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Abstract

We study how consumers’ tendency to hold multiple financial products from the same
bank shapes competition and policy in U.S. retail banking. We document pervasive cross-
holding across deposits, credit cards, auto loans, mortgages, and brokerage services, espe-
cially at smaller banks. Combining an original consumer survey on search and switching
with an equilibrium model of bank choice under incomplete consideration, we identify three
forces behind cross-holding: correlated preferences across banks, consideration spillovers
from banks’ cross-selling efforts, and utility complementarities between same-bank products.
Together, the consideration spillovers and the utility complementarities account for a sub-
stantial share of bank franchise value, with reward credit cards in particular functioning as
a loss-leader product whose relationship value far exceeds its standalone margin. Account-
ing for these synergies qualitatively changes standard policy conclusions. A narrow-bank
entrant captures considerably less of the deposit market than a model without complemen-
tarity would predict. Interchange-fee regulation that depresses credit card demand spills
over into deposit competition. And a horizontal merger that appears anticompetitive on a
deposit-HHI screen can become pro-competitive once the merged bank uses its credit card
as a loss leader for a larger depositor base.
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I Introduction

Cross-selling — the promotion of additional financial products to existing customers
— is a cornerstone of modern retail banking. The 1998 merger of Travelers Group and
Citicorp sought to create a “financial supermarket”, a one-stop shop for all consumer
tinancial needs. By 2014, Chase’s retail banking division was generating approximately
$4 billion in gross revenue through cross-selling, with roughly half arising from syner-
gies between its credit card and consumer banking operations (JPM, 2015). The practice
drew widespread criticism after the 2016 Wells Fargo fake account scandal, yet it has
remained a defining feature of the retail banking landscape.

Despite this practical significance, academic research and regulatory policy have
largely approached each banking product market in isolation. The literature on bank
franchise value, for example, focuses primarily on deposit market power (Egan et al.,
2017; Drechsler et al., 2021). The literature on credit card regulation examines how caps
on interest rates and interchange fees affect consumers” use of credit (Agarwal et al.,
2015; Wang, 2023). Bank merger reviews, following longstanding federal guidelines,
similarly assess competitive harm primarily through deposit market concentration alone
(U.S. Department of Justice, 1995; U.S. Department of Justice and Federal Trade Com-
mission, 2023). These studies offer valuable insights but share a common blind spot:
how regulatory changes or shifts in competitive structure within one product market
spill over to others.

In this paper, we examine how consumers build portfolios of financial products and
assess the implications of cross-selling for competition and policy in retail banking. First,
using three U.S. consumer surveys, we document empirical patterns in consumers’ cross-
product holdings — including deposit accounts, credit cards, mortgages, auto loans,
and investment accounts — across banks. Second, we develop and estimate a model of
how consumers choose deposit accounts and credit cards over time. Third, we use the
estimated model to derive new insights on the sources of banks’ franchise value, policy
spillovers between deposit and credit card markets, and the competitive effects of bank
mergers.

Our analysis leverages three consumer surveys: the Survey of Consumer Finances
(SCF), the MRI-Simmons Ultimate Survey of Americans, and an original survey of U.S.
adults conducted on the Prolific platform. The first two are large, nationally repre-
sentative studies that document consumers’ financial product portfolios across banks in
detail. Our Prolific survey complements these with data on consumers’ search processes,
account-switching histories, and responses to hypothetical choice scenarios.



Our central fact is that many consumers choose banks, not individual products.
Across the SCF, MRI-Simmons, and Prolific surveys, roughly 35% of consumers with
one checking account and one credit card hold both at the same bank — more than
tive times the 6.4% benchmark implied by independent product choice. The pattern is
especially pronounced at smaller banks. At megabanks like Chase and Bank of Amer-
ica, depositors are on average 6 times more likely to hold the bank’s credit card than
non-depositors; at regional banks such as PNC or Citizens, this ratio exceeds 60. We
document analogous patterns for auto loans, mortgages, and brokerage accounts, with
cross-holding rates of 15%, 18%, and 8% respectively — all well above the corresponding
independent-choice benchmarks.

Additional cross-sectional patterns point away from a purely informational expla-
nation of cross-holding. The relationship-banking literature emphasizes how deposit
accounts generate information about borrower risk, enabling banks to offer better prices
or more favorable underwriting to existing customers (Puri et al., 2017; Agarwal et al.,
2018; Parlour et al., 2022). Yet we find similar cross-holding rates among high-credit-
score consumers who use credit cards as a payment instrument and among low-credit-
score consumers who revolve balances. The information channel applies most natu-
rally to the latter group but cannot account for cross-holding among high-credit-score
transactors, who face minimal underwriting barriers at any lender. These patterns there-
fore point to preference heterogeneity and product complementarity, beyond asymmetric
information, as the primary drivers of cross-holding.

While these cross-sectional patterns are striking, they cannot on their own distin-
guish between the mechanisms driving cross-holding. Consumers may simply have
correlated preferences across products — a consumer drawn to Chase’s branch network
and reputation may prefer it for both deposits and credit cards, generating cross-holding
without any causal connection between the two decisions. Alternatively, cross-holding
may reflect causal channels: banks” cross-selling efforts may funnel existing customers
into considering additional products, and consumers may derive direct utility from con-
solidating their banking products at a single institution. These mechanisms have funda-
mentally different implications for competition and regulatory policy (Gentzkow, 2007).
Under correlated preferences alone, cross-holding is a form of consumer sorting and
carries no strategic implications. When causal mechanisms are operative, the strate-
gic landscape changes: banks find it profitable to use loss leaders to generate demand
for complementary products, and consumers’ tendency to bundle insulates incumbents
against entry and transmits competitive or regulatory shocks from one product market

to another.



We designed our survey to gather direct evidence on each of these mechanisms. For
each respondent’s most recent primary deposit account and credit card opening, we
reconstruct the search process: the prior accounts they held, the banks they consid-
ered, exposure to direct-mail advertising, and the factors they found most important in
the decision. We complement this with a set of discrete choice experiments in which
respondents indicate how they would react to hypothetical price changes for a focal
product and — for cross-holders — how they would respond if their bank closed their
account for the complementary product. In each scenario, respondents report whether
they would remain with their current bank or switch.

The survey responses point to all three mechanisms. Consumers who consider a bank
for a deposit account also tend to consider the same bank for a credit card — even when
they ultimately chose neither — indicating that consideration probabilities are correlated
across products. Consumers who hold a product at a bank are considerably more likely
to include that bank in their consideration set for the other product, showing that ex-
isting banking relationships shape the search process. Many cross-holders report that
they would switch their focal product if their bank closed the complementary account,
indicating that consumers derive direct utility from holding both products at the same
institution.

We then develop an empirical model of consumer choice over deposit accounts and
credit cards in which consumers stochastically receive opportunities to switch one prod-
uct at a time. When a switching opportunity arrives, the consumer forms a consideration
set (Goeree, 2008) and selects the utility-maximizing bank. The model embeds all three
mechanisms: correlated bank preferences, consideration spillovers from existing product
holdings, and direct utility complementarity between products held at the same institu-
tion. Banks set prices to maximize the present discounted value of future profits in a
Nash equilibrium, internalizing the cross-product spillovers through which competitive
pricing in one market helps attract customers in the other. We model two consumer
types: transactors, who pay their credit card balance in full each month and optimize
over the rewards rate, and revolvers, who carry balances and optimize over the APR
(Drechsler et al., 2025). We estimate demand via a Monte Carlo EM algorithm (Train,
2008), recovering consumer-level heterogeneity in attentiveness, bank preferences, price
sensitivity, and taste for cross-holding.

The estimated model lets us reassess bank franchise value and the role of comple-
mentarity in regulation and competition. Credit cards prove far more important for
franchise value than accounting profits suggest. Although direct credit-card profits ac-

count for roughly 40% of the combined deposit-and-credit-card franchise, eliminating



credit cards would cost banks around 60% of their total profits. Most of this gap is
driven by rewards credit cards: even though banks roughly break even on these cards,
rewards cards help retain high-income depositors at the bank, making them a loss-leader
for the higher-margin deposit franchise. For many large banks, rewards-card margins
would be one-third higher were it not for this loss-leader strategy.

The same complementarity also generates spillovers across markets in policy coun-
terfactuals. A narrow bank offering only deposits captures a meaningful deposit share,
but considerably less than a model without complementarity would predict: consumers
who value cross-holding stay with their multi-product bank even at the entrant’s higher
deposit rate. Entry also influences the credit card market, as incumbents who lose
depositors also shed credit share. Similarly, interchange-fee regulation that depresses
credit-card demand carries significant deposit-market spillovers, because banks rely on
credit card relationships to retain depositors. Chase, whose retail franchise is among
the most exposed to cross-selling, loses deposit share even as it raises its deposit rate to
compensate.

Finally, we apply our framework to a horizontal merger between Citi and the super-
regional bank to show how complementarity can flip the competitive verdict. Without
complementarity, joint ownership increases concentration and raises prices — the stan-
dard anticompetitive prediction. Once complementarity is restored, the merger becomes
profitable for a different reason: each firm’s credit card can now serve as a loss leader for
the other’s deposit base, expanding the cross-selling scope that neither firm could ex-
ploit alone. The combined firm makes credit-card rewards substantially more attractive
— using the card as a loss leader across its expanded portfolio — while letting deposit
rates drift slightly lower to harvest surplus from its captive base. Rivals respond by
raising their own deposit rates — the opposite of what a concentration analysis predicts.
The full Nash response is invisible to a standard deposit-HHI screen: the competitive
action runs through credit-card pricing and rivals” defensive responses on deposits, not
through deposit concentration alone.

This paper contributes to several strands of literature. We show that cross-product
complementarity is a significant source of bank franchise value and market power, ex-
tending recent work on the industrial organization of financial markets. This literature
has largely studied individual product markets in isolation — deposit accounts (Egan
et al.,, 2017; Honka et al., 2017), credit cards (Stango and Zinman, 2016; Nelson, 2018;
Cuesta and Sepulveda, 2021; Galenianos and Gavazza, 2022; Wang, 2023; Drechsler et
al., 2025), and wealth management (Hortagsu and Syverson, 2004; Hastings et al., 2017;

Brown et al., 2023). We complement this work by developing an equilibrium model of



multi-product bank competition that reveals how cross-selling shapes banks’ strategic
incentives and market power.

We provide additional evidence for demand-based theories of economies of scope in
retail banking. Most studies on cross-selling in finance have focused on economies of
scope in corporate banking (Hellmann et al., 2008; Laux and Walz, 2009; Ivashina and
Kovner, 2011; Santikian, 2014; Qi, 2024). In retail banking, Puri et al. (2017); Agarwal
et al. (2018); Parlour et al. (2022) argue that information from deposit accounts helps
lenders mitigate credit risks, providing one foundation for why depository institutions
make loans. We contribute a complementary foundation: cross-holding rates are strik-
ingly similar across consumers with very different credit profiles, pointing to consumer
search behavior and preferences as an additional driver. Basten and Juelsrud (2023) and
Aguirregabiria et al. (2024) document related scope economies in retail banking. We
build on this literature by separately identifying the mechanisms behind cross-holding
— correlated preferences, consideration spillovers, and utility complementarity — and
tracing their equilibrium implications for pricing, entry, and regulatory policy.

Our paper also contributes to the literature on the use of survey data to identify
demand models (Petrin, 2002; Berry et al., 2004; Grieco et al., 2024). We innovate by
showing how questions about past product changes can help identify demand even
in markets featuring switching costs and choice frictions. Our purpose-built survey
collects consumers’ consideration sets, search histories, and stated responses to hypo-
thetical shocks — moments that directly inform the structural mechanisms of interest.
Although these survey data carry well-known limitations, this approach offers a valu-
able complement to revealed-preference methods, uncovering dimensions of consumer
financial behavior that aggregate market shares alone cannot identify.

More broadly, our paper relates to the literature on search and bundling. On the
search side, we characterize how consumers’ narrow consideration sets and infrequent
reoptimization shape bank market power and the returns to cross-selling, connecting
our work to the literature on limited consideration (Goeree, 2008, Honka et al., 2017)
and consumer inattention in financial markets (Egan et al., 2025). On the bundling
side, while explicit bundle discounts are uncommon in U.S. retail banking, cross-selling
strategies and product complementarity generate similar patterns of cross-holding. We
show that consumers’ decision to “bundle" creates significant entry barriers for single-
product firms (Whinston, 1989; Nalebuff, 2004).

The rest of the paper is organized as follows. Section II describes the data. Section
III presents stylized facts on cross-holding behavior using three complementary surveys

of U.S. consumers. Section IV introduces an equilibrium model of consumer choice and



bank competition in the deposit account and credit card markets. Section V estimates
the model. Section VI presents counterfactual exercises. Section VII concludes.

II Data

We combine three complementary datasets to describe and analyze household choices

of financial products.

Survey of Consumer Finances (SCF) Our first dataset is the 2022 Survey of Consumer
Finances (SCF), the latest wave of the triennial survey conducted by the Federal Re-
serve Board. The SCF is widely regarded as the most comprehensive source on the
finances of U.S. households. We use the 2022 Full Public Data Set, which includes de-
tailed information on the financial positions and demographic characteristics of 4,595
households.

The SCF documents ownership of a broad set of financial products, including deposit
accounts, credit cards, auto loans, mortgages, and brokerage services. Although bank
anonymity has limited prior retail banking research,! we exploit a key structural detail:
the SCF assigns consistent institution codes within households across different products.
This allows us to identify whether a household holds multiple products at the same
institution (e.g., cross-holding of a checking account and a mortgage). One important
limitation is that we cannot measure cross-holding patterns at the level of specific banks.

MRI-Simmons USA (MRI) Our second dataset, the MRI-Simmons USA Study (MRI),
complements the SCF by identifying the specific financial institutions consumers use. A
large-scale, nationally representative survey, MRI provides detailed product-ownership
records alongside demographic data. We primarily use the 2021 and 2022 waves (ap-
proximately 100,000 consumers); we additionally draw on the 2020 wave (referred to
as NHCS, approximately 40,000 consumers), which captures consumer tenure at their
financial institutions. MRI’s product coverage is narrower than the SCF’s, focused on de-
posit accounts, credit cards, and brokerage services, but it overcomes the SCF’s anonymity
restriction. 9 banks in the data offer both deposit accounts and credit cards: Chase, Bank
of America, Wells Fargo, Citi, Capital One, U.S. Bank, PNC, TD Bank, and Citizens.
Among these, Chase, Bank of America, and Wells Fargo also offer brokerage services.
Two important limitations remain in both datasets. First, as they are repeated cross-

sections, we observe static product portfolios rather than consumers’ search or switching

'The survey anonymizes financial institutions, preventing direct identification of which bank a
household uses.



behavior over time. Second, they capture consumers’ cross-holding decisions in equilib-
rium but not banks’ cross-selling strategies that shape these patterns. Our Prolific survey
is designed to address both gaps.

Original Prolific Survey To overcome these limitations, we fielded an original survey
of approximately 955 U.S. consumers on Prolific. The survey takes around ten minutes,
and each participant receives $3 upon completion. The survey mirrors the MRI structure
by collecting data on all deposit and credit card holdings by each consumer, distinguish-
ing between primary and other accounts. As shown in Table 2, our sample tracks aggre-
gate market shares in the deposit and credit card markets reasonably well, although it
modestly overrepresents customers of online-focused banks such as American Express,
Capital One, and Discover.

The survey introduces two novel features designed to better understand consumer
choices. First, we reconstruct consumers’ search and switching history. For each respon-
dent’s most recent primary account opening, we elicit the timing of the decision, their
consideration set (the set of banks they looked into or reviewed), prior account choices,
and exposure to direct-mail advertising.

