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Abstract

We study the breakdown of information sharing in US consumer credit markets; show-
ing that sharing is sensitive to innovations enabling targeting profitable customers.
Between 2013 and 2022, the sharing of credit card actual payments information with
credit reporting agencies decreased by 53 percentage points, without any decrease for
other credit products. Credit card lenders are responding to an innovation that uses
this information to reveal heterogeneous credit card behaviors: spending that drives
interchange revenue, and revolving debt that drives interest revenue. By not shar-
ing this information, lenders limit their competitors” ability to target high spenders.

Mandating information sharing increases competition.
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1 Introduction

Information is central to the functioning of financial markets. Historically, voluntary in-
formation sharing among firms has developed through the establishment of intermedi-
aries such as trade associations and exchanges. In consumer credit markets, consumer
credit reporting agencies (e.g., Equifax, Experian, and TransUnion) act as intermediaries
to facilitate information sharing between lenders. Despite the central role of these inter-
mediaries in markets with information asymmetry, little is empirically known about the
limits of such information sharing arrangements.

This paper documents and explains the reasons for the breakdown of voluntary in-
formation sharing in US consumer credit markets. We study the sharing of information
about how much credit card account holders actually paid (“actual payments”). Figure

shows that between 2013 and 2022, we find that the fraction of credit card accounts
that shared actual payments information with credit reporting agencies decreased by 53
percentage points. None of the six largest credit card lenders share actual payments in-
formation, and none plan to voluntarily do so (Consumer Financial Protection Bureau,
2023). Also, between 2013 and 2022, sharing actual payments information increased for
auto loans, mortgages, and unsecured loans. We call this breakdown of co-operative in-
formation sharing between credit card lenders an “unraveling” in the spirit of classical
information economics (e.g., Akerlof, 1970; Rothschild and Stiglitz, 1976; Roth and Xing,
1994).

The timing of this information sharing breakdown follows an innovation created by
credit reporting agencies. Before 2013, lenders observing two credit cardholders with
the same statement balance could not distinguish one cardholder who pays the mini-

mum due and whose statement balance is mostly “revolving debt” generating interest

'We call this paper “unraveling” both due to being inspired by the information economics literature, with
a breakdown in the co-operative market for firms voluntarily sharing information, and because this paper
unravels the economic reasons for this breakdown in information sharing occurring. The information eco-
nomics literature uses the term “unraveling” to characterize several different economic ideas associated
with asymmetric information. Akerlof (1970) shows how private information can mean that a market with
exogenous contracts unravels such that only the lowest quality of good is traded in equilibrium. Roth-
schild and Stiglitz (1976) show private information can mean companies have incentives to modify their
contracts to cream skim lower-risk consumers from their competitors, and no pure strategy equilibrium
exists. Although unraveling is the term used to describe both Akerlof (1970) and Rothschild and Stiglitz
(1976), they are mutually exclusive events (Hendren, 2014). Private information can remove all gains from
trade under endogenous contracts, and the residual dispersion can explain which markets unravel (Hen-
dren, 2013). The term “unraveling” is used in matching markets (e.g., Roth and Xing, 1994; Li and Rosen,
1998). In matching markets, there can be large efficiency gains from centralized clearing connecting many
buyers and sellers, however, coordination failures can mean market participants move early in an unco-
ordinated fashion resulting in matches based on incomplete information. Doing so reduces the volume in
the centralized process or, in the extreme, means that no centralized process occurs.



revenue, from another cardholder who pays their full statement balance and has a high
flow of new spending generating interchange revenue. This changed in 2013 when credit
reporting agencies launched a new product: “Trended Data”. A key component of this
product uses histories of credit card statement balances and actual payments information
to create measures of revolving debt and spending. This product reduces the amount
of asymmetric information and enables lenders to distinguish heterogeneous credit card
behaviors.

Why would credit card lenders respond to this innovation by stopping sharing actual
payments information? In this paper, we provide evidence that this is because the inno-
vation is a competitive threat to incumbent credit card lenders. Credit cards, and other
consumer credit markets, are selection markets (e.g., Einav et al., 2021) where profitability
is determined by consumers’ uncertain behaviors after origination. It is therefore impor-
tant for lenders to accurately predict consumers’ profitability. Lenders need to know a
credit cardholder’s behavior to decide which marketing offer they are likely to accept,
which credit card product (if any) is profit maximizing to offer, and which contract terms
to offer (e.g., interest rate, credit limit). Lenders can use the innovation’s measures of re-
volving debt and spending to locate profitable consumers and send targeted marketing
of pre-selected credit card offers to attempt to acquire them. However, if lenders do not
share the actual payments information that the innovation relies on, it potentially limits
the ability of competitors to target and acquire such profitable consumers. We show three
pieces of evidence that are consistent with this explanation.

We first show the value of observing actual payments information for predicting con-
sumer credit profits and its components. We estimate lifetime credit card profits and
find that actual payments information increases the ability to predict, measured by R?,
account-level profits over a ten-year horizon. This is driven by the increased ability to
predict interchange revenue (the transaction fees credit card lenders receive from mer-
chants when a consumer spends on their card) net of rewards by 31%, and to predict
financing charges (the sum of interest and fees) net of charge-offs by 4%. This informa-
tion increases the ability to predict overall profits. Hence, observing actual payments
information increases the accurate targeting of profitable cardholders, especially high-
spending ones, by credit card lenders. In contrast, in auto loans and unsecured loans, we
show that observing actual payments information does little to predict profits. This result
makes sense given that these other products do not have a direct revenue stream tied to
actual payments, which explains why these lenders are willing to continue sharing such
information.

The second piece of evidence is that the selection of credit card lenders by their actual



payments information sharing decisions is consistent with the innovation being a particu-
lar competitive threat to incumbent lenders. Lenders that stop sharing information have
higher profitability portfolios with 36% higher financing charges net of charge-offs and
higher spending, generating interchange revenue, with 31% higher mean and 41% higher
standard deviation compared to lenders who keep sharing information. The higher stan-
dard deviation shows that these lenders had a potentially larger incentive to hide these
behaviors to make it more difficult for competitors to successfully target their profitable
customers. Lenders that do not share information before the innovation also appear to
have higher spending portfolios than the rest of the market. The credit card lenders that
stop sharing information have portfolios with lower credit risk and better characteristics
on non-credit risk dimensions (e.g., longer tenure, higher balance) after controlling for
credit risk. The credit card lenders who continue to share information have portfolios
with the lowest types on multiple dimensions (the “lemons” in Akerlof, 1970).

The third piece of evidence is showing that the innovation is a competitive threat as
its introduction immediately increases switching. We use a difference-in-differences de-
sign with varying treatment intensity where our source of variation is the fraction of a
consumer’s credit card balances held with lenders that share actual payments informa-
tion before the innovation. More information would be revealed for consumers with a
higher fraction. We find that more exposed consumers open relatively more new credit
cards after the innovation. We interpret such switching prompts incumbent lenders to
stop voluntarily sharing information.

If lenders do not voluntarily share information, how would mandating information
sharing affect markets? The sharing of actual payments information is not mandatory,
and therefore in the last part of our paper we instead learn from studying the effects of
a prior historical event: the Federal Trade Commission mandating sharing of credit card
limit information. We use a difference-in-differences design with varying treatment inten-
sity by how much information a cardholder’s credit card limit reveals. Cardholders who
this information reveals to be lower-risk take out new credit cards from other “outside”
lenders (Petersen and Rajan, 1995) to which cardholders” information is revealed. We in-
terpret these results as showing mandating information sharing can increase switching in
line with increasing competition. The US Consumer Financial Protection Bureau (2023) is
investigating the lack of actual payments information sharing and our research findings
support a policy to mandate information sharing.

We make two contributions. Our first contribution is empirically documenting the
fragility of information sharing, which is sensitive to innovations enabling the target-

ing of profitable customers. We show how, in a large and highly developed market, an



innovation enabling targeting of pro table customers pushes incumbent rms beyond
their limit to voluntarily share information. Theoretical literature shows, under informa-

tion asymmetry, that it can be bene cial for rms to voluntarily share information with

their competitors through intermediaries (e.g., Ramakrishnan and Thakor, 1984), but it
is ambiguous whether they do (e.g., Pagano and Jappelli, 1993; Raith, 1996; Bouckaert
and Degryse, 2006), and it is also ambiguous whether innovations lead to more or less
information sharing (e.g., Hauswald and Marquez, 2003). With increased data generated
over time, it becomes increasingly important and challenging for policymakers to con-
sider which information should be shared and used for lending decisions (e.g., Fuster
et al., 2022; Blattner et al., 2023; Gibbs et al., 2024; Jansen et al., 2024). Our paper's contri-
bution to empirically document the limits of voluntary information sharing also connects
with an emerging literature studying the sharing of consumer nance data through open
banking (e.g., He et al., 2023; Babina et al., 2024; Nam, 2024) by showing how incum-
bent lenders respond to innovations. While our paper studies consumer credit markets, it
more generally contributes to the literature on information economics and the economics
of data (e.g., Bergemann and Bonatti, 2019; Jones and Tonetti, 2020) with the idea that
incumbent rms can preserve their market position by stopping sharing information, as
doing so undermines technological innovations that pose a competitive threat.

Our second contribution is revealing two new insights for understanding the credit
card market: the importance of spending and card tenure. Default risk is a well-documented
source of information asymmetry in lending markets (e.g., Jaffee and Russell, 1976; Adams
etal., 2009). We show credit card lenders face a second source of uncertainty: how much a
cardholder will spend and so generate in interchange revenue. We document a new fact:
credit card tenure varies across and within the credit risk distribution. This fact indicates
a need to evaluate credit card pro tability over a card's lifetime rather than on a xed-
period basis. A card lifetime perspective helps to understand why credit card lenders
lend to and heavily concentrate their marketing towards high-credit-score consumers
(e.g., Consumer Financial Protection Bureau, 2021) despite these generating little-to-no
revenue from nancing charges. But it makes sense given that acquiring new consumers
incurs an up-front xed cost, so consumers with longer tenures can be pro table on in-
terchange alone over their card's lifetime. These insights advance research on the supply
of credit cards (e.g., Ausubel, 1991; Agarwal et al., 2015, 2018; Han et al., 2018; Nelson,
2025), credit card rewards (e.g., Agarwal et al., 2023), and payment systems (e.g., Evans
and Schmalensee, 2004; Mukharlyamov and Sarin, 2024; Wang, 2024).

The paper proceeds as follows. Section 2 explains the institutional background on
credit reporting and our data. Section 3 describes the breakdown of information shar-



ing. We understand this breakdown by studying and predicting pro tability in consumer
credit markets in Section 4 and then examining the selection of credit card lenders by
their information sharing decisions in Section 5. Section 6 shows the effects of mandating
sharing of information on credit card limits. Finally, Section 7 concludes.

2 Institutional Background and Data

2.1 Institutional Background on Consumer Credit Reporting

Consumer credit reporting agencies are intermediaries created as a coordination mecha-
nism for lenders to share information about their borrowers. Credit reporting data record
information on consumers' borrowing histories. Credit information sharing reduces in-
formation asymmetries about credit applicants (e.g., Pagano and Jappelli, 1993; Liberti
et al., 2022), helping to limit credit rationing (e.g., Jaffee and Russell, 1976; Stiglitz and
Weiss, 1981), and expand credit supply (e.g., Djankov et al., 2007). Information sharing
games may have multiple equilibria, and which equilibrium outcome occurs is theoret-
ically ambiguous (e.g., Raith, 1996; Bouckaert and Degryse, 2006). The credit agencies'
technology is to ingest, collate, and store data from many lenders and then produce vari-
ables on consumers that are value-added for lenders (and non-lenders). See Gibbs et al.
(2024) for a review of the economics of credit reporting.

Lenders demand credit information as it helps to reduce adverse selection (e.g., Bouck-
aert and Degryse, 2006) and moral hazard (e.g., Padilla and Pagano, 1997, 2000), with net-
work effects as more information is shared (e.g., Pagano and Jappelli, 1993). US consumer
credit reports — and credit scores derived from them — are used for managing credit risk,
marketing, and screening. Their primary purpose is for credit risk assessments: under-
writing new credit applications, managing existing portfolios, and pricing credit based
on repayment risk. Lenders can attempt to acquire new customers by purchasing con-
sumer lists from credit reporting agencies to use for pre-selected credit card offers. In
these offers, lenders will screen consumers by specifying the targeting criteria for credit
reporting agencies to use to create these lists, and lenders will tailor their product offers
to these consumers (e.g., Stango and Zinman, 2016; Han et al., 2018; Grodzicki, 2023).

In the US, sharing credit information is voluntary, and access to information is non-
reciprocal. There is no law that requires lenders to share information with credit reporting
agencies. There is also no requirement that sharing be reciprocal: lenders who want to
access information shared by other lenders do not need to share their own information.
Although sharing is voluntary, the Fair Credit Reporting Act (FCRA) amended with the



“Furnisher Rule” of the Fair and Accurate Credit Transactions Act (FACTA) regulates how
information should be shared, see Internet Appendix A for the relevant legal exerts. This
requires that information shared with credit reporting agencies is done both “accurately”
and “with integrity”, and provides guidelines for reporting. Information is reported “ac-
curately” if it re ects the terms, liability, and performance of the account. Information

is reported “with integrity” if it includes data such that “absence would likely be ma-
terially misleading in evaluating a consumer's creditworthiness, credit standing, credit
capacity”. The speci c categories of information that lenders should share with credit
reporting agencies, if they decide to share, are not speci ed, except for a requirement
to share credit card limit information. In addition to these laws, the industry body —
the “Consumer Data Industry Association” (CDIA) — governs the terms and format of
sharing information. In practice, to satisfy regulation (and the industry body's terms) if
lenders share information with credit reporting agencies, they must include information
on an account's outstanding balance, delinquency status, closing date, origination terms,
scheduled payment amount, and credit limit.

Economic theory can rationalize why lenders are willing to voluntarily share infor-
mation on a non-reciprocal basis. Lenders have strong economic incentives to share in-
formation to reduce adverse selection (e.g., Pagano and Jappelli, 1993) and moral hazard
(e.g., Padilla and Pagano, 2000). Sharing information can increase the likelihood that a
consumer repays their debt and avoids the lender incurring costly charge-offs from un-
paid debt. In addition, consumers have non-exclusive contracts with different lenders
over time (e.g., Bizer and DeMarzo, 1992; De Giorgi et al., 2023). Such “sequential bank-
ing” means that the lending decision of one lender can affect the repayment of another
lender's loan. This interdependence can mean that lenders are privately incentivized
to reduce how adversely selected their competitors are by sharing information even if
other lenders do not reciprocate. However, lenders will trade off these bene ts against
the risks of increased competition. More speci cally, by sharing their private information
with competitors, lenders can risk giving away a competitive advantage that exists due
to the private information they hold and enabling competitors to target their pro table
customers. This may explain why some credit market segments do not voluntarily share
information. For example, most “buy now, pay later” (BNPL) loans, most payday loans,
and some subprime auto loans do not share information with credit reporting agencies.

Another theoretical explanation for sharing information can be found in Bouckaert
and Degryse (2006). Their paper provides a framework for the conditions under which
lenders voluntarily and non-reciprocally share all, partial, or no information with their
competitors. An incumbent's decision whether to share information depends upon the



extent of adverse selection and market power from consumer switching costs, with lenders
sometimes willing to non-reciprocally share information to limit the scope of competition
from potential entrants. Separate to this theory, another possible explanation is that vol-
untary information sharing is the strategic response within a repeated game of lenders
with regulators. Regulatory guidance “encourages voluntary furnishing of information”
by lenders (Internet Appendix A). Once a lender grows large enough, regulatory pres-
sure to voluntarily share information can accumulate — as most recently seen with the
Consumer Financial Protection Bureau (CFPB) pressuring BNPL lenders to do so.” A -
nal potential reason is that the industry body helps to create a social norm of sharing data
and a rm deviating from this harms its reputation in the market. In this paper, we take
the initial voluntary information sharing as given and try to understand the breakdown
of information sharing.

2.2 Data

Consumer Credit Reporting Data

We use data from the University of Chicago Booth TransUnion Consumer Credit Panel,
“BTCCP” (TransUnion, 2023). The BTCCP is anonymized consumer credit reporting data
from a US consumer credit reporting agency: TransUnion. The BTCCP is a 10% ran-
dom sample of consumers with US consumer credit reports, with new entrants added
each month to keep the panel representative of the population of credit reports. We use
monthly data from 2009 to 2022. Each month of data is a historical archive recreating how
a credit report appeared. See Gibbs et al. (2024) for more details on such consumer credit
reporting data, including practical guidance for researchers using such data.

The BTCCP contains information at the consumer level (e.g., credit scores) and at the
tradeline level, i.e., monthly observations for each of the consumer's credit accounts (such
as auto loans, credit cards, mortgages, unsecured loans). Importantly for our paper, the
BTCCP tradeline data includes the actual payments variable for each credit account. Each
row of tradeline data contains variables for account opening details (e.g., origination date,
origination amount, scheduled term) and subsequent performance (e.g., delinquency sta-
tus, outstanding balance, credit limit, scheduled payment due amount).

Individual consumers and individual lenders are not identi ed in the BTCCP. The
BTCCP has anonymized consumer and tradeline identi ers. It also contains anonymized
identi ers for the rm reporting tradeline-level information. This enables us to observe
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what information each rm (“furnisher”) shares over time. One lender's data may be
reported by multiple furnishers, which may correspond to different regional branches,
different portfolios, or be due to internal operational reasons. For credit cards and most
credit markets, furnishers are typically the lenders themselves. In the mortgage market,
the furnisher of data may be the rm that services the loan as opposed to the rm that
originated the loan. Furnishers enter and exit these data over time.

