization 0.001

(0.002)

Revolving utilization 0.007*** 0.008***

(0.002) (0.002)

Chg in rev. utilization -0.015***

(0.002)

Transactional utilization 0.059*** 0.068***

(0.003) (0.003)

Chg in tr. utilization -0.005

(0.003)

Age <6m 0.021*** 0.021*** 0.020*** 0.023*** 0.016*** 0.027***

(0.006) (0.006) (0.006) (0.007) (0.006) (0.009)

Age 6m-1y 0.018*** 0.017*** 0.016*** 0.016*** 0.016*** 0.016***

(0.001) (0.001) (0.002) (0.002) (0.002) (0.002)

Age 2-5y 0.006*** 0.006*** 0.005*** 0.005*** 0.005*** 0.005***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Age 5-10y 0.004*** 0.003*** 0.003*** 0.003*** 0.003*** 0.003***

(0.000) (0.001) (0.001) (0.001) (0.001) (0.001)

Superprime 0.015*** 0.017***

(0.002) (0.002)

Prime 0.021*** 0.023***

(0.002) (0.002)

Near prime 0.016*** 0.017***

(0.002) (0.002)

Income: > $150,000 -0.000 -0.000

(0.001) (0.001)

Income: $75,000 - $150,000 -0.001 -0.000

(0.000) (0.000)

Income: $40,000 - $75,000 -0.000 0.000

(0.000) (0.000)

Mult CC with Lender -0.003*** -0.003*** -0.003*** -0.003*** -0.002*** -0.002***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Log CC Limit -0.002*** -0.001*** -0.002*** -0.002*** -0.001 -0.000

(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)

Interest rate margin -0.000 -0.000 -0.000 -0.000 -0.000 -0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

I{Recent bank-initiated increase} -0.014*** -0.016*** -0.017*** -0.017*** -0.019*** -0.020***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

I{Recent borrower-initiated increase} -0.010*** -0.010*** -0.010*** -0.010*** -0.014*** -0.015***

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

I{Recent credit score increase} 0.000*** 0.000*** 0.000*** 0.000* 0.001*** 0.000*

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Chg. in Credit Score 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

State, Date, Bank FE Yes Yes Yes Yes Yes Yes

Card group FE Yes Yes Yes Yes Yes

CS and Income Decile FE Yes Yes Yes Yes
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Observations 159281782 159281782 159281782 156768808 159281782 154792670

R-Squared 0.009 0.012 0.012 0.012 0.014 0.015

Table 7: Bank-Initiated Limit Increases

Change in Utilization

Our preferred specifications include both the average utilization over the previous 3

months and the change in utilization from the prior 3 months. Figure 25 presents the

coefficients of the deciles of the change in revolving utilization in Panel A and the change

in transacting utilization in Panel B. The effect of the change in revolving utilization from

the prior 3 months is S-shaped. It appears to peak somewhat earlier than the mid-point,

with the highest probability of receiving an offer among accounts with a large decline in

revolving utilization. Accounts with revolving utilization that declined recently, as well

as accounts that saw large growth in utilization, are less likely to receive a limit increase

than accounts with zero change in utilization. For the change in transacting utilization,

a change of (-0.6, 0.8] appears to have minimal effect on the likelihood of a limit increase,

while a change of (-0.8,-0.6] or (0.8,1] reduces the likelihood of a limit increase.
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Figure 25: Change in utilization and the likelihood of a credit limit increase
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Variable Revolver Heavy Revolver Light Revolver Transactor
Mean SD Mean SD Mean SD Mean SD

Revolving Utilization 0.52 0.35 0.61 0.33 0.18 0.30 0.01 0.07
Transacting Utilization 0.07 0.12 0.05 0.09 0.09 0.16 0.06 0.13
Credit Limit ($) 8,328 8,256 8,014 7,773 9,887 9,236 11,343 9,277

Table 8: Revolving and transacting utilization by account type
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Figure 26: Revolving and transacting utilization among revolvers

A.3.2 Utilization and account type

There are two potential impediments to ascribing the difference between Panels A and B

of Figure 10 to a difference in how banks increase limits in response to usage. First, it is

possible that the differences in Figure 10 are driven by differences between revolvers and

transactors. Accounts that consistently revolve tend to have higher revolving utilization;

by contrast, transacting accounts have zero revolving utilization by definition.