Second, we use a stated-preference design to collect information on substitution pat-
terns and complementarities. We ask consumers to identify their ‘ideal” bank for a
specific product if they were to make a choice de novo today. Differences between this
ideal and their current choice indicate inattention or switching costs. We also elicit their
‘second-best” choice if their ideal bank were not available. Finally, to measure cross-
product complementarities, we present respondents with hypothetical shocks, such as
an increase in competitors’ deposit interest rates, a reduction in credit-card rewards, and,
for cross-holders, the closing of one account by their bank. These questions resemble the
“discrete choice experiment" commonly used to estimate the value of non-wage ameni-
ties and labor-supply elasticities (Mas and Pallais, 2017, 2019; Caldwell et al., 2025). The
resulting switching probabilities provide key empirical moments needed to estimate the
magnitude of demand-side complementarities.

We carefully design our survey instrument to mitigate potential framing and order
effects.2 For example, to minimize framing, we elicit the respondent’s consideration
set before asking about their prior banking relationships. This ordering ensures that
consideration-set reports are not contaminated by the respondent’s recall of their prior
banks. Similarly, we present the product discontinuation shock prior to the price shocks.

The survey can be accessed at the following link: https://kellogg.qualtrics.com/jfe/form/SV_
eXKO0bVgGMnzCcGa.


https://kellogg.qualtrics.com/jfe/form/SV_eXK0bVgGMnzCcGa
https://kellogg.qualtrics.com/jfe/form/SV_eXK0bVgGMnzCcGa

This ensures that responses to the “unbundling shock" are not anchored by the price
sensitivity elicited in the subsequent questions.?

Table 1 compares key characteristics across our data sources. Panel A shows that
median incomes are broadly comparable across sources, ranging from $62k in our Pro-
lific sample to $71k in the SCF; our Prolific sample somewhat overrepresents college-
educated consumers, consistent with known selection patterns on online survey plat-
forms. Product ownership rates in Panel B are similar across datasets. Panels C1 and
C2 reveal substantial differences in deposit balances and credit card spending between

revolvers and transactors, a pattern we exploit in calibrating our supply-side model.

Additional Data To complete the supply-side analysis, we collect price data from sev-
eral additional sources. We combine financial filings from banks and payment volume
data from the Nilson Report to estimate average rewards expense by bank. We use the
CFPB Terms of Credit Card Plans (TCCP) survey to obtain average credit card APRs
by bank. We use the quarterly Y-14 bank holding company filings to measure average
bank deposit rates as the ratio of interest expense on domestic deposits to total domestic
deposits.

III Stylized Facts

We document four stylized facts on the prevalence of cross-holding and three poten-
tial channels — correlated preferences, consideration spillovers, and utility complemen-
tarity — through which cross-holding arises.

We measure cross-holding using two complementary approaches. Our aggregate cross-
holding rate captures the fraction of consumers who hold a checking account and a second
tinancial product at the same bank. To compute this rate, we restrict the sample to
consumers with exactly one checking account and exactly one secondary product (e.g.,
one credit card), so that the definition of cross-holding is unambiguous.* Our bank-
specific conditional share measures the probability of holding product B at a specific named
bank j, conditional on holding product A at the bank. We compute this measure using
the full sample, without restrictions on the number of accounts, in both MRI and our

3 Any potential anchoring effects on price sensitivity can be assessed by comparing the responses of
cross-holders to those of non-cross-holders, who were not presented with the unbundling shock.

“In MRI and our Prolific survey, banks outside a set of named institutions are grouped into a residual
“Other” category. We exclude consumers for whom both products are assigned to “Other,” because it
is not clear whether they are cross-holding at the same bank. This exclusion affects a nontrivial share
of consumers in MRI and Prolific, where a meaningful fraction of respondents hold products at banks
outside the set of named institutions. The SCF does not face this issue: although it anonymizes bank
names, it assigns consistent institution codes within each household, so we can determine whether two
products are held at the same institution regardless of which bank it is.
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Prolific survey; it cannot be computed from the SCEF, where institution identities are

anonymodus.

Fact 1. Cross-holding is pervasive across all demographic groups and represents a fivefold increase
over a benchmark of independent product choices. Reliance on cross-holding is significantly
greater among smaller, regional banks.

Figure 1 documents a consistent pattern of within-bank bundling across deposit ac-
counts, credit cards, auto loans, mortgages, and brokerage accounts using the aggregate
cross-holding rate computed from all three datasets (SCF, MRI, and Prolific). Approxi-
mately 35% of consumers with exactly one checking account and one credit card hold
both at the same bank, while the analogous rates for auto loans, mortgages, and bro-
kerage accounts are 15, 18, and 8 percent, respectively.” To contextualize the magnitude
of cross-holding, we construct a benchmark of independent choices based on aggregate
market shares. If consumers selected deposit accounts and credit cards independently,
only 6.4% would hold both at the same bank. The observed 35% cross-holding rate is
thus more than five times the level implied by independent choices.

The propensity to cross-hold is remarkably stable across demographic groups. Fig-
ure 2 shows nearly identical cross-holding rates across different levels of income, edu-
cation, and credit scores, as well as between credit card transactors and revolvers, repli-
cated across all three datasets. This uniformity helps distinguish our findings from the
“information channel” emphasized in prior literature (Puri et al., 2017, Agarwal et al.,
2018; Parlour et al., 2022) — the hypothesis that banks use deposit data to better assess
credit risks and lend to depositors who would face higher underwriting standards else-
where. We find that cross-holding is just as prevalent among high-credit-score individ-
uals who face minimal underwriting barriers, and among “transactors” who optimize
over publicly posted reward rates. This suggests the decision to bundle reflects pref-
erence heterogeneity or product complementarity, rather than asymmetric information
alone.

Cross-holding is also associated with lower financial sophistication. Using the MRI
sample, we regress an indicator for cross-holding on consumer characteristics (Table 3).
Column (1) restricts to consumers with exactly one checking account and one credit card,
while Columns (2) and (3) use the full sample of consumers with at least one of each.
Consumers in specialized financial roles, such as CFOs and treasurers, and those who

hold stocks or tax-advantaged investments are substantially less likely to cross-hold.

SThe absolute level of the cross-holding rate varies somewhat across datasets because of differences in
bank coverage and the share of consumers assigned to unidentified institutions, but the qualitative pattern
is consistent.



This pattern reveals heterogeneity in how consumers weigh the convenience of one-
stop banking against shopping across providers: financially sophisticated consumers
are more likely to mix and match across banks, while others place greater value on
consolidating products at a single institution.

Finally, we use the bank-specific conditional shares to document that smaller banks
are disproportionately dependent on cross-holding. Figure 3 plots each bank’s credit
card market share separately among its depositors and non-depositors, using the full
MRI sample. We define the cross-holding ratio for bank j as the ratio of these two condi-
tional shares: the probability of holding a credit card at bank j given a deposit account
there, divided by the same probability given no deposit account at bank j. For “mega-
banks” like Chase and Bank of America, the cross-holding ratio averages roughly 6 x (4 x
for Chase, 8x for Bank of America). For regional banks such as PNC or Citizens, this
ratio exceeds 60. For these smaller banks, credit card adoption is almost entirely driven
by the deposit relationship, while megabanks attract a meaningful share of standalone
credit card customers. We document a symmetric pattern for deposit account market
shares conditional on credit card ownership in Figure 3. These results suggest that the
“relationship multiplier” is central to customer acquisition at smaller banks, even though
their thin credit card franchises limit the absolute dollars involved compared to those at
the megabanks.

Fact 2. Consumers do not continuously optimize their bank choices and switch banks infre-
quently.

Figure 4 shows the distribution of consumer tenures at their current banks, drawn
from our Prolific survey.® The median tenure for a primary deposit account is 8 years.
About 46% of consumers have been using the same bank for over a decade, while only
2.3% switched their deposit account in the past year. The median tenure for a primary
credit card is 6 years, and 37% have maintained the card for at least 10 years. Only 4.5%
of consumers opened their primary deposit account and credit card simultaneously,
suggesting that consumers typically do not search for or acquire these products at a
single point in time.

The long tenures suggest that banks retain consumers for extended periods once they
are acquired. To gauge whether this stickiness reflects true satisfaction or underlying
frictions, we asked respondents to identify their “ideal” bank for a deposit account or

a credit card if they were to make a choice de novo today. For deposit accounts, 9.9% of

®We ask each respondent to recall when they opened their primary accounts. Because of imperfect
recall and rounding, we observe masses at 5, 10, and 15 years in the reported tenure distributions.
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respondents prefer a bank different from their current provider, more than four times
the 2.3% who actually switched accounts in the past year. We find a similar wedge for
credit cards, where 10.7% of consumers identify a different “ideal” issuer, compared
with only 2.5% who obtained a new primary credit card in the past year. These large
gaps between consumers’ stated preferences and actual choices suggest that infrequent
switching partly reflects consumer inattention or switching costs (Egan et al., 2025).

The remaining two facts draw on our Prolific survey, which we designed to recover
the search and complementarity mechanisms that cross-sectional shares cannot identify
on their own. For each respondent’s most recent primary deposit account and credit
card, we record the prior bank, the set of banks they “looked into or reviewed” during
the search, exposure to direct-mail advertising, and the factors they viewed as most
important in the choice. We then elicit stated responses to a sequence of hypothetical
scenarios at their current bank: changes in deposit rates, credit card rewards, and credit
card APRs, and, for cross-holders, the closing of the complementary product.

Fact 3. Consumers are significantly more likely to consider their current bank when searching
for a new product.

Banks’ cross-selling efforts are designed to funnel existing customers into additional
product lines, potentially generating the patterns of cross-holding documented above.
To identify this mechanism, we use our Prolific survey, in which respondents listed
the specific banks they “looked into or reviewed” during their most recent account
search. By matching these consideration sets with the consumers’ pre-existing banking
relationships, we quantify the impact of current holdings on the search process.

Consideration sets are narrow: consumers considered an average of only 2.0 banks
for deposit accounts and 2.5 banks for credit cards (Appendix Figure A.3). Table 4 shows
clear evidence of relationship spillovers: owning one product from a bank increases the
likelihood of considering that bank for a new product by 6 to 11 percentage points. These
relationship spillovers expand the overall consideration set rather than shifting consid-
eration away from rivals. For example, consumers with an existing deposit account at a
bank offering credit cards considered an average of 2.4 credit card products, compared
to 2.1 among non-holders.

Table 4 also documents the role of correlated brand preferences. Conditional on
current holdings, consumers who consider a bank for one product are approximately 25
percentage points more likely to consider it for the other. This strong co-consideration,
likely driven by brand-level advertising or general reputation, indicates a high degree of

correlation in consumers’ consideration sets across markets.
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Fact 4. Cross-holding consumers exhibit high switching probabilities in response to forced un-

bundling, indicating substantial perceived complementarities from bundling.

We use the stated-preference module of our Prolific survey to elicit consumers’ re-
sponses to a “discontinuation shock”: we ask cross-holders whether they would switch
their primary bank for one product if the bank closed their account for the other. We
benchmark these responses against sensitivity to standard price shocks, such as changes
in deposit rates, credit card reward rates, and credit card interest rates.

Figure 5 summarizes the results. Approximately 32% of cross-holders would switch
their deposit account if their bank closed their credit card. This fraction is comparable to
the 40% of transactors and 27% of revolvers who would switch in response to a 50-basis-
point increase in competitors’ savings account interest rates. Similarly, 36% of cross-
holders state they would switch credit cards if their bank closed their deposit account.
This switching probability can be benchmarked against 56% of transactors switching if
reward rates fell by half a percentage point, and 72% of revolvers switching if credit card
interest rates increased by 5 percentage points.

If cross-holding reflected only prior cross-selling or correlated preferences, losing one
product should leave demand for the other unchanged. The large fraction of switchers
following the discontinuation shock — around one-third of cross-holders — rules this
out. These responses provide direct evidence that the convenience of one-stop service is
a first-order driver of cross-holding.

IV Model

A dynamic model of consumer choice over deposits and credit cards separates the
three mechanisms behind cross-holding: correlated preferences, increased consideration,
and true utility benefits. The three mechanisms have sharply different implications for
competition: correlated preferences create neither loss-leader pricing incentives nor en-
try barriers, increased consideration generates loss-leader pricing but not entry barriers,

and x" generates both. Separating them is therefore essential for the counterfactuals.
IVA Demand

Consumer i’s state is the pair x; = (x;j1, xj2) of current bank choices across the deposit
(k = 1) and credit card (k = 2) markets. Let j denote a bank, k € {1,2} a product
category, and t time.

Consideration and Choices Motivated by Fact 2, we assume that consumers are usu-

ally inattentive and do not continuously optimize their choices. Instead, opportunities
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for consumer i to reconsider product k arrive stochastically according to a Poisson pro-
cess with arrival rate Ajz. We emphasize that Aj captures the rate at which already-
adopted product choices are revisited; the timing of a consumer’s initial adoption of
product k is taken as given and is not structurally modeled. These reconsideration op-
portunities arrive independently across products, consistent with our survey evidence
that consumers typically search for and acquire these products sequentially rather than
simultaneously. This independent arrival structure implies that when an opportunity
to switch one product arises, the consumer’s choice of the other product remains fixed,
acting as a state variable that influences both the set of banks considered and the utility
derived from the choice.

When a switching opportunity for product k arrives at time ¢, the consumer forms a
consideration set Cj; C Ji (Honka et al., 2017). The probability that consumer i consid-
ers a specific set of banks Cjy;, given their current state x;, is the product of individual
consideration probabilities:

Pi(Cirelxi) = TT iw(xi) - TT (1= use(x:)), (1)
J€Cikt J#Cixt
where ¢;j(x;) is the probability that bank j is included in the consideration set for prod-
uct k, conditional on x;. Consumers automatically include their current bank in the
consideration set. For other banks, the probability of consideration follows a logistic
form:

1 Xik = ]
Pijk (xi) = .

1+exp(—zijk(xi))

Xik 7 ],

where the latent consideration index zijk(xi) is defined as:

zie(xi) = Vi + 0 0(x;,—k = J)- ()

This index zl-]-k(xl-) captures two distinct forces. The first term, Vf].k, is a consumer-
specific visibility of bank j’s product k. The second term, x{1(x; _x = j), captures cross-
selling effects. If a consumer holds product —k at bank j, this increases the probability
of considering bank j for product k (Fact 3). Consistent with our survey evidence, we
assume cross-selling expands consideration sets rather than crowding out rivals.

Given a consideration set, consumer i chooses bank j € Cj; to maximize utility. The
utility for bank j’s product k (given state x;) is defined as:
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wijke (Xi) = Vi + aipje + Xig1(Xi,—k = J) +eijees 3)

Sijic(x;)

where vi’;k represents the consumer-specific quality of bank j’s product k, and a;pj
captures price sensitivity. In this setting, pjx is signed so that consumers prefer higher
values of pjx. This is natural for the deposit interest rate for a deposit account, or the
reward rate for credit card transactors. For credit card borrowers, we define price as
—APR. Appendix Figure A.6 reports the observed deposit rates, reward rates, and APRs
we target across banks. Under this parameterization, a;; > 0.7 The term X (xi—x = J)
measures the perceived complementarity from holding both products at the same bank,
as documented in Fact 4.8 The idiosyncratic match value &ijkt is assumed to follow a

Type 1 Extreme Value distribution.

Unobserved Heterogeneity We allow consumer-level heterogeneity in the bank-preference
:,
rival rates Aj, collected in a consumer-specific type vector 6;. The consideration com-

intercepts v vf‘j, the price sensitivities a;;, the utility complementarities xj, and the ar-
plementarity x; is treated as homogeneous, since the data identify its mean (Fact 3)
but not a separate consumer-level variance. We defer the parametric form of the type
distribution to Section V.A.