We drop consumers with missing birth dates and who do not appear in tradeline data.
We drop tradeline months not updated in the last twelve months. In addition, when we
study portfolios as of December 2012, we drop inactive accounts: we drop those that are
closed, are 180+ days past due, and, for credit cards, have no balance on the account in
the last twelve months. For account-level analysis, we de-duplicate accounts attached
to multiple consumers (i.e., joint accounts, accounts with authorized users) by assigning
them to the card's primary cardholder. We deal with outliers by top coding variables
at their 99.99 percentiles, and, for variables that can have negative values, also at their
0.01 percentiles. We study three consumer credit markets, credit cards, auto loans, and
unsecured loans, that have $3.4 trillion in outstanding balances in December 2022.
Classifying Credit Card Lenders

The BTCCP includes anonymized furnisher identi ers in the data. This is the relevant
unit of analysis, since the data furnisher is the rm that makes the decision on what in-
formation to share. To predict credit card pro tability and to understand the selection of
lenders in their sharing decisions, we keep the credit card furnishers where we observe
at least 10,000 active credit cards (i.e., their portfolio is representative of at least 100,000
cards) in December 2012 and in December 2015. This leaves us with 84 credit card fur-
nishers whose joint market share is 92%. The six largest furnishers jointly account for
66% of the market. For our 84 furnishers, we follow outcomes on these accounts over
time, including if the furnisher identi er changes.

We examine these 84 credit card furnishers' sharing of actual payments information
and classify them into four groups: the Always, the Stoppersthe Nevers and the Others
The Always group is 18% of accounts and contains the furnishers that share actual pay-
ments information for more than 75% of their credit cards in both December 2012 and
December 2015. TheStoppergroup is 47% of accounts and are the furnishers that share
actual payments information for more than 75% of their credit cards in December 2012
and for less than 10% in December 2015. TheNeversgroup is 32% of accounts and con-
sists of the furnishers that share actual payments information for less than 10% of their
credit cards in both December 2012 and December 2015. Finally, theOthersgroup contains
the remaining furnishers, just 3% of accounts, and we exclude these. Internet Appendix



Figure shows that the precise threshold values chosen would not substantially affect
our classi cation. We use a dataset of 33.3 million open credit card accounts in December
2012, which is representative of the population of 333 million credit card accounts. For
these credit card accounts, the mean average credit score is 728, card tenure is 106 months,
credit limit is $9,614, statement balance is $2,336, and utilization rate is 35%. For these ac-
counts, we examine monthly data from January 2009 to December 2022 (inclusive).
Other Data

We refer to public data released by the US Consumer Financial Protection Bureau
(2023) summarizing its ndings from interviews with credit card lenders about their shar-
ing of actual payments information. We also use aggregated summary data on the credit
card industry from R.K.Hammer to show the pro tability of this market and the costs of
acquisitions, see Internet Appendix

3 The Breakdown of Information Sharing

3.1 Describing The Breakdown

In consumer credit reports, the “actual payments” variable records information on the
total amount of actual payments made on an account in the last month, and if a consumer
makes multiple payments in a month, then this is the sum of these. Actual payments
information is notrequired to be shared under FCRA or other laws. If a lender voluntarily
shares this information, then other lenders can non-reciprocally access this information
and measures derived from it.

For credit cards, but not other consumer credit products, actualpayments frequently
substantially differ from scheduleghayments. Figure 2 shows the CDF of actual payments
in excess of scheduled payments, by credit product. Actual payments on credit card ac-
counts are highly dispersed: 26% are at or within one percentage point of the sched-
uled payment amount (the minimum payment due), a third are paying the full state-
ment amount (or more), and the rest are spread in-between, and this nding is consistent
with previous research (Keys and Wang, 2019). In contrast, for other consumer credit
products, the majority of actual payments are at or within one percentage point of the
scheduled payment amount: 91% of mortgages, 89% of auto loans, and 85% of unsecured
loans. These results provide early evidence that actual payments information is poten-
tially much more informative in distinguishing heterogeneous credit card behaviors than
it is for auto or unsecured loans.

Figure 1 Panel A shows the fraction of accounts in consumer credit reports where
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actual payments information is observed. We de ne actual payments information as ob-
served if it is non-zero and non-missing. This coverage measure is calculated for each
consumer credit product: auto loans, credit cards, mortgages, and unsecured loans. The
numerator and denominator of this measure are restricted to accounts with positive state-
ment balances and where the date of the last payment is in the last month.

We nd a 53.3 percentage point (59.8%) decline in credit card accounts sharing actual
payments information from a peak of 89.1% in November 2013 to 35.8% in December
2022. Between 2010 and 2012, the coverage of actual payments information in credit re-
ports is stable, with the majority of credit cards, auto loans, mortgages, and unsecured
loans accounts sharing this information. There is a short-lived increase in credit cards
sharing actual payments information during 2013 due to one furnisher starting to share
this information. This furnisher later reverses its decision and stops sharing this infor-
mation. The decline in coverage occurs sharply between 2013 and 2015, resulting in 75
million fewerUS consumers having such information on their credit reports, and persists
after 2015. Credit card lenders are still reporting their credit card accounts to credit re-
porting agencies, and other information on these accounts (e.g., credit limits, scheduled
payment amounts) in our data, consistent with the Consumer Financial Protection Bureau
(2020) concluding that “the coverage of other data variables in a consumer's consumer
report, such as balance amount and credit limit, are consistently furnished across loan
types”. Internet Appendix Table C1 provides an illustrative example of how a credit card
account appears in credit reports before and after lender stops reporting this information.
Our results are robust to not conditioning on the date of the last payment, weighting
accounts by balances or credit limits, and including retail or private label credit cards,
shown in Internet Appendix C. Our results are not speci ¢ to TransUnion credit reports.
Consumer Financial Protection Bureau (2020) displays a consistent pattern in their con-
sumer credit reporting data, showing a decline in actual payments information reporting
on credit cards from a peak of 88% in Q3 2013 to 40% from 2015 onwards, while Lee and
Maxted (2023) report that only 30% of their Experian data has non-missing credit card
actual payments information.

165 million credit card borrowers are missing actual payments information on at least
one of their open credit cards with a positive balance in December 2022, and only 24% of
credit cardholders have actual payments information on all their open credit cards with
positive balances. Credit cards are of central importance for consumers' credit reports:
46% of open accounts with positive balances on credit reports are credit cards and 83%
of consumers with a positive balance on any credit product in their credit report have at
least one active credit card with a positive balance in December 2022.
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Consumer Financial Protection Bureau (2023) names the six large credit card lenders
who do not share actual payments information as American Express, JP Morgan Chase,
Citibank, Bank of America, Capital One, and Discover. Since 2005, these six lenders have
had a market share of over two thirds of credit card balances with a market share of
69% in 2021. Two of these large credit card lenders have not shared actual payments
information since 2012 or earlier. One of these large credit card lenders used to share
information but stopped doing so in 2014. Following this, one of these large credit card
lenders stopped sharing information in 2014 and the remaining two of these large credit
card lenders also stopped in 2015. The remaining set of credit card lenders sharing ac-
tual payments information as of 2022 contains none of these six large credit card lenders.
None of these lenders intends to voluntarily start sharing information and there are no
material barriers that prevent them from doing so (Consumer Financial Protection Bu-
reau, 2023). Other smaller lenders beyond these six large lenders may have also stopped
sharing information during this time, but this was not reported by the CFPB.

There is no decline in sharing actual payments information for installment loans: auto
loans, mortgages, and unsecured loans. Figure 1 Panel A shows that coverage trends up
over time for all types of installment loans and is effectively 100% by December 2022.
Actual payments information is shared for 98.4% of auto loans in 2022 (79.4% in 2013),
99.6% of mortgages (84.1% in 2013), and 97.9% of unsecured personal loans (74.4% in
2013).

3.2 Innovation

“Trended Data is the most important tool developed by the credit reporting agencies since the
advent of the credit scdre Director of Credit Card Risk at a Large Regional Bank, 2014.

What changed to prompt large credit card lenders to stop sharing actual payments
information? We explain that this followed the launch of a technological data innovation.
From 2013, TransUnion launched a new product: “Trended Data”, with similar Trended
Data products also launched by the other credit reporting agencies, Equifax and Experian,
between 2013 and 2015. This innovative new product offers a new bundle of variables
extracting more insights from information — most notably actual payments — that lenders
already shared with credit reporting agencies. Trended Data combines information from
the latest available point in time with information in historical archives. Before Trended

3
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Data, consumer credit reports created variables using data from the latest available point
in time. For example, they may show a consumer's total outstanding credit balances
as of last month. By linking data across multiple archives, Trended Data enables the
creation of variables to examine trends. For example, a consumer's total outstanding
credit balances in each of the last 24 months can reveal whether a consumer's balances
have been increasing or decreasing.

In the context of our study, the relevant part of Trended Data is how it uses histories
of credit card statement balances and actual payments to create new measures that reveal
heterogeneous credit card behaviors. Trended Data products include measures of credit
card spending and credit card revolving debt. Before Trended Data, these measures were
not observed. These Trended Data measures are available to purchase for highly targeted
marketing; screening consumers based on their revolving and spending behaviors, of a
given credit risk and statement balance. Use of Trended Data for marketing and other
purposes (e.g., credit risk) is on a non-reciprocal basis. Lenders can purchase Trended
Data without sharing the input data they require — most notably credit card actual pay-
ments.

Why are lenders still willing to keep sharing such information on installment loans,
but not for credit cards after this innovation? Trended Data is a more disruptive innova-
tion for competition for credit cards than for installment loans because it enables targeted
marketing based on credit card behaviors. This information increases the ability to target
a competitor's pro table credit cardholders. For example, Experian states that its spend-
ing measure helps clients to “calculate prot by providing an estimate of consumer spend”
including to “prioritize marketing investments and target higher spending consumeast to
“optimize enhanced value propositions to the right spending segmentimilarly, Equifax
describes how “a national bank wanted to build more market share and also proactively target
consumers who are more likely to be high-spenders in the next 12 months. They needed a solu-
tion to more accurately predict propensity to spend while creating pro table returns on marketing
investments”

For installment loans, Trended Data's value is in improving credit risk assessments.
In the mortgage market, Fannie Mae found *“including Trended Data materially improved
modeling of loan performanceind from 2016 requires its use for underwriting. * This nd-
ing is consistent with statements by Equifax, Experian, TransUnion, and also with both
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FICO and VantageScore who both incorporate Trended Data into the latest versions of
their credit scoring models (VantageScore 4.0 available from 2017, and FICO 10T avail-
able from 2020), and both of these scores are approved for use by the Federal Housing
Finance Agency in 2022, This indicates that a lack of sharing of credit card actual pay-
ments information may have a negative externality worsening credit risk evaluations,
and therefore misallocating or mispricing capital in auto loan, mortgage, and unsecured
loan markets. The lack of credit card actual payments information for 165 million credit
cardholders also means that if these cardholders repay their credit card debt in full, this
behavior is unobserved in their credit report. This means that such positive behavior does
not necessarily improve their credit score, despite these cardholders expected to be lower
credit risk since they are not revolving credit card debt, and may potentially even be a
disincentive for highly informed consumers from doing so.

Why was Trended Data launched in 2013? From 2010, the CARD Act limited credit
card nancing charges: fees (e.g., Agarwal et al., 2015) and interest (e.g., Nelson, 2025).
Pressures on these credit card revenue streams increased the relative importance of inter-
change revenue.” Substantial charge-offs incurred due to the 2008 nancial crisis meant
lenders increasingly shifted their focus away from short-term risky pro ts, and so, as a
lower risk source of revenue, interchange revenue became increasingly attractive. The
2010 Durbin Amendment also restricted interchange fees on debit cards but not on credit
cards (e.g., Mukharlyamov and Sarin, 2024).

Technically, lenders could construct spending and revolving debt measures before
Trended Data by purchasing historical account-level credit reporting data archives that
contain balances and actual payments. However, discussions with industry participants
have con rmed that lenders did not do so in practice. This is for a combination of three
reasons. First, in 2012, and earlier, there were technological constraints with storing and
processing the volume of data. Even Equifax reports on its 2013 earnings call: “It took us
time just to build the infrastructure to house the data” Similarly, Barclays Research said,
“Intuitively Trended Data sounds like a no-brainer (with value seen across the credit chain of
acquisitions, origination and account management) but the limitations of the technology have his-
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torically prevented its widespread us&econd, before Trended Data, constructing measures
from account-level data would require purchasing at least twelve historical archives. This
can be prohibitively costly — especially for marketing purposes of prospective customers —
as such data is charged on a per-archive basis. Third, industry participants told us that the
use of historical archives could potentially expose them to costly legal FCRA compliance
issues. The credit reporting agencies' Trended Data products are FCRA compliant.
Trended Data was also later launched in Canada (e.g., TransUnion in 2015) and the
UK (e.g., TransUnion in 2019). In Canada and the UK, unlike in the US, it did not prompt
a breakdown of sharing actual payments information for credit cards (or other loans).
This is explained by different institutional arrangements. The UK's industry agreements
require reciprocity in sharing information, and data cannot be used for marketing. The
UK caps interchange revenue meaning high-spending consumers generate less revenue
than they do in the US where there is no cap. This means that by UK lenders sharing
information on credit card actual payments they were not, unlike the US, at greater risk
of their pro table cardholders being targeted by competitors. Like the US and unlike
the UK, Canada's credit reporting arrangements do not have reciprocity in data sharing.
However, unlike the US, Canada does not allow individual marketing of credit cards,
but only allows aggregated data on geographic areas to be used for targeting. Without
the channel of targeted offers, there may be less of the potential longer-term competitive
gains from Trended Data in Canada and the UK than there would be in the US.

3.3 Effect of Innovation on Information Sharing
3.3.1 Difference-in-Differences Methodology

We now extend our earlier descriptive evidence to apply a difference-in-differences method-
ology to estimate the causal effect of Trended Data on credit card actual payments infor-
mation sharing. Consumer Financial Protection Bureau (2023)'s interviews with lenders
provide further corroborating evidence for taking such an approach: “One company men-
tioned that, as an impetus to start suppressing data in 2013, some nationwide consumer reporting
companies were starting to market new data solutions to lenders that leveraged the actual payment
variable without requiring data buyers to furnish it”
We estimate the effects of Trended Data using the OLS regression speci ed in Equa-
tion 1, with one observation per furnisher's credit product portfolio (  p), per year-month
(t), and including xed effects for each furnisher's credit portfolio () and each year-
month ( ;). We weight observations by the number of accounts in each furnisher’s credit
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product portfolio. Our parameters of interest, , show the interaction between calen-
dar year-month indicators ( D ) and an indicator for a furnisher's credit card portfolio
(CREDy). These are months after the 2013 launch of Trended Data, with the omitted
time period being December 2012. We cluster standard errors by furnisher. We restrict the
sample to furnishers with credit portfolios in both 2010 and 2022. We conduct regressions
changing the sample to include either auto loans or unsecured loans as the control group
(where CRED , = 0), restricting to furnishers' portfolios observed throughout this period
to produce a balanced panel of monthly data from 2010 to 2022. Auto loans and unse-
cured loans are used as control groups based on the rationale that these credit markets
are less disrupted by Trended Data than credit cards.
X
Ypit = D CRED, + ,+ (+"p (1)
6 Dec 2012

3.3.2 Empirical Results

Our difference-in-differences results in Figure 1 Panel B and Table 1 show a 50.9 (s.e.
15.0) percentage point decline in December 2015, relative to December 2012, in the frac-
tion of accounts sharing actual payments information on credit cards compared to auto
loans, and a 54.8 (s.e. 15.0) percentage point decline compared to unsecured loans. While
sharing of credit card actual payments information changes little between 2015 and 2022,
sharing of actual payments information for auto loans and unsecured loans grows over
time and therefore, by December 2022, our difference-in-differences estimates show 65.1
(s.e. 16.1) and 68.5 (s.e. 16.0) percentage point declines relative to auto loans and unse-
cured loans, respectively. Our results are signi cant at the one percent signi cance level,
but we note that the standard errors after 2013 are wide, 15 to 16 percentage points, due
to clustering at the furnisher level, where a small number of large credit card furnishers
drive the overall results. Our results are robust to not conditioning on the date of the
last payment and weighting accounts by balances, see Internet Appendix Figure and
Table C2. We interpret our estimates as showing the reduction in information sharing

is an unintended response of credit card lenders to consumer credit reporting agencies'
innovation designed to reduce information asymmetry and increase information sharing.

4 Consumer Credit Pro tability

We understand the breakdown of information sharing by showing, in Section 4.1, how ac-
tual payments information reveals heterogeneous credit card behaviors. Such behaviors
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are informative to lenders if they predict pro tability, as evaluated in Section

4.1 Measuring Credit Card Behaviors

Two credit cards with identical product features can yield substantially different realized
pro ts. This is because credit card pro ts have multiple, uncertain sources of revenues
and costs which are determined by cardholder behaviors after origination. Because card-
holder behaviors are heterogeneous, the ability to observe and predict cardholder behav-
iors is crucial to determining whether they are pro table to lend to and, if so, which credit
card type to market to a consumer (e.g., a low interest rate card or a high rewards card).

Observing actual payments information, p;;, enables the measurement of two credit
card behaviors: “revolving debt”, d;;, and “spending”, s;;. A credit card's statement bal-
ance, b, is the amount on a credit card at the time the statement is issued. This includes
new spending, revolving debt, and nancing charges. Credit card revolving debt is a
stock measure de ned in Equation 2 as the credit card statement balance, b, i, less ac-
tual payments, p;;, made against that statement (i.e., it is the amount revolved from one
statement to the next statement), and where negative values are coded as zeros. This dif-
ferentiates accounts into (1) “revolvers” where some debt is revolved from one statement
to the next (di; > 0) who generate interest revenue, and (2) “transactors” who do not
(dit =0). The term b i rather than k. is used in this equation because credit cards have
a grace period where payments are due by a speci ed date at least 21 days after the date
a statement is issued, and therefore the actual payments observed in this month's credit
archive correspond to the statement balance in the previous month's archive. This is why
multiple credit archives need to be observed, as enabled by Trended Data, to accurately
measure revolving debt. Revolving debt is important for lenders because interest revenue
is generated proportionally from revolving debt. For a given interest rate, higher inter-
est revenue is generated from higher revolving balances and from revolving balances for
longer durations.