To shed more light on the difference between revolvers and transactors, Table 8

presents the mean and standard deviation for revolving utilization, transacting utilization

and total credit limit for revolvers (columns 1-2), heavy revolvers (columns 3-4), light re-

volvers (columns 5-6), and transactors (columns 7-8). For example, Column 1 of Table 8

shows that revolving utilization among revolvers is 0.52, consistent with Lee and Maxted

(2023), who point out that empirically, borrowing is lower than one would expect among

constrained, “hand-to-mouth” borrowers who would take on debt to their credit limit.

Thus, it is possible that the results of Panel 10 are due to comparing revolvers with an

average revolving utilization of 0.52 with transactors with an average revolving utilization
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of 0. To rule out that this difference in accounts–rather than differences in usage–drive

our results, in Figure 26, we rerun the analysis limiting just to accounts that revolved in

that month. The figure shows patterns in both revolving and transacting utilization that

are very similar to those for the full sample.
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Figure 27: Utilization by revolving status

The second potential issue is that transacting and revolving utilization are linked,

since this month’s transacting utilization can become next month’s revolving utilization.

Thus, it is possible that what we ascribe to banks’ responses to revolving utilization are

lagged responses to transacting utilization. To disentangle this dynamic relationship, we

interact revolving and transacting utilization by revolving status. Following Adams and

Bord (2020), we examine three types of accounts: heavy revolvers who revolved each of

the prior 12 months, light revolvers who revolved 1-11 times in the prior 12 months, and

transactors who did not revolve at all in the prior 12 months. Table 8 shows that average

revolving utilization for heavy revolvers is 0.61, while their transacting utilization is only

0.05. Thus, the dynamic relationship between transacting and revolving utilization is

unlikely to matter much for this group of accounts. Similarly, since transactors have a

revolving utilization of zero, their transacting utilization is unrelated to their revolving

utilization.

Figure 27 presents the results. Panels A and B show that revolving utilization for both

heavy and light revolvers follows similar inverted U-shaped pattern as when coefficients

are estimated on the pooled sample. Similarly, Panels C, D, and E show that transacting

utilization follows similar patterns for all three types of accounts, although coefficients
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for transacting utilization at transactors are slightly larger in magnitude than at heavy

and light revolvers.44 This suggests that the dynamic relationship between revolving and

transacting utilization do not drive our findings.

A.3.3 Utilization and credit score

Panel A: Revolving utilization
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Figure 28: Differences in utilization by credit score

Figure 28 examines how the patterns identified in Figure 10 vary across the contempo-

raneous credit score distribution. Panel A shows that the U-shaped pattern holds for all

credit score groups except for subprime. Subprime borrowers, by contrast, experience the

highest probability of receiving a limit increase at low levels of revolving utilization and

a monotonic decline with utilization. This likely reflects their higher risk, with lenders

unwilling to increase available credit to borrowers whose probability of default is high.

44The pattern of the coefficients for transacting utilization at heavy revolvers appears somewhat dif-
ferent from that of revolving utilization at light revolvers. However, this is purely driven by the low
coefficient on the 10th bin, and by definition, there are very few heavy revolver accounts with transact-
ing utilization above 90%.

62



Interestingly, both subprime and nearprime borrowers have a higher probability of a limit

increase at very low levels of revolving utilization than at utilization above 0.9, as opposed

to prime and superprime borrowers for whom the converse holds. Again, this is likely a

reflection of risk. Revolvers are the main source of revenues for credit card operations

(Adams et al., 2022). For prime and superprime borrowers, the risk of default even at

high levels of revolving utilization is low; therefore the potential profit to granting a limit

increase may outweigh the cost. However, for nearprime and subprime borrowers, the

risk of default is higher, and so lenders are relatively less willing to increase limits at high

levels of revolving utilization.

Panel B similarly shows that the logistic growth pattern of transacting utilization also

varies by credit score. The patterns for subprime and nearprime borrowers mirror that of

the overall. However, prime and superprime borrowers exhibit a U-shaped pattern with

the probability of a limit increase higher for the middle bins of utilization than for the

top bins.