The conditional probability that consumer i chooses bank j from a consideration set

Cig is:

exp (dij(x7))
1+ Yrecy\ oy ©XP (Gink(xi))

The unconditional choice probability, 1 (x;) is the weighted average across all possible

(4)

sijk(xi, Cik) = 1{j € Cy} x

consideration sets:

mie(xi) = Y Py(Cielxi)siji(xi, Cik) (5)

Ciee2%

Steady-State Market Shares The choice processes described above generate dynamic

cross-product linkages through spillovers across product lines. A bank’s success in one

"The model describes a specific type of credit card consumer. We separately estimate the model for
transactors, who pay their balance in full each month and focus on the reward rate, and revolvers, who
carry a balance and are more concerned about interest rates.

8This term may reflect genuine complementarity, such as the convenience of a unified mobile app, or
misperceptions induced by banks” cross-selling efforts. In the latter case, this term affects decision utility
without conferring real benefits, thereby introducing choice distortions (Allcott, 2013).
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market depends on its presence in the other, via both cross-selling effects and prod-
uct complementarities. We characterize each consumer’s long-run holdings using a
continuous-time Markov framework (Arcidiacono et al., 2016). This approach simpli-
ties the high-dimensional transition space by assuming that consumers reconsider one
product at a time (Fact 2).

For each product k, let Q;(6;) be consumer i’s transition intensity matrix, whose
(x,y)th element qfk_w gives the rate at which consumer i moves from state x to state
y on product k. Given the consumer-specific arrival rate Aj and conditional choice

probabilities m;j(x), the transition rates are:

0, if x_p #y_i
x—=y .
T~ = \ ik Miyk(X), if xp # yr and x_x = y_y, (6)
—Aik (1= mjppe(x)), ifx=y.

The first case reflects our assumption that the switching opportunities arise for only
one product at a time. When the opportunity to switch product k arrives, there are no
transitions between states that differ on the other product —k. The second case describes
the transition rate from bank xj to y;. The diagonal elements g3 ’* represent the total
rate of transitioning out of the current state, which equals the negative of the sum of
transition probabilities to all other states.

Under the assumption of independent Poisson arrivals of switching opportunities,
the aggregate transition intensity matrix for consumer i is the sum of product-specific
intensities: Q;(6;) = Qi1(0;) + Qi2(6;). Consumer i’s steady-state holding distribution

5,(6;) is the unique row vector satisfying

5i(6) Qi(6;) =0, ) 5(x;6) =1 (7)

To obtain aggregate market shares, average over the population distribution of types:
5(6,Z) = Eo[5:(0)].
We can also derive the transition probabilities over finite intervals from the model.

For any time interval ¢, consumer i’s transition matrix is the matrix exponential

oo N
Si(t) =exp(t-Q;) = Z (t%) ) (8)
k=0 :

In Appendix B, we solve a simple example with two symmetric banks and cross-
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holding complementarity. We show that it is straightforward to compute the choice
probabilities, the transition intensity matrix, and the equilibrium market shares under
this framework.

IV.B Supply

In our setting, banks’ pricing decisions are distinctive in two ways. First, pricing
decisions generate significant spillovers across product lines. A competitive price for
one product, such as a high deposit rate, attracts new customers who may subsequently
adopt the other product. As a result, the marginal value of a new customer exceeds
the flow profits from any single product. Second, consumer inattention implies that de-
mand responds only slowly to price changes. This consumer inertia grants banks tempo-
rary market power, allowing them to widen margins before existing “sleepy” customers
respond.

Forward-looking banks set prices to maximize the present discounted value (PDV) of
future profits across both product lines, taking the competitors” prices as given. Because
consumers are heterogeneous, the bank’s profit is the expectation of the discounted flow
payoff across the population distribution of types:

max I;(pj, p-j) = Eo { /0 " e5,(0) e (ripr)t hj(6)dt| . ©)

For each type 0, the inner expression is the PDV of flow profits from a consumer whose
initial distribution is the type-specific steady state 5;(6) and whose holdings evolve ac-
cording to Q;(pj, p—j;0). The flow profit vector is h;(6) = Yi_; Ojx by 7tjr, where Oj
identifies the states in which a consumer holds bank j’s product k, 7j is the per-unit
profit margin, and by is the average account balance.” The balances b; do not depend on
6 because consumer types 0 are drawn within a given transactor/revolver segment, and
we calibrate balances at the segment level.

Each type’s inner integral admits a closed-form solution via the resolvent of its gener-

ator matrix. At discount rate r, the type-specific resolvent is

R(pj,p-j;0) = (rT = Qi(pj p-j;0)) " :/0 et ilbir Ot dt, (10)

9We calibrate each account balance parameter using the simple average of median values from in-
dependent survey sources (SCE, NHCS, and MRI), separately by consumer type. Appendix C provides
details of the calibration procedure. The margin 7j is 7jx — pjx for deposit accounts and credit card transac-
tors, where rj; represents investment return on deposits and the interchange fee revenue, respectively. For
credit card revolvers, the margin is (—pjx) — cjx = APR — cj, consistent with the demand-side convention
pjx = —APR, where cj; is the bank’s cost of funds from overhead and default risk.
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which is well-defined because each Q; is a generator matrix with non-positive real eigen-
values and r > 0. Applying this identity, the profit function simplifies to an expectation

over types:

ITi(pj, p-j) = Eq[5:(0) R(pj, p—j; 0) hj(6)] - (11)

For any type 6, the resolvent R(;0) = (rI — Q;(6)) ! converts the instantaneous transi-
tion rates in Q; into the discounted expected time each consumer spends in each banking
state. The population profit in Equation 11 averages these type-specific lifetime values.
Our supply-side model is “essentially static”, following Brown et al. (2023). While
banks internalize that market shares evolve slowly as consumers respond to price changes
with a lag, they do not set prices period by period based on the current state. Instead,
banks set long-run optimal prices, recognizing that demand is slow to respond due to
consumer inattention. Lower arrival rates of switching opportunities imply slower ad-
justments, which grant banks greater market power over their existing “sleepy” customer

base.

First-Order Conditions The resolvent representation yields clean first-order conditions
for pricing. Differentiating Equation 11 with respect to pj requires the derivative of
each type’s resolvent. Applying the matrix inverse identity 9A™1 = —A"1(9A)A~! to
R(-;0) = (rI — Q;(0)) ! gives:10

IR (6) Qi ()
=R(0 R(0). 12
p = RO G P RO 12
Since dh;/dpjx = —Ojxby for all products (this holds for revolvers because 7j; =

—Ppjk — Cjx under our sign convention), the first-order condition dI1;/dp;x = 0 takes an
expectation over types on both sides:

0Q;(0)

g |5i(6) R(6) i R(6) hj(0) | = Eq[5:(0) R(6) O by] - (13)
] A ~~ 4
N Infra-marginal cost

Marginal benefit of gained customers

Banks balance the long-run benefit of attracting customers against the cost of lower
margins on the existing customer base. Recall that pj is defined in consumer-favorable
units (deposit rate, rewards rate, or negative APR), so raising Pik makes the bank more
attractive but reduces per-customer profits. The left-hand side of Equation 13 is the

marginal benefit. A more generous price alters the transition rates, drawing consumers

19The two negative signs (one from the inverse identity, one from d(rI — Q;) = —9Q;) cancel out.
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into bank j’s products and raising the discounted lifetime flow of profits across both
product lines. Because ; aggregates profits from both products, banks internalize that
gaining a deposit customer today also raises the future probability of earning credit card
margins from that same individual, and the cross-product value amplifies the incentive
to compete on gateway products. The right-hand side is the infra-marginal cost. The
bank sacrifices by dollars of margin on every existing holder of product k, and because
switching is stochastic and infrequent, there are many such infra-marginal consumers.

In the estimation, we evaluate the outer expectation Egy[-] by a Monte Carlo aver-
age over M draws from the estimated type distribution, M~' Y™ 5,(8,,) R(6m) (- - -).
Section V details this computation.

In the empirical implementation, we impose separate credit card FOCs for transactors
(reward-rate) and revolvers (APR), because the two segments respond to different price
dimensions. The deposit rate FOC pools across segments, since deposit pricing enters
both groups’ utility symmetrically. Section V gives the computational details.

V Estimation and Results

Estimation translates the survey facts of Section III into quantitative estimates of all
three cross-holding mechanisms: correlated preferences, increased consideration, and
true utility complementary. Consistent with the reduced-form facts, the resulting esti-
mates suggest that all three mechanisms are active. We then invert the demand model to
recover banks’ costs. The resulting estimates of margins are similar to past work, and our

model also matches untargeted moments on how bank tenures vary across consumers.
V.A Parametric Restrictions on Heterogeneity

The bank-product preferences are jointly normal in levels: for each bank j,
(Vi Vi Vij1 Vi) ~ N (07, Z0),

where X, is shared across banks and allows correlations within a bank across products
and across the consideration and utility margins. Because price sensitivities, comple-
mentarities, and arrival rates are positive on theoretical grounds, we model them in
logs. For each product k, (log i, log x%.) is jointly normal, with within-product correla-
tion between price sensitivity and the utility benefit of cross-holding. The two product-k
blocks (loga;i,log x¥) and (log«a;p,log x%) are independent of each other, because the
Prolific survey randomizes each respondent into hypotheticals for only one product, so
the cross-product joint distribution is not identified. Arrival rates are jointly normal

across products in logs, (log A;1,log A;n) ~ N (log A, Zy).
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This heterogeneity plays two roles in the estimation. First, the bank-preference co-
variance Y, accommodates correlated tastes for a bank’s products. A consumer who
particularly values Chase’s checking account is also more likely to value its credit card,
so 2, helps match the level of cross-holding observed in the data without attributing all
of it to the causal cross-selling channels x“ and x*. Second, the dispersion in (a;, x)
generates a non-degenerate distribution of preferences required to rationalize the hy-
pothetical shock responses described below. Without heterogeneity, the mixture over
price-dominant and unbundling-dominant types would assign zero probability to some

observed response patterns.
V.B Intuition for Identification

The three cross-holding mechanisms map directly onto distinct features of the survey
data. Correlated bank preferences ¥, are pinned down by joint co-consideration of the
same bank’s products in the Prolific consideration sets. The consideration spillover x°
is identified by how often a consumer’s existing bank shows up in the consideration set
for the other product, after netting out the correlated-preference component. The utility
complementarity x* is identified by switching responses to the discontinuation shock,
which holds bank identity fixed and varies only the bundle, severing the link to X, and

X

Identification of the Population Means The parameter )} (consideration complemen-
tarity) is identified from the cross-holding and consideration-set patterns reported in
Fact 3; x} (utility complementarity) is identified from unbundling-shock responses in
Fact 4. The mean price sensitivity & is identified from stated responses to hypothetical
price shocks. The visibility intercepts UJQ are identified by how often each bank’s product
appears in the consideration sets reported in the Prolific survey. The utility intercepts
U

Vi

considered. Finally, A is identified by combining the average observed tenure with the

are identified by the probabilities that each product is chosen conditional on being

average would-switch rate from the Prolific survey. Tenure measures how long con-
sumers stay, and the would-switch rate isolates the fraction of wake-ups that trigger a
switch; together they pin down Ay.

Identification of Unobserved Heterogeneity Conditional on population means, the
survey identifies preference distribution across consumers because we observe multiple
decisions per respondent.

First, the diagonal elements of X, are identified by how often consumers would

switch banks when awakened. The Prolific survey elicits each respondent’s ideal bank
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alongside her current holdings, so we observe the share of awakened consumers who
rank a bank other than their current one at the top. If £, were large, almost every awak-
ened consumer would already be at her preferred bank and the would-switch rate would
be small. Substantial dispersion in bank preferences is the only way to reconcile a low
would-switch rate with the observed steady-state holdings.

Second, given ¥, the empirical tenure distribution identifies arrival-rate dispersion
around Ay. The model’s tenure distribution is a mixture of exponentials where the wake-
up rate and post-wake-up switch probability determine the shape. Once we pin down
switch probability from %, the shape of the tenure distribution directly reveals Aj and
its heterogeneity.

Third, for each product k, the joint distribution of (log a;, log x%.) is identified from
each respondent’s stated responses to the hypothetical price and unbundling shocks,
together with the rate at which consumers switch to the outside option. A consumer
who abandons her ideal bank under a small price shock reveals a large a;;. One who
abandons it under unbundling reveals a large x}.. Because each respondent answers
both types of shock questions for the same product, the joint distribution of her stated
responses traces out the within-product correlation between a;; and xj, for instance
whether price-sensitive consumers tend to place lower or higher value on cross-holding.

Sample selection complicates the unbundling shock. By design, we pose the un-
bundling question only to consumers who currently cross-hold both products at the
same bank. Cross-holders are exactly the consumers with high realized xj, so their
stated responses overstate the population mean of x} if treated naively. Heterogeneity is
what corrects this. The cross-holders” stated responses identify the conditional distribu-
tion f(x} | cross-hold), while the cross-holding rates and past-switching transitions in
Prolific identify the population distribution of types that produces the observed selection
into cross-holding. Combining the two pins down the unconditional distribution of x7,
recovering both its mean and its variance without inheriting the cross-holder upward
bias.

V.C Likelihood Function

We estimate the population mean and covariance of the heterogeneity distribution by

maximum likelihood, integrating over the consumer-specific parameters ;:

N
max Zlog/L(Xi | 0) ¢p(60; 0, Zg) do,
0% =1
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where ¢(-; 0, Zg) is the multivariate normal density specified in Section V.A and L(X; |
6;) is the complete-data likelihood for consumer i evaluated at her type 6;. Section V.D
describes the Monte Carlo EM algorithm we use to solve this optimization problem.
The complete-data likelihood combines three blocks of evidence about each Prolific
respondent. The static-choices block models the consideration sets and bank choices re-
ported at her most recent product switches. The stated-preference block models her
responses to hypothetical price and unbundling shocks. The dynamic block wraps
the static choices in arrival rates and matrix-exponential terms that govern how the

consumer transitions between states.

Static choices (Prolific historical decisions) The Prolific survey reconstructs each re-
spondent’s most recent deposit-account opening and credit-card opening: the bank she
chose, the set of banks she “looked into or reviewed” in the search, and her holdings at
the time of each switch. For each switch k, we model the joint probability of her observed
consideration set Cx and chosen bank x; given the pre-switch state x(t, ):

Dk(Oi) = P(Ck ‘ X(tk_), 91')1 . P(x;: ‘ Cr, x(tk_), 91')1 . (14)

considerationjget probability logit choice giv;; consideration
The consideration-set probability is the product of bank-specific inclusion probabilities
¢ijk(x;) defined in Section IV; the choice probability is the conditional logit over banks
in the consideration set. The static block contributes

LS%Y(0,) = D1(6;) - D2(6;),

two snapshots of the consumer’s preferences at her two most recent decision moments.
Each snapshot conditions on a different pre-switch state; that variation identifies how

cross-holding shifts the consideration set and the conditional choice (Facts 3-4).

Stated responses (Prolific hypothetical questions) For each Prolific respondent we
elicit the ideal bank V, the second-choice bank A, and the stated bank choice under
two hypothetical shocks at the ideal bank: an unfavorable price change (W) and the
loss of the complementary product (R). We interpret these answers as arising from a
single draw of latent Gumbel preference shocks at the time of the question, so that the
four answers form a consistent ranking of banks under successively more severe shocks.
The contribution to the likelihood is then the joint probability of the four responses,
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marginalized over the unobserved consideration set C:

L"P(9)= Y P(V,W,R,A|C,06)P(C|x*6). (15)
ce2d

The conditional probability P(V,W,R, A | C,6;) is the difference of choice probabilities
under the four progressively-degraded utility states (baseline, the unbundling shock,
the price shock, full removal of the focal product). Whether a particular consumer falls
into a regime in which the price shock dominates the unbundling shock depends on the
realized (wj, X% ) ratio, so the population-marginalized likelihood is a mixture across the
two regimes weighted by the heterogeneity distribution. The mixture assigns positive
probability to every observed response pattern, including patterns that would otherwise
look “inconsistent” under any single (&, x*) pair. Appendix D writes out the regime-

conditional formulas.