8
o < be 1 P ifby px O )
-0 otherwise
Credit card spending, S;t, is the ow value of new transactions from one statement
to the next statement, de ned in Equation 3, which is a measure of consumption previ-
ously used in Ganong and Noel (2020). Multiple credit archives need to be observed, as
enabled by Trended Data, to accurately measure spending. This measure is inclusive of

nancing charges and negative values are coded as zeros. Even if we measure revolving
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debt perfectly, this is insuf cient for measuring spending because some consumers can
and do pay more than the statement balance (e.g., paying before their statement is issued,
or paying their outstanding balance); this occurs for approximately 8% accounts in our
data. For example, consider a consumer with $0 statement balance at both timet = 1
and t = 0, their revolving debt is zero ( d; = 0), however, their spending could be zero or
a positive number. Spending behavior is important for lenders as credit card interchange
revenue is a function of spending. If a consumer’s historical revolving and spending be-
haviors are observed and are persistent over time, lenders may be better able to predict
interest and spending revenues, and ultimately pro tability.

8
< b;t l:];t 1t Pit if l:];t lq;t 1t Pit 0
Sit . (3)
-0 otherwise
We evaluate how much error is added to the measurement of credit card behaviors
when actual payments are not observed. If we observe both statement balances and ac-
tual payments, then we can construct these measures and so mechanically there is no
unexplained variation (i.e., R? = 1). We evaluate R? relative to this benchmark by es-
timating OLS regressions shown in Equation 4 where outcomes Y;; are revolving debt
and spending and where predictive inputs are the current statement balance ( h.), pre-
vious statement balance (b 1), the difference between these conditional on being non-
negative (~h.), and indicators for non-zero current and previous statement balances. We
run this regression for all credit scores and then separately for each credit score segment:
subprime (the lowest credit score group containing the highest credit risks), near prime,
prime, prime plus, and superprime (the highest credit score group containing the lowest
credit risks). We use data in December 2013 as the period of highest coverage of actual
payments information and dropped data from the furnishers not sharing payments infor-
mation. There is one observation per credit card account (i).

Yi;t = + 1b;t + 2b;t 1+ 3~h;t + 4lfb;t > 09+ 51fh;t 1> 09+ I'i;t (4)

Figure 3 summarizes our results for measuring revolving debt, the black bars, and
spending, the orange bars, without actual payments information. Across all credit scores,
revolving debt is measured with an R? of 0.94; this shows that not observing actual
payments increases measurement error relative to a benchmark of R? = 1. The R? is
decreasing in credit score and is substantially lower for the superprime group where
R2 = 0:60, showing that it is more challenging to determine heterogeneous consumer
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behaviors within this group. ~~ Our results show that the actual payments variable is even
more important for measuring spending. Across all credit scores, spending is measured
with signi cant noise when actual payments information is unobserved, with an ~ R? of
0.51, relative to a benchmark of R? = 1 when observed.'* Adding other variables—credit
score, zipcode income, scheduled payment, and trends in statement balances—does not
change our ndings, as shown in Internet Appendix Figure D1. This noise in measur-
ing credit card behaviors driving pro tability limits the value of Trended Data products

to realize their innovative potential for reducing information asymmetry and increasing
competition. Such noise is also problematic for academic researchers who want to mea-
sure revolving credit card debt or credit card spending as a consumption measure.

4.2 Predicting Consumer Credit Pro tability

Lenders' expectations of pro tability determine which new accounts to attempt to ac-
quire. For acquired accounts, after their contract terms (e.g., interest rate, credit limit, loan
size and duration) are determined the lender remains uncertain about how a consumer
will use the account and the pro ts the account will ultimately generate. If the consumer
behaviors driving pro tability are more persistent over time, then lenders may be better
able to predict pro tability. If so, historical data such as actual payments information
can potentially be informative for predicting pro ts. In Section , we explain how we
construct measures of realized lifetime pro ts at the account-level for credit cards, auto
loans, and unsecured loans, with more details provided in the Internet Appendix D. Sec-
tion provides our methodology to evaluate the marginal value of actual payments
information for predicting account-level pro ts, and its components. Section shows
the results of this predictive exercise.

4.2.1 Measuring Pro tability

Credit Cards

Measuring realized pro ts for credit cards requires calculating nancing charges, in-
terchange net of rewards, and charge-offs. We introduce a new methodology to estimate
credit card nancing charges in credit reporting data despite these data not containing a

12R2 are 0.99 (subprime), 0.98 (near prime), 0.96 (prime), 0.89 (prime plus). R? results are similar out-of-
sample: 0.94 (all) 0.99 for (subprime), 0.98 (near prime), 0.96 (prime), 0.89 (prime plus), and 0.61 (super-
prime).

13R? are 0.54 (subprime), 0.58 (near prime), 0.56 (prime), 0.53 (prime plus), 0.50 (superprime) R? are similar
out-of-sample: 0.50 (all), 0.42 (subprime), 0.50 (near prime), 0.58 (prime), 0.54 (prime plus), and 0.50
(superprime).
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variable for this or key product terms (e.g., interest rates). We do so using an insight from
the formula in Equation 5 that credit card lenders use to calculate minimum payments.
Its rst component is a oor dollar amount $ . The second component is the sum of (i)
a percentage % of B;: the statement balance before nancing chargesB: h ry fy)
and (i) nancing charges ( r; + fy).

MtCRED = max $, %Bt +ry+ ft (5)

Because minimum payments are calculated deterministically with Equation 5 formula,
observing statement balances and scheduled minimum payments (both inclusive of -
nancing charges) suf ces to estimate the parameters$ and % for each lender. If a card-
holder has zero nancing charges, this formula simpliesto MREP =max $; %h
and as we observe both MFREP and b we can nd the lowest combination of $ and

% that matches the data. If we nd the correct parameters, this would not be expected
to match all data points, as many observations will have nancing charges ( ry + f > 0)
and therefore have higher values of MREP for a given h. Having inferred $ and 9%,
we can then estimate the minimum payment beforenancing charges for each month of
data. Estimated nancing charges are then the difference between the observed mini-
mum payment, which includes nancing charges, and our predicted minimum payment
before nancing charges. We deduct charge-offs from this estimate to calculate estimated
nancing charges net of charge-offs.

Our methodology for estimating nancing charges appears reasonable in several ways.
The most common combination of parameterswe ndis $ =3%$25and % = 1% and the
most common % is 1% which is in line with the CFPB's public database of credit card
agreements.” Using this methodology, we estimate the mean nancing charges of $211
in 2012 which is close to prior research using regulatory datasets. Agarwal et al. (2015)
nds mean annualized nancing charges of $223 (April 2008 to December 2011) while
Agarwal et al. (2023) nds mean nancing charges of $17.02 in March 2019, which is $204
annualized, and our estimates would not be expected to exactly match given those stud-
ies examine different time periods and use different datasets, which may have different
variable de nitions and samples. Figure 4 Panel A shows that we nd a hump shape
in nancing charges by credit score as found in prior research (e.g., Nelson, 2025) and
also nd nancing charges being higher for accounts revolving debt than for those trans-
acting debt: these ndings are despite our methodology not using this information. If
actual payments are observed, researchers can potentially add additional assumptions to
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this methodology to separate nancing charges into fees and interest, and also estimate
effective interest rates. More details on this methodology are provided in the Internet
Appendix

As interchange net of rewards is proportional to spending, we calculate this by mea-
suring spending (exclusive of estimated nancing charges) and then applying a 0.5% fac-
tor. This 0.5% factor is based on the market average interchange revenue being approx-
imately 2%, and rewards and related expenses are approximately 1.5% (Agarwal et al.,
2015, 2018, 2023; Wang, 2024).

Credit cards are opened-ended products, which means it is uncertain at the time of
origination how long a consumer will use a card for, with longer tenure expected to in-
crease pro ts given up-front costs of acquisition. Using industry data from R.K.Hammer,
acquisition costs, including marketing and underwriting costs, are approximately $140
per acquired account, and range from $50 to $390 in 2012, re ecting the heterogeneity in
credit card pro tability. Lenders also have other organizational-level costs, such as costs
of funds and operations. R.K.Hammer and Agarwal et al. (2018) estimate the costs of
funds of under 2%, and the organization costs of 7% to 8% in 2012. See Internet Appendix

for summary R.K.Hammer data on the pro tability of the credit card market, and the
costs of acquisition over time.

Installment Loans

Measuring realized pro ts for auto loans and unsecured loans is fairly straightforward
as we observe a loan's origination terms and charge-offs. At origination, installment loans
typically have a xed loan amount ( A'"NST ), number of scheduled payments (N'NST ), and
scheduled monthly payment ( M 'NST)). These three loan terms are suf cient to calculate
the scheduled nancing charges: M'NST — NINST — AINST = This means that, in con-
trast to credit cards, interest revenue (r) is known at the time of origination. Installment
loan pro tability is subject to two main sources of uncertainty after origination. First, as
with credit cards, charge-offs. Auto loans and unsecured loans also have a second source
of uncertainty, prepayment. If a consumer decides to pay down their loan earlier than
scheduled (“prepayment”), the lender may receive less interest revenue than originally
scheduled. Prepayment is a substantial risk faced by lenders in the auto loan market (e.g.,
Grunewald et al., 2020; Katcher et al., 2024). We account for loan prepayment by subtract-
ing a proportion of scheduled nancing charges in cases where the loan is repaid before
its scheduled end date. The other relevant aspect to highlight is that installment loans do
not generate an interchange revenue stream, and therefore there is not a direct revenue
stream attached to actual payments that lenders can monetize, in contrast to credit cards.
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4.2.2 Methodology for Predicting Pro tability

Using data up to December 2012, we predict account-level outcomes (Y;.2012+j) for prof-
itability and its component parts over different time horizons ( j) up to ten years. This
exercise replicates the problem of a lender evaluating which accounts (i) to attempt to
acquire and how much pro t they can expect to generate from their own accounts. For
installment loans, the ten-year time horizon usually exceeds the loans' scheduled life-
time, which is typically eight years or less. The ten-year horizon covers the lifetime of
most credit cards: Only 15% of active credit cards in December 2012 remain active (open,
not severely delinquent, and without persistent zero balances) by December 2022, shown
in Internet Appendix Figure

We show credit card results for lenders who Always share actual payments informa-
tion, as these are the lenders that we observe outcomes data for their card's lifetime. We
show that our results are robust to including the Stoppers who stop sharing actual pay-
ments information, for whom we need to impute spending (classi cations described in
Section 2.2), with more details on this in Internet Appendix D. We cannot evaluate the
value of actual payments information for the lenders that never share this information,
the Nevers, and can only compare the baseline predicting of nancing charges net of
charge-offs in this to other samples, shown in Internet Appendix Figure

Our baseline model in Equation & uses the vector X ?,,,, of predictors observed in De-
cember 2012. The vectorX 2,,,, does not include actual payments information. The vector
X 2501 includes indicators for 100 credit score quantiles, and credit score interacted with
other account-level information: up to three years of balances, delinquency, utilization
rates, estimated nancing charges, card tenure, and credit limits. For installment loans,
we interact credit score with: origination amount, scheduled loan duration, and sched-
uled payment amount. We examined different speci cations of predictors and, for each
market, use the speci cation that best predicts out-of-sample.

"1 2012+] (6)

The comparison model in Equation 7 takes the baseline model and adds information
on up to three years of actual payments information ( Z?,,,) to the set of predictors. These
predictors include interactions and combinations with other variables such as credit score
and balances. In the case of credit cards, these additional predictors include measures of
spending and revolving debt, both derived from actual payments information.

O
Yii2012+j = Xig012 +

f— 0 0 mn
Yizo12+j = Xipo12 * Zioo1z T i;2012+] (7)
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We predict pro tability using OLS regressions trained on half the data and test its
performance on the remaining half. We evaluate the value-add of actual payments in-
formation for predicting pro tability using the out-of-sample ~ R? for the baseline and the
comparison model.

4.2.3 Results Predicting Pro tability

Table 2 shows the out-of-sample R? from models without and with actual payments in-
formation to predict lifetime (ten-year) pro ts on credit cards, auto loans, and unsecured
personal loans. We nd that actual payments information increases the ability to predict
lifetime pro ts for credit cards R? from 0.1919 to 0.2003: a 4.4% increase. Internet Ap-
pendix Figure shows that results hold for predicting pro tability ranging from one-
to ten-year horizons. In contrast, actual payments information does not substantially im-
prove the ability to predict lifetime pro ts for either auto loans or unsecured personal
loans. These results help to explain why installment loans are willing to keep sharing
actual payments information after Trended Data is launched because doing so does not
pose a competitive threat enabling competitors to target their pro table customers. Ac-
tual payments information may have been expected to increase pro ts by improving the
prediction of prepayment on installment loans; however, we nd little evidence of this.
This is because prepayments are often made through one large bullet payment (Katcher
et al., 2024), which means that there is little-to-no information before the loan is prepaid
early. While credit cards have a revenue stream directly dependent on spending — inter-
change — that actual payments information can be used to target, installment loans do not
have an analogous revenue stream, and so Trended Data is less of a competitive threat.
Credit card lenders have different business models and risk tolerances and may not
all want to lend to the same consumers. This means that lenders are interested not only
in predicting overall pro tability, but also its component parts. Public annual reports
show that the majority of the revenue generated by many large credit card lenders, such
as Capital One, comes from nancing charges (the sum of interest revenue and consumer
fee revenue) as opposed to interchange revenue. At the other extreme, the majority of
American Express's revenue comes from interchange revenue. American Express and
Discover are both credit card lenders and payment network providers, and so retain more
interchange revenue than other credit card lenders who use MasterCard or VISA payment
networks, which comes at the cost of splitting the interchange revenue. Capital One's
proposed merger with Discover is expected to enable them to earn higher interchange
revenue. Predicting a consumer's pro tability can help lenders not only work out which
consumers to attempt to acquire but also which of the large array of available credit card
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products to market to them. Marketing the wrong card to a pro table consumer may
yield a low conversion rate or make them less or even unpro table. Marketing costs are
a large expense for credit card lenders irrespective of their diverse business models, for
example, public annual reports show that marketing spending for American Express and
Capital One was $5.5 billion and $4.0 billion respectively in 2021.

How does actual payments information increase the ability to predict the components
of credit card pro tability? Figure 5 summarizes the out-of-sample R? results for predict-
ing lifetime pro ts, and its components. Table 3 shows the out-of-sample R? for outcomes
over one- and ten-year horizons. We also evaluate performance in Table 4 by comparing
the realized portfolio values of the top ranked 100,000 accounts when ranking accounts
by the out-of-sample predictions made with and without using actual payments informa-
tion. This portfolio approach shows that actual payments increases the net present value
of lifetime pro ts by 2.7%. Figure 5 and Tables 3 and 4 are all calculated for the Always
sample, and these results are robust to using the Always + Stopperssample, with results
shown in the Internet Appendix Figure D5 and Tables D1 and D2.

Actual payments information substantially improves the prediction of interchange net
of rewards. Table 3 shows that actual payments information increases the R? for predict-
ing interchange net of rewards over a one-year horizon by 53% from 0.401 to 0.614, and
over a ten-year horizon by 31% from 0.129 to 0.169. Table 4 shows that observing actual
payments information increases the portfolio value of interchange net of rewards over a
one-year horizon by 24%, a $42 mean increase, and over a ten-year horizon by 13%, a
$63 increase. Internet Appendix Table 4 shows that the results are robust to using the
Always + Stopperssample. Actual payments information increases R? by 49% from 0.415
to 0.619 on a one-year horizon, where spending is observed for both the Always and the
Stoppersgroups, and by 33% from 0.181 to 0.241 on a ten-year horizon, where spend-
ing post-2013 is imputed for the Stoppers Internet Appendix Figure shows that this
pattern is robust to measuring this outcome over alternative time horizons. We interpret
these results as showing how observing actual payments information improves the ability
of lenders to target high-spending accounts generating high interchange net of rewards.

Actual payments information also improves the prediction of nancing charges net
of charge-offs. Table 3 shows that actual payments information increases the R? for pre-
dicting nancing charges net of charge-offs over a one-year horizon by 0.2% from 0.217
to 0.222, and by over a ten-year horizon by 4.2% from 0.192 to 0.200. Table 4 shows that
observing actual payments information increases the portfolio value of nancing charges
net of charge-offs over a one-year horizon by 1%, a $14 mean increase, and over a ten-year
horizon by 3%, a $140 increase. These results are similar using theAlways+ Stopperssam-
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ple, shown in Internet Appendix Tables and D2, and measuring over alternative time

horizons, as shown in Internet Appendix Figure D5. The predictive increases are smaller
for nancing charges net of charge-offs than for interchange net of rewards; however, as
the former is a larger component of pro ts, even these small percentage uplifts are quan-
titatively important in levels.

Our results are likely to underestimate the importance of interchange revenue for four
reasons. First, we assume a at 0.5% margin of interchange net of rewards, however,
rewards cards—most common for higher credit score consumers where high-spenders
are—have higher margins (Agarwal et al., 2023). Second, interchange net of rewards may
increase further if lenders are able to convert an account from a standard card to a rewards
card, as doing so causes higher spending and so generates more interchange revenue
(e.g., Agarwal et al., 2024, 2023; Han, 2024) and also more revenue via annual fees. Third,
improved predictability would also be expected to reduce acquisition costs by enabling
lenders to send pre-selected credit card offers that more closely align to consumer behav-
iors and so may Yyield improved solicitation response rates. Pre-selected credit offers are
highly targeted (e.g., Han et al., 2018). Better prediction reduces the degree of adverse
selection a lender faces and enables improved screening through pre-selected credit of-
fers. For example, a lender may send a consumer a high rewards card that also has a high
annual fee to screen for high-spending consumers and deter applications from high-risk
consumers who cannot afford the up-front annual payment. Fourth, our results do not
include lenders that do not share actual payments information. In the next section, we
show that such lenders appear to have higher spending accounts and so would generate
more interchange revenue.