A.3.4 Age and credit score

Figure 29 examines how the likelihood of a limit increase varies by credit score and

age. The patterns are consistent with the histograms of Figure 3. All credit score bins

experience more limit increases during the first year of a credit card, but the effect is

particularly pronounced for near prime and subprime.
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Figure 29: Age and limit increases, by credit score
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A.4 Borrower-initiated increases

Table 9 repeats the analysis of Table 7 for borrower-initiated increases. Because borrower-

initiated increases are more rare than bank-initiated increases, the magnitudes on all

the coefficients are smaller. However, the difference in the magnitudes in Tables 9 and

10 are not just driven by differences in the prevalence of increases. A one-standard

deviation in utilization can explain about 4% of the standard deviation in the bank-

initiated increase indicator, and only 0.9% of the standard deviation in the borrower-

initiated increase indicator. Specification (6) decomposes utilization into its revolving

and transacting components and shows that revolving utilization has no correlation with

borrower-initiated increases. Moreover, although the coefficient on transacting utilization

is statistically significant, it explains less of the variation in borrower-initiated increases

than for bank-initiated increases. A one-standard deviation in transacting utilization can

explain about 4.5% of the standard deviation in the bank-initiated increase indicator,

and 2.7% of the standard deviation in the borrower-initiated increase indicator.

(1) (2) (3) (4) (5) (6)

Utilization 0.001*** 0.001*** 0.001*** 0.001***

(0.000) (0.000) (0.000) (0.000)

Chg. in Utilization -0.000

(0.000)

Revolving Utilization -0.001** -0.000

(0.000) (0.000)

Chg in rev. Utilization -0.005***

(0.001)

Transactional utilization 0.016*** 0.019***

(0.001) (0.001)

Chg in tr. utilization -0.006***

(0.001)

Age <6m 0.001*** 0.001*** 0.001*** 0.002*** 0.000 0.001***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Age 6m-1y 0.003*** 0.003*** 0.003*** 0.003*** 0.002*** 0.003***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Age 2-5y 0.002*** 0.002*** 0.002*** 0.002*** 0.002*** 0.002***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Age 5-10y 0.001*** 0.001*** 0.001*** 0.001*** 0.001*** 0.001***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Superprime 0.002*** 0.003***

(0.001) (0.001)

Prime 0.004*** 0.004***

(0.001) (0.001)

Near prime 0.002*** 0.003***

(0.000) (0.000)

Income: > $150,000 0.002*** 0.002***

(0.000) (0.000)

Income: $75,000 - $150,000 0.001*** 0.001***

(0.000) (0.000)

Income: $40,000 - $75,000 0.000*** 0.000***

(0.000) (0.000)

Mult CC with Lender -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Log CC Limit -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** -0.001***
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(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Interest rate margin -0.000 0.000*** 0.000*** 0.000*** 0.000*** 0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

I{Recent bank-initiated increase} -0.003*** -0.003*** -0.003*** -0.003*** -0.003*** -0.004***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

I{Recent borrower-initiated increase} 0.008*** 0.007*** 0.007*** 0.007*** 0.005*** 0.005***

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

I{Recent credit score increase} 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Chg. in Credit Score 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

State, Date, Bank FE Yes Yes Yes Yes Yes Yes

Card group FE Yes Yes Yes Yes Yes

CS and Income Decile FE Yes Yes Yes Yes

Observations 159281782 159281782 159281782 156768808 159281782 154792670

R-Squared 0.002 0.003 0.003 0.003 0.004 0.004

Table 9: Borrower-Initiated Limit Increases

Figure 30 highlights some differences between bank and borrower-initiated increases

by credit score. While for bank-initiated increases prime and superprime borrowers ex-

hibited U-shaped patterns for both revolving and transacting utilization, for borrower-

initiated increases, the pattern is flatter, suggesting that lenders are relatively more likely

to grant these borrowers increases, if they ask for them, at high levels of utilization.

Finally, Figure 31 shows that while bank-initiated increases occur mainly among very

young cards in the first year after origination, borrower-initiated increases are also likely

to occur in the second year after origination. This likely reflects a demand effect of

borrowers asking for higher limits as they continue using the card.

A.5 Intensive margin: the size of the limit increase

For the sake of brevity, we do not present the intensive margin results, which are avail-

able upon request and are similar to the extensive margin results. For both bank and

borrower-initiated limit increases, revolving utilization generally follows an upside down

U-shape, with somewhat lower limit increases for cards with high levels of revolving uti-

lization. The one exception is subprime borrowers, for whom the size of the increase

decreases monotonically in revolving utilization. For transacting utilization, lower levels

of utilization receive smaller limit increases, with the exception of subprime borrowers.
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Panel A: Revolving utilization
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Panel B: Transacting utilization
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Figure 30: Differences in utilization by credit score, consumer-initiated increases

A.6 Event study: what happens after limit increases

In this section, we present some more details and robustness for the event study in section