Dynamics (Prolific past switching) The static block describes the choice events them-
selves; the dynamic block adds the timing layer that turns those events into a coherent
stochastic process for each consumer. Specifically, the Prolific survey records the elapsed
time since each switch (t; since the deposit switch, t; since the credit-card switch, with
t; > tp), and we model this timing using the continuous-time Markov framework from
Section IV. The dynamic contribution is

LYNG) =  Aj x M X Ap x _F . (16)
deposit-switch Intervening credit-switch fm?]
arrival rate tenure arrival rate stability

Each Aj is the Poisson rate at which the consumer reconsiders product k (the wake-up
rate), M is the matrix-exponential probability of the consumer’s state evolution during
the interval (f;, 1) between the two switches, and F is the matrix-exponential probabil-
ity of remaining in the current state from the most recent switch through the survey
date. Closed-form expressions for M and F, the case adjustments for first-time adoption
(where the relevant friction differs from reconsideration), and the closed-form integrals
that handle censored switch times beyond the survey’s lookback window are derived in
Appendix D.

Non-cardholders The stated-preference and dynamic blocks both require a credit-card

holding. The stated-preference module asks consumers to evaluate price and unbundling
shocks at a bank where they currently hold both products, and the dynamic block needs
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a credit-card switch event to time. Prolific respondents who do not currently hold a
credit card therefore enter only through a simplified version of the static block: a single
choice probability that the consumer holds the outside option on credit cards condi-
tional on her checking-account holding, marginalized over the unobserved credit-card
consideration set. Concretely, the non-cardholder static contribution is

Lstat,nc(gi) _ 2 P(X; =0 | C, xT, 91) P(C | xik, 01')/
ce2d

which disciplines how attractive the credit-card outside option must be relative to the
inside options. Non-cardholders contribute neither L"WP nor LY, because the survey
did not elicit hypothetical responses or switching histories from this group.

Combined likelihood For a cardholder, the complete-data log-likelihood factors into
the three blocks:

log L4 (X; | 6;) = log L'34(6;) + log L™P(6;) + log LY™(6;).
Combining cardholders and non-cardholders, the full log-likelihood for observation i is

log L(X; | 6;) = 1{i € cardholders} log L4 (6;) +1{i € non-cardholders} log L*"°(;).

(17)
The three cardholder blocks operate on different timescales but share the consumer-level
8;, which is what allows information from each block to flow into the others through the

population heterogeneity distribution.
V.D Algorithm

We maximize the marginal likelihood by Monte Carlo EM, following Train (2008)
with one practical modification. The E-step forms a posterior over each consumer’s type
0; by drawing from a proposal distribution and reweighting by importance ratios; the
M-step updates the population mean and covariance (6,%g) as weighted first and sec-
ond moments of the simulated draws. We depart from Train (2008) in one detail: rather
than drawing all types from the population prior, we draw each consumer’s types from
her own posterior summary from the previous iteration. This observation-specific pro-
posal sharply reduces the variance of the importance weights, since each draw is already
concentrated in the region that the previous iteration judged likely for that consumer,
and lets the E-step converge with a manageable number of draws per observation. Ap-

pendix D.8 writes out the full pseudocode along with the parametric block structure im-
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posed on Xy, the phased estimation schedule (static moments first, dynamic transitions
added later), the adaptive proposal covariance, and the effective-sample-size criterion
that triggers re-simulation.

Calibrating bank intercepts to aggregate shares The Prolific sample identifies consumer-
level heterogeneity well but is too small to pin down each bank’s mean utility precisely.
After the MC-EM iterations converge, we refine the bank-specific intercepts 7}‘,( to match
aggregate market shares observed in the larger MRI-Simmons cross-section. Holding
the heterogeneity, complementarity, and switching-rate parameters fixed at their EM es-
timates, we iterate V;‘k until the model-implied steady-state share for each bank-product
cell, averaged over the estimated type distribution, equals the corresponding MRI share.
The refinement adjusts only the bank-specific levels; the consumer-level parameters

identified from Prolific are unchanged.
V.E Estimation Results

The estimates reveal a striking asymmetry in cross-product complementarity: re-
volvers value holding both products at the same bank at a price-equivalent of 183 basis
points of APR, while transactors value it at only 24 basis points of rewards. Combined
with the thin margins on transactor credit cards, this gap supports the gateway-product
rationale, in which rewards cards subsidize deposit acquisition even when they generate
little direct profit. We estimate the model separately for credit card transactors and re-
volvers; Table 5 presents the population means of the structural parameters, Table 7 the
bank-specific preference intercepts, and Table 6 the estimated standard deviations and
correlations of ¥y.!1

The arrival rate Aj conflates genuine inattention with switching costs, since a con-
sumer who reconsiders but faces high fixed costs looks observationally identical to one
who never reconsiders. We interpret Aj as a reduced-form measure of the total friction
limiting reoptimization. The counterfactual implications differ across the two interpre-
tations. A policy that reduces switching costs, such as portable account numbers, would
raise effective Aj under the switching-cost reading but not under pure inattention.

Price Sensitivity The price sensitivity parameters oy represent the semi-elasticity of
choice with respect to a one-percentage-point change in rates. For checking accounts,
transactors and revolvers exhibit elevated sensitivities (ﬁﬁransador = 2.25, &ﬁevc’l"er = 1.68),

implying that a one-percentage-point increase in the deposit rate raises the probability

11gtandard errors are omitted from the structural tables; parametric bootstrap inference is under
development.
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of choosing a bank by roughly 1.7-2.3%, conditional on consideration. Our estimates
lie in the upper range of the empirical literature on deposit demand, which spans semi-
elasticities of roughly 0.8-2.3. Reported values include 1.12 in d’Avernas et al. (2023),
1.39 (insured) and 2.26 (uninsured) in Koont (2023), 0.97 in Wang et al. (2022), 0.78
in Dick (2008), and approximately 2.10 in Honka et al. (2017). Even within a single
consumer segment, the estimated heterogeneity in aj; is substantial. The log-scale stan-
dard deviation of a;; is 1.04 for transactors and 1.40 for revolvers, so the population
distribution of deposit-rate responsiveness is broad relative to its mean.

The two segments differ sharply on credit cards. Transactors, who pay in full and
optimize over rewards, are highly responsive (&Eransador = 2.71). Revolvers, who bor-
row and face higher switching barriers (including credit-risk-based underwriting at al-
ternative issuers), are much less sensitive to APR (@e""l"er = 0.49), a roughly fivefold
difference. The estimated variance of «;; is small for both segments, so the difference is

mean-level rather than compositional selection within a broad distribution.

Cross-Selling Effects Cross-selling shifts consumer demand through two channels.
First, we find substantial consideration complementarity. For transactors and revolvers
alike, an existing credit card relationship significantly increases the likelihood of con-
sidering the same bank for a checking account (x7"*"**" = 1.23, )_(i’remlver = 0.85).
The impact of the deposit relationship on credit card consideration is stronger, with
xyramsactor. — 153 and x5™"°"" = 1.02. The boost is meaningful but insufficient on
its own to elevate the low-visibility super-regional bank to the consideration level of
a credit-card monoline. For transactors, adding the +1.53 boost to the super-regional
bank’s baseline credit card consideration index of —3.42 still falls short of Capital One’s
baseline of —1.19, and revolvers face a similar pattern. Even where the mean boost does
not fully close the gap, cross-selling expands the super-regional bank’s effective reach.!?

Second, consumers derive substantial benefits from consolidating both products at
the same bank. For checking accounts, the utility boost from cross-holding is equivalent
to a 3543 basis-point increase in the deposit rate, computed as x7 /«;. For credit cards,
the price-equivalent value is 24 basis points of rewards for transactors and a substan-
tially larger 183 basis points of APR for revolvers. The revolver gap likely reflects that

revolvers, who may face higher underwriting barriers elsewhere or possess lower finan-

120ur estimates are conservative with respect to the “Other” bank aggregate, which pools all banks
outside the set of named institutions. By construction, x° = x* = 0 for the Other aggregate, since cross-
holding at two different unidentified banks is indistinguishable from cross-holding at the same bank.
This assumption biases the estimated complementarity parameters downward for the named banks, as
the model attributes some of their cross-holding advantage to the baseline rather than to the structural
parameters.
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cial sophistication, perceive much higher relative utility from opening a credit card at
their primary deposit bank. These implied benefits are averages over the estimated log-
normal distribution of x, which has meaningful dispersion (c(log x}) = 1.00 for trans-
actor checking, o(log x%4) = 0.37 for revolver credit), so a nontrivial share of consumers
either derive little complementarity benefit or place a very high value on consolidation.

Correlated Preferences An important question is whether the cross-holding mecha-
nisms reflect genuine causal complementarity or correlated preferences, since consumers
who like a bank may both consider and choose its products more. The estimated bank-
preference covariance X, in Table 6 points to very strong correlated preferences. The
within-bank correlation between checking and credit consideration, p(vf, 1/5), is 0.96 for
both transactors and revolvers, and the analogous utility correlation p(v{,vy) is 0.65
for transactors and 0.15 for revolvers.!3 These correlations absorb most of the raw as-
sociation between considering and choosing a bank’s products. Identification of xj is
protected from this concern by the discontinuation shock (Fact 4), which holds bank
identity fixed and varies only the product bundle offered. A consumer who would
switch her deposit account upon losing her credit card at the same bank reveals a com-
plementarity that cannot be explained by correlated tastes alone. Identification of xj is
harder to protect, but because we treat X} as a homogeneous parameter and let v“ absorb
the consumer-level dispersion in consideration tastes, the joint consideration-and-choice
patterns in the Prolific survey allow the MC-EM estimator to identify x} separately from

the bank-preference covariance X%,

Switching Frictions Consumers reconsider their products infrequently. The estimated

average arrival rates imply reconsideration horizons of about 4.5 to 3.3 years for check-
~transactor ~revolver

ing accounts (A = 022, = 0.30) and 4.8 to 3.6 years for credit cards
(X;ransador = 0.21, X;evower = 0.28). The model attributes some of the low observed

switching rate to low-Aj types, so the population mean A can sit above the average re-
consideration horizon implied by aggregate switching counts while still matching the
population-average switching hazard. The estimated log-scale standard deviation of Aj
is small (0.10-0.16), so most of the dispersion in observed switching frequencies is driven
by heterogeneity in a; and x}' rather than in A;.

What an analyst ignoring complementarity would conclude Table 5 compares full

and restricted (x° = x* = 0) specifications. When complementarity is shut down,

13The standard deviations of the v block are economically large, ranging from 1.33 to 2.01 in log-odds
units across transactor and revolver specifications.
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the model must attribute observed cross-holding entirely to correlated bank preferences
Viujk/ so to match the same cross-holding levels it inflates the bank-specific utility inter-
cepts. Higher intercepts reduce the implied responsiveness to price and, through the
supply-side FOCs, lower the recovered marginal cost of attracting deposit customers.
The restricted specification is not a nuisance benchmark. Section VI shows that it misses
deposit—credit spillovers in every counterfactual by construction, and the magnitude of
the miss represents the policy-relevant bias from modeling retail banking markets as two
independent products.

V.F Goodness of Fit

Demand and Tenure Distributions To assess the model’s performance, we compare
predicted market shares and cross-holding patterns against observed data at the bank
level. Figure 6 shows that our model closely replicates the market shares for both
checking accounts and credit cards, capturing the dominance of national players and
the long tail of smaller banks. Figure 7 evaluates the model’s performance in match-
ing cross-holding rates. The strong within-bank correlations in bank-specific preferences
(o(v§,v5) = 0.96) allow the model to match both the cross-bank variation in cross-holding
intensity and the aggregate level of cross-holding.

Figure 8 shows that the model reproduces the empirical tenure distributions from
our survey and the NHCS, correctly matching the heavy right tail of long-tenured con-
sumers. Although heterogeneity in A is small (Table 6), heterogeneity in &; and x}
generates a distribution of type-specific hazards that produces the observed tenure dis-
persion. Appendix D.6 describes how we derive these model-implied tenure distribu-
tions from the estimated demand parameters by averaging phase-type distributions over
the type distribution.

Appendix Figure A.5 checks that the model reproduces tenure patterns across the
life cycle rather than only in aggregate. We simulate a panel of synthetic consumers
under the estimated model, assigning each a first-account arrival age drawn uniformly
from a fixed window and then running the estimated switching dynamics forward to
their current age. The model matches the monotone age gradient in survey tenure for
both products, indicating that our estimated switching dynamics are consistent with
the observed life-cycle patterns even though Aj is estimated only from the behavior of
existing account holders.

V.G Supply-Side Cost Recovery and Margin Validation

The counterfactuals in Section VI require marginal cost estimates so that banks can

re-optimize prices in each new equilibrium. Given the demand-side parameter esti-
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mates, we recover marginal costs by inverting the supply-side first-order conditions
(Equation 13) from banks’ profit maximization problem. Even under consumer het-
erogeneity, the first-order conditions remain linear in costs, so cost recovery reduces to
solving a small linear system for each bank.

The linearity survives because for every consumer type 6, bank j’s flow payoff vec-
tor is affine in its own costs: h;(6) = h?(G) —¢j1 Oj1 by — ¢jo Ojp by, where h?(@) collects
the price- and return-dependent terms and cj. are the unknown marginal costs. Each
type-specific resolvent R(6) = (rI — Q;(6))' and its price derivatives depend only
on demand parameters and observed prices, not on costs. Taking the expectation over
types in Equation 13 preserves linearity in (cj;,cj2), so the FOCs aggregate to a linear
system whose coefficients are expectations over §. We evaluate these expectations by a
Monte Carlo average over M draws from the estimated type distribution, reusing the
{(5i(6m), R(61))}M_, already computed on the demand side. Because each bank’s flow
payoffs involve only its own costs, the system decouples across banks. In the pooled
model with transactors and revolvers, each bank has three cost parameters (checking
Ccheck, transactor credit cirans, and revolver credit crey) and three first-order conditions:
a deposit-weighted pooled checking FOC and two segment-specific credit card FOCs.
This yields an independent 3 x 3 linear system per bank, which we solve in closed form.

Calibrated Parameters The first-order conditions require several parameters that we
calibrate rather than estimate. The discount rate is set to r = 0.02, matching long-
run real Treasury yields. The balance parameters by, which measure the typical dol-
lar amounts consumers hold in checking deposits, credit card outstanding balances,
and annual credit card spending, are calibrated as the simple average of median values
from independent survey sources (SCF, NHCS, and MRI), separately by consumer type.
For revolvers, the averaged values yield deposits of $4,620 and credit card balances of
$3,430. For transactors, the averaged values yield deposits of $22,736 and spending of
$14, 247 per year, with zero outstanding balances by definition. Together, these calibrated
values fully determine the mapping from estimated demand parameters and observed
prices to implied marginal costs. Appendix C provides further details on the balance

calibration.

Implied Margins and the Loss-Leader Mechanism Table 8 summarizes the implied
margins by product and segment, providing a supply-side validation of the demand
estimates against external benchmarks. The median checking account margin of 0.83

percentage points aligns with the deposit spreads documented by Drechsler et al. (2017)
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and the markups estimated by Wang et al. (2022).