5 Selection in Credit Card Lenders Sharing Information

In this section, we explore the selection of credit card lenders by their sharing decisions to
understand lenders' motivations for no longer sharing information. Section examines
default risk, and Section studies non-default behaviors. Section provides causal
evidence for how the innovation affected account openings. Then Section discusses
how to interpret the breakdown of information sharing given our results.

5.1 Default Risk

The decision of credit card lenders to share actual payments information is non-random.
The Neversgroup who never share this information, compared to the Always group who
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always share this information, or the Stoppersggroup who stop sharing this information,
have portfolios with higher mean credit scores and credit limits, lower mean utilization
rates, higher mean and higher standard deviation card tenure and statement balances, see
Internet Appendix Table E1 for more details.

Can default risk explain differential information sharing decisions across credit card
lenders? Adverse selection due to default risk is well-documented in the prior literature
in the credit card market (e.g., Ausubel, 1991; Agarwal et al., 2010). In our data, lenders
that never share information, the Nevers have more creditworthy cardholders, with a
mean credit score of 744, than the Always or the Stoppersgroups, who both have mean
credit scores near 720, see Internet Appendix Table E1 for details. This shows that ex-ante
credit risk does not explain why lenders share or stop sharing actual payments informa-
tion. What about differences in ex-post defaults? We examine this by conditioning cards
on their default risk in December 2012 and examine whether these cards are more likely
to become delinquent (90+ days past due or 180+ days past due) at any point from Jan-
uary 2013 to December 2022. Default rates convexly decline in credit score. Default rates
conditional on credit score are generally similar across lenders with different information
sharing decisions, as shown in Internet Appendix Figure £2. Given these results, default
risk does not appear to be the primary reason for the differential information sharing de-
cisions across credit card lenders.

5.2 Non-Default Behaviors

We next show how non-default credit card behaviors, after accounting for default risk,
explain differential information sharing decisions across credit card lenders. We present
results in two ways. First, Table 5 shows the residualized means and standard deviations
in cardholder behaviors. We residualize using OLS regressions of outcomes on values
of credit scores, and add back in the population means to ease interpretation (Y; 9+
Y). Second, Figure 6, as well as additional Figures in Internet Appendix £, shows the
means and the standard deviations in non-default behaviors for 50 quantiles of credit
score where the quantile thresholds are de ned globally and xed across classi cations
of lenders (Always, Stoppers Neverg. We use this approach to present results because
the distribution of credit scores is uneven with a low density mass for a large number of
low-credit-score values but a high density for particular high-credit-score values. 60% of
cards are prime plus or superprime and 38% of cards are superprime, the full CDFs are
in Internet Appendix Figure E1. The means of non-default behaviors are important as
they show how important different behaviors that drive different revenue streams are to
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different lenders' business models. The standard deviations of non-default behaviors are
informative because they show how much different lenders potentially gain from hiding
variation in such behaviors to make it more dif cult for competitors to successfully target
their pro table customers.

5.2.1 Revolving Behaviors

Table 5 shows that the portfolios of lenders who stop sharing information, the Stoppers
group, have 11% higher mean and 12% higher standard deviation residual revolving debt
than those who keep sharing information, the Always group. Figure 6 Panel A shows the
difference in means is only in the middle of the credit score distribution, while Panel B
shows this gap in standard deviations is present across the whole distribution. Figure
Panel B shows how these differences in revolving behavior translate into the Stopperdav-
ing more pro table portfolios than the Always group. Financing charges net of charge-
offs, across 2013 to 2022, foBStopperdave a 27% ($155) higher mean and a 4% ($99) higher
standard deviation relative to the Always, whose mean is $573 and standard deviation is
$2,519. Internet Appendix Figure 6 shows that this result is robust to measuring card -
nancing charges net of charges from 2012 to 2022, and Internet Appendix Figure E6 shows
that it is also robust to focusing on 2012 revolvers.

We do not observe revolving debt for the Nevers, and instead use the statement bal-
ance as an observed proxy for revolving debt. We nd monotonicity, Nevers> Stoppers>
Always, in means and standard deviations; however, this relationship only holds for be-
low median credit scores, shown in Internet Appendix Figure £3. The other way we infer
the Neverss revolving debt is comparing our Always+Stoppergroup estimates to public
revolving debt estimates produced by the Federal Reserve Bank of Philadelphia using FR
Y-14K data.” FR Y-14K data for Q4 2012 estimates revolving debt is 77% of balances and
71% of accounts revolve debt. Aggregating the Always and the Stoppersn our data, we
estimate that revolving debt is 73% of balances and 63% of accounts revolve debt. This
indicates the Neversgroup revolves a slightly higher share of balances, and have more
accounts revolving debt than the Stoppersor the Always, however, we caveat that the FR
Y-14K data only covers lenders with over $100bn in assets with material credit card port-
folios covering three quarters of the population of outstanding balances so it is not an
exact like-for-like comparison.
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5.2.2 Spending Behaviors

Figure 6 Panel D shows a substantial dispersion in spending conditional on credit score.
This shows how spending is a second source of uncertainty that lenders experience be-
yond default risk. Differences in spending behaviors residual of default risk between
lenders appear to most clearly explain differential information sharing decisions: with
adverse selection of lenders into sharing information. Higher mean spending is impor-
tant to lenders' business models as it generates higher interchange revenue. In addition,
high-spending cardholders may also be more willing to pay high annual fees associated
with rewards cards, as for low spending customers the potential rewards bene ts of such
cards may not outweigh their annual fee cost.

Table 5 shows the Stoppers spending, residual of default risk, is 31% ($1,643) higher
mean and 41% ($4,275) higher standard deviation than the Always, who have a mean of
$5,246 and a standard deviation of $10,345. Higher standard deviation in spending is
important as that shows that even if a competitor knows the mean value of spending
conditional on credit score, there is wide uncertainty in whether they will be targeting
a low-spender or a high-spender, who are very different in their pro tability. Figure

Panel D shows that the differences in standard deviations of spending between the
Stoppersand the Always occur across the credit score distribution, and Figure 6 Panel C
shows that the differences for mean spending occur for prime, prime plus, and super-
prime segments, which often contain transactors. Some of this variation may arise given
that consumers often hold multiple credit cards, and cards are competing to be “top of
wallet” — the main card a consumer uses. Discussions with industry participants indicate
that a cardholder needs to spend at least $10,000 to $20,000 per year for several years to
overcome their acquisition and other costs to become pro table on interchange revenue
alone, and airline credit cards, where pro ts are split between the airline and the credit
card provider (whereas with a lender's own-brand products there is no split), need to
have longer-duration contracts for it to be a worthwhile venture for the lender. Internet
Appendix Figure E6 shows that our results are robust to focusing on the spending of 2012
transactors.

How does the spending of the Nevers compare? The Nevershave more cards held
by high-credit-score consumers that would be, on average, expected to generate higher
spending. We examine a proxy for spending — change in statement balances conditional
on being positive ( ~h.) — that we observe across theAlways, Stoppersand Nevers Equa-
tion 8 shows how this proxy measure is spending plus a non-random errorterm ., which
is biased downwards as actual payments increase (o1 can only be greater than or equal
to zero), and the error is only zero if both payments ( p;i;) and nancing charges (ri; + fi)
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are zero or, by chance, net out at zero. Table 5 presents this measure (residual of default
risk) and shows that the Nevershave a higher mean and a higher standard deviation than
the Stopperswho in turn have a higher mean and a higher standard deviation than the
Always, see Internet Appendix Figures E4 and E5 for results by credit score. We also com-
pare our estimates to public, population estimates of total market credit card spending
being $2.55 trillion in 2012 from the Federal Reserve Payment Study (conducted trienni-
ally). ° If we calculate spending aggregating the Alwaysand the Stoppersand multiply by
their market share, it would imply total spending of $2.43 trillion and so indicates that
the Neverss mean spending is higher than the rest of the market average.

8

S lJ;t b;t 1 Si;t Fi;t + Q:

g it -
-0 otherwise

+ fi;} if l:];t lq;t 1 0

~hy (8)

5.2.3 Card Tenure

The longer a credit card is held, the more private information a lender may hold, which
they could use to extract information rents from the cardholder (e.g., Nelson, 2025). Hold-
ing a card for longer may indicate that a consumer's switching costs have increased —
potentially due to preferring that card to alternatives.

We document a new fact that card tenure varies across and within the credit score dis-
tribution, as displayed in Figure 6 Panels E (mean card tenure) and F (standard deviation
card tenure). There is a clear pattern of adverse selection in information sharing deci-
sions by card tenure. Table 5 shows the Neverss card tenure, residual of default risk, has
the highest means and standard deviations (mean 136 months, standard deviation 106
months) compared to the Stopperdmean 98 months, standard deviation 76 months) and
the Always (mean 71 months, standard deviation 74 months). Figure 6 Panel E shows that
this pattern exists in the means across the distribution of credit scores, and in the differ-
ences in standard deviation between the Neversand the Always+Stoppergiroups. Internet
Appendix Figure 6 shows that this result is robust to measuring card tenure by 2022.

Substantial differences in card tenure have important broader implications for how to
measure credit card pro tability. Traditionally, credit card pro ts have often been mea-
sured in empirical economic research on a per-period basis using data on realized pro ts
covering a few years (e.g., Agarwal et al., 2015) or a single point-in-time (e.g., Agarwal
et al., 2023). Given that we nd different segments of the credit score distribution, cards
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within these segments, and different credit card lender portfolios have substantial varia-
tion in card tenures, the lifetime pro tability of credit cards may differ from the pro tabil-

ity over a short, xed horizon. For example, consider that credit card A is held for ve
years and generates $100 per year in pro ts, whereas credit card B is held for ten years
and generates $80 per year in pro ts. Over a ve year (or less) horizon, card A appears
more pro table: generating $100 more than card B. However, over these cards' lifetimes,
card B is more pro table: generating $300 more than card A.

This lifetime perspective can also help explain an otherwise puzzling fact that credit
card lenders lend to and heavily concentrate marketing toward high-credit-score con-
sumers despite these consumers frequently being transactors generating little-to-no rev-
enue from nancing charges, as shown in Figure 4 Panel B. 60% of credit card accounts
are held by high-credit-score consumers (Internet Appendix Figure =1), the overwhelm-
ing majority of marketing offers are sent to very high (“prime plus” or “superprime”)
credit score consumers (Consumer Financial Protection Bureau, 2021), and such offers are
primarily for rewards cards (Consumer Financial Protection Bureau, 2015). High-credit-
score transactors' longer tenure can mean their accounts can have a positive net present
value on interchange — especially if they can nd high-spenders and get these to take
out rewards cards with higher pro tability margins (e.g., Agarwal et al., 2024, 2023; Han,
2024) — and also avoids future acquisition costs. This explanation is in line with industry
statements. For example, Capital One's US Head of External Affairs states “Even those
customers who pay in full every month are pro table and desirable customers for Cap-
ital One and other issuers across the industry.” It also explains why credit card lenders
lobby against legislation such as the Credit Card Competition Act that would be expected
to restrict credit card interchange revenue. - Similar aggressive competition for low-risk
consumers is also observed in other markets with adverse selection, such as healthcare
where a small number of rms pro tably operate with high mark-ups (Kong et al., 2023).

The portfolios of the credit card lenders remaining in the market for sharing actual
payments information are the lowest residual types, the “lemons” in Akerlof, 1970, on
multiple dimensions: they have lower residual tenure, spending, statement balances, re-
volving debt, and nancing charges net of charge-offs. Thus, the market for sharing in-
formation is adversely selected. Our results are consistent with the Neversand Stoppers
groups holding information rents over other lenders. As incumbent lenders, they are
especially exposed to actual payments information in Trended Data being used for mar-
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keting targeted to their large number of low-risk, long-tenure, high-spending cardholders
that generate interchange revenue. By not sharing information, large incumbent lenders,
that potentially hold market power from informational rents, may be expected to be mak-
ing it more dif cult for competitors to successfully target their pro table customers by
raising their competitor's costs of acquiring new consumers. Our empirical ndings that
the lowest residual types are the ones sharing information are consistent with a different
domain: investors sharing information. Goldstein et al. (2025)'s theory explains that less
informed investors non-reciprocally share information with more informed investors, as
this reduces the latter's price impact as it can trade less aggressively on its own informa-
tion, whereas the more informed investors do not share information as this would reduce
their private informational advantage and pro ts.

5.3 Effect of Trended Data on New Account Openings

The analysis in the previous section suggests that Trended Data was expected to be a com-
petitive threat to pro table incumbent lenders by enabling their competitors to targeted
marketing to acquire pro table consumers. In this section, we provide quantitative evi-
dence that is consistent with this hypothesis, and the qualitative evidence from industry
materials discussed in Section . Section explains our research design, based on
heterogeneous consumer exposure to Trended Data, and Section shows our results.

5.3.1 Research Design

We identify the causal effect of Trended Data on new credit card openings by creating a
measure of heterogeneous consumer exposure to this innovation that we de ne in Equa-
tion 9. A consumer, i, holds credit cards, c 2 f 1; ::;; Cg, with a furnisher, F., and each card
has a statement balanceb... Our exposure measure, EXP T;, shows the proportion of a
consumer's 2012 credit card statement balances held with lenders who share actual pay-
ments information. The higher the share of balances held with furnishers where actual
payments information is shared in 2012, the more information is revealed to the market
on a consumer's behavioral type (e.g., spending and revolving behaviors) by Trended
Data's introduction.

P CAfFc 2DSharersg b.c
c b;c

We use this exposure measure to estimate the difference-in-differences with varying

treatment intensity equation shown in Equation 10. We estimate an OLS regression with

EXPT; 9
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consumer xed effects ( ) and year-quarter xed effects ( ;) and cluster standard errors
at the consumer-level. Our parameters of interest are  which are the coef cients on
the interaction between our exposure measure (EXP T;) and year-quarter indicators (D )
after quarters, where our omitted group ( = 1) is Q4 2012, before Trended Data's
launch. Our outcome of interest (Y;) is whether the individual has any new credit card
openings — an indicator of the competition for consumers whose information was about
to be revealed. We use quarterly data from Q1 2011 to Q4 2016, and restrict to a balanced
panel of 0.51 million consumers with 0 < EXPT ; < 1 who hold two cards with positive
balances in 2012. Figure 7 Panel A shows that the CDF of the exposure measure is smooth
with mean 49.5% and median 49.2%.

X

Yit = D EXPT; + i+ (+"j (20)
6 1

5.3.2 Empirical Results

Figure 7 Panel B shows that consumers who are more exposed to Trended Data are more
likely to open new credit card accounts for up to two years after introduction, with Table

showing a subset of these coef cients after 0, 5, 10, and 15 quarters. In 2013 Q4, we esti-
mate that going from 0% to 100% exposure causes a 0.42 percentage point (95% C.I. 0.22 to
0.61) increase in credit card openings. This increase is statistically and economically sig-
ni cant, it represents a 13% increase relative to the Q4 2012 mean of 3.22% of consumers
opening any new credit cards in a quarter. We interpret this average increase as indicat-
ing the potential of innovations, such as Trended Data, to reduce adverse selection and to
increase credit access. After two years, as the breakdown in information sharing occurs,
the effect dissipates to be insigni cant from zero. Internet Appendix Figure £9 shows the
robustness of this result to studying consumers with three cards.

5.4 Discussion

Given our results, we now discuss whether the breakdown of information sharing is best
understood as a coordination failure — a natural explanation for the phenomenon we doc-
ument. If this were the result of a prisoner's dilemma, the only Nash equilibrium would
be for all lenders not to share information, even if all lenders would be better off by co-
ordinating to share information. In games with multiple equilibria, there may be a coor-
dination failure leading lenders to a pareto-dominated equilibrium, even though lenders
would be better off coordinating to reach an alternative equilibrium.
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The breakdown in information sharing does not appear to simply be a coordination
failure. An industry body — the Consumer Data Industry Association (CDIA) — exists to
facilitate and coordinate information sharing, but was unable to prevent the breakdown,
or undo it in the ten years since, even as it successfully coordinates the sharing of many
other types of information. Further evidence comes from the fact that at least two large
credit card lenders have never shared this information, even before Trended Data (Con-
sumer Financial Protection Bureau, 2023). When Consumer Financial Protection Bureau
(2023) asked lenders for their rationale for not sharing information, one of these said “Not
required to do so. Not consistently furnished nor adequately studied”, and another said
“Not required, furnishing is voluntary. Doesn't believe cost of furnishing is worth it”.
The responses of these lenders to the CFPB are consistent with lenders considering that
the costs of sharing information outweigh the bene ts.