3.2. To conduct the event study, we run a regression of the form:

Yit =
t+12∑

τ=t−12

Di,τ + λt + ηg + ϵit (15)

where λt are month fixed effects and ηg are state and card group fixed effects. Including

credit score and income bin deciles, age, and other controls and fixed effects does not

change our results.
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Figure 31: Age and consumer-initiated increases, by credit score

Figure 32 presents how total utilization changes around limit increases, as a contrast

to revolving utilization presented in figure 13. For both bank- and consumer-initiated in-

creases, utilization rebounds after the limit increase to a level approximately 2 percentage

points lower than before the increase.
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Figure 32: Event study: utilization around limit increases

Furthermore, figure 33 repeats the analysis of figure 13 limiting the accounts that

undergo an increase to those that, as of the month before the increase, have revolving

utilization below the mean of 27% for bank-initiated increases and 22% for consumer-

initiated increases. The trends in figure 33 are very similar to those of figure 13, suggesting
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that the rise in revolving balances after the increase is not driven purely by constrained

accounts for whom the limit is a binding constraint.
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Figure 33: Event study: revolving utilization around limit increases.

This figure limits the sample to accounts with revolving utilization below the mean at
time 0.

-.04

-.03

-.02

-.01

0

-12  -9   -6   -3   0   3   6   9   12

Panel A. Bank-initiated

-.04

-.03

-.02

-.01

0

-12  -9   -6   -3   0   3   6   9   12

Panel B.Borrower-initiated

Figure 34: Event study: 30-day delinquency around limit increases

Finally, we repeat the analysis of figure 13 using as the dependent variable whether

the account is at least 30 days past due. Figure 34 shows that although accounts that

undergo bank- and consumer-initiated limit increases tend to have lower than average

delinquency rates–as evidenced by the negative coefficients on the event-time indicators

prior to time 0–delinquency rates rise after the limit increase.
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B Model Appendix

B.1 Model details

B.1.1 Taxes

Household pre-tax income (yi,t) during the working-life is taxed using a progressive tax

schedule τ(·). We follow Keane and Wasi (2016) and assume a nonlinear tax function:

τ(yi,t, ai,t) = eτ1+τ2 log(yi,t−τd) (16)

where the parameters τ1 and τ2 determine the progressivity of the aggregate tax sched-

ule. These parameters are estimated based on income and tax data from the Current

Population Survey, therefore τ(yi,t) represents the sum of federal, state, and municipal

taxes, plus mandatory social security contributions.

In addition, τd represents the deduction which is subtracted from income before the

tax is applied. We define τd to be the standard deduction τ standardd . This results in an

after-tax household income given by ỹi,t = yi,t − τ(yi,t).

B.1.2 Social security

Following retirement (∀ t > W ), households receive two sources of income: progres-

sive social security income and annuitized disbursements from an individual retirement

account:

yi,t = ySSi,t + yIRA
i,t ∀ t > W (17)

The progressive social security-style pension is determined by the following rule:

ySSi,t = max
{
SS Income Floor, Annual PIA(yi,W )

}
(18)

where Annual PIA(yi,W ) is the annual social security benefit (the primary insurance

amount) received upon retirement, based on average indexed monthly earnings (AIME),

which we approximate based on the last working period income, yi,W .45 We calibrate the

social security income floor and primary insurance amount based on U.S. legislation from

2015.46

45In reality, to calculate AIME, the worker’s wage during the years of employment is first expressed
in today’s dollars, then the wages of the highest 35 years are summed up. This sum is then divided by
420 (12*35) in order to get the real average monthly earnings.

46The PIA is a piecewise linear function with two break points: 90% of AIME up to breakpoint 1,
32% of AIME up to breakpoint 2, and 15% of AIME up to the social security wage base.
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B.1.3 Retirement accounts

Households also accumulate wealth for retirement via individual retirement accounts. We

assume that retirement contributions are mandatory and must be converted to an annuity

at age W . During each year of retirement, households receive annuitized disbursements

from the individual retirement accounts that depend on the actuarially fair annuity rate

η1 and the size of their account at retirement IRAi,W+1:

yIRA
i,t = η1 ∗ IRAi,W+1 (19)

The value of these disbursements depend on the age of retirement, life expectancy, and

the household’s income during its final working period. The actuarially fair annuity rate

for a household that purchases an annuity at age j, given the survival probability st, is:

η1 =

[
T∑
t=j

st
(1 + r)t−j

]−1

(20)

This annuity rate is actuarially fair as it enables the purchase of a guaranteed income

stream until death, where the price of the annuity is equal to its expected discounted value,

conditional on the interest rate and survival probabilities. We require all households to

purchase an annuity in the first year of retirement using the entirety of their retirement

account.