Credit card margins differ sharply by consumer type. The median transactor mar-
gin is a thin 0.45 percentage points. This is consistent with evidence from the Federal
Reserve’s credit card profitability reports, which find that interchange revenue is largely
offset by rewards for the transactors.!* In contrast, the median revolver margin is 4.3
percentage points, driven by interest income on outstanding balances. This is consistent
with Nelson (2018) and Drechsler et al. (2025), who find substantial markups in credit
card lending and identify interest income as the primary driver of issuer profitability.

VI Counterfactuals

Product complementarity reshapes how we assess competition and regulation in re-
tail banking. We begin by quantifying the contribution of complementarity to bank
franchise values. We then run three exercises (narrow-bank entry, interchange-fee reg-
ulation, and a horizontal merger) and compare predictions under the full model to a
restricted specification that shuts down complementarity (x = 0). The gap between the
two measures what a single-market analyst misses by treating deposits and credit cards

as independent.
VI.LA Complementarity and Bank Franchise Values

Figure 9 presents two perspectives on how checking accounts, transactor credit cards,
and revolver credit cards contribute to banks’ profits. Panel A shows a standard account-
ing decomposition of each bank’s equilibrium profits across the three product lines. For
deposit-oriented banks, such as Chase, Bank of America, and Wells Fargo, checking ac-
counts generate the majority of profits. By contrast, Capital One and Citi derive a larger
share of their profits from revolving credit card balances, reflecting their credit-heavy
business models. The contribution from transactor credit cards is usually small, owing
to their thin margins.

Panel B measures the marginal contribution of each product line by simulating its
removal and recording the resulting decline in total franchise value. For every bank,
these contributions sum to well above 100%. The excess arises because removing any
line destroys not only its direct profits but also the demand spillovers it generates for
complementary products — precisely the complementarity that Panel A’s accounting
cannot capture.

Comparing the two panels underscores that the strategic importance of credit cards
far exceeds what their accounting shares suggest. Aggregating across the named banks,

14Board of Governors of the Federal Reserve System, “Profitability of Credit Card Operations of
Depository Institutions,” 2023.
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credit cards account for roughly 40% of accounting profits in Panel A but contribute
close to 60% of franchise value in Panel B once their cross-product pull on deposits
is included. While transactor credit cards usually represent a minority of accounting
profits, their marginal contributions to total profits are much larger. This divergence
confirms that transactor cards function as a loss leader. They draw consumers into the
bank and boost demand for the higher-margin checking accounts.

For megabanks such as Chase and Bank of America, transactor credit cards serve
as the lead product. Generous rewards raise credit card consideration and acquisition,
and cardholders then adopt the bank’s higher-margin checking account. For the super-
regional bank (which aggregates PNC, Citizens, and similar institutions), the pattern
inverts. Standalone credit card adoption is rare, and the deposit account initiates the
relationship instead. Holding a deposit then raises the probability that the same con-
sumer considers and adopts the bank’s credit card. Panel B therefore shows the super-
regional bank’s excess value concentrated on the deposit side, consistent with the 60 x
cross-holding ratio documented in Section III.

VLB Margin Decomposition

A second decomposition recovers the same complementarity from banks’ equilibrium
margins rather than their profits. The supply-side first-order conditions in Equation 13
are linear in costs, so once we substitute the flow payoff h;(0) = h?(@) — Yo CjimOjmbm
and use pj; in consumer-favorable units (so that pjx = —pjx — cjx is the margin), the FOCs

rearrange into a bank-specific linear system in margins:

where

The diagonal coefficient A;[k, k| shows how a price cut on product k changes product-k
balances. The off-diagonal A;[k, m| captures the cross-selling spillover into product m’s
balances. The right-hand side ¢;[k] is the infra-marginal cost of a price cut: the bank
sacrifices by dollars on every existing holder of product k.

We split each margin into two pieces:
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The own-product markup y;’,?’ " is the margin a single-product optimizer would charge.

The cross-selling adjustment y]c.]f"ss collects the off-diagonal terms that a multi-product
bank internalizes, each weighted by the complementary product’s own margin p;,,. Un-
der our sign convention, a larger yj is a more generous price, so a negative cross-
selling adjustment means the bank prices more aggressively than a single-product rival,
harvesting downstream profits on the complementary product.

Figure 10 plots this decomposition for each bank and product. Across essentially all
bank-product pairs, the own-product markup is positive, and the cross-selling adjust-
ment is negative. Equilibrium margins are therefore systematically below their single-
product counterparts, reflecting the implicit subsidy that complementarity generates.
The adjustment is largest on transactor credit cards at megabanks, where rewards rates
exceed what a standalone issuer would offer. For these banks, the own-product markup
on rewards cards is roughly one-third higher than the equilibrium margin. For the super-
regional bank, the adjustment concentrates on deposits, mirroring the franchise-value

pattern in Figure 9 Panel B.
VI.C Narrow Bank Entry

A long-standing puzzle in retail banking is the relative scarcity of entry in the deposit
market despite persistently high profit margins (Drechsler et al., 2017). One potential
mechanism is that product complementarity creates significant entry barriers for single-
product entrants (Nalebuff, 2004).

We simulate the entry of a narrow bank that offers a deposit account at a 3% inter-
est rate, equivalent to the federal funds rate and well above the near-zero rates offered
by most incumbents. We set the entrant’s consideration probability at the median of
existing banks and allow incumbents to re-optimize all prices to the new Nash equilib-
rium. Under our full model, the narrow bank captures 15.3% of the deposit market,
while an analyst who ignored complementarity would predict 22%. Complementarity
insulates incumbents and helps them retain consumers who value cross-holding even at
less competitive deposit rates.

Figure 11 Panel A shows the decomposition across incumbents. Multi-product banks
lose between 15% and 28% of their checking share under the full model, compared with

24% to 39% when complementarities are shut down. The gap is most pronounced for
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banks with strong credit-card franchises. American Express’s checking franchise loses
only 11% under the full model versus 50% under x = 0.

Narrow bank entry also spills over into the credit card market. Deposit-heavy banks
shed 1-5% of their credit franchise as their deposit base shrinks. Panel B shows that they
also cut credit-card rewards in response: with a smaller deposit base, the loss-leader
strategy would yield lower returns. Credit-dominant banks gain modestly in credit-card

share as their deposit-heavy rivals pull back on rewards.
VLD Regulatory Spillovers

The recent reintroduction of the Credit Card Competition Act (2026) aims to reduce
interchange fees by requiring large banks to enable at least two unaffiliated networks
for transaction routing. While the primary intent is to lower merchant costs, product
complementarity implies that the regulation may spill well beyond the credit card mar-
ket. To assess these cross-market spillovers, we simulate a 1 percentage-point increase in
transactor credit-card costs, mimicking the impact of interchange-fee regulation.

Figure 12 shows the impact of the policy. Banks pass through the cost increase by
reducing rewards rates by 0.78 to 0.93 percentage points. These reductions spill over into
the deposit market: banks with large credit-card franchises lose deposit share as weaker
rewards erode cross-holding ties. Chase, whose retail franchise is the most exposed
across both products, loses roughly 4% of its pre-shock checking franchise and raises
its checking rate by 3.2 basis points to stem the outflow. Capital One and Citi take
sharper relative hits, roughly 5% and 6% of their pre-shock deposit shares. Bank of
America sheds about 2% of its deposit franchise and responds by raising deposit rates
by 3.5 basis points. Across banks, the correlation between deposit-share responses and

credit-rewards changes is 0.90.
VLE Horizontal Merger

We simulate a horizontal merger between Citi and the super-regional bank, compar-
ing price responses under the full model against a restricted specification with x = 0.
Both brands remain active. The combined firm owns all four products and solves a joint
tirst-order condition over them, internalizing flow payoffs and cross-product comple-
mentarity across the wider portfolio. Rivals re-optimize in the new Nash equilibrium.

Under x = 0, the merger delivers the standard result: internalizing competition
between the two brands raises prices, as a conventional concentration analysis would
predict (Figure 13, orange markers).

Complementarity inverts the pricing logic. The combined firm exploits cross-selling

scope that neither partner could access alone, using each brand’s credit card as a loss
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leader for the other’s deposit base. Citi lowers its deposit rate by 9.4 basis points —
harvesting surplus from its captive depositors — while raising credit-card rewards by
5.9 basis points to funnel new cardholders into the higher-margin super-regional deposit
franchise. The super-regional plays the symmetric role: it nudges its deposit rate up
slightly while cutting credit rewards by 3.6 basis points, harvesting deposits already
attracted by Citi’s stronger card (Figure 13, blue markers).

Rival banks respond defensively, raising deposit rates — Bank of America by 1.1
basis points, Chase by 0.4 basis points — the opposite of what a standard concentration
analysis would predict. The full Nash response runs through credit-card pricing and
rivals” deposit adjustments, not through deposit concentration; a standard deposit-HHI
screen misses it entirely.

When merging parties have meaningful cross-product complementarities, joint pric-
ing creates cross-selling gains that two separate firms could not realize — and that
deposit concentration metrics cannot detect. Merger analysis in retail banking should
thus incorporate cross-holding diagnostics, rather than relying on deposit concentration

alone.

VII Conclusion

This paper shows that cross-selling and perceived complementarity, not correlated
preferences alone, drive the widespread pattern of consumers holding multiple finan-
cial products at the same bank. Across three U.S. consumer surveys, roughly 35% of
consumers with one checking account and one credit card hold both at the same bank,
more than five times the 6.4% benchmark implied by independent product choice; the
relationship multiplier averages 6 x at megabanks and exceeds 60x at regional banks.
Banks exploit infrequent consumer reoptimization by using one product as a gateway to
capture demand for the other. A dynamic model of joint deposit and credit card choices,
estimated on survey and cross-sectional data, lets us separately identify these mecha-
nisms and trace their equilibrium implications. Cross-product complementarity creates
entry barriers for narrow banks, generates regulatory spillovers from credit card policy
to deposit markets, and amplifies the bundling synergies in horizontal mergers.

These mechanisms reshape standard measures of bank performance. Credit cards ac-
count for roughly 40% of bank franchise profits in standard accounting but close to 60%
once their cross-product pull on deposits is included, and rewards-card margins at large
banks would be about a third higher absent the cross-product subsidy. In our merger
counterfactual, ignoring complementarity makes consolidation appear unprofitable for

the combining firms; restoring complementarity flips the sign and yields a meaningful
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combined-profit gain.

These findings bear directly on ongoing policy debates. Cross-product complemen-
tarity limits the competitive threat from narrow bank entry, since even at substantially
higher deposit rates, a narrow bank cannot replicate the bundling value that retains
cross-holding consumers. Interchange fee regulation, by eroding credit card rewards,
weakens cross-product ties and transmits into deposit market competition, an indirect
channel single-market analysis misses. For merger review, the longstanding focus on
deposit-market HHI in federal bank merger guidelines (U.S. Department of Justice, 1995;
U.S. Department of Justice and Federal Trade Commission, 2023) understates consolida-
tion when the merging parties hold complementary franchises, and cross-holding data
are needed to score the full diversion—which runs through the credit-card market and
rivals” defensive pricing on deposits, not through deposit concentration alone.

Several limitations suggest avenues for future work. Most notably, our model takes
the timing of initial product adoption as given. The arrival rate Ay governs how often
already-adopted choices are reconsidered. However, the extensive-margin decision of
whether and when a consumer first acquires a deposit account or credit card lies outside
the model. A richer framework that endogenizes this adoption timing would allow a
more complete welfare analysis of policies that affect first-time product uptake.
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Figure 1: Cross-holding of Checking Accounts and Other Products
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Notes: The fraction shown reflects the share of customers holding additional products at their
primary bank. For each product, we calculate the fraction among consumers holding both a

checking account and that product.
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Figure 2: Comparing Cross-holding of Disadvantaged versus Advantaged
Groups
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Notes: The figure compares cross-holding between disadvantaged and advantaged consumer
groups. We define the disadvantaged group as those with low income, low education, low credit
scores, or high credit card balances (i.e., carrying a balance sometimes or often). Specifically,
the lower education group consists of consumers with a high school degree or below, and low
credit scores are those below 720. Income is segmented using the sample median. We proxy
revolvers using the balance carrier group (those who carry a balance sometimes or often) in
contrast to transactors, who spend to collect rewards.
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Figure 3: Cross-holding of Checking Accounts and Credit Cards by Bank

Fraction of Consumers with a Credit Card at the Bank
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Notes: This figure shows the prevalence of cross-holding between checking accounts and credit
cards. The top panel shows each bank’s checking account market share among two groups of
consumers: those who hold a credit card at the bank (blue dots) and those who do not (orange
dots). The bottom panel shows the credit card market shares among consumers who do and do
not have a checking account at the bank. Market shares reflect both primary and other accounts.
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The sample includes respondents in the 2021 and 2022 MRI data.

40



Figure 4: Consumer Tenure at Current Banks
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Notes: This figure shows the distribution of consumer tenure at their current bank for credit
account and deposit account, separately. 0 means the consumer obtained their current product
less than a year ago, while 20 means more than twenty years ago.
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Figure 5: Stated Responses to Hypothetical Shocks

A: Deposit Rate Shock, Transactors B: Deposit Rate Shock, Revolvers
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Notes: This figure shows the fraction of consumers who state they would switch to a different
bank or significantly reduce the usage of their current product under various hypothetical
shocks. Transactors are individuals who never or rarely carry a balance on their credit cards,
while revolvers are individuals who carry a balance at least occasionally. The “crosshold" group
consists of consumers who currently hold their primary deposit account and credit card at the

same bank.
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Predicted Market Share: Deposits
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Notes: These figures compare observed and model-predicted market shares for checking ac-
counts (left) and credit cards (right). Each point represents a bank-segment pair (transactor
and revolver shown separately, distinguished by color and shape), with the horizontal axis
showing observed shares and the vertical axis showing predicted shares. Points along the 45-
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Figure 7: Goodness of Fit: Cross-holding Rates by Bank and Consumer Type
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Notes: This figure compares observed and model-predicted cross-holding rates across banks for
transactors and revolvers. The figure shows the probability of holding a credit card at a bank
conditional on having a checking account there.
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Figure 8: Goodness of Fit: Tenure Distributions
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Notes: These figures compare model-predicted and observed tenure distributions for checking
accounts (left) and credit cards (right). Tenures are binned into five categories: less than 1
year, 1-3 years, 3-5 years, 5-10 years, and 10+ years. The model predictions are computed
from the backward recurrence time distribution of the estimated CTMC (see Appendix D.6).
Observed tenures come from the Prolific survey, with NHCS survey data shown as an additional

benchmark for checking accounts.
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Figure 9: Profit Decomposition and Franchise Values
A: Accounting Decomposition B: Marginal Contribution
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Notes: This figure decomposes bank franchise values across product lines. Panel A shows the
accounting decomposition: each bank’s total profit is split into contributions from checking
accounts, credit card transactors, and credit card revolvers. Panel B shows the marginal contri-
bution of each product line, computed by removing that product and measuring the resulting
loss in the bank’s total franchise value. The dashed vertical line marks 100%. Marginal con-
tributions sum to more than 100%, reflecting cross-product complementarities: removing any
single product line reduces profits from the remaining lines as well.
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Figure 10: FOC Margin Decomposition: Own-Product Markup vs. Cross-
Selling Adjustment