Our empirical evidence indicates that lenders have heterogeneous payoffs from shar-
ing information and Trended Data made not sharing information a dominant strategy for
some incumbent lenders. Trended Data changed the payoffs of sharing information: it re-
duces a lender’s private information and increases the risk of its pro table customers be-
ing targeted by existing competitors or new entrants. The only lenders willing to share in-
formation are those with few high-quality accounts at risk of being targeted. Such lenders
may either be indifferent about sharing, or they may share information for other reasons:
incentivizing positive consumer behaviors, technological bene ts, not-pro t motives, or
a lack of sophistication. One lender who previously shared information suggested in its
response to the Consumer Financial Protection Bureau (2023) thatif data access was re-
ciprocal (“give-to-get”) it may share actual payments information. However, discussions
with industry participants reveal that the credit reporting agencies are unwilling to set
these terms as it would limit their ability to sell this product to a broader market, and
would set a precedent that may affect their other products. Even if the agencies did in-
troduce reciprocity, there is no indication that all large lenders would start sharing actual
payments information. Overall, we view the lack of information sharing as a nancial
friction that maintains the status quo levels of both information asymmetry and competi-
tion in the market.
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6 Effects of Mandating Information Sharing: Evidence from
Credit Card Limits

The previous sections of this paper document the breakdown of voluntary information
sharing and examine the reasons and implications of this event. The natural next ques-
tion is: What would happen if lenders were mandated to share information? As actual
payments information has not been mandated, we instead learn from a prior historical
event: the Federal Trade Commission (FTC) mandating lenders to share information on
credit card limits. *° Not sharing credit limit information is generally expected to make
consumers appeamore utilized and higher risk than they are. Such strategic withholding
of information bene ts the incumbent lender, as it makes it harder for consumers to get
competitive credit offers from other lenders. In the 1990s, credit limit information was
rarely shared, but a combination of regulatory pressure and credit reporting agencies
threatening to limit access to any of their data unless lenders shared credit limit infor-
mation resulted in most, but not all, lenders sharing this information by the early 2000s
(Hunt, 2005). From discussions with those in the industry, we understand it would not be
credible for credit reporting agencies to threaten to shut off credit card lenders' access to
credit reporting data unless they share actual payments information. The FTC mandate
results in the remaining lenders also sharing this information.

6.1 Research Design

We produce causal estimates of the effects of mandating sharing of credit card limit in-
formation using a difference-in-differences design with varying treatment intensity. In
November 2011 ( = 0), we observe that a small number of lenders start sharing credit
card limit information on consumers' credit card accounts, shown in Internet Appendix
Figure F1. Credit card limits are important information as 20% to 30% of a consumer's
credit score is determined by their credit utilization: credit card statement balance di-
vided by credit card limit. We exploit an institutional detail of how credit card utilization

is calculated when credit limits are not shared to produce a consumer-level measure of
heterogeneous exposure to lenders' decision to start sharing information. This is a new
source of variation in US credit reports, where prior literature focuses on the removal of
negative information, such as bankruptcy ags, as reviewed in Gibbs et al. (2024). We use
variation in how much new information is revealed to the market. We do so by calculat-
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ing consumer-level (i) heterogeneous exposure EXPL; = & rihi , as the difference between
the revealedredit limits, r; . lic, and the credit limits that could be inferredbased on
the already observable information, h; ¢ hic, where cis each card held by a consumer.
For each of a consumer's credit cards, we calculater;.. as the credit limits shared in Octo-
ber 2011 and, for accounts not sharing this information, we use the November 2011 credit
limit. When a credit card account does not share the credit limit information, utiliza-
tion is calculated using the highest balance historically recorded on the account, which
is then used as an input into credit scores (Hunt, 2005). Therefore, for each credit card,
we calculate h;. as the credit limits shared in October 2011 and, for accounts not sharing
this information, we use the highest balance historically recorded on the account in Oc-
tober 2011. We then aggregate these card-level calculations to produce a consumer-level
exposure measure,EXPL ;. See Internet Appendix F for additional details.

Figure & Panel A shows that the distribution of our exposure measure is smooth with a
mean of 17% and median of 14%. A higher exposure value means that a consumer's credit
limits are higher than historical data shared would indicate. In such cases, revealing a
consumer's credit card limit information is expected to lower their utilization, increase
their credit scores, and increase their credit access. This approach is conceptually similar
to Liberman et al. (2019) and Foley et al. (2022), which estimate predicted probabilities of
default, with and without information in Chilean credit reporting data.

We use this exposure measure to estimate the difference-in-differences with varying
treatment intensity equation speci ed in Equation 11. We estimate an OLS regression on
a balanced panel of 1.09 million consumers with xed effects for consumer ( ;) and year-
quarter ( ;). Our parameters of interestare , which are the coef cients on the interaction
between our exposure measure,EXPL i, and year-quarter indicators, D , after quarters,
where the omitted group is the quarter before information revelation (August 2011 to
October 2011). Standard errors are clustered at the consumer-level.

X
Yir = D EXPL; + i+ ¢+ " (11)
6-1

6.2 Empirical Results

Table 7 shows that moving from 0% to 100% exposure signi cantly increases credit scores

by 22.3 points relative to baseline mean of 776, with a 95% C.I. of 22.4 to 22.9 points, after
one quarter. Figure 8 Panel B shows that this effect is persistent, but declines in mag-

nitude over time, reducing to 13.8 points after seven quarters, with a 95% C.I. of 13.4

to 14.3 points, shown in Internet Appendix Table 1. How does this information reve-
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lation affect credit access and competition? We evaluate this by considering the role of
“inside” and “outside” lenders with different information sets (e.g., Petersen and Rajan,
1995; Sutherland, 2018). The inside lenders are the lenders who start sharing credit limit
information, but already observe their own consumers' credit limits and credit risks. The
outside lenders are those that already share credit limit information and potentially up-
date their priors on consumers given the information newly shared by the inside lenders.

The release of information immediately and persistently increases competition, as
measured by switching from inside to outside lenders. Table 7 shows that moving from
0% to 100% exposure signi cantly decreasethe number of new credit cards opened with
inside lenders by 52% after one quarter, point estimate 0.024 cards and a 95% C.I. of

0.029to 0.019 cards. For the outside lenders, at the same time, we nd a 46%increase
in the number of new credit cards opened, with a point estimate of 0.064 cards and a 95%
C.l. of 0.058 to 0.071 cards. These effects combine to cause a signi cant 22% overaih-
creasean the total (i.e., the sum across inside and outside lenders) number of new cards
opened after one quarter, with an estimate of 0.040 cards and a 95% C.I. of 0.032 to 0.048
cards. Figure 8 Panel C shows some attenuation in these results over time, however, they
remain persistent and signi cant after seven quarters, shown in Internet Appendix Table

. Results are similar when measuring any new credit cards opened in a quarter, shown
in Table 7 and Internet Appendix Table

Table 7 shows that moving from 0% to 100% exposure similarly signi cantly decreases
the value of new credit card limits opened with inside lenders after one quarter by 74%,
with a point estimate of $507 and a 95% C.I. of $605to $408. It increases the value of
new credit card limits with an outside lender after one quarter by 58%, with a point esti-
mate of $778 and a 95% C.I. of $691 to $864. This leads to an overall increase in total value
of new credit card limits, combined across inside and outside lenders, after one quarter
of $268 with a 95% C.I. of $67 to $137. Figure 8 Panel D shows that these effects on the
value of credit limits for newly-opened credit cards for inside and outside lenders persist
over time, however, the effect on total new limits attenuates to become insigni cant from
zero after seven quarters, see Internet Appendix Table =1 for estimates.

We interpret our results as showing that the potential threat of increased competition
explains why particular lenders are reluctant to voluntarily share information, and as
demonstrating that mandating information sharing can increase competition. This is im-
portant since prior work documents how the credit card market has persistently high re-
turns on assets in excess of adjusting for risk (Internet Appendix B, and also see Ausubel,
1991; Agarwal et al., 2015, 2018; Grodzicki, 2023; Herkenhoff and Raveendranathan, 2024;
Nelson, 2025; Herkenhoff and Morelli, 2024). Therefore, increasing competition to reduce
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mark-ups from informational rents may be a desirable policy.

7 Conclusions

We document the fragility of information sharing. We show how, in the economically
important and developed US credit card market, an innovation enabling the targeting of
pro table customers pushes incumbent lenders beyond their limit to voluntarily share
information. This results in 165 million US consumers missing information about their
credit card actual payments on their consumer credit reports. This missing information
leads to mis-measurement of credit card behaviors and limits the ability of lenders to
predict pro tability and compete for pro table customers. Our results are consistent with
the innovation being a particular competitive threat to more pro table incumbent lenders.
We then show how mandating sharing credit card information can increase competition.
Together, this evidence supports a policy to mandate information sharing, similar to one
that the UK consumer nancial protection regulator is considering for the UK market.

In the process of understanding information sharing, we reveal two new insights for
understanding the credit card market: the importance of spending and card tenure. We
show that lenders face a second source of uncertainty separate from default risk: the
amount of credit card spending generating interchange revenue. We document a new
fact. Credit card tenure varies across and within the credit score distribution. This fact in-
dicates a need to evaluate credit card pro tability over a card's lifetime, and these two in-
sights together help to understand how high-credit-score consumers can generate enough
interchange net of rewards over their card's lifetime to be pro table to lend to. Credit card
lenders therefore want to acquire high-spending, long-tenure credit cardholders.
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8 Figures and Tables

Figure 1: Coverage of Actual Payments Information in Consumer Credit Reports

A. Unconditional Means

B. Difference-in-Differences Estimates

Notes: BTCCP data. 2013 is shaded in gray to denote the period when Trended Data was launched. Panel A shows,
for each consumer credit product, the fraction of accounts in consumer credit reports sharing actual payment
amounts. In the numerator of this calculation, accounts with actual payment amounts that are non-zero and

non-missing are given a value of one, and accounts with zero or missing are given a value of zero. Both the
numerator and the denominator of this calculation restricts to open accounts with non-zero balances and which have
been updated in the last year. Panel B shows difference-in-differences estimates of sharing actual payment amounts
for credit cards relative to auto loans (orange) and unsecured loans (green). Estimates are from OLS regression
speci ed in Equation 1 on aggregated data with one observation per furnisher credit product per year-month (with

weights applied to the number of accounts) with xed effects for credit products and year month and December 2012

is the omitted group from the interaction between credit card indicator and year month indicator. Data is a balanced

panel 2010 to 2022. 95% con dence intervals from standard errors clustered at the furnisher level. Panel B estimated
for 6,068 (Credit Cards vs. Auto Loans) and 6,279 (Credit Cards vs. Unsecured Loans) furnisher portfolios.
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Figure 2: CDF of Actual Payments in Excess of Scheduled Payments

Notes: BTCCP data, December 2012. CDF of non-zero and non-missing actual payments by credit product for
non-delinquent accounts with non-zero balances, non-zero and non-missing scheduled payment amounts, balances
greater than scheduled payment amounts, and actual payments greater than or equal to the scheduled payment
amount. X-axis shows excess payment calculated as actual payments less scheduled payment amount as a percentage
of balance less scheduled payment amount. In this calculation where payments are equal to or in excess of the full
balance they are assigned a value of 100%. For credit cards, scheduled payment amount is the minimum amount due
and balance is statement balance. For installment loans, scheduled payment amount is the regular payment due, and
the balance is the amount outstanding. The scheduled payment amount for mortgages can include taxes and other
fees, such as to homeowner associatidns.27:31 million credit card accountd\ = 5:37 million auto loan
accountsN = 5:56 million mortgage accounts, ard = 0:72million unsecured loan accounts.
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Figure 3: Measuring Credit Card Behaviors Without Actual Payments (AP) Information

Notes: BTCCP dataR? from Equation 4 explaining credit card behaviors. Outcomes are Revolving Debt in black

and Spending in orange. Account-level data measured in December 2013. The model performance can be evaluated
relative to a benchmaiR? = 1 (horizontal gray dashed line) if actual payments information is observed. OLS

regressions include current statement balance, previous statement balance, the difference between these conditional
on being positive, and indicators for non-zero current and previous statement balances. Each bar shows results of a

separate regression for all credit scoids 4 :006 million credit card accounts), and each credit score segment:
subprime (the lowest credit score group with scores between 300 anN 690,:.546 million), near prime (scores

between 601 and 6608, = 0:561million), prime (scores between 661 and 705 0:697 million), prime plus
(scores between 721 and 780~ 0:819million), and superprime (the highest credit score group with scores of at

least 781N = 1:384million).
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Figure 4: Estimated Credit Card Financing Charges
A. Financing Charges (2012) By Credit Card Behaviors

B. Financing Charges Net of Charge-Offs (2013 - 2022)
By Lenders' Actual Payments Information Sharing Decisions

Notes: BTCCP data. Figures shows mean estimates conditional on 50 quantiles of credit score (x-axis) for credit
cards in December 2012. Financing charges (the sum of interest and fees) are estimated as described in section
Panel A shows 2012 nancing charges splitting by their 2012 card behaviors: transactors pay their statement
balance in full, and revolvers pay less than their full statement balance. Panel B shows nancing charges
accumulated across 2013 to 2022 net of charge-offs over this same time horizon with results split by classifying credit
card furnishers by their sharing of information on actual payments information as described in paper section and
Table 5 notes. Credit score quantile thresholds are de ned globally and xed across classi cations. Gray dotted lines
show quantiles which divide credit score into standard segments for subprime (lowest scores), near-prime, prime,
prime-plus, and superprime (highest scores) fall in the distribution.
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Figure 5: Marginal Value of Actual Payments (AP) Information for Predicting Lifetime
Pro ts and its Components

Notes: BTCCP data. Figures use data to December 2012 to predict account-level credit card pro tability where
predictive performance is measured by out-of-saRpleResults are shown, in black, without actual payments
information and, in green, with actual payments information. Figure shows predictions of lifetime pro ts and its
components over a ten year horizon. Out-of-sample predictionsNren8 :135million Always credit card
accounts. Data sample as described in paper section and Table 5 notes.
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Figure 6: Credit Card Behaviors Conditional on Credit Score By Lenders' Actual Pay-
ments Information Sharing Decisions

A. Mean Revolving Debt B. Standard Deviation Revolving Debt
C. Mean Spending D. Standard Deviation Spending
E. Mean Card Tenure F. Standard Deviation Card Tenure

Notes: BTCCP data. Figure shows credit card behaviors (y-axis) conditional on 50 quantiles of credit score (x-axis)
for credit cards in December 2012. Panels A, C, and E shows means and Panels B, D, and F show standard
deviations. Results are split by classifying credit card furnishers by their sharing of information on actual payment
amounts as described in paper section and Table 5 notes. Revolving Debt and Spending is unobserved for
Nevers as these do not share actual payments information required to calculate such behaviors. Credit card
revolving debt is 2012 mean value and credit card spending is total 2012 value and both are shown in thousands of
dollars. Card tenure is shown in years to 2012. Credit score quantile thresholds are de ned globally and xed across
classi cations. Gray dotted lines show quantiles which divide credit score into standard segments for subprime
(lowest scores), near-prime, prime, prime-plus, and superprime (highest scores) fall in the distribution.
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Figure 7: Effects of Trended Data on Any New Credit Card Account Opening
A. CDF Exposure to Trended Data

B. Estimates of Effects of Trended Data on Any New Credit Card Opening
(t-1 mean: 3.22%)

Notes: BTCCP data. Panel A shows CDF of exposure. Exposure is (pre-Trended Data) share of 2012 credit card
balances held with furnishers who share actual payments information. Panel B shows difference-in-differences with
varying intensity estimates in percentage points (p.p.) where the outcome is any new credit card account openings in
a quarter. Difference-in-differences estimates are from balanced panel of 0.51 million consumers, with observations
Q1 2011 to Q4 2016, witlh < EXPT ; < 1, and holding two cards both of which have positive balances in 2012.
Estimates from OLS regression speci ed in Equation 10 with consumer and calendar year-quarter xed effects and
interaction term between exposure and calendar year-quarter where Q4 2012 is omitted category and standard errors
are clustered at the consumer level with 95% Con dence intervals displayed.
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Figure 8: Effects of Mandating Credit Card Limit Information Sharing

A. CDF Exposure B. Effects on Credit Score
C. Effects on Number of D. Effects on Value of
New Credit Card Openings New Credit Card Limits ($)
Notes: BTCCP data. Panel A shows CDF of our exposure measure, de BRis ;| = 1-"i | the difference

ri
between a consumers' revealed credit limi} &and their inferred credit limit prior to new credit limit information

being revealed(). Panel B, C, and D show difference-in-differences with varying intensity estimates where the

outcome is (B) credit score, (C) number of new credit card account openings in a quarter, and (D) value of of new
credit card limits opened in a quarter ($). Panels C and D show outcomes by different colors when calculated

separately for inside and outside lenders, total (the sum of outcomes across inside and outside lenders). See Table
for baseline means for each of these outcomes. Data is a balanced panel of 1.09 million consumers. Results are
estimating OLS regression speci ed in Equation 11 with consumer and calendar year-quarter xed effects and

interaction term between exposuleXP L ;) and calendar year-quarter indicatoi® (), where the quarter before
information revelation is the omitted category. Standard errors are clustered at the consumer level with 95%

Con dence intervals displayed.
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Table 1: Difference-in-Differences Estimates of Actual Payments Information Sharing
for Credit Cards Relative to (1) Auto Loans and (2) Unsecured Loans

1) (2)
D pec 2015 CRED p 0:5093 0:5483
(0:1501)  (01504)
DDec 2022 CRED p 0:6507 0:6847
(0:1629) (01602)

Notes: BTCCP data. Table shows difference-in-differences estimates of sharing actual payments information for
credit cards relative to auto loans (column 1) and unsecured loans (column 2). The outcome is the fraction of
accounts in consumer credit reports with a payment reported in the last month where there are are non-zero and
non-missing actual payments. Estimates are from OLS regression speci ed in Equation 1 on aggregated data with
one observation per lender credit product per year-month (with weights applied to the number of accounts) with xed
effects for credit products and year month and December 2012 is the omitted group from the interaction between
credit card indicator and year month indicator. Data is a balanced panel 2010 to 2022. Standard errors are shown in

parenthesis are clustered at the furnisher level. Table shows two estimates — the interaction between credit card
indicator and (a) the December 2015 indicator; (b) the December 2022 indicator. Columns (1) and (2) estimated for
6,068 (Credit Cards vs. Auto Loans) and 6,279 (Credit Cards vs. Unsecured Loans) furnisher portfolios respectively.