We assume that the size of the retirement account is a linear function of the house-

hold’s last working period income.47 This simplifying assumption allows us to include

retirement accounts without the introduction of an additional state variable. The size of

the retirement account is given by the following simple formula:

IRAi,W+1 = η2 ∗ yi,W (21)

The relationship between last period income and the size of retirement accounts (η2) can

then be estimated using PSID data.

B.1.4 Unemployment

Although unemployment benefits in the United States depend on past income, they are

capped at a low level, therefore the dependence on past income is relatively low compared

to other countries. We calibrate the unemployment benefit to be $11,270 per year, which

is the maximum benefit averaged across states reported in Hsu et al. (2018), adjusted to

47In reality, few countries have compulsory retirement accounts. One notable exception is Singapore
where working age households are required to put at least 20% of their income into the Central Provident
Fund each year. Agarwal, Pan and Qian (2019) provide evidence that this has an important impact on
consumption, evidence that is consistent with the view that households suffer from temptation.
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2015 dollars. To compute the employment transition probabilities, we use data from the

PSID. We restrict our sample to household heads aged 50 or below, in order to avoid the

potential effect of early retirement. As our data is biannual, we first compute the two-

year probability of transitioning from employment to unemployment or out of the labor

force. We then convert this to an annual probability (πu). We use the same procedure to

estimate the probability of re-employment (πre).

B.2 The recursive problem of households

The household’s budget sets differ based on credit history. For a household with bad

credit history, the budget set is:

Bh=1
t =

{
at+1 ∈ R+ : ct + at+1 = ỹt + (1 + ra)at, ct ≥ 0

}
(22)

For a household with good credit history, the budget set is:

Bh=0
t = {at+1 ∈ R : ct + at+1 = ỹt + (1 + ra)at, ct ≥ 0} (23)

These budget sets define the household’s choice set and determine the most tempting

consumption alternative each period. Households are always tempted to spend all avail-

able resources. Notice, households with bad credit history are excluded from the credit

market, as reflected in their constrained budget set.

The problem’s state variables are (at, zt, ut, ht), where at represents asset position, zt

is the persistent labor income shock, ut is unemployment status and ht is credit history.

For households with good credit history (h = 0), the value function involves choosing

whether to default:

Vt(at, zt, ut, ht = 0) = max
{
Vnon,t(at, zt, ut, ht = 0), Vdef,t(at, zt, ut, ht = 0)

}
(24)

where Vnon,t, and Vdef,t are the value functions conditional on not defaulting and defaulting,

respectively. The Bellman equation for a household with good credit history (ht = 0),

conditional on not defaulting, is:

Vnon,t(at, zt, ut, ht = 0) =


−∞ if Bh=0

t = 0

maxat+1∈Bh=0
t

{
Ut + βEtVt+1(at+1, zt+1, ut+1, ht+1 = 0)

}
if Bh=0

t ̸= 0

(25)

With the budget constraint:
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ct = (1 + ra)at + ỹt(zt)− at+1 (26)

, where E is a expectation operator, taken with respect to (zt+1, ut+1). The first case in

equation (25) handles credit constrained scenarios, where an empty budget set leads to

involuntarily default.

For households with good credit history choosing to default, the Bellman equation is:

Vdef,t(at, zt, ut, ht = 0) = Ut + βEtVt+1(0, zt+1, ut+1, ht+1 = 1) (27)

Subject to:

ct = max{ỹt(zt)(1− η)− ξ, c̄} (28)

Key differences in the default scenario include wiping out existing credit card debt (at),

paying a default cost (ξ), setting savings to zero (at+1 = 0), and introducing a consump-

tion floor (c̄).