A: Deposit Margins B: Transactor Credit Margins C: Revolver Credit Margins
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Notes: This figure decomposes each bank’s equilibrium margin (percentage points) into two com-
ponents. The own-product markup (43" = ¢; [k]/ Aj[k, k]) is the margin a single-product optimizer
would set; the cross-selling adjustment (V]cioss = —Ajlk, k! Lmzk Ajlk, m] pj) is the margin shad-
ing a multi-product bank applies to internalize complementary-product profits (see Equation 19).
Panels A-C show deposits, transactor credit, and revolver credit, respectively. Diamonds mark the
total margin pjx. A negative cross-selling adjustment indicates that the bank prices product k more
generously than a standalone competitor would, in order to harvest profits on the complementary

product line.
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Figure 11: Counterfactual: Narrow Bank Entry
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Notes: This figure shows equilibrium outcomes under the entry of a narrow bank that offers
only a deposit account. Panel A shows market shares, Panel B shows prices, and Panel C shows
profits under varying levels of cross-product complementarity.
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Figure 12: Counterfactual: Interchange Fee Regulation
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A: Credit Shares B: Deposit Spillover

American Express
P 4 Citi o

Discover g

'
1
1
1
1
1
1 Capital One °
citi ° :
1
Capital One . | Super-Regional ° v
1 1
1 1
Super-Regional ° | -
| Chase ° 1
1 1
Chase Y 1 1
| Bank of America Y
1 i 1
Bank of America g | |
1 1
Wells Fargo ° : Wells Fargo ° :
1 1
-30 -20 -10 0 -6 -4 -2 0
Credit Share Change (%) Deposit Share Change (%)
® Ful No Complementarity
A: Credit Rewards B: Deposit Rates
A E 1 1
\merican Express ) ’
: Citi o !
1 1
Discover ° I 1
1 Capital One Te
1 1
Citi * ! !
| L
Capital One ° \ Super-Regional o |
1 1
1 1
Super-Regional ] o
° | Chase 1 °
1 1
Chase ° 1 1
: Bank of America ! °
Bank of America ° 1 1
1 1
1 T
Wells Fargo ° ! Wells Fargo ! b
1 1
-1.00 -0.75 -0.50 -0.25 0.00 -0.02 0.00 0.02
Reward Change (pp) Rate Change (pp)
® Ful No Complementarity
1
American Express @ |
1
1
Discover ) 1
1
cit !
iti ® |
1
Capital One PY !
1
1
Super-Regional Y I
1
Chase ® :
1
Bank of America ° 1
1
1
Wells Fargo ° I
1
-30 -20 -10 0

Profit Change (%)

® Full No Complementarity

Notes: This figure shows equilibrium outcomes under interchange fee regulation that reduces
credit card reward rates. Panel A shows market shares, Panel B shows prices, and Panel C
shows profits. The results illustrate regulatory spillovers from the credit card market to the
deposit market.
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Figure 13: Counterfactual: Horizontal Merger (Citi + Super-Regional Bank)
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Notes: This figure shows equilibrium outcomes under a horizontal merger between Citi and
the super-regional bank. Both brands remain active in the choice set; what changes is that the
combined firm now owns all four products (checking and credit at each brand) and solves a
joint first-order condition over them, while cross-selling complementarity x pools across the
firm so the bonus fires for any pair of products held within the combined entity. Panel A
shows post-merger changes in credit card and deposit market shares by bank; Panel B shows
changes in credit card reward rates and deposit rates. Results are reported for the full model
(blue) and the restricted model that shuts down cross-product complementarity, x = 0 (orange).
Under the restricted model, joint pricing alone yields no synergy: the combined firm loses both
deposit and credit share to rivals and profits decline. Under the full model, the broader span
of complementarity within the firm makes the merger profitable: Citi lowers its deposit rate to
extract surplus while raising credit-card rewards to acquire customers, and combined profits
rise by 6.6%.
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Table 1: Summary Statistics

Data Source

Characteristic Prolific MRI NHCS SCF

Panel A: Demographics
Median Income (in thousand dollars) 62.0 67.1 67.1 70.5

Bachelor’s Degree or Above (%) 53.9 35.9 34.7 40.1
Credit Score >= 720 (%) 77.8 78.1

Carrying Credit Card Balance (%) 43.3 36.6 434 39.3
Panel B: Product Holdings (%)

Deposit Account (%) 98.8 94.4 94.1 94.6
Credit Card (%) 86.0 76.0 73.1 80.0
Auto Loan (%) 225 24.3 314 34.1
Mortgage (%) 30.3 41.3 320 409
Brokerage Account (%) 32.6 32.5 18.9 26.0
Panel C1: Account Balances - Revolvers (in thousands)

Median Total Deposits (k$) 1.1 5.5 3.7

Median Credit Card Balance (k$) 0.9 34

Median Credit Card Spending (k$/yr) 2.8 41 3.8

Panel C2: Account Balances - Transactors (in thousands)

Median Total Deposits (k$) 9.0 220 235
Median Credit Card Spending (k$/yr) 8.4 10.2 18.4
Observations 955 100,884 39,716 4,595

Notes: This table reports summary statistics across our main data sources. Prolific refers to our original
survey of approximately 1,000 U.S. consumers. MRI refers to the 2021-2022 waves of the MRI-Simmons
USA Study. NHCS refers to the 2020 wave of the MRI-Simmons USA Study, which additionally captures
consumer tenure at their financial institutions. SCF refers to the 2022 Survey of Consumer Finances.
Panel A compares demographic characteristics. Panel B compares product ownership rates. Panels C1
and C2 report median account balances for revolvers (consumers who carry credit card balances) and
transactors (consumers who pay their balance in full each month), respectively. Cells are blank where
the data source does not report the variable. Prolific respondents hold lower median balances than SCF
and NHCS because the Prolific panel skews younger and lower-income; the structural price sensitivities
estimated on this sample nonetheless match external benchmarks (see Section V), suggesting that the
demand parameters identified from this sample generalize.
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Table 2: Bank Market Shares in Deposit Accounts and Credit Cards

Bank Deposit (MRI)  Deposit (Prolific)  Deposit (SOD)  Credit (MRI)  Credit (Prolific)  Credit (Nilson)
Chase 13.6 10.7 11.7 17.4 224 17.0
Bank of America 11.1 7.7 11.0 10.6 9.5 8.3
Wells Fargo 10.6 7.7 8.3 6.0 45 3.0
Capital One 52 10.3 22 14.2 24.0 141
PNC 3.0 34 2.3 14 0.5 0.5
Citi 2.9 1.2 4.1 8.6 7.0 12.1
US Bank 2.8 29 2.5 2.2 2.1 3.3
TD Bank 1.8 14 22 0.8 0.8 1.2
Citizens Bank 1.3 1.3 1.5 0.6 0.1 0.2
American Express - 3.5 0.5 7.5 8.1 9.0
Discover - 3.3 0.4 49 11.6 7.6
Others 47.6 46.4 53.2 25.7 9.4 23.7
Total 100.0 100.0 100.0 100.0 100.0 100.0

Notes: This table shows market shares for deposit accounts and credit cards in the MRI sample and our
Prolific Survey sample. Market shares in MRI are weighted by the provided population weights. The
"Others" category includes credit unions, internet banks, mutual funds, and various other national or
regional banks. For MRI deposit accounts, the "Others" category also includes American Express and
Discover. When a consumer holds multiple accounts for a single product, each account is treated as a
separate observation in the market share calculations. For comparison, Column 3 shows deposit account
market shares based on the Summary of Deposit Data, and Column 6 shows credit card market shares
from the Nilson Report.
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Table 3: Cross-holding and Consumer Characteristics

1 Checking + 1 CC (1) Main CC at Checking (1)  CC at Each Checking (1)

Age / 10 -0.10%** -0.10%** -0.12%*
(0.01) (0.01) (0.01)
College Degree 0.00 0.02 0.04***
(0.03) (0.01) (0.01)
Log Income -0.08*** -0.08*** -0.11%*
(0.02) (0.01) (0.01)
CFO or Treasurer -0.09 -0.32% -0.35%*
(0.15) (0.15) (0.13)
Online Banking 0.06+ 0.03 0.00
(0.03) (0.02) (0.06)
Invests in Stocks -0.20%** -0.15%** -0.09
(0.03) (0.04) (0.11)
Money Market -0.09+ -0.08** -0.02
(0.05) (0.03) (0.05)
Tax-Advantaged Accounts -0.19*** -0.15%** -0.20%*
(0.03) (0.03) (0.05)
FICO > 780 -0.02 -0.03 0.01
(0.04) (0.02) (0.01)
Factor: Interest Rates -0.13*** -0.11%* -0.08**
(0.03) (0.02) (0.03)
Factor: Reward Program 0.66*** 0.61*** 0.59***
(0.03) (0.04) (0.02)
Num.Obs. 28858 50100 50053
FE: num_ccnum_checking X X

+p <0.1,* p <0.05, ** p <0.01, ** p <0.001
+p $<$ 0.1, * p $<$ 0.05, ** p $<$ 0.01, *** p $<$ 0.001

Notes: This table shows results of logistic regressions estimating the relationships between consumer
characteristics and the propensity to hold checking accounts and credit cards at the same bank. Column (1)
restricts the sample to consumers with exactly one checking account and one credit card; the dependent
variable equals one if both products are from the same bank. Columns (2) and (3) use the full sample of
consumers with at least one checking account and one credit card. In Column (2), the dependent variable
indicates whether the consumer has a checking account at the same bank as the primary credit card. In
Column (3), the dependent variable indicates whether all pairs of checking accounts and credit cards are
held at the same banks. Both columns flexibly control for the number of checking accounts and credit
cards. ** implies significance at 0.001 level, ** 0.01, * 0.05, + 0.1.
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Table 4: Factors for Banking Product Considerations

1) (2) (3) (4)
Outcome Deposit Deposit Credit  Credit

Credit Used 0.060%*  0.063***
(0.027)  (0.025)

Credit Considered 0.242***  (.235***
(0.015)  (0.014)

Deposit Used 0.061**  0.108***
(0.026)  (0.024)
Deposit Considered 0.257***  0.257***
(0.017)  (0.017)
Constant 0.117** 0.117** 0.137** 0.135***
(0.003)  (0.003)  (0.004) (0.004)
Observations 11,796 11,796 11,796 11,796
Controlling for:
Bank FE v v’

Notes: This table shows factors that predict whether a con-
sumer considers a bank when choosing a deposit account
(Columns 1 and 2) or a credit card (Columns 3 and 4). Credit
Used indicates whether the consumer was using the bank’s
credit card when choosing their deposit account. Deposit Used
indicates whether the consumer was using the bank’s deposit
account when choosing a credit card. ** implies significance
at 0.01 level, ** 0.05, * 0.1.
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Table 5: Structural Parameter Estimates: Transactors vs. Revolvers

Parameter Transactors Revolvers

Price Sensitivity

Checking (1) 2.25 1.68

Credit («2) 271 0.49
Cross-Selling Effects

Consideration — Checking (x9) 1.23 0.85

Consideration — Credit (x5) 1.53 1.02

Utility — Checking (x}) 0.78 0.73

Utility — Credit (x%) 0.64 0.90
Implied Benefits

Checking (pp deposit rate) 0.35 0.43

Credit (pp cashback/APR) 0.24 1.83
Arrival Rates

Checking (A1) 0.22 0.30

Credit (A;) 0.21 0.28

Notes: Reports population means 6 of the structural parameters from the MC-EM estimator.
N reports the Prolific sample sizes; the full likelihood also incorporates approximately 100,000
MRI-Simmons observations via a weighted summand on the steady-state likelihood (see Sec-
tion V). Standard errors are omitted; parametric bootstrap inference is under development.
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Table 6: Estimated Heterogeneity: Standard Deviations and Correlations of
2o

Transactors Revolvers

Bank Preference Std. Deviations ()

v{ (Check. Consid.) 1.65 1.59
v5 (Credit Consid.) 1.56 1.70
v} (Check. Utility) 1.33 1.65
vy (Credit Utility) 1.51 2.01
Bank Preference Correlations (X;)
p(vg,v5) 0.96 0.96
p(v},v%) 0.65 0.15
Structural Parameter Std. Deviations (2, log scale)
log a1 (Checking) 1.04 1.40
log ay (Credit) 0.11 0.08
log xi 1.00 0.57
log x5 0.09 0.37
log A1 (Checking) 0.11 0.16
log A, (Credit) 0.10 0.14

Notes: Reports standard deviations and within-bank correlations of the estimated heterogeneity
distribution. The X, block captures bank-preference heterogeneity in levels, with strong within-
bank correlation across consideration and utility for the same product (near-unit p(v{,v5));
cross-correlations between consideration (v°) and utility (v*) blocks are restricted to zero and
omitted from the table. The (loguay,log x}) blocks are estimated separately by product (the
cross-product joint distribution is not identified by the survey design) and exhibit substantive
dispersion; (logA1,logAy) is jointly normal across products with limited within-segment dis-
persion. The consideration complementarity x° is held homogeneous within consumer segment
(Xy. identified by Fact 3; variance not identified).
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Table 7: Bank Preference Parameters: Transactors and Revolvers

Bank v§ (Check. Consid.) v5 (Credit Consid.)

o¥ (Check. Utility)

vy (Credit Utility)

Panel A: Transactors

American Express — -1.69 — -5.84
Bank of America -2.07 -1.84 -2.88 -4.65
Capital One -2.46 -1.19 -8.85 -3.83
Chase -2.05 -0.61 -3.27 -4.42
Citi -3.71 -1.84 -9.29 -5.81
Regional Banks -2.71 -3.42 -4.18 -2.30
Discover — -1.44 — -4.90
US Bank -2.51 -2.77 -2.07 -3.46
Panel B: Revolvers

American Express — -1.85 — 10.20
Bank of America -2.10 -2.17 -1.68 14.63
Capital One -2.59 -0.31 -6.12 13.26
Chase -1.91 -0.81 -1.91 14.50
Citi -3.69 -2.18 -7.76 10.30
Regional Banks -2.25 -3.29 -3.56 10.76
Discover — -1.12 — 11.42
US Bank -2.64 -3.34 -1.14 11.02
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Table 8: Implied Margins and Costs from Supply-Side First-Order Conditions

Statistic Value
Margins (Median)
Median Checking Margin (pp) 0.83
Median Transactor Credit Margin (pp) 0.45
Median Revolver Credit Margin (pp) 427

Checking Cost Range
Min Checking Cost -0.0369
Max Checking Cost -0.0202

Transactor Credit Cost Range
Min Transactor Credit Cost -0.0278
Max Transactor Credit Cost -0.0135

Revolver Credit Cost Range
Min Revolver Credit Cost 0.1549
Max Revolver Credit Cost 0.2226

Notes: This table reports implied margins and marginal costs recovered from the supply-side first-order
conditions of the EM specification. Margins are the difference between per-unit revenue and marginal cost
for each product, in percentage points, averaged across consumer types. Costs represent the marginal cost
of serving a customer per dollar of balance, net of interchange and investment-return revenue; negative
values indicate that these net revenues exceed direct servicing costs.
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Appendices. For Online Publication Only

A Additional Figures and Tables

Figure A.1: Crossholding of Checking Accounts and Credit Cards by Bank,
Prolific Data

100%.

3
b

g
E
et

Fraction of Consumers with a Credit Card at the Bank

N
3
g
°
°
34
L
.

o > o ¢ N © & S ©
& & ) N S &
o & s K E & i & &
© &
Ka & & &2 R S
M [s;
3
&
Bank
Consumer Group @ Have a Checking Account at the Bank @ Do Not Have a Checking Account at the Bank
€
< 60%
o
o
L]
®
€
5
3
8
S
<
o
2 40% [ ]
s ke sabw
2 [
2
o
@
£
E 23ps
o
b}
£ 20%
5
2
2
3
o
P g
5 L] ax
I ® 12
i [} ®
0% ] [ } e
12 > 2 N O & & &
2 & & N S S o
& é & ) © & s & %
R o R R < ©
& < [S;
&
Bank
Consumer Group @ Have a Credit Card at the Bank @ Do Not Have a Credit Card at the Bank

Notes: This figure shows the deposit account market shares of Chase, Wells Fargo, and Bank of
America among two groups of consumers: those who have a brokerage service account at the
bank (orange dots) and those who do not (green dots). The sample includes all consumers in
the 2021 and 2022 MRI data.
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Figure A.2: Cross-holding at Big and Small Banks
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Notes: This figure shows the prevalence of cross-holding across banks. The top panel plots, for
each bank, the ratio of credit card market shares among consumers who do and do not have a
checking account at the bank. The bottom panel plots the analogous ratio for checking account
market shares conditional on credit card ownership. Banks are sorted in descending order by
their aggregate market shares in checking accounts.
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Figure A.3: Sizes of Consideration Sets
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Notes: This figure shows the distributions of the sizes of the consideration sets for deposit
accounts and credit cards in our Prolific Survey Sample. The consideration set includes each
consumer’s bank of choice, and other banks they “looked into or reviewed" when choosing the
product.