Table 2: Marginal Value of Actual Payments Information for Predicting Lifetime Prof-
itability on Credit Cards, Auto Loans, and Unsecured Loans

R? Predicting Lifetime Pro tability

Credit Auto Unsecured
Model Cards Loans Loans
1. Baseline 0.1919 0.1925 0.3508
2. Baseline + Actual Payments  0.2003 0.1928 0.3511
Percentage Change in R? +4.4% +0.2% +0.0%

Notes: BTCCP data. Table uses data to December 2012 to predict lifetime pro tability (to 2022) on credit cards, auto
loans, and unsecured loans where performance is measured by out-ofRanfpledictive performance is shown in
a baseline compared to with adding actual payments information as predidters3 :135million credit card
accountsN = 3:212million auto loan accounts, and = 0:436million unsecured loan accounts for lenders
sharing actual payments information.
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Table 3: Marginal Value of Actual Payments Information for Predicting Credit Card
Pro tability as Measured by R?

Horizon Baseline Baseline + Actual Percentage

Outcome (Years) R?) Payments (R?) Change
Interchange Net 1 0.4006 0.6139 +53.2%
of Rewards 10 0.1291 0.1687 +30.7%
Financing Charges Net 1 0.2174 0.2219 +0.2%
of Charge-Offs 10 0.1917 0.1997 +4.2%
Net Present Value 10 0.1803 0.1881 +4.3%

Notes: BTCCP data. Table uses data to December 2012 to predict components of credit card pro tability. Table shows
out-of-sampldR?. Predictive performance is shown in a baseline compared to with adding actual payments
information as predictors. Predictions frdth = 3:134million Always accounts (tested out-of-sample on

N = 3:135million accounts).

Table 4: Marginal Value of Actual Payments Information for Predicting Credit Card
Pro tability as Measured by Top-Ranked Predicted Portfolio Values

Horizon Baseline Baseline + Actual Percentage

Outcome (Years) %) Payments ($) Change
Interchange Net 1 $171 +$42 +24%

of Rewards 10 $473 +$63 +13%
Financing Charges Net 1 $1,391 +$14 +1%
of Charge-Offs 10 $4,959 +$140 +3%

Prot 10 $5,157 +$143 +2.8%

Net Present Value 10 $4,772 +$131 +2.7%

Notes: BTCCP data. Table uses data to December 2012 to predict components of credit card pro tability. Table shows
out-of-sample portfolio values from sorting predictions of each outcome and choosing top-ranked 100,000 accounts.
Baseline shows mean account value ranking accounts by predictions without using actual payments information as

predictors. Change with actual payments shows the percentage change in portfolio value relative to this baseline
when instead ranking by predictions using actual payments information as predictors. Prediction fro81134
million Always accounts (tested out-of-samplen= 3:135million accounts).
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Table 5: Credit Card Portfolio Means and Standard Deviations, Residual of Credit
Score, By Lenders' Actual Payments Information Sharing Decisions

Always Nevers
Tenure 71.0 97.6 136.5
(S.D.) (73.8) (75.5) (106.0)
Credit Limit 8,902.2 9,793.4 9,757.4
(S.D.) (6,687.7) (8,484.3) (9,238.6)
Statement Balance 2,004.3 2,294.8 2,576.5
(s.D) (3,405.9) (3,842.4) (4,130.1)
Proxy Spending 2,486.2 2,800.2 3,286.2
(s.D) (4,036.2) (4,987.6) (6,998.7)
Financing Charges 130.1 235.0 156.5
(s.D.) (351.3) (534.5) (440.8)
Revolving Debt 1,538.1 1,707.6 N/A
(S.D.) (3,047.7) (3,413.6)
Spending 5,228.3 6,896.5 N/A
(S.D.) (10,257.8) (14,345.9)
Accounts (%) 18.2% 47.2% 31.5%

Statement Balances (%)  16.6% 46.8% 35.3%

Notes: BTCCP data. Table shows means (standard deviations in parenthesis) for residual credit card portfolio
characteristics as of December 2012 where data is residual on values of credit score from an OLS regression and then
the population means are added back to the means to ease interpretation. Card tenure is measured in months. Proxy

spending is measured by change in balances conditional on being non-negative. Financing charges are estimated
based on our methodology described in section . Results are split by classifying credit card furnishers by their
sharing of actual payments information. The last two rows show the shares of the number of outstanding credit card
accounts and the value of outstanding credit card statement balances by each type of furnisher. These data exclude
furnishers who do not have at least 10,000 active credit cards (i.e. their portfolio is representative of least 100,000) in
both December 2012 and in December 204%ays are furnishers sharing actual payment amounts information
for more than 75% of their active credit cards in both December 2012 and Decembe®t 201 %:rs are furnishers
sharing actual payments amounts information for more than 75% of their active credit cards in December 2012 and
for less than 10% in December 20M¥evers are furnishers sharing actual payment amounts information for less
than 10% of their active credit cards in both December 2012 and December 2015. The remaining furnishers are
excluded from the table: these are 3.1% of accounts and 1.3% of statement balances.

48



Table 6: Effects of Trended Data on Any New Credit Card Account Opening (Percent-
age Points)

Estimate
(S.E))
Do EXPT; 0.4347
(0.1004)
Ds EXPT; 0.4338
(0.1015)
Do EXPT,; 0.0202
(0.1052)
Dis EXPT,; 0.1732
(0.1026)
Baseline Mean 3.22

Notes: BTCCP data. Each row of table shows results from separate regressions with the same speci cations but
varying outcomes. ExposurEXP T;) is (pre-Trended Data) share of 2012 credit card balances held with furnishers
who share actual payments information. Table show Difference-in-differences estimates are from balanced panel of
0.51 million consumers, with observations Q1 2011 to Q4 2016, @#hEXP T ; < 1, and holding two cards both
of which have positive balances in 2012. Results are estimating the OLS regression speci ed in Equation 10 with
consumer and calendar year-quarter xed effects, and interaction term between expoéBre () and calendar
year-quarter indicatorsly ), where Q4 2012 is the the omitted category. Table showstimates from the
interactions between the exposure measure and the indicator aft€0; 5; 10; 15g quarters after treatment
(D EXPL ;). Standard errors are shown in parenthesis from clustering at the consumer level. Estimates and
standard errors are in percentage points, with the baseline mean of 3.22%.
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Table 7: One Quarter Effects of Mandating Credit Card Limit Information Sharing

Estimate Baseline

(S.E) Mean
Credit Score 22.32 776.04
(0.16)

Any New Credit Card 0.0089 0.0208
Opening: Inside (0.0008)

Any New Credit Card 0.0313 0.0723
Opening: Outside (0.0014)

Any New Credit Card 0.0221 0.0897
(0.0015)

Number New Credit Cards 0.0243 0.0462
Opening: Inside (0.0025)

Number New Credit Cards 0.0643 0.1394
Opening: Outside (0.0034)

Total Number New 0.0340 0.1856
Credit Cards (0.0042)

Value New Credit Card $506.6 $680.4
Limits: Inside ($50.1)

Value New Credit Card $777.7 $1,346.2
Limits: Outside ($44.2)
Total Value New $267.7 $2,025.5

Credit Card Limits ($66.6)

Notes: BTCCP data. Each row of table shows results from separate regressions with the same speci cations but
varying outcomes. Our exposure measure, de neB4®L ; = % the difference between a consumers' revealed
credit limit (r;) and their inferred credit limit prior to new credit limit information being revealégd)( Table show
difference-in-differences with varying intensity estimates. Data is a balanced panel of 1.09 million consumers.
Results are estimating OLS regression speci ed in Equation 11 with consumer and calendar year-quarter xed
effects and interaction term between exposh2€R L ;) and calendar year-quarter indicatof (), where the
quarter before information revelation is the omitted category (August 2011 to October 2011). Table shows
estimates from the interaction between the exposure measure and the indicator one quarter after treatment
(D1 EXPL ), See Internet Appendix Table 7 for estimates, and for Figure 8 for estimates over time.
Standard errors are shown in parenthesis from clustering at the consumer level.

50



References

Adams, W., Einay, L., and Levin, J. (2009). Liquidity constraints and imperfect informa-
tion in subprime lending. American Economic RevieWw9(1):49-84.

Agarwal, S., Ang, S. H., Wang, Y., and Zhang, J. (2024). Cash-back rewards, spending,
and debt accumulation. Working Paper

Agarwal, S., Chomsisengphet, S., and Liu, C. (2010). The importance of adverse selection
in the credit card market: Evidence from randomized trials of credit card solicitations.
Journal of Money, Credit and Banking2(4):743—-754.

Agarwal, S., Chomsisengphet, S., Mahoney, N., and Stroebel, J. (2015). Regulating con-
sumer nancial products: Evidence from credit cards. Quarterly Journal of Economics
130(1):111-164.

Agarwal, S., Chomsisengphet, S., Mahoney, N., and Stroebel, J. (2018). Do banks pass
through credit expansions to consumers who want to borrow?  Quarterly Journal of
Economics133(1):129-190.

Agarwal, S., Presbitero, A., Silva, A. F., and Wix, C. (2023). Who pays for your rewards?
redistribution in the credit card market. FEDS Working Paper No. 2023-007

Akerlof, G. A. (1970). The market for “lemons”: Quality uncertainty and the market
mechanism. Quarterly Journal of Economic84(3):488-500.

Ausubel, L. M. (1991). The failure of competition in the credit card market. American
Economic Reviey81(1):50-81.

Babina, T., Buchak, G., De Marco, F., Gornall, W., Mazzola, F., and Yu, T. (2024). Customer
data access and ntech entry: Early evidence from open banking. Journal of Financial
EconomicsForthcoming.

Bergemann, D. and Bonatti, A. (2019). Markets for information: An introduction. Annual
Review of Economic$1:85-107.

Bizer, D. S. and DeMarzo, P. M. (1992). Sequential banking. Journal of Political Economy
100(1):41-61.

Blattner, L., Hartwig, J., and Nelson, S. (2023). Information design in consumer credit
markets. Working paper

Bouckaert, J. and Degryse, H. (2006). Entry and strategic information display in credit
markets. Economic Journall16(513):702—720.

Consumer Financial Protection Bureau (2015). The consumer credit card market, 29 de-
cember 2015.

Consumer Financial Protection Bureau (2020). Payment amount furnishing & consumer
reporting, 12 november 2020.

51



Consumer Financial Protection Bureau (2021). The consumer credit card market, 29
september 2021.

Consumer Financial Protection Bureau (2023). Actual payment summary of ndings let-
ter, 16 february 2023.

De Giorgi, G., Drenik, A., and Seira, E. (2023). The extension of credit with nonexclusive
contracts and sequential banking externalities. American Economic Journal: Economic
Policy, 15(1):233-271.

Djankov, S., McLiesh, C., and Shleifer, A. (2007). Private credit in 129 countries. Journal of
Financial Economi¢s$84(2):299-329.

Einayv, L., Finkelstein, A., and Mahoney, N. (2021). The io of selection markets. Handbook
of Industrial Organization 5(1):389-426.

Evans, D. S. and Schmalensee, R. (2004Raying with plastic: the digital revolution in buying
and borrowing Mit Press.

Foley, C. F., Hurtado, A., Liberman, A., and Sepulveda, A. (2022). The effects of informa-
tion on credit market competition: Evidence from credit cards. Working Paper

Fuster, A., Goldsmith-Pinkham, P., Ramadorai, T., and Walther, A. (2022). Predictably
unequal? the effects of machine learning on credit markets. Journal of Finanger7(1):5—
47.

Ganong, P. and Noel, P. (2020). Liquidity versus wealth in household debt obliga-
tions: Evidence from housing policy in the great recession. American Economic Review
110(10):3100-3138.

Gibbs, C., Guttman-Kenney, B., Lee, D., Nelson, S., van der Klaauw, W., and Wang, J.
(2024). Consumer credit reporting data. Journal of Economic Literatur&orthcoming.

Goldstein, 1., Xiong, Y., and Yang, L. (2025). Information sharing in nancial markets.
Journal of Financial Economics63:103967.

Grodzicki, D. (2023). The evolution of competition in the credit card market. Working
Paper

Grunewald, A., Lanning, J. A., Low, D. C., and Salz, T. (2020). Auto dealer loan interme-
diation: Consumer behavior and competitive effects. NBER Working Paper No. 28136

Guttman-Kenney, B. (2024). Essays on Household FinancBhD thesis, The University of
Chicago.

Han, S., Keys, B. J., and Li, G. (2018). Unsecured credit supply, credit cycles, and regula-
tion. Review of Financial Studie81(3):1184-1217.

Han, T. (2024). Rewards and consumption in the credit card market. Working Paper

52



Hauswald, R. and Marquez, R. (2003). Information technology and nancial services
competition. Review of Financial Studie46(3):921-948.

He, Z., Huang, J., and Zhou, J. (2023). Open banking: Credit market competition when
borrowers own the data. Journal of Financial Economic§47(2):449-474.

Hendren, N. (2013). Private information and insurance rejections. Econometrica
81(5):1713-1762.

Hendren, N. (2014). Unravelling vs unravelling: A memo on competitive equilibriums
and trade in insurance markets. Geneva Risk and Insurance Revj&9:176—-183.

Herkenhoff, K. and Morelli, J. M. (2024). Welfare costs of credit card oligopoly. Working
Paper

Herkenhoff, K. F. and Raveendranathan, G. (2024). Who bears the welfare costs of
monopoly? the case of the credit card industry. Review of Economic StudieSorthcom-

ing.

Hunt, R. (2005). A century of consumer credit reporting in america. Federal Reserve Bank
of Philadelphia Working Paper No. 05-13

Jaffee, D. M. and Russell, T. (1976). Imperfect information, uncertainty, and credit ra-
tioning. Quarterly Journal of Economic80(4):651-666.

Jansen, M., Nagel, F.,, Yannelis, C., and Zhang, A. L. (2024). Data and welfare in credit
markets. NBER Working Paper No. 30235

Jones, C. I. and Tonetti, C. (2020). Nonrivalry and the economics of data. American Eco-
nomic Review110(9):2819-58.

Katcher, B., Li, G., Mezza, A., and Ramos, S. (2024). One month longer, one month later?
prepayments in the auto loan market. FEDS Working Paper No. 2024-056

Keys, B. J. and Wang, J. (2019). Minimum payments and debt paydown in consumer
credit cards. Journal of Financial Economics31(3):528-548.

Kong, E., Layton, T. J., and Shepard, M. (2023). Adverse selection and (un) natural
monopoly in insurance markets. Working Paper

Lee, S. C. and Maxted, P. (2023). Credit card borrowing in heterogeneous-agent models:
Reconciling theory and data. Working Paper

Li, H. and Rosen, S. (1998). Unraveling in matching markets. American Economic Review
pages 371-387.

Liberman, A., Neilson, C., Opazo, L., and Zimmerman, S. (2019). The equilibrium effects
of information deletion: Evidence from consumer credit markets. NBER Working Paper
No. 25097

53



Liberti, J., Sturgess, J., and Sutherland, A. (2022). How voluntary information sharing sys-
tems form: Evidence from a us commercial credit bureau. Journal of Financial Economics
145(3):827-849.

Mukharlyamov, V. and Sarin, N. (2024). Price regulation in two-sided markets: Empirical
evidence from debit cards. Working Paper

Nam, R. J. (2024). Open banking and customer data sharing: Implications for ntech
borrowers. Working Paper

Nelson, S. (2025). Private information and price regulation in the us credit card market.
EconometricaForthcoming.

Padilla, A. J. and Pagano, M. (1997). Endogenous communication among lenders and
entrepreneurial incentives. Review of Financial Studie40(1):205-236.

Padilla, A. J. and Pagano, M. (2000). Sharing default information as a borrower discipline
device. European Economic Revied4(10):1951-1980.

Pagano, M. and Jappelli, T. (1993). Information sharing in credit markets. Journal of Fi-
nance 48(5):1693-1718.

Petersen, M. A. and Rajan, R. G. (1995). The effect of credit market competition on lending
relationships. Quarterly Journal of Economic410(2):407-443.

Raith, M. (1996). A general model of information sharing in oligopoly.  Journal of Economic
Theory 71(1):260-288.

Ramakrishnan, R. T. and Thakor, A. V. (1984). Information reliability and a theory of
nancial intermediation. Review of Economic Studiesl(3):415-432.

Roth, A. E. and Xing, X. (1994). Jumping the gun: Imperfections and institutions related
to the timing of market transactions. American Economic Reviewages 992-1044.

Rothschild, M. and Stiglitz, J. (1976). Equilibrium in competitive insurance markets:
An essay on the economics of imperfect information. Quarterly Journal of Economigcs
90(4):629-649.

Stango, V. and Zinman, J. (2016). Borrowing high versus borrowing higher: price disper-
sion and shopping behavior in the us credit card market. Review of Financial Studies
29(4):979-1006.

Stiglitz, J. E. and Weiss, A. (1981). Credit rationing in markets with imperfect information.
American Economic Review1(3):393-410.

Sutherland, A. (2018). Does credit reporting lead to a decline in relationship lending?
evidence from information sharing technology. Journal of Accounting and Economjcs
66(1):123-141.

54



TransUnion (2023). University of chicago booth transunion consumer credit panel (btccp),
2009 to 2022.

Wang, L. (2024). Regulating competing payment networks. Working Paper

55



9 Internet Appendix accompanying “Unraveling Informa-
tion Sharing in Consumer Credit Markets”

Contents:

A. Credit Reporting Legal Requirements

B. Credit Card Industry Statistics

C. Actual Payments Information

D. Consumer Credit Pro tability

E. Selection in Credit Card Lenders Sharing Information

F. Mandating Sharing Credit Card Limit Information
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A Credit Reporting Legal Requirements

This appendix shows credit reporting legal requirements based on relevant public extracts
(from Title 12 Chapter X CFR 81022.40-43 and Appendix E to Part 1022) of the Fair Credit
Reporting Act (FCRA) amended by the Fair and Accurate Credit Transactions (FACT)
Act.

“PART 660 — DUTIES OF FURNISHERS OF INFORMATION TO CONSUMER RE-
PORTING AGENCIES

8660.2 De nitions.

For purposes of this part and Appendix A of this part, the following de nitions apply:

(a) Accuracy means that information that a furnisher provides to a consumer reporting
agency about an account or other relationship with the consumer correctly:

(1) Re ects the terms of and liability for the account or other relationship;

(2) Re ects the consumer's performance and other conduct with respect to the account
or other relationship; and

(3) Identi es the appropriate consumer.