For households with bad credit history (ht = 1), the value function is:

Vt(at, zt, ut, ht = 1) =


Vdef,t(at, zt, ut, ht = 1) if Bh=1

t = 0

maxat+1∈Bh=1
t

{
Ut + βEtVt+1(at+1, zt+1, ut+1, ht+1 = h̃)

}
if Bh=1

t ̸= 0

(29)

subject to the constraint seen in equation (26):

ct = (1 + ra)at + ỹt(zt)− at+1

The Bellman equation for a household with bad credit history is the same as the Bellman

equation for for a household with good credit history, conditional on defaulting, and is is

defined as:

Vdef,t(at, zt, ut, ht = 1) = Ut + βEtVt+1(0, zt+1, ut+1, ht+1 = 1) (30)

E is the expectation operator, taken now with respect to (zt+1, ut+1, h̃). Notice that

households with bad credit history can only default involuntarily when their budget set

is empty. Bad credit history is stochasically wiped out with probability πh
0 and remains

with probability πh
1 .
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B.3 Parameters set outside the model

Table 10 shows the parameters that we calibrate externally. The estimates for the income

process come from Kovacs and Moran (2021), who estimate the income process parame-

ters using data from the Panel Study of Income Dynamics between 1999 and 2015.

Parameter Symbol Value Source

Income Persistence ρ 0.97 PSID 1999-2015
Std Dev Income Shocks σε 0.180 PSID 1999-2015
Initial Income σ0 0.410 PSID 1999-2015
Income Constant d0 8.2007 PSID 1999-2015
Income Age Effect d1 0.1378 PSID 1999-2015
Income Age2 Effect d2 -0.0019 PSID 1999-2015
Income Age3 Effect d3 0.000007 PSID 1999-2015
Unemployment probability πu 0.053 PSID 1999-2015
Re-employment probability πre 0.397 PSID 1999-2015
Unemployment benefit b $11,270 Hsu et al. (2018)
Liquid asset return r 0.02 Annual risk free interest rate
Credit card rate rC 0.14135 Fulford (2024)
Credit recovery probability π0

h 0.10 Nakajima (2017)
Cost of a bankruptcy filing ξ $1,117 Nakajima (2017)
Income garnishment ratio η 0.335 Nakajima (2017)
Share with zero initial assets azero0 0.433 PSID 1999-2015
Cond. mean initial assets µa0 7.117 PSID 1999-2015
Cond. std dev initial assets σa0 1.972 PSID 1999-2015

Table 10: Parameters set outside the model

Table 11 shows the empirical estimates of the linear probability model, which we then

feed into equation (13) of the quantitative model. The coefficients are estimated from a

yearly version of equation (1) with an indicator for a limit increase during the calendar

year regressed on deciles of average utilization, the log of the credit limit at the start of

the year, and bins for income at the start of the year. The regression is estimated without

the fixed effects used in Table A.3.1, although our results are little changed when we use

alternative controls.

B.4 Sensitivity of the standard share to targeted moments

Figure 35 presents the sensitivity of our estimated parameter ϕstandard to changes in our

targeted moments using the sensitivity matrix derived by Andrews et al. (2017). Following

their approach, the sensitivity matrix captures how the estimated parameter value varies

due to small changes in the targeted moments. The four targeted moments in our esti-

mation are: the share of households with revolving credit card debt (revolver share), the

average utilization rate of credit cards (util rate), the default probability (default prob),
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Coefficient Estimate

Lowest Utilization Decile 0.036
Utilization Decile 2 0.110
Utilization Decile 3 0.141
Utilization Decile 4 0.151
Utilization Decile 5 0.153
Utilization Decile 6 0.148
Utilization Decile 7 0.138
Utilization Decile 8 0.124
Utilization Decile 9 0.103
Top Utilization Decile 0.049
Log Limit -0.006
Income: > $150,000 0.002
Income: $75,000 - $150,00 0.006
Income: $40,000 - $75,000 0.011
Constant 0.06

Table 11: Coefficients for the firm’s policy function

and the average debt to income ratio (mean debt y). We normalize the sensitivity mea-

sure so that each point represents the level change in parameter ϕstandard to a 1 percent

increase in the respective targeted moment.

Figure 35: Sensitivity of the standard share to changes in targeted moments

The results show that all targeted moments play a role in pinning down the share of

standard consumers, with the same sign and slightly varying magnitudes. Specifically,

increases in any of the four targeted moments lead to decreases in the estimated share of

standard households, which aligns with our theoretical expectations. For instance, when

the share of households with revolving credit card debt increases by 1 percent (from 0.45

to 0.4545), the estimated share of standard households falls by approximately 0.001 (from

0.6 to 0.599). This negative relationship reflects the intuitive result that higher levels of
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revolving credit card usage in the data require a larger share of tempted households in

the model to match these patterns.

B.5 Additional model figures

Figure 36: Consumption Equivalent Variation (%)

Figure 37: Behavior by type with firm re-optimization, no CLI to revolving borrower
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Figure 38: Behavior by type with firm re-optimization, no CLI without borrower’s consent
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