Figure A.4: Cross-holding by Consumer Subgroups: Detailed View
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Notes: This figure provides a detailed breakdown of cross-holding rates by consumer subgroups.
Each panel shows the rate of credit card cross-holding separately for different demographic
characteristics: income, education, credit score, and credit card balance. Within each panel, we
compare disadvantaged and advantaged groups as defined in the main text.
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Figure A.5: Goodness of Fit: Tenure by Age
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Notes: This figure compares model-predicted and empirical average tenure (time since the most
recent bank switch) for checking accounts and credit cards, broken down by consumer age.
Solid lines show Prolific survey averages; dashed lines show the model-implied analog from
a forward simulation in which each synthetic consumer is assigned a first-account arrival age
drawn uniformly from a fixed window and then experiences switching dynamics under the
estimated CTMC until their current age.
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Figure A.6: Observed Prices by Bank
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Notes: This figure reports the observed prices used as the supply-side targets in the model:

deposit interest rates, credit card reward rates, and credit card APRs by bank. Deposit rates are

constructed from Y-14 quarterly bank holding company filings as the ratio of interest expense

on domestic deposits to the total amount of domestic deposits. Reward expense per dollar of

credit card spending is constructed from bank financial filings combined with payment volume
data from the Nilson Report. APRs are from the CFPB Terms of Credit Card Plans (TCCP)
survey.



B An Example of Consumer Demand Model

Consider a simple example with two banks and the outside option for each product.

There are nine possible states:

x € {(0,0),(0,1),(0,2),(1,0),(1,1),(1,2),(2,0),(2,1),(2,2)}

Assume for simplicity that 6 = 0 and pjx = 0 for all products. Let x = log2, so that

consumers are twice as likely to choose the credit card from the bank where they have

the deposit account and vice versa. We can derive the Markov transition intensity matrix

for the deposit account as:

—2/3 1/3 1/3
—3/4 1/2 1/4
—3/4 1/4 1/2
1/3 —2/3 1/3
Qi = A1 X 1/4 ~1/2 1/4
1/4 —3/4 1/2
1/3 1/3 -2/3
1/4 1/2 —3/4
1/4 1/4 -1/2

This matrix illustrates key model features. The first row shows transitions from state
(0,0). Only 2 off-diagonal elements appear: consumers can move only to states holding
a credit card at bank 0, since the matrix captures deposit-switching opportunities only.
Given equal product qualities, the transition rate to each of those states is A1/3, so the
total flow out of (0,0) is —2A1/3.

The second row describes transitions out of the (0,1) state. Here, the consumer
already has a credit card at bank 1. With x = log?2, they are twice as likely to choose the
deposit account from the same bank. As a result, the transition rate to the (1,1) state is
A1/2, twice the transition rate to the (2,1) state. The total flow out of the (0, 1) state then
becomes —3A1/4. The third has a similar intuition as the second row, and the fourth
row has a similar intuition as the first row.

The fifth row brings out another economic force at work. This row represents tran-
sitions from (1,1), where the consumer is already cross-holding at bank 1. With x; =
X2 = log2, the consumer prefers keeping the deposit account at bank 1. Therefore, the
transitions into (0,1) and (2,1) are reduced. This generates the empirical pattern that
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consumers who cross-hold are less likely to consider switching and more likely to be at
their bank for a longer period of time.
Similarly, the transition matrix for Q, is

—2/3 1/3 1/3
1/3 -2/3 1/3
/3 1/3 -2/3
=3/4 1/2 1/4
Q2 = Az x YVa 12 1/4
e 12 —3/4
—3/4 1/4 1/2
/4 -3/4 1/2
a4 /s /2,

and the transition intensity matrix for the entire system is Q = Q; + Q.
Now suppose A1 = 0.1 and A, = 0.5. This reflects the idea that people switch deposit
accounts rarely but switch credit cards quickly. The full transition matrix then looks like

-04 017 017 0.03 0.03
017 —-041 0.17 0.05 0.02
017 017 -041 0.02 0.05
0.03 —-044 025 012 0.03
Q= 0.02 012 -03 0.12 0.02
002 012 025 -045 0.05
0.03 0.03 —-044 0.12 025
0.02 0.05 012 —-045 0.25
0.02 002 012 012 -03

Given this process, an approximate steady-state vector of market shares s is a left

eigenvector of the matrix Q with eigenvalue 0, normalized to have a sum of 1:

s = (0.09 0.09 0.09 0.09 0.18 0.09 0.09 0.09 0.18)

At the steady state, consumers are more likely to cross-hold both products at the
same bank.

The matrix exponential for one time period is S (1) and equals
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0.69 0.12 0.12 0.02 0.01 0.0 0.02 0.0
0.12 0.69 0.12 0.0 0.04 0.0 0.0 0.02
012 012 0.69 0.0 0.01 0.02 0.0 0.0
002 00 00 0.66 019 0.09 0.02 0.0
exp(Q)= |00 0.02 00 009 076 009 0.0 0.02
00 0.0 0.02 009 019 065 0.0 0.0
002 00 00 0.02 0.01 0.0 0.66 0.09
00 0.02 00 00 0.04 0.0 0.09 0.65
00 0.0 0.02 00 00 0.02 0.09 0.09

Note that all entries of the matrix exponential are strictly positive (entries displayed as
0.0 reflect rounding to one decimal place), even though the transition intensity matrix Q
has many zeros. In the model, it is possible to transition from, say, (1,1) to (2,2) in a
short time window if you receive both a deposit account and credit card switching shock
in the time window. The matrix exponential encodes this possibility through the process

of multiplying the matrix.

0.01
0.01
0.04
0.01
0.0
0.04
0.19
0.19
0.76




C Data and Balance Parameter Calibration

C.1 Balance Parameters in the Model

The supply-side first-order conditions require balance parameters by measuring the
typical dollar amounts in checking deposits (b1), credit card outstanding balances (b51ance),
and annual credit card spending (b;pend). Banks’ profit calculations depend on these
parameters: for checking, revenue comes from the net interest margin (the difference
between rates earned on deposits and rates paid to depositors); for credit cards, from

interest on balances and interchange fees on transaction volume.
C.2 Data Sources and Calibration

We calibrate each balance parameter as the simple average of median values from
independent survey sources, separately by consumer type (revolvers, who carry a credit
card balance, and transactors, who pay in full each month). Three surveys contribute to
the calibration. The Federal Reserve’s 2022 Survey of Consumer Finances (SCF) provides
household-level medians for all three parameters: deposits, credit card outstanding bal-
ances, and credit card spending. The National Household Credit Survey (NHCS) pro-
vides weighted median deposit balances for a nationally representative sample of 16,489
consumers. The MRI-Simmons USA Study provides median annual credit card spend-
ing derived from survey spending buckets across approximately 100,000 consumers. For
each parameter, we average across all sources that measure it: deposit balances average
the SCF and NHCS medians, credit card spending averages the SCF and MRI medians,
and credit card outstanding balances use the SCF median alone (the only source that
reports this variable by consumer type). Table C.1 reports the source-specific median
values side by side.

The resulting calibrated values are as follows. For revolvers, the averaged values yield
deposits of $4,620, credit card outstanding balances of $3,430, and credit card spending
of $3,936 per year. For transactors, the averaged values yield deposits of $22,759 and
credit card spending of $14,295 per year, with zero outstanding balances by definition.
The 4.9-fold difference in deposits between transactors and revolvers reflects meaningful
heterogeneity in the financial profiles of these consumer groups: transactors tend to be
more affluent and hold substantially higher deposit balances.

Multi-Source Comparison Table C.1 compares the source-specific median values across

the SCF, MRI/NHCS, and two additional reference sources (Prolific and Nilson Report).
The SCF and NHCS deposit medians are broadly consistent: $3,740 versus $5,500 for
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revolvers and $23,520 versus $21,998 for transactors. The SCF and MRI credit card
spending medians agree closely for revolvers ($3,816 versus $4,056) but diverge more for
transactors ($18,384 versus $10,206), reflecting differences in survey design and spend-
ing measurement. Averaging across sources mitigates idiosyncratic measurement error

in any single survey.

Table C.1: Balance Parameters: Multi-Source Comparison (SCF, MRI/NHCS,
Prolific, Nilson)

Parameter SCF MRI/NHCS Prolific Nilson
Panel A: Revolvers (Balance Carriers)
Deposits ($) 3,740 5,500 1,100 —
CC Outstanding ($) 3,430 — 880 6,657*
CC Spending ($/yr) 3,816 4,056 2,820 $0*
Panel B: Transactors (Non-Carriers)
Deposits (3$) 23,520 21,998 9,000 —
CC Outstanding ($) $0 — — $0*
CC Spending ($/yr) 18,384 10,206 8,400 25,602*

Notes: SCF values are survey medians from the Survey of Consumer Finances. MRI/NHCS:
deposit medians from the National Household Credit Survey (NHCS); CC spending medians
from MRI Simmons; neither source covers CC outstanding. Prolific values are survey medians
from the Prolific Academic panel. *Nilson Report (2021-2022) values are allocated under the
strong assumption that revolvers carry 100% of CC outstanding and transactors account for
100% of CC spending; Nilson does not include deposit data. Population shares: 43.3% revolvers,
56.7% transactors.

Table C.2: Checking Deposit Balances from NHCS: Mean versus Median

Consumer Type Mean Balance Median Balance Ratio (Mean/Median)

Transactors $87,860 $21,998 3.99
Revolvers $32,769 $5,500 5.96
Pooled $61,297 $10,999 5.57

Notes: This table compares mean and median checking deposit balances from the NHCS for transactors
(consumers who pay credit card balances in full) and revolvers (consumers who carry balances). The
pooled estimate combines both groups. The large mean-to-median ratios reflect the highly right-skewed
distribution of deposit balances.

Rationale for Using Medians Deposit and credit card balances are highly right-skewed
(mean-to-median ratios of 4 to 6; Table C.2), so medians better reflect the typical account

holder’s balance than an average inflated by outliers. In unreported results, using means
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leaves the qualitative cross-selling findings unchanged, though implied marginal cost
levels shift as expected.

D Likelihood Construction Details

The main text decomposes the Prolific cardholder likelihood into three blocks: a static
block L3t = D; - D, that captures the consideration set and bank choice at each histor-
ical decision moment (Equation 14), a stated-preference block L™P for the hypothetical
shocks (Equation 15), and a dynamic block L™ = A, - M- Ajp - F that adds the timing
layer (Equation 16). For brevity, parts of this appendix collect the static and dynamic
blocks under the shorthand L = L5t . L9 since both depend on the timing parameter-
ization (f1,t) of the past switching history. This appendix gives the closed-form expres-
sions for Dy, M, and F, enumerates the four first-account configurations and explains
why specific terms drop in each, derives the closed-form integrals for censored switch
times, formalizes the non-cardholder contribution, and lays out the regime-conditional

formulas for the hypothetical-shock likelihood.
D.1 Closed-Form Expressions for the Static and Dynamic Terms

For any intensity matrix A, let A denote the modified matrix with all off-diagonal
elements zeroed out (i.e., no switches), and let [A],, denote the matrix element corre-
sponding to a transition from state x to state y. We use these to write transitions that
respect what we know happened during a given interval.

Static choice term Dy. The static block multiplies two switch-event probabilities Dy -
D,, where for each switch k,

Dy = P(xg | Ci, x(t), 0:) - P(Cy | x(t;), 6:), (D.1)
Cy is the observed consideration set, x; is the observed bank choice, P(x} | Cy, x(t, ), 6;)
is the logit choice probability conditional on the consideration set and the pre-switch
state, and P(Cy | x(t, ), ;) is the probability of drawing that consideration set.

Intervening tenure M. The intervening tenure M is the matrix-exponential probabil-
ity of the consumer’s state evolution during the interval (¢,,t;) between the two ob-
served switches. Because the consumer’s deposit account is fixed to the post-deposit-
switch bank during this interval (no further deposit switches have occurred since t1),

we suppress deposit transitions in the generator while retaining the full credit-card
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dynamics:

M = [eXP<(Q1 +Q2) (b — tZ))]x(t{),x(tz) : (D.2)

The matrix element corresponds to the transition from the post-deposit-switch state
x(t]) to the pre-credit-card-switch state x(t5 ).

Final stability F. The final stability F is the matrix-exponential probability of remain-
ing in the consumer’s currently observed state x* from the most recent switch through
the survey date. Because both observed switches have already been accounted for, we

suppress both products’ transitions:

F= [exp<(Q1 +Qy) tz)}x* : (D.3)

, X"

The diagonal element gives the probability of remaining in x* without any additional
switches.

D.2 First-Account Cases

The likelihood in Equation 16 applies when neither the deposit nor the credit card
is the consumer’s first account of that type. When one or both accounts are first-time
adoptions, certain terms drop from the likelihood. We focus throughout on the case
where the consumer has held her current deposit account longer than her current credit
card (t; > tp); the symmetric case follows by relabeling products. Table D.3 summarizes
the four configurations, and we explain each below.

Table D.3: Likelihood Terms by First-Account Status

Case | Deposit CC A D1 M A
1 Not First Not First v Vv
First Not First v

COC|§
CO A=

v’
2 v’
3 Not First First v Vv
4 First First v’

Two types of terms can drop from the likelihood, each for a distinct economic reason:
First, arrival rates drop for first accounts. The arrival rate Ay governs the Poisson
process of reconsideration opportunities, the rate at which an existing account holder re-
considers their current product. As discussed in the main text, Ay conflates genuine inat-
tention with the fixed costs of switching, and both frictions contribute to low observed
switching rates. For first-time adoption, the relevant frictions may be quite different: the

tixed costs of opening a new account may be much smaller than those of switching an
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existing one, so consumers may consider acquiring a new product far more frequently
than A; would imply. Since Ay conflates these frictions, we condition on the adoption
having occurred and retain only the choice component Dy, which captures bank selection
and consideration set formation at the time of adoption. In Case 2, A; drops because the
deposit is a first adoption; in Case 3, A, drops because the credit card is a first adoption;
in Case 4, both drop.

Second, the intervening tenure term drops when the more recently switched product
is first. The term M (Equation D.2) is the probability the consumer’s state follows the
specified dynamics between the deposit switch at #; and the credit card switch at t;.
During this interval, the consumer holds the deposit account at the chosen bank while
potentially switching credit cards under the generator Q1 + Q. This term is informative
only when the consumer actually held a credit card throughout the intervening period.
When the credit card is a first account (Cases 3 and 4), the consumer did not hold
any credit card during [t t;], so the credit card state is the outside option (x; = 0)
throughout with certainty. Because the consumer’s state path during the intervening
period is trivially determined, M contributes no additional information and drops from
the likelihood.