(e) Integrity means that information that a furnisher provides to a consumer reporting
agency about an account or other relationship with the consumer:

(1) Is substantiated by the furnisher's records at the time it is furnished,;

(2) Is furnished in a form and manner that is designed to minimize the likelihood that
the information may be incorrectly re ected in a consumer report; and

(3) Includes the information in the furnisher's possession about the account or other
relationship that the Commission has:

(i) Determined that the absence of which would likely be materially misleading in
evaluating a consumer's creditworthiness, credit standing, credit capacity, charac-
ter, general reputation, personal characteristics, or mode of living; and

(i) Listed in section I.(b)(2)(iii) of Appendix A of this part.

8660.3 Reasonable policies and procedures concerning the accuracy and integrity of
furnished information.

(b) Guidelines. Each furnisher must consider the guidelines in Appendix A of this part
in developing its policies and procedures required by this section, and incorporate those
guidelines that are appropriate.

A-2



Appendix A to Part 660—Interagency Guidelines Concerning the Accuracy and In-
tegrity of Information Furnished to Consumer Reporting Agencies

The Commission encourages voluntary furnishing of information to consumer report-
ing agencies. Section 660.3 of this part requires each furnisher to establish and implement
reasonable written policies and procedures concerning the accuracy and integrity of the
information it furnishes to consumer reporting agencies. Under § 660.3(b), a furnisher
must consider the guidelines set forth below in developing its policies and procedures.
In establishing these policies and procedures, a furnisher may include any of its existing
policies and procedures that are relevant and appropriate. Section 660.3(c) requires each
furnisher to review its policies and procedures periodically and update them as necessary
to ensure their continued effectiveness.
l. Nature, Scope, and Objectives of Policies and Procedures

(a) Nature and Scope. Section 660.3(a) of this part requires that a furnisher's policies
and procedures be appropriate to the nature, size, complexity, and scope of the fur-
nisher's activities. In developing its policies and procedures, a furnisher should
consider, for example:

(1) The types of business activities in which the furnisher engages;

(2) The nature and frequency of the information the furnisher provides to con-
sumer reporting agencies; and

(3) The technology used by the furnisher to furnish information to consumer re-
porting agencies.

(b) Objectives. A furnisher's policies and procedures should be reasonably designed
to promote the following objectives:

(1) To furnish information about accounts or other relationships with a consumer
that is accurate, such that the furnished information:
() Identi es the appropriate consumer;

(i) Re ects the terms of and liability for those accounts or other relationships;
and

(i) Re ectsthe consumer's performance and other conduct with respect to the
account or other relationship;

(2) To furnish information about accounts or other relationships with a consumer
that has integrity, such that the furnished information:

A-3



(i) Is substantiated by the furnisher's records at the time it is furnished;

(i) Is furnished in a form and manner that is designed to minimize the like-
lihood that the information may be incorrectly re ected in a consumer re-
port; thus, the furnished information should:

(A) Include appropriate identifying information about the consumer to
whom it pertains; and

(B) Be furnished in a standardized and clearly understandable form and

manner and with a date specifying the time period to which the informa-
tion pertains; and

(ii) Includes the credit limit, if applicable and in the furnisher's possession;

(3) To conduct reasonable investigations of consumer disputes and take appropri-
ate actions based on the outcome of such investigations; and

(4) To update the information it furnishes as necessary to re ect the current status
of the consumer's account or other relationship, including, for example:

(i) Any transfer of an account (e.g., by sale or assignment for collection) to a
third party; and

(i) Any cure of the consumer's failure to abide by the terms of the account or
other relationship.”
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B Credit Card Industry Statistics

Figure B1: Credit Card Pro tability
A. Return on Assets (ROA) and its Components (1983 - 2022)

B. Revenue before and after Charge-Offs (2000 - 2022)

Notes: R.K.Hammer data. Percentages of credit card revolving balances. In Panel B revenues are total revenues
(interest, consumer fees, interchange fees) before and after charge-offs as an industry measure of risk adjusting
revenue.
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Figure B2: Costs of Acquiring New Credit Card Account (2000 - 2017)
A. Mean Cost Per Acquisition (CPA)

B. Range of Cost Per Acquisition (CPA)

C. Number of Solicitations to Acquire A New Account

Notes: R.K.Hammer data. These are costs for acquiring new credit card accounts including marketing and
underwriting costs.
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C Actual Payments Information

Figure C1: Actual Payments Information Sharing in Consumer Credit Reports by Fur-
nishers from 2012 to 2015

Notes: BTCCP data. This gure shows, for each consumer credit product, the fraction of accounts in consumer credit
reporting data reporting actual payments in December 2012 (x-axis) and December 2015 (y-axis). In the numerator
of this calculation, accounts with actual payments that are non-zero and non-missing are given a value of one, and
accounts with zero or missing are given a value of zero. Both the numerator and the denominator of this calculation

restricts to accounts with positive balances and that are not delinquent. Results are split by classifying credit card
furnisher by their sharing of actual payments as described in paper section

or Table 5 notes. Dots are shown in
ve percentage point intervals aggregating furnishers in these intervals. Sizes of dots correspond to the total number

of credit card accounts 2012 to 2015. This excludes furnishers that have fewer than 10,000 active credit cards (i.e.,
their portfolio is representative of fewer than 100,000 cards) in both December 2012 and in December 2015.



Figure C2: Robustness of Coverage of Actual Payments Information in Consumer
Credit Reports

A. Accounts

B. Balance Weighted C. Credit Limit Weighted

Notes: BTCCP data. In Panel A 2013 is shaded in gray to denote the period when Trended Data was launched. This
gure shows the fractions of consumer credit reports with actual payments information. The numerator of these
calculations are the number of accounts (Panel A) / value of balances (Panel B) / value of credit limits (Panel C) for
accounts with actual payments information that are non-zero and non-missing. The denominator of this calculation
is the total number of accounts (Panel A) / value of balances (Panel B) / value of credit limits (Panel C). Both the

numerator and the denominator of these calculations restrict to open accounts with non-zero balances and which
have been updated in the last year.



Figure C3: Robustness of Coverage of Actual Payments Information in Consumer
Credit Reports to Inclusion of Retail Cards

A. Market Size B. Market Size
(Accounts, millions) (Statement Balances, $ billions)
C: Coverage D: Coverage
(% Accounts) (% Statement Balances)

Notes: BTCCP data. These panels compare (general purpose) credit cards to combining these with retail (private
label) credit cards. Panels A and B show how market sizes are affected as measured by number of accounts (Panel A)
and outstanding statement balances (Panel B). Panels C and D show the fraction of accounts (Panel C) / balances
(Panel D) with actual payment amounts in consumer credit reports that are reported as non-zero and non-missing.
All panels restrict to open accounts with non-zero balances and which have been updated in the last year.



Figure C4: Coverage of Scheduled Payment Amounts in Consumer Credit Reports

Notes: BTCCP data. Figure shows, for each consumer credit product, the fraction of accounts in consumer credit
reports reporting non-zero and non-missing credit card scheduled payment amounts. These calculations restrict to
open accounts with non-zero balances and which have been updated in the last year.

Figure C5: Credit Cardholders Without Credit Card Actual Payment Information in
Consumer Credit Reports on: All Credit Card Accounts (black), Any Credit Card Ac-
count (orange), Fraction of Credit Card Accounts (blue)

Notes: BTCCP data. The orange line shows the fraction of credit cardholders in consumer credit reports where credit
card actual payments are zero or missing on at least one credit card account. The black line shows the fraction of
credit cardholders in consumer credit reports where credit card actual payments are zero or missing on all their credit
card accounts. The blue line shows, for credit cardholders, the mean proportion of credit cards where credit card

actual payments are zero or missing. The denominator for all lines are the number of credit cardholders. The gure
restricts to credit cardholders with non-zero credit card balances (which are open and which have been updated in the
last year). The gure restricts to accounts which are open with non-zero balances and which have been updated in the
last year.
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Figure C6: Consumers without Credit Card Actual Payments Information in Consumer
Credit Reports

A: Number of Consumers

B: Percentage of Consumers

Notes: BTCCP data. Panel A shows the number of consumers in consumer credit reports where credit card actual
payments are zero or missing on at least one credit card account. Panel B shows the fraction of consumers in
consumer credit reports where credit card actual payments are zero or missing on at least one account (which has a
non-zero balance and which has been updated in the last year). The black line uses as a denominator all consumers
with non-zero balances on any credit product. The orange line uses as a denominator consumers with non-zero credit
card balances. Both panels restrict to open accounts with non-zero balances and which have been updated in the last

year)
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Figure C7: Difference-in-Differences Estimates of Actual Payments Information Shar-
ing in Consumer Credit Reports for Credit Cards Relative to Auto Loans and Unse-

cured Loans
A. Percent of Accounts B. Percent of All Accounts
With Payment Reported

D. Percent of All Balances

C. Percent of Balances
With Payment Reported

Notes: BTCCP data. 2013 is shaded in gray to denote the period when Trended Data was launched. Figure shows
difference-in-differences estimates of sharing actual payment amounts for credit cards relative to auto loans (black,
blue) and unsecured loans (orange, green). The outcome for black and orange lines is the fraction of accounts in
consumer credit reports sharing actual payment amounts. The outcome for blue and green lines is the fraction of
outstanding balances in consumer credit reports sharing actual payments information. Panels A and C condition on
accounts where a payment date is recorded in the last month, Panels B and D show all accounts. Estimates are from
OLS regression speci ed in Equation 1 on aggregated data with one observation per lender credit product per
year-month (with weights applied to the number of accounts) with xed effects for credit products and year month
and December 2012 is the omitted group from the interaction between credit card indicator and year month indicator.
Data is a balanced panel 2010 to 2022. 95% con dence intervals from standard errors clustered at the furnisher
level. Panels A and C estimated for 6,068 (Credit Cards vs. Auto Loans) and 6,279 (Credit Cards vs. Unsecured
Loans) furnisher portfolios. Panels B and D estimated for 6,968 (Credit Cards vs. Auto Loans) and 7,582 (Credit

Cards vs. Unsecured Loans) furnisher portfolios.
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Table C1: lllustrative Example of a Credit Card Accountin Consumer Credit Reporting
Data When Lender Reports Actual Payments Information (Months 1 to 3) and Stops

Reporting Actual Payments Information (Months 4 to 6)

Credit Scheduled Actual Payment
Month Limit Balance | Payment | Payments | Status
1 $20,000| $2,700 $53 $2,700 OK
2 $20,000, $2,200 $43 $2,700 OK
3 $20,000, $2,700 $53 $2,200 OK
4 $20,000, $2,300 $46 $0 OK
5 $20,000| $5,200 $104 $0 OK
6 $20,000| $8,700 $174 $0 OK

Notes: Yellow highlighted cells denote when lender stops reporting actual payments information. All other
information remains reported. Some lenders may report actual payments as missing for all accounts, other lenders
report it as $0.

Table C2: Robustness of Difference-in-Differences Estimates of Actual Payments In-
formation Sharing for Credit Cards Relative to (1) Auto Loans and (2) Unsecured Loans

1) (2)
Dpec201s CRED, 0:4233 0:4687
(0:1436)  (01438)
D pec 2022 CRED p 0:5624 0:5830
(0:1529)  (Q1501)

Notes: BTCCP data. Table shows difference-in-differences estimates of sharing actual payment amounts for credit
cards relative to auto loans (column 1) and unsecured loans (column 2). The outcome is the fraction of accounts in
consumer credit reports with a payment reported in the last month where there are are non-zero and non-missing
actual payment amounts. Estimates are from OLS regression speci ed in Equation 1 on aggregated data with one
observation per lender credit product per year-month (with weights applied to the number of accounts) with xed
effects for credit products and year month and December 2012 is the omitted group from the interaction between
credit card indicator and year month indicator. Data is a balanced panel 2010 to 2022. Standard errors show in
parenthesis are clustered at the furnisher level. Table shows two estimates — the interaction between credit card

indicator and (a) the December 2015 indicator; (b) the December 2022 indicator. Columns (1) and (2) estimated for
6,968 (Credit Cards vs. Auto Loans) and 7,582 (Credit Cards vs. Unsecured Loans) furnisher portfolios respectively.

A-13



D Consumer Credit Pro tability
D.1 Financing Charges

Financing Charges are de ned as the sum of interest ( r;) and consumer fees ). The most
common consumer fees are late fees. Other consumer fees include annual card fees, over
credit limit, and foreign exchange fees. Late and annual fees are typically xed amounts
that do not vary with balances. The CFPB estimates credit card nancing charges to be
$117 bn in 2019: 80% is interest revenue ($94.4 bn), and 20% ($23.6 bn) is consumer fees
— primarily late fees ($14 billion, 11% of nancing charges), annual fees (approximately
$5bn) with the remainder being mainly balance transfer fees and cash advance fees:
Agarwal et al. (2023) estimates nancing charges as $99.6 bn in 2019.

We estimate nancing charges using an insight that credit card minimum payments
are deterministically calculated. Each month the minimum payment amount due ( m;)
on a credit card is typically determined by the formula shown in Equation 12. This is
the maximum of two components. The rst component is a oor dollar amount  $ . If
balances are below this oor amount then balance rather than the oor is owed, however,
this is not an economically important case given how low the oor amounts are. The
second component is the sum of (i) a percentage % of B;: the statement balance before
nancing charges: B hh r¢ f¢, and (i) nancing charges ( r¢ + f;). This formula
does not vary with cardholder behavior and it is rare for rms to change their minimum
payment formula on existing cards.

m; = max $, %B; + rt+ft (12)

Lenders use this minimum payment formula as it is the easiest way to comply with
the Of ce of the Comptroller of the Currency's (OCC) safety and soundness regulations
requiring non-negative amortization. Discussions with industry participants have told us
other regulators and lenders often apply such regulations even if lenders are not super-
vised by the OCC. Nelson (2025) reports approximately 90 percent of outstanding credit
card balances are held by 17 to 19 large and mid sized lenders who are supervised by
the OCC or the CFPB. Some credit unions (credit unions in total are only approximately
ve percent of the market) and small, subprime lenders capitalize interest and fees and
therefore our methodology may produce biased estimates for this small segment.

We nd $ and %in data through a process of manual review of the 84 furnishers we
study. For each credit card furnisher, we ndthe valuesof and that matches the lower

20
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set of the observed combinations of m; and k. If we nd the correct solution, transacting
months should be upside errors (observing a minimum payment amount greater than
our formula would predict) from fees (or trailing interest) — which are at amounts not
varying with balances — but extremely rarely downside errors (observing a minimum
payment amount less than our formula would predict). These parameters can also be
found algorithmically for each furnisher with similar results. In an algorithmic approach,
focusing on transacting months (which requires observing actual payments information)
helps to nd these parameters because doing so removes observations which may contain
interest in the observed minimum payment.

The values of $ and % vary across lenders although when we examine a sample
of credit card agreements in the CFPB's credit card agreement database they commonly
take a small number of values.”* The most common combination of parameters we nd
is =$%25and =1% andthe mostcommon is 1%. These are in line with the CFPB's
credit card agreement database which contains details of new agreements from Q3 2011
and the CFPB's consumer credit market report which discussed minimum payment rules
in 20157 Given and , this produces a predicted minimum payment amount  rhinerim
that would be due before nancing charges.

MMM max $ ;  %h (13)

Once we have worked out the minimum payment rules we can apply these across all
revolving and transacting months and estimate nancing charges. We make an interim
estimate of nancing charges (ﬁt + ft)Interlm in Equation 14 as the difference between the
minimum payment amount we observe (inclusive of nancing charges) and the predicted
amount. Since our earlier step applied to statement balancesafterincluding nancing
charges (i.e.,h) whereas the correct formula applies it beforenancing charges (i.e., By),
this interim nancing charges estimate is slightly off when nancing charges are non-zero
(but will be correct when these are zero). We correct for this by subtracting our interim
estimate from statement balances. Equation then gives us our estimate of nancing
charges(r\t + fy) as the difference between the observed minimum payment (including
nancing charges) to the deterministic predicted amount we would expect without -
nancing charges.” As these are estimated measures they are subject to measurement

error. Our data only contains non-negative integers and therefore some error comes from

21
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23This step could be iterated further but doing so makes no substantive difference because credit reporting
data is reported as integers and so we stop the iteration at this stage.
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rounding. How may this impact our results? If we choose the incorrect  this only mat-
ters for very low balance account months. If we choose the incorrect |, then this matters
for high balance account months.

interim

(r\t + ft) my mitnterim (14)

interim
(hN+f) m m, ,wherem, max $ ; % h (\+fy) (15)

If one is willing to impose additional structure on the duration of borrowing, one
could estimate effective interest rates, work out a card's interest rate, and decompose
interest from the fee component (given the common fees such as late fees are not propor-
tional to balances and do not occur in most months). Furthermore currently we estimate
nancing charges at the furnisher-level but with suf cient data an analogous method can
be applied at the individual card-level to capture intra-furnisher heterogeneity in mini-
mum payment formulae.

D.2 Charge-Offs

Charge Offs ( ¢;) are de ned as the amount of credit card debt written-off. For pro tability

we need to calculate nancing charges net of charge-offs. We measure charge-off using the
manner of payment status: a variable consistently reported as a key input into the stan-
dardized credit scoring models rms rely on (FICO and VantageScore). We calculate the
amount charged-off based on the outstanding balance in the month preceding an account
reaching 120+ days past due. The month preceding is used as some furnishers report the
outstanding balance as zero once they update the status of an account as being severely
delinquent. ~* We discount this balance by 12.75% to allow for some delinquent debt being
cured or later recovered in the collections process, this is based on CFPB estimates that
17% of delinquent loans are recovered within 4 years, with 8% recovered within rst two
years, and this recovery has 25% of costs.” An alternative approach we investigated was
to use a variable that records the amount charged-off. However, this variable appears
inconsistently reported across furnishers (e.g., some large portfolios have zero charge-
offs which appears implausible) possibly due to different debt collections practices. The
humped-shaped pattern in net nancing charges is consistent with Nelson (2025) and our
discussions with industry participants. Agarwal et al. (2015) shows a dip in the middle of

24Many severely delinquent accounts become impossible to follow as the debt may be consolidated, trans-

ferred to a different furnisher, or moved into collections, without their anonymized trade identi er.
25
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the distribution which we attribute to the particularly unusual time period their sample
covering the Great Recession and their measures are point-in-time whereas ours cover
most of a card's lifetime.

