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1 Introduction

Bank deposits are often referred to as “sleepy” or “sticky,” meaning that they are not friction-
lessly re-optimized every period. This sleepiness is thought to be a critical feature of the banking
sector (e.g., Hanson et al., 2015). It also has important consequences for bank regulation. For
example, regulators in the UK have expressed concern that deposit rates respond much less to
short-term interest rates than do lending rates, potentially harming depositors.! Moreover, the
global financial crisis and the recent run on Silicon Valley Bank underscore the importance of
deposit stickiness for financial stability (Drechsler et al., 2023; Jiang et al., 2024).

In this paper, we study the implications of sleepy deposits for the banking sector using
new microdata and a quantitative dynamic model. We start by documenting new facts about
depositor behavior using novel data on account openings and closures. Account turnover is
low on average and varies in the cross-section of account types. Accounts operated by older
depositors have lower turnover, whereas business accounts and larger accounts have higher
turnover. Our data also shed light on the reasons for account turnover. Only about 15% of
account closures result from depositors shopping for better terms; the majority are driven by
account inactivity, moving, and death.

We then develop and estimate a dynamic structural model of demand and supply for de-
posits. In the model, depositors are sleepy and only shop infrequently. This sleepiness gives
rise to a dynamic “invest-versus-harvest” tradeoff (Beggs and Klemperer, 1992). Banks face a
tension between “investing” in their deposit bases by attracting active depositors with higher
deposit rates and “harvesting” their sleepy depositors by setting lower rates. It is theoretically
ambiguous, and therefore an empirical question, whether this tradeoff raises or lowers equilib-
rium markups (Dubé et al., 2009; Brown et al., 2024; MacKay and Remer, 2024).

We show that taking depositor sleepiness and dynamic competition seriously has important
implications for the banking sector. First, sleepiness raises average markups. Average markups
are 53% lower in the absence of depositor sleepiness. Second, under dynamic competition,
markups are procyclical, rising when the short rate rises. Third, dynamic competition elim-
inates the positive relationship between concentration and markups that arises under static
competition. Fourth, sleepiness increases banks’ franchise values, accounting for about 57% of
the average bank’s deposit franchise value. Fifth, sleepiness disproportionately increases bank
franchise value for banks with either low product quality or high costs.

Our anonymous bank microdata comes from Fiserv’s core account processing platforms. Fis-
erv is a leading provider of payments and financial services technology solutions. One of its key
businesses involves providing financial technology solutions to banks and credit unions, help-
ing them maintain customer deposit and loan accounts. Our dataset includes comprehensive
turnover data (openings and closures) from more than 900 banks and credit unions, cover-

'Rafe Uddin, “FCA threatens banks with action as it reviews savings rates,” Financial Times, September 1, 2023,
https://www.ft.com/content/5fac24ff-e9b9-4b03-aede-3dd2507e7£43.
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ing more than 58 million deposit accounts. We observe anonymized data aggregated across
different account characteristics.

We start by examining account turnover, measured as new deposit account openings in a
year relative to all outstanding accounts. New accounts account for 5-15% of all outstanding
accounts, meaning that the average life of an account is 8-9 years. Turnover is higher among
business and larger accounts. In contrast, accounts held by elderly individuals are less active.
We interpret this cross-sectional variation in account turnover as being primarily driven by
depositor sleepiness. Consistent with this interpretation, we observe that deposit accounts are
more often closed due to a depositor either dying or moving than because the depositor moved
their funds to a bank with better rates or services.

Next, we develop and estimate a model of demand and supply for deposits that features
sleepy depositors. In the model, depositors enter a given period either active (“awake”) or
inactive (“asleep”) following the basic setup of Beggs and Klemperer (1992) and Brown et al.
(2024). Active depositors shop for bank accounts and select the bank that maximizes their
indirect utility. In contrast, inactive depositors do not shop and simply maintain their bank
account from the previous period. We assume that whether a depositor is active or inactive
depends on market-specific and aggregate state variables, such as the federal funds rate. In
this way, our model can capture drivers of sleepiness, such as inattention (whether rational or
irrational), switching costs, and search costs, in reduced form, although we do not explicitly
take a stand on the underlying mechanism.

Banks compete for deposits to maximize their franchise value, the present value of current
and future profits. Sleepiness creates invest-versus-harvest incentives on the supply side. Banks
set deposit rates based on their stocks of sleepy deposits, but today’s rates affect the stocks of
sleepy deposits carried into tomorrow, which in turn shape the rates that banks set tomorrow.
Banks collect deposits and earn a spread, competing in each market by setting deposit rates.

The model is quantitative and straightforward to estimate using data. We begin by estimat-
ing the share of inactive depositors in each market. A key challenge in this estimation is to
determine whether the observed persistence in depositors’ choices over banks arises from de-
positor sleepiness or from persistence in depositor preferences. We address this identification
challenge in two ways. First, we leverage our microdata on account openings and closures. We
show that, under the assumptions of our model, new account activity is sufficient to identify
the degree of depositor sleepiness. This provides us with a first, direct measure of sleepiness.
Second, we examine the annual autocorrelation in bank deposits at the bank-by-county level.
A natural concern is that this autocorrelation may be driven by both depositor sleepiness and
persistence in branch quality. To control for unobserved quality, we use a control function ap-
proach, as outlined in Allen et al. (2024), incorporating cost-shifter instruments used in Whited
et al. (2021) and Whited et al. (2022).

We estimate that approximately 94% of depositors are inactive each year, consistent with



estimates from practitioners (Bancography, 2014). Consistent with our reduced-form evidence,
we find cross-sectional variation in the degree of sleepiness across depositors. In addition, we
find that sleepiness is negatively correlated with the lagged federal funds rate—people wake
up when rates are high. This evidence is consistent with other work (e.g., Lu et al., 2025)
highlighting that depositor alertness tends to increase when the returns to shopping are high.

With our estimates of sleepiness in-hand, we next estimate depositor preferences. We use
our estimates of sleepiness to calculate each bank’s market share among active depositors. We
then estimate the preferences of these active depositors. We find that accounting for depositor
sleepiness is critical for estimating depositors’ preferences. Depositors appear to be about 34%
more elastic after accounting for sleepiness.

Lastly, we estimate the supply-side of our model. The way in which each bank navigates the
invest-versus-harvest tradeoff depends both on the demand-side parameters (preferences and
sleepiness) and the way in which rate choices today affect all banks’ market shares tomorrow
(Beggs and Klemperer, 1992). To accommodate these forces in our estimation, we use the
approach developed in Bajari et al. (2007). Specifically, we estimate in the data the rate-setting
policy function that maps states to deposit rates. We then recover marginal costs by finding the
parameter values that best rationalize the estimated policy function as optimal.

We use our demand- and supply-side model estimates to quantitatively understand the im-
portance of sleepy deposits. We consider counterfactuals in which all depositors are always
active, eliminating the invest-versus-harvest tradeoff. Not only does this comparison generate
interesting economic insights, it is also policy-relevant. Regulators in several countries, most
notably the UK’s Financial Conduct Authority (FCA), have sought to increase the sensitivity of
deposit rates to short-term interest rates.” We show that a limiting case of such proposals, in
which deposit rates move with short rates 1-for-1, is equivalent to our counterfactual. Intu-
itively, if banks must set a constant spread to the short-rate once and for all, this eliminates the
dynamic invest-versus-harvest tradeoff otherwise induced by depositor sleepiness.

Our estimates imply that sleepiness contributes significantly to average markups. Markups
would be 53% lower on average in the absence of depositor sleepiness, falling from about 68
basis points (bps) to about 32 bps.

Moreover, sleepiness changes the cyclicality of markups, making them procyclical. When
the short rate is 1%, the average markup is about 49 bps. On the other hand, we estimate
an average markup of 135 bps in 2023, after short-term interest rates had risen to over 5%.
In our model, these cyclical markups are generated by the interaction of invest-versus-harvest
incentives with the zero lower bound (ZLB) on interest rates. The ZLB restricts the degree to
which banks can harvest when short rates are low. Because banks are forward-looking, this also
reduces their incentives to invest when short-term interest rates are high: the possibility that

2Laura Noonan and Lucy Fisher, “UK Regulator Sets Deadline for Banks to Justify Low Interest Rates for Savers,”
Financial Times, July 31, 2023, https://www.ft.com/content/e03abed9-a513-4777-8d90-32e252733690.
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rates will fall in the future reduces the potential benefits of investing today. Thus, when the
short rate is high, banks harvest their existing deposit bases, raising their markups.

Sleepiness and dynamic competition also change the geographic distribution of markups. In
particular, they flatten the relationship between markups and market concentration that often
obtains in static models. In relatively concentrated markets, i.e., those with high Herfindahl-
Hirschman indices (HHIs), small banks have strong incentives to invest. Intuitively, such banks
have little to lose because their small incumbent deposit bases will not generate much profit,
even if they charge high markups. Thus, they are willing to accept low markups today in hopes
of attracting new depositors, who are valuable because they will be asleep for many periods.

We next examine deposit franchise value. Under our static counterfactual, the average
bank’s deposit franchise value falls by about 57%. In other words, sleepiness accounts for more
than half of the value of the average bank’s deposit franchise. Banks with low-quality deposit
services and banks with high marginal costs benefit most from sleepiness: moving from the
10th to the 90th percentile of product quality decreases sleepiness dependence by about 25
percentage points (72.8% to 47.5%), whereas moving from the 10th to the 90th percentile
of marginal costs increases sleepiness dependence by about 6.5 percentage points (55.7% to
62.2%). Intuitively, sleepiness allows low-quality, high-cost banks to charge relatively high
markups without losing too many depositors in the near-term.

Finally, we quantify the consequences of these counterfactual reductions in deposit franchise
values for financial stability. We convert franchise value losses into changes in risk-neutral
probabilities of default. We estimate substantial increases in default probabilities, increasing by
about 10 percentage points in normal times and on the order of 20 percentage points during
the 2022-2023 monetary tightening cycle.

We consider two extensions of our model. In the first, we allow banks to set separate rates
for new and incumbent depositors (e.g., by offering short-term bonuses to new customers)
similar to the way banks use promotional offers to attract new customers via direct mail, as
documented in Benetton et al. (2025). This enables banks to partially, though not perfectly,
discriminate between active and inactive depositors. The model estimates suggest that, while
offering bonuses can be an effective way to attract new customers, banks face large customer
acquisition costs. Our results indicate that it costs a bank roughly 23 cents, on average, to
attract an additional dollar of deposits from new depositors. In the second extension, we allow
depositors to make forward-looking choices when they are active. We estimate demand to be
more elastic in this specification relative to our baseline results. Although both extensions en-
rich the model, they do not quantitatively alter our conclusions about how dynamic competition
and the corresponding invest-versus-harvest tradeoff affect competition in the banking sector.

The remainder of the paper is as follows. We first conclude the introduction by reviewing the
different literatures to which our paper contributes. Section 2 describes our data sources and
sample construction, and provides summary statistics of the key variables used in our empirical



analysis. Section 3 presents several new stylized facts about depositor behavior that motivate
the need for a quantitative model of depositor sleepiness. Section 4 describes our model, which
we structurally estimate in Section 5. We use our estimates to analyze policy counterfactuals in
Section 6, after which we conclude.

Related literature:

Our paper relates to several strands of literature. First, we contribute to the growing lit-
erature at the intersection of banking and industrial organization. Previous studies, including
Dick (2008), Egan et al. (2017), Xiao (2020), Whited et al. (2021), Egan et al. (2022), and
Wang et al. (2022), have employed standard tools from industrial organization to estimate
static demand for bank deposits and study the implications for bank stability, monetary policy,
and bank value.® We extend this line of work by using novel data to incorporate dynamics into
both household demand and bank competition for deposits. We show that dynamics substan-
tially alter the competitive equilibrium in the U.S. banking market, raising average markups,
protecting low-quality and high-cost banks from competition, and increasing financial stability.

Second, we contribute to the literature in industrial organization on dynamic competition
with inertial demand (Farrell and Shapiro, 1988; Beggs and Klemperer, 1992; Padilla, 1995).
Recent structural work has highlighted the importance of accounting for dynamics, inattention,
and switching costs in both the banking sector (Honka et al., 2017) as well as other retail
markets, other markets for financial and non-financial products*. Additionally, previous work
has emphasized the importance of inattention in shaping consumer mortgage refinancing de-
cisions (Agarwal et al., 2016; Andersen et al., 2020; Zhang, 2022). We show that dynamics
significantly alter competitive behavior in the $18 trillion U.S. deposit market. Relative to prior
work, we document several novel implications of the interaction between the ZLB and invest-
versus-harvest incentives. This interaction changes how banks compete across markets and as
a function of the short rate.

Finally, we relate to the broader literature on bank deposits. One part of this literature
studies the limited response of deposit rates to changes in the federal funds rate (Berger and
Hannan, 1991; Neumark and Sharpe, 1992). Drechsler et al. (2017) argue that the limited re-
sponse of rates is driven by bank market power: when the funds rate increases, the opportunity
cost to households of using cash as a substitute is higher, effectively increasing banks’ market
power and allowing them to raise their deposit spreads. Our model offers a complementary

3These tools have also been applied to the asset side of banks (Buchak et al., 2018; Benetton et al., 2021; Benet-
ton, 2021; Allen et al., 2024). Other related work includes Ackerberg and Gowrisankaran (2006), which analyzes
how network externalities shape adoption of the ACH payments system; Gowrisankaran and Krainer (2011), which
studies the consumer welfare effects of banning ATM surcharges; Aguirregabiria et al. (2024), which examines how
competition and economies of scope and scale influence the distribution of credit in the United States; and Corbae
and D’Erasmo (2020), Corbae and D’Erasmo (2021), Corbae and D’Erasmo (2024), which study banking industry
dynamics, including the interactions between bank regulation, competition, and financial stability.

*E.g., Dubé et al. (2009); Gowrisankaran and Rysman (2012); Melnikov (2013); MacKay and Remer (2024);
Fleitas (2017); Miller (2019); Pakes et al. (2021); Brown et al. (2024); Einav et al. (2023)



mechanism, generating a limited adjustment of rates through changes in banks’ invest-versus-
harvest incentives as the funds rate changes. Another part of this literature uses microdata to
shed light on sources of sleepiness, generally finding that inattention (rational or otherwise) is
an important ingredient (Argyle et al., 2025; Lu et al., 2025; Lu and Wu, 2025; Cirelli and Olaf-
sson, 2025). Our model is consistent with several sources of sleepiness, including inattention,
and our contribution is to explore the consequences of sleepiness for dynamic competition. In a
complementary, contemporaneous paper, Benetton et al. (2025) study bank direct mail market-
ing using novel data and argue that heterogeneity in depositor sleepiness generates an adverse
selection problem when banks make promotional offers to new customers. Adverse selection
is one potential explanation for the high customer acquisition costs we estimate in our exten-
sion allowing for price discrimination between new and existing depositors. A third part of
the literature underscores the importance of deposit franchise value for bank runs, particularly
during the 2023 Regional Banking Crisis (Drechsler et al., 2023; DeMarzo et al., 2024; Jiang
et al., 2024; Blickle et al., 2025). We show that deposit sleepiness substantially raises deposit

franchise value, amplifying the importance of the channels these papers study.

2 Data

We combine several different datasets for our analysis. Our primary data sources are: anonymized
data on account openings and closures from several core bank processing platforms offered by
the data provider, annual information on deposit volumes at the branch level from the FDIC
Summary of Deposits, quarterly information on bank salaries and fixed expenses from the FDIC
Call Reports, and weekly information on bank deposit rates at the branch xaccount-type level
from Ratewatch. We also bring in secondary sources of data to supplement portions of the
analysis, namely county-level demographics from the Census’ American Community Survey.

2.1 Sources

Bank Microdata. Our anonymous microdata comes from several of the core account processing
platforms offered by the data provider. The main dataset that we use in our analysis is from one
such platform, and includes comprehensive information on openings, closures, and depositor
and account characteristics for all 25 million deposit accounts associated with a set of 164 banks
and credit unions. We also use an extended dataset, derived from several of the data provider’s
platforms, that offers slightly less information about depositor and account characteristics but
covers all 58 million deposit accounts associated with a set of 920 banks and credit unions.
Using both datasets, we study deposit account openings and closures and how they vary with
depositor characteristics.

Summary of Deposits. We obtain Summary of Deposits data from the FDIC. In particular,
we collect information on branch-level deposit volumes for each bank branch as of June 30th of
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each year. Because banks have substantial latitude to allocate deposits across branches within
county, we aggregate observations up to the bank-county-year level for all of our analyses.

RateWatch. RateWatch is a commercial vendor that collects high-frequency information on
banks’ deposit rates across both account types and branches. The data that we obtain from
RateWatch has coverage from 2001 through the end of our sample period (June of 2023). To
map into our Summary of Deposits data, we construct a bank-county-year panel of average
deposit rates for several different account types: checking accounts, savings accounts, $10k
money market deposit accounts, $25k money market deposit accounts, 3-month Certificates of
Deposit, and 12-month Certificates of Deposit. For each rate type, we obtain a single rate for
each bank-county-year cell by averaging over all reported rates for the bank’s branches within
that county from April-June of that year.

Our reported estimates throughout the paper use rates constructed from $10k money mar-
ket deposit accounts, which we have found to be most reflective of the average rate over banks’
deposit mixes (i.e., including their non-interest-bearing deposit volumes).”

Call Reports. We collect quarterly data on banks’ salaries and fixed expenses from the
FDIC Call Reports. These cost data are important for identifying the structural parameters
corresponding to our household deposit demand system. We construct two bank-year level cost
shifters used for our analysis: (i) cumulative salary expenses from June of the prior year to
June of the current year, deflated by number of employees as of June of the prior year; (ii)
cumulative non-interest expenses on premises and fixed assets from June of the prior year to
June of the current year, deflated by total assets as of June of the prior year.

2.2 Sample Construction

We construct a bank x county x year level panel containing: (i) total deposits, from the Summary
of Deposits; (ii) average offered deposit rates, from RateWatch; (iii) bank-level cost shifters,
from the Call Reports; (iv) numbers of new accounts and total active accounts, from the micro-
data; and (v) county-level demographics, from the 2019 American Community Survey.

Because we need to account for the effects of interest accumulation on deposit volumes
throughout our empirical analyses, which requires knowledge of deposit rates from the prior
year, we restrict our sample to observations for which we have bank-county level deposit rate
and deposit volume information for both the current and the prior year.® To reduce noise in our
forward simulations, we further restrict the sample to bank-county pairs appearing in at least 5
years of data. Finally, we drop any remaining single-bank markets. Our final sample contains
344,558 observations covering 2002-2023.”

°In untabulated results, we verify that both our reduced-form and structural estimates are quantitatively similar
under various alternative constructions of deposit rates.

®As a result, we have to drop observations from 2001 — the first year for which we have RateWatch data. Our
sample will also therefore omit the first year in which a bank operates in a county.

"The sample used in several analyses has slightly fewer observations, 344,466. The discrepancy arises because,



Summary Statistics. Table 1 displays summary statistics for the key variables used through-
out our empirical analysis. The average deposit rate in our sample is 34 bps, and the average
spread between the federal funds rate and deposit rates is 98 bps. The average bank-county
observation in our sample has a market share of 16%.

3 Motivating Evidence

The premise of the paper is that depositors are “sleepy”—they are inactive for long periods and
shop infrequently. Here, we use our turnover data to document persistence in accounts and
understand its potential drivers. We examine both account openings and closures. As we later
show, openings and closures are directly informative about sleepiness in our model.

3.1 Account Openings

We first show that depositors rarely open new accounts, examining account turnover and aver-
age account life. We calculate turnover by dividing the total number of new accounts of that
type, across all banks in a given year, by the total number of existing accounts of the same type
for that year. Average account life is given by the reciprocal of the turnover rate.

Figure 1 displays average account life for different account types. Turnover is similar for
checking and savings accounts. New checking and savings accounts make up roughly 10% of
existing accounts, translating to an average life of about ten years. Turnover for time deposit
accounts is higher. New time deposit accounts comprise about 15-20% of all active time deposit
accounts, corresponding to an average life of about six years. Higher turnover for time deposits
is intuitive, as they have maturity dates that prompt depositors to open and close their accounts.

As one would expect, business accounts and accounts with large initial balances exhibit
higher turnover, while accounts held by people over the age of 65 feature much lower turnover.
Somewhat surprisingly, internet banking accounts exhibit lower turnover. One might expect
internet banking customers to be more sophisticated and thus more likely to shop around.
However, our subsequent results in Section 3.2 shed light on this: a common reason why
depositors switch accounts is relocation. Customers without online banking typically need to
open a new account when they move to an area in which their current bank does not have
any branches, whereas online banking allows them to continue using their account even in the
absence of a nearby branch.

To systematically summarize the cross-sectional drivers of turnover, we classify bank ac-
counts by their key attributes. For our main sample, we cut the data by five characteristics:
account type (checking, savings, or time deposits), holder type (person, business, or trust),

in our policy function and structural estimation, we cannot use observations for which our sleepiness estimates
imply negative active demand (i.e., we cannot construct an estimate of § for these observations).



online banking setup (yes or no), initial balance above $50,000 (roughly the top 10% of ac-
counts), and whether the account-holder is over 65 years old (for personal accounts). For our
extended sample, we cut the data by account type (checking, savings, or time deposits), holder
type (person or business), and whether the account-holder is over 65 years old (for personal
accounts). As a result, we have 72 unique account profiles (3x3x2x2x2) in our main sample
and 12 unique account profiles (3x2x2) in our extended sample. Denoting account profiles by
i, we calculate account turnover for each profile-by-bank-by-year combination:

Turnoveryj; = a; + a;j + Xz(jtb + €ijt. €3]

We control for the account characteristics used to construct the account profile cells in X;;;. We
also include bank fixed effects (a;), time fixed effects (a;), and bank-time fixed effects (a;;) in
our most stringent specification.

Table 2 displays the regression results corresponding to equation (1). Columns (1)-(4) dis-
play results using our main sample, and columns (5)-(8) display results using our extended
sample. Consistent with Figure 1, turnover varies by account type. Column (4) indicates that,
within a bank-year, savings accounts on average have turnover rates about equal to check-
ing accounts, while turnover among time depositors is 2.1 percentage points higher than for
individuals with checking accounts. Turnover is 4.4 percentage points lower for account hold-
ers aged 65 and older, suggesting that older customers are less likely to shop around for banks.
Turnover is 2.3 percentage points higher for business accounts and 6.8 percentage points higher
for larger accounts. Our results in the extended sample are qualitatively similar to the results
in the main sample, indicating that account turnover activity in our main sample is broadly
representative of turnover in the larger population of banks and credit unions.

The low average account turnover we observe could be due to either (i) persistent depositor
preferences over banks or (ii) frictions like depositor sleepiness, switching costs, or search
costs. The cross-sectional variation in account turnover we document within bank-year in Table
2 seems more consistent with frictional explanations. For instance, consider our result that
business and large accounts at the same bank at the same time have higher turnover than other
accounts. This is more likely explained by lower search and switching costs than by the idea
that these depositors have more volatile preferences. Similarly, older retail depositors likely
exhibit lower turnover because they face higher search and switching costs, not because their
preferences are more persistent than others.

3.2 Account Closings

We next examine why depositors switch banks, focusing on account closings. Our microdata
provides details on the reasons customers close bank accounts. When an account is closed, the
bank typically reports the reason in a standardized format. For 75% of closures, we observe a



reason, along with a brief description, which we categorize into five different classifications.®

Figure 2 displays a histogram of the reasons why customers close bank accounts. The most
common reason is “inactivity,” where the bank closes the account on the customer’s behalf.
Other common reasons include the account no longer being needed by the customer or the
customer moving or passing away. Collectively, moves and deaths account for nearly 20% of
closures, with half attributed to moving.

Conversely, depositors report switching to a bank offering better rates, services, or fees in
only about 15% of cases. These findings suggest that, while some consumers actively shop for
better banking options, many are inactive and close accounts for more idiosyncratic reasons.

4 Model

We develop and estimate a tractable dynamic model of demand and supply for deposits. A key
feature of the model is that we allow the persistence of deposit demand to be driven by both
product quality persistence and depositor sleepiness.

In the model, depositors are either awake (i.e., active) or asleep (i.e., inactive) each period,
following the basic setup of Beggs and Klemperer (1992) and Brown et al. (2024). Whether a
depositor is awake or asleep in a given period is an exogenous process, which can be thought of
as a reduced-form approximation to switching costs or inattention. Depositors who are awake
re-optimize and select the bank that maximizes their utility, while depositors who are asleep
maintain their banking relationship from the previous period.

Banks set deposit rates, dynamically competing for depositors to maximize the franchise
value of the bank. Due to depositor inactivity, banks face “invest-versus-harvest” incentives.
On one hand, inactive depositors mechanically make deposit demand less elastic. This reduced
elasticity incentivizes banks to offer lower deposit rates and “harvest” their existing depositor
base. On the other hand, depositor sleepiness increases the lifetime value of attracting a depos-
itor today. Each depositor the bank attracts is, in expectation, likely to remain a depositor in the
future due to sleepiness. This effect of sleepiness on the expected length of the depositor-bank

relationship encourages banks