Third, the final stability term and choice probabilities always appear. The final sta-
bility term F (Equation D.3) captures the probability of no further switches between the
most recent event and the survey date, and is always relevant regardless of whether
accounts are first adoptions. The choice probabilities Dy, which capture which bank
was selected and what consideration set was formed, are likewise always observed and

always enter the likelihood.
D.3 Censored Switch Times

When one or both account switches occurred more than Tmax years ago, the exact
timing is censored and we must integrate over all possible switch times. Because the

CTMC yields matrix exponential terms, these integrals admit closed-form solutions.

Deposit switch censored (t; > Tmax, t2 < Tmax). When the deposit switch is cen-
sored but the credit card switch is observed, we integrate the likelihood over all possible

deposit switch times beyond the lookback window:

Ls(tl,t2|9):/T L(u,t2]0)du
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The key step is integrating the matrix exponential in the intervening-tenure term M
(Equation D.2) over the censored horizon. Using the identity

/ exp(A 1/[) du = —A~! eXp(A Tmax)

for a matrix A with strictly negative real eigenvalues, M is replaced by:

Moy = — [(Ql +Q2) "exp ((Q1 + Q) (Tmax — t2))]

x(t{r)—m(tz’ )
The matrix inverse (Q; + Q) ! arises from integrating the matrix exponential over the
semi-infinite censored horizon. All other likelihood terms, including which arrival-rate

and choice terms appear, depend on first-account status exactly as in Table D.3.

Both switches censored (1 > Tmax, t2 > Tmax). When both switches are censored, we
perform a double integral over all possible switch times:

L¥ (t1 > Tomaxsf2 > Tonax |6) :/ / L(u,r|0)du dr
Tmax /7

Now both M and F change. The intervening tenure becomes:

M — [(Ql + Qz)l]x(q)ﬁx(”)

This arises from Mglflc‘f when the upper integration limit for the credit card switch time
also extends to infinity: the inner integral over the deposit switch time u, evaluated at
its lower limit u = r where exp(Q1(u — 7)) = I, leaves only the matrix inverse from the

outer integral over r. The final stability becomes:

e = ([0 +Qal,) e ([01+Qal, e - T

which integrates the scalar sojourn probability over [Tmax, ). As with the single-
censored case, the first-account adaptations from Table D.3 apply unchanged: the arrival-
rate and choice terms adapt based on which accounts are first accounts, while M and F
are replaced by their censored counterparts.

D.4 Non-Cardholders
Prolific respondents who currently hold a checking account but no credit card are

loaded into the estimator through a separate static-only contribution. The survey did
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not elicit deposit-side switching dynamics or hypothetical-shock responses from this
group, so they enter the likelihood only through the choice probability that they hold
the credit-card outside option conditional on their checking-account holding;:

an(ei) = Z P(x>2|< =0 | C, XT, 61) ’ P(C | XT, 91'), (D4)
Cce2J

which marginalizes over the unobserved credit-card consideration set C. None of the
dynamic terms (Ajx, Dy, M, or any component of F) and none of the hypothetical-shock
terms appear; the data needed to evaluate them are not collected for non-cardholders.
This contribution disciplines how attractive the credit-card outside option must be rela-
tive to the inside options offered by each bank.

D.5 Hypothetical-Shock Likelihood

Section V.C introduces the stated-preference likelihood

L"P(9;) = Y_P(V,W,R,A| C,6,) P(C | x*,6,).
C

This appendix derives the regime-conditional formulas for the conditional probability
P(V,W,R,A|C,8;).

We model each respondent as drawing a single set of Gumbel preference shocks
{eij} at the time of the question; she then reports her hypothetical choices across all
four scenarios using that draw. Define the consumer’s choice probabilities under four
progressively-degraded utility states for the focal product: the baseline (s;), the un-
bundling shock (s;., where the ideal bank V' no longer offers the complementary product
—k), the price shock (s;-’ , where the price at V becomes less attractive by Ap), and the
complete removal of the focal product at V' (s;"). Each s; is a logit choice probability over
the latent consideration set C.

Whether the price shock or the unbundling shock dominates the consumer’s utility
loss at the ideal bank depends on the realized (aj, x/;). In the price-dominant case
(igAp > x4 {V = x*/}), any consumer who would switch under the unbundling
shock would also switch under the price shock. The conditional probability collapses to
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a stack of utility-gap differences:

S0 VZO,

sW—sh V=R=W#A,
P(V,W,R,A|C6)={s" ¢, V=R#W=A4,
sh—sa VAR=W=A4,

\ 0 otherwise.

Each non-zero case isolates the mass of consumers whose Gumbel draws place them in
a particular utility window: just severe enough to trigger a switch under the stronger
shock but not the weaker one.

In the unbundling-dominant case (aAp < x41{V = x*,}), the roles of W and R
swap and the corresponding stack of differences uses the unbundling-side rather than
price-side ordering. Because («, x) are heterogeneous, the marginal likelihood mixes
over the two regimes through the population distribution of types, which is what gives
the model positive likelihood for every observed response pattern (including patterns

that any single («, x*) pair would assign zero probability to).
D.6 Model-Implied Tenure Distributions

We derive the model-implied distribution of account tenures from the estimated
CTMC parameters. The key object is the backward recurrence time: the elapsed time since

the consumer last switched to their current bank, as observed in a cross-sectional survey.
D.6.1 Phase-Type Backward Recurrence Time

Consider the tenure of a consumer’s deposit account at bank j. Define S;(j) = {x :
x1 = j} as the set of states in which the consumer holds a deposit account at bank
j, varying over credit card banks x, € {0,...,]}. While the consumer remains within
S1(j), they may switch credit cards but their deposit tenure continues to accumulate.

The sub-generator Qs = Q[S1(j), S1(j)] governs the dynamics within S;(j). Because
Q = Q1 + Qy, this sub-generator captures both the (zero) within-set deposit transitions
and the credit card transitions that occur while the consumer remains at deposit bank
j. Exit from S (j), that is, switching the deposit account to a different bank, is encoded
in the off-diagonal blocks of Q that are excluded from Qg. The sojourn time in Sj(j)
therefore follows a phase-type distribution PH(«, Qs), where a is the entry distribution
described below.
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D.6.2 Entry Distribution

The entry distribution & describes the composition of states within S;(j) at the mo-
ment a consumer switches into deposit bank j. This distribution matters because a con-
sumer’s expected tenure at bank j depends on her credit card state x; at the time of
entry. A consumer who enters as a cross-holder (j, j) faces lower exit rates because of
the utility complementarity x“, and therefore tends to remain longer than a consumer
who enters holding a credit card elsewhere. The entry rate into state (j, x2) € S1(j) is:

Ly, = Z 5(7, x2) 'qgj/'XZ)_}(j'XZ)
I'#i
where 5(j/, x;) is the steady-state probability of state (j’,x,) and qgj/’m%(j’xz) is the de-
posit transition rate from bank j’ to j (holding credit card bank x; fixed). Normalizing so
that ), ayx, = 1 gives the probability distribution over credit card states at the moment
of entry. Credit card tenure at bank j is defined analogously, with S>(j) = {x : xo = j}.

D.6.3 Backward Recurrence Distribution

In a stationary CTMC, the backward recurrence time B (the time elapsed since the
most recent entry into Si(j)) has the following distribution:

falt) = o' exp(Qst)1 D5)
K
B> = =% Qs' exp(Qst) 1 D8
K
where 1 is the vector of ones and y = —a' lel is the mean sojourn time in Si(j).

Intuitively, exp(Qst) 1 gives the probability of remaining within Si(j) for at least ¢
years starting from each state. Averaging over the entry distribution « and normalizing
by p converts this into the backward recurrence density observed in a cross-section.
The survival function in Equation (D.6) exploits the commutativity le exp(Qst) =

exp(Qst) le to precompute lel once.

D.6.4 Aggregation

We compute per-bank tenure distributions separately for each bank j = 1,...,] and
each product k. The overall tenure distribution for product k is the share-weighted
average across banks:
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el = Yy 0, wy= SN

j=1 j'=157
where §; is the marginal steady-state share of bank j for product k (excluding the outside
option). We further combine the transactor and revolver subsamples using their sample
frequency weights to produce a single predicted tenure distribution for comparison with
the survey data. Because the demand parameters 6; are heterogeneous, each type’s
tenure distribution is computed separately and then averaged over the Monte Carlo

draws from the heterogeneity distribution.
D.7 Parametric Form of the Heterogeneity Distribution

We specify the bank-preference intercepts in levels and the structural primitives in
logs, since &, x", A are positive on theoretical grounds. The heterogeneity distribution
has block-diagonal structure:

1. Bank preferences (levels). For each bank j, the consumer’s preference vector is
jointly normal,
vfjl
5.
1]2 ~ N(v/ Z“]/) 7
u ]
V4
ij1
1/1.”]-2
independent across consumers i and banks j, with X, shared across banks. The
off-diagonal entries of X, allow consumers’ preferences to correlate within a bank
across products and across the consideration and utility margins, which is empir-
ically central: we estimate the consideration—consideration correlation p(v5,v5) to
be close to one.

2. Price sensitivity and utility complementarity (logs, per product). For each prod-
uct k, (logaj, log x}.) is jointly normal,

log ax o [ [ Pk it
log )(l?‘k ot k XD

with within-product correlation freely estimated. The two product-k blocks (log a;1,1log x% )
and (logaj,log x%) are independent of each other. The independence reflects
the survey design: each Prolific respondent is randomized into hypothetical-shock
questions for only one of the two products, so the within-product joint distribution
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is identified but the cross-product joint distribution is not.

3. Arrival rates (logs). The pair of log arrival rates is jointly normal,

(k)gM) ~ N(pr Za),
IOg /\iZ

with their own 2 x 2 covariance. Tenure distributions for both products in the same

consumer’s life identify the cross-product correlation in arrival rates.

The consideration complementarity x; is treated as a homogeneous parameter, with
population mean ) identified by Fact 3 but no consumer-level variance. The consumer-
level shifters #j; and 7;; used in earlier specifications are not separately identified from
v¢ and v¥, so we drop them. We use log specifications for a, x*, A because the model
imposes positivity on these parameters; the bank-preference intercepts v have no sign
restriction and are modeled in levels.

D.8 MC-EM Algorithm and Implementation Details

This appendix gives the full pseudocode and the practical features of the implemen-
tation glossed over in the main text. Let X; denote the data for observation i, ¢(- | u, %)
the multivariate normal PDF with mean p and covariance X, and ¢ = 1,2,...,L the

iteration index.

Algorithm.

1. Initialize. Set 8" and =(V) to starting values described in the initialization para-
graph below, and set each observation’s proposal distribution to the population
prior, 5" =9 and =D =z,

2. For iterations £ =1,..., L or until convergence:

(a) Draw. For each consumer i, draw R proposals 91(’“? ~N <§E€), Zl@). The pro-
posal distribution is observation-specific and is updated each iteration based

on the previous iteration’s posterior summary for i.
(b) Evaluate. Compute L(X; | 01.(,?), the population prior density py) = 4)(61.(1? |
5(@,2(5)), and the proposal density q%) = 4)(91(’? | 51@), Zl@)).

(c) E-step (importance weights). Form normalized posterior weights

{ 14 14

o L6l p /g
- / l £)"
25:1 L(X; | ef,t)) PE )/qz(,t)

ir
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The ratio pg) / qi(ﬁ) reweights each draw from the proposal back to the pop-
ulation prior; multiplying by the likelihood yields draws from the posterior
p(6; | X, g , =) up to a normalizing constant.

(£+1)

(d) M-step (population parameters). Update 0 and Z(“*1) as weighted first

and second moments of the simulated types:

§ - Ll
NZ=Z """
Z(€+1) % % i wl(ﬁ) (61(5) . a(f-‘rl)) (el(,i) o §(€+1))T.

-~
Il
—_
<
Il
—_

(e) Update proposal. Refresh each consumer’s proposal using her own posterior

moments:

R
6 = 3 0l

1 ir’
r=1

s (0+1) _ i w© (6 _ 50y (o0 _ gl T.

i ir \Yir i ir i

r=1

Step 2(c) is the E-step implemented by importance sampling; step 2(d) is the M-step in
closed form, since the weighted log-likelihood of the simulated types has a Gaussian-
conjugate maximizer in (6,Zg). The algorithm departs from Train (2008) in step 2(a):
rather than drawing all types from the population prior, we draw each consumer’s types
from her own posterior summary from the previous iteration, sharply reducing the vari-
ance of the importance weights and allowing the E-step to converge with a manageable
number of draws per observation.

The remainder of this appendix describes practical features of the implementation

needed to run reliably on samples of our size.

Phased estimation schedule. We estimate the model in four phases. The first phase
tits only the static moments (the static-choice and hypothetical-choice likelihoods), hold-
ing the arrival rates Aj; at an initial calibration and estimating only the preference and
complementarity blocks. The second phase adds the dynamic past-switching likelihood
with the preference and ) parameters frozen at their phase-one estimates, so that the
first iteration can update A and ¢, in isolation. The third phase unfreezes preferences
while keeping the complementarity block fixed. The fourth phase estimates all param-

eters jointly. The phased schedule avoids the instability that arises from simultaneously
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updating parameters whose moments compete in the early iterations.

Adaptive proposal covariance. The proposal covariance Zl@ in step 2(a) of the algo-
rithm is a convex combination of the previous-iteration posterior covariance for observa-
tion 7 and the current-iteration population covariance, with the mixing weight adapted
based on the effective sample size of the importance weights. When weights are concen-
trated on few draws (low ESS), we shrink the proposal toward the population covariance
to broaden the search; when weights are close to uniform (high ESS), we rely more on
the observation-specific posterior covariance. The mixing weight is also scaled by a dif-
fusion factor greater than one to prevent the proposal from collapsing below the true

posterior scale.

Draw regeneration. Each MC-EM iteration can either re-simulate draws from the cur-
rent proposal or reuse the draws from the previous iteration with updated importance
weights. We regenerate draws when any of three conditions holds: the effective sample
size (), wl-(’l;) )2/ Zr(wfﬁ) )2 drops below a per-consumer threshold, the population param-

eters 0"

have drifted far enough from their values at the last regeneration, or a fixed
number of iterations has elapsed since the last regeneration. Reusing draws across con-
secutive iterations is exact up to the importance ratio; regeneration is needed only when

the proposal has moved far enough that the importance weights degenerate.

Block-diagonal covariance constraint. The heterogeneity covariance is block-diagonal
across the four blocks defined in Appendix D.7: the bank-preference block X, (4 x 4,

shared across banks); the per-product log blocks X, ) and X, ,u) > (2 X 2 each, inde-

“IXM)
pendent of each other); and the joint log arrival-rate block X, (2 x 2). Cross-block cor-
relations are constrained to zero. After each M-step we project the updated covariance

onto this block structure and enforce positive-definiteness by eigenvalue flooring.

Aggregate-share refinement. After the MC-EM iterations converge, we adjust the bank-
specific utility intercepts V]Lfk to match aggregate market shares from the MRI-Simmons
cross-section. Holding all other parameters fixed at their EM estimates, we iterate

_u(6+1)  —u, (¢ [
v;lk( ) _ v;’k( ) + logs}\,fm — log 8 <v“'(£)> ,

where 5 (v") is the model-implied steady-state share for bank-product cell (j, k), aver-
aged over the estimated type distribution by Monte Carlo. The contraction converges
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quickly because the residual share gap is small after EM, and it leaves the heterogeneity,

complementarity, and switching-rate estimates unchanged.

Initialization. We initialize 8 at moderate values consistent with the reduced-form
moments. In particular, bank-preference intercepts match observed market shares and
arrival rates match the average reciprocal tenure observed in the survey. (! is initial-
ized as a block-diagonal matrix with moderate diagonal entries and identity correlation
structure within blocks. Convergence is declared when the relative change in the popu-
lation log-likelihood and in 6 falls below prespecified tolerances across five consecutive

iterations.
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