D.3 Interchange Net of Rewards

Interchange Net of Rewards ( i) is interchange revenue (the amount of merchant fees
generated by credit card spending transactions) less rewards expense (the amount credit
card lenders pay in rewards to cardholders for spending). Unlike other sources of in-
come that credit card lenders receive from the cardholder, interchange is received from
merchants. Credit cards offer rewards to cardholders to incentivize them for spending on
the card. These rewards can take a variety of forms including cashback, air miles, and
points. Both interchange revenue and rewards expenses are proportional to the amount
of spending on a credit card. Interchange revenue and rewards expenses are both higher
for “reward” credit cards.

For the Always group we observe actual payments, so we can estimate spending and
interchange net of rewards for all years. For the Stoppersgroup, we observe spending
for 2013, but not in subsequent years, and therefore impute spending in years 2014 to
2022 based on the 2013 values, and impute it as zero if the card's statement balances is
zero. For the Nevers group actual payments are unobserved and therefore we cannot
accurately impute spending.

We assume 0.5% spending is interchange net of rewards. Of course, the choice of
what constant to apply to spending makes no difference when evaluating predicting in-
terchange net of rewards, it only matters for considering the relative weight to apply
to interchange net of rewards when predicting overall prots. Broadly we expect our
approach is conservative for evaluating the importance of interchange net of rewards to
pro tability. Our approach captures the heterogeneity in the amount of spending but will
underestimate the variance in net interchange that arises due to consumers holding differ-
ent types of cards with different mark-ups. This assumption follows closely to Agarwal
et al. (2015, 2018) who use a 2 percent interchange revenue and 1.4 percent rewards and
fraud expense and Wang (2024) who assess merchant fees at 2.25 (MasterCard and VISA
interchange revenue of 1.75) and rewards expense of 1.30. Mark-ups are higher on reward
cards and such cards are more used by high credit score consumers (Agarwal et al., 2023).
Interchange revenue in 2009 ranges from 1 to 3 percent:” Agarwal et al. (2023) assume
1.5 and 2.5 percent for standard and reward cards respectively.

26
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Agarwal et al. (2024) estimates mean rewards of $4.69 in their main sample and $13.34
per reward card ($160.08 annualized) which is close to the CFPB's estimates of $167 in
annual rewards per rewards account in 2019 up from $139 in 2015. The CFPB estimates
rewards expenses have increased 84% from 2015 to 2019 as more consumers hold reward
cards, and also their rewards have become more generous, although more have annual
fees:’ Interchange fees in 2019 are approximately $50 bn — doubling since 2012." Agar-
wal et al. (2023) reports the largest banks earnt $41.3 bn in interchange revenue and $34.8
bn in rewards expenses. Interchange revenue varies across issuers. One estimate uses 10-
K reports for four (JP Morgan Chase, American Express, Capital One, Discover) of the six
largest lenders and nd rewards expenses (including partner payments) increased from
$21.7 bn in 2019 to $33.1 bn in 2022 and across all six the interchange fees net of these
increasing from $28.7 bn in 2018 to $31.9 bn in 2022 An industry estimate from 2017
shows that American Express earnt $60.43 interchange revenue per active account com-
pared to $34.09 for Capital One, $21.13 for JP Morgan Chase, and $17.40 for Discovet.

D.4 Discount Rate

For discounting lifetime pro ts to calculate net present value we apply a discount rate
of 2% each year. This is based on R.K.Hammer and Agarwal et al. (2018), where costs of
funds is estimated to be under 2%.

27
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Figure D1: R? and Root Mean Squared Error (RMSE) Measurement Error in Estimating
Contemporaneous Account-Level Credit Card Behaviors in December 2013

A. R? Revolving Debt in December 2013 B. RMSE Revolving Debt in December 2013

C. R? Spending in December 2013 D. RMSE Spending in December 2013

Notes: BTCCP data. Uses December 2013 data for furnishers sharing actual payments to explain contemporaneous
account-level credit card behaviors. Figure shows results of OLS regressions where performance is evRdated by
in Panels A and C and by root mean squared error (RMSE) in Panels B and D . Outcomes in Panels A and B are
credit card revolving debt and outcomes in Panels C and D are credit card spending. Models 1 to 14 increase in
complexity. Model 1 includes current balance, model 2 adds lag balance, model 3 adds change in balance conditional
on greater than zero. Models 4 to 11 incrementally add in additional account-level variables: (4) credit score, (5)
scheduled payment, (6) utilization and credit limit (7) tenure, (8) IRS zipcode income, (9) birth year, (10) state, (11)
furnisher identi er. Model 12 adds in balance variables from other credit cards held by the consumer (Statement
Balances, Changes in Statement Balances, Number, Limits, Utilizations). Model 13 includes lags for months 1 to 12,
18 and 24 for the trends of balances and changes in balances conditional on being greater thNarrz£1@06
million credit card accounts in each regression.
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Figure D2: 2012 to 2022 Financing Charges Net of Charge-Offs

Notes: BTCCP data. Figure shows mean estimates conditional on 50 quantiles of credit score (x-axis) for credit cards
in December 2012. Financing charges are estimated as described in section . Figure shows nancing charges
accumulated across 2012 to 2022 net of charge-offs with results split by classifying accounts by whether the revolved
or transacted the majority of months in 2012. Credit score quantile thresholds are de ned globally and xed across
classi cations. Gray dotted lines show quantiles which divide credit score into standard segments for subprime
(lowest scores), near-prime, prime, prime-plus, and superprime (highest scores) fall in the distribution.

Figure D3: Predicting Financing Charges Net of Charge-Offs Without Actual Payments
Information

Notes: BTCCP data. Figures use data to December 2012 to predict credit card nancing charges net of charge-offs at
the account-level over one to ten year horizons. Predictive performance is measured by out-dk&aRipliictive
performance is shown without actual payments information. Performance is shown for three satydgs:,
Always + Stoppers, Always + Stoppers+ Nevers as described in paper section and Table 5 notes.
Out-of-sample predictions frold = 3:135million Always credit card accountsy = 11:018million
Always + Stopperscredit card accounts, and = 14:927million Always + Stoppers+ Nevers credit card
accounts.
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Figure D4: Marginal Value of Actual Payments (AP) Information for Predicting Credit
Card Pro ts over 1 to 10 Year Time Horizons

A.Prot

B. Net Present Value (NPV)

Notes: BTCCP data. Figures use data to December 2012 to predict account-level credit card pro tability where

predictive performance is measured by out-of-saRpleResults are shown without (black, gray) and with (green,
blue) actual payments information. Performance is shown for two sanfdie@ays (black, green) and

Always + Stoppers(gray, blue) as described in paper section and Table 5 notes. Spending beyond a one year
horizon is imputed foStoppersbut observed foAlways. Panel A shows predictions of pro t over one to ten year

horizons. Panel B shows predictions of net present value (NPV) over one to ten year horizons. Out-of-sample
predictions fromN = 3:135million Always credit card accounts, arid = 11:018million Always + Stoppers

credit card accounts.
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Figure D5: Marginal Value of Actual Payments (AP) Information for Predicting (A)
Interchange Net of Rewards, (B) Financing Charges Net of Charge-Offs, (C) Lifetime
Pro ts, For Different Samples (Always, Always+Stoppers)

A. Interchange Net of Rewards

B. Financing Charges Net of Charge-Offs

C. Lifetime Pro ts and its Components

Notes: BTCCP data. Figures use data to December 2012 to predict account-level credit card pro tability where
predictive performance is measured by out-of-saRpléResults are shown without (black, gray) and with (green,
blue) actual payments information. Performance is shown for two san#dieays (black, green) and
Always + Stoppers(gray, blue) as described in paper section and Table 5 notes. Spending beyond a one year
horizon is imputed foStoppersbut observed foAlways. Panel A shows predictions of interchange net of rewards
over one to ten year horizons. Panel B shows predictions of nancing charges net of charge-offs over one to ten year
horizons. Panel C shows predictions of lifetime pro ts and its components over a ten year horizon. Out-of-sample
predictions fronN = 3:135million Always credit card accounts, and = 11:018million Always + Stoppers
credit card accounts.
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Table D1: Robustness of Marginal Value of Actual Payments Information for Predict-
ing Credit Card Pro tability as Measured by ~ R? to Always+Stoppers Data Sample

Horizon Baseline Baseline + Actual Percentage

Outcome (Years) R?) Payments (R?) Change
Interchange Net 1 0.4145 0.6188 +49.3%
of Rewards 10 0.1814 0.2405 +32.6%
Financing Charges Net 1 0.2573 0.2607 +1.3%
of Charge-Offs 10 0.2042 0.2087 +2.2%
Prot 10 0.2033 0.2077 +2.1%
Net Present Value 10 0.1917 0.1958 +2.2%

Notes: BTCCP data. Table uses data to December 2012 to predict components of credit card pro tability. Table shows
out-of-sampldR?. Predictive performance is shown in a baseline compared to with adding actual payments
information as predictors. Spending beyond a one year horizon is imput&ddppersbut observed fohAlways.
Predictions fromN = 11:014million Always + Stoppersaccounts (tested out-of-samplen= 11:018million
accounts).

Table D2: Robustness of Marginal Value of Actual Payments Information for Predict-
ing Credit Card Pro tability as Measured by Top-Ranked Predicted Portfolio Values to
Always+Stoppers Data Sample

Horizon Baseline Baseline + Actual Percentage
Outcome

(Years) (%) Payments ($) Change

Interchange Net 1 $319 +$80 +25%

of Rewards 10 $531 +$94 +18%
Financing Charges Net 1 $2,600 +$7 +0%
of Charge-Offs 10 $7,954 +$98 +1%

Prot 10 $7,966 +$105 +1.3%

Net Present Value 10 $7,424 +$95 +1.3%

Notes: BTCCP data. Table uses data to December 2012 to predict components of credit card pro tability. Table shows
out-of-sample portfolio values from sorting predictions of each outcome and choosing top-ranked 100,000 accounts.
Baseline shows mean account value ranking accounts by predictions without using actual payments information as

predictors. Change with actual payments shows the percentage change in portfolio value relative to this baseline

when instead ranking by predictions using actual payments information as predictors. Prediction frofri :014

million Always + Stoppersaccounts (tested out-of-sampledr= 11:018million accounts).
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E Selection in Credit Card Lenders Sharing Information

Table E1: Summarizing Selection in Credit Card Portfolios

Always Nevers
Credit Score 720.73 719.70 744.23
(S.D.) (87.10) (89.61) (76.16)
Tenure 68.52 95.18 141.21
(s.D.) (76.65) (79.13) (109.75)
Credit Limit 8,574.75  9,460.33 10,403.06
(S.D.) (7,626.41) (9,487.96) (9,446.22)
Statement Balance 2,077.10 2,351.69 2,456.91
(S.D.) (3,535.00) (3,954.01) (4,323.95)
Utilization 36.26 39.08 29.49
(S.D.) (38.75) (39.97) (35.24)
Proxy Spending 2,454.67 2,752.78  3,369.77
(s.D.) (4,059.19) (5,044.94) (7,917.64)
Accounts (%) 18.2% 47.2% 31.5%
Statement Balances (%) 16.6% 46.8% 35.3%

Notes: BTCCP data. Table shows means (standard deviations in parenthesis) for credit card portfolio characteristics
as of December 2012. Card tenure is measured in months. Proxy spending is measured by change in balances
conditional on being non-negative. Financing charges are estimated based on our methodology described in section
. Results are split by classifying credit card furnishers by their sharing of actual payments information on . The
last two rows show the shares of the number of outstanding credit card accounts and the value of outstanding credit

card statement balances by each type of furnisher. These data exclude furnishers who do not have at least 10,000

active credit cards (i.e., their portfolio is representative of least 100,000) in both December 2012 and in December
2015.Always are furnishers sharing actual payment amounts information for more than 75% of their active credit

cards in both December 2012 and December 28t pers are furnishers sharing actual payments amounts

information for more than 75% of their active credit cards in December 2012 and for less than 10% in December

2015.Neversare furnishers sharing actual payment amounts information for less than 10% of their active credit

cards in both December 2012 and December 2015. The remaining furnishér$iare excluded from the table:

these are 3.1% of accounts and 1.3% of statement balances.
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Figure E1: CDF of Credit Score
A. CDF

B. CDF by Lender' Actual Payments Information Sharing Decision

Notes: BTCCP data. Panel A shows CDF and Panel B shows CDF by 50 quantiles where thresholds are de ned
globally and xed across classi cations. Results in Panel B are split by classifying credit card furnishers by their
sharing of actual payments information as described in paper section or Table 5 notes. Gray dotted lines divide
credit score into standard segments for subprime (lowest scores), near-prime, prime, prime-plus, and superprime
(highest scores).
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Figure E2: Credit Card Default Rates Conditional on Credit Score
A. 90+ Days Past Due B. Log Odds 90+ Days Past Due

C. 180+ Days Past Due D. Log Odds 180+ Days Past Due

Notes: BTCCP data. Figure shows fraction of credit cards in December 2012 that become delinquent at any point
2013 to 2022 (y-axis) conditional on 50 quantiles of credit score (x-axis). Panel A shows delinquency de ned as any
90 or more days past due (DPD) and Panel B shows this in log odds. Panel C shows for 180 or more DPD and Panel

D shows this in log odds. Results are split by classifying credit card furnishers by their sharing of information on

actual payment amounts as described in paper section or Table 5 notes. Credit score quantile thresholds are
de ned globally and xed across classi cations. Gray dotted lines show quantiles which divide credit score into
standard segments for subprime (lowest scores), near-prime, prime, prime-plus, and superprime (highest scores) fall
in the distribution.
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Figure E3: Credit Card Behaviors Conditional on Credit Score

A. Mean Statement Balance B. Standard Deviation Statement Balance

C. Mean Credit Limit D. Standard Deviation Credit Limit

E. Mean Utilization F. Standard Deviation Utilization

G. Mean Transacting Months H. Standard Deviation Transacting Months

Notes: BTCCP data. Figure shows credit card behaviors conditional on 50 quantiles of credit score (x-axis) for credit
cards in December 2012. Panels A, C, E, and G show means. Panels B, D, F, and H show standard deviations.
Utilization rate is calculated by statement balance divided by credit limit. Results are split by classifying credit card
furnishers by their sharing of information on actual payment amounts as described in paper section or Table
notes. Credit score quantile thresholds are de ned globally and xed across classi cations. Gray dotted lines show
quantiles which divide credit score into standard segments for subprime (lowest scores), near-prime, prime,
prime-plus, and superprime (highest scores) fall in the distribution.
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Figure E4: Credit Card Spending Behaviors Conditional on Credit Score

A. Mean Proxy Spending B. Standard Deviation Proxy Spending

C. Mean Actual Payments D. Standard Deviation Actual Payments

Notes: BTCCP data. Figure shows credit card spending behaviors (y-axis) conditional on 50 quantiles of credit score
(x-axis) for credit cards in December 2012. Panels A and C show means. Panels B and D show standard deviations.
Proxy spending is calculated by change in statement balance where counted as zero if negative. Results are split by
classifying credit card furnishers by their sharing of information on actual payment amounts as described in paper
section or Table 5 notes. Credit score quantile thresholds are de ned globally and xed across classi cations. Gray
dotted lines show quantiles which divide credit score into standard segments for subprime (lowest scores),
near-prime, prime, prime-plus, and superprime (highest scores) fall in the distribution.
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Figure E5: 2013 Credit Card Behaviors Conditional on Credit Score

A. Mean Revolving Debt B. Standard Deviation Revolving Debt

C. Mean Spending D. Standard Deviation Spending

E. Mean Statement Balance F. Standard Deviation Statement Balance

G. Mean Proxy Spending H. Standard Deviation Proxy Spending

Notes: BTCCP data. Figure shows credit card behaviors (y-axis) conditional on 50 quantiles of credit score (x-axis)
for credit cards in December 2012. Panels A, C, E, and G show means. Panels B, D, F, and H show standard
deviations. Proxy spending is calculated by change in statement balance where counted as zero if negative. Results
are split by classifying credit card furnishers by their sharing of information on actual payment amounts as described
in paper section or Table 5 notes. Credit score quantile thresholds are de ned globally and xed across
classi cations. Gray dotted lines show quantiles which divide credit score into standard segments for subprime
(lowest scores), near-prime, prime, prime-plus, and superprime (highest scores) fall in the distribution.
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Figure E6: Credit Card Behaviors of Transactors and Revolvers Conditional on Credit
Score

A. Mean 2013 Spending B. Standard Deviation 2013 Spending
of 2012 Transactors of 2012 Transactors
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Notes: BTCCP data. Figure shows credit card behaviors (y-axis) conditional on 50 quantiles of credit score (x-axis)
for credit cards in December 2012. Panels A and C show means. Panels B and D show standard deviations. Panels A
and C show 2013 spending for accounts transacting the majority of months in 2012. Panels B and D show 2013 to
2022 financing charges net of charge-offs for accounts revolving the majority of months in 2012. Results are split by
classifying credit card furnishers by their sharing of information on actual payment amounts as described in paper
section 2.2 or Table 5 notes. Credit score quantile thresholds are defined globally and fixed across classifications. Gray
dotted lines show quantiles which divide credit score into standard segments for subprime (lowest scores),
near-prime, prime, prime-plus, and superprime (highest scores) fall in the distribution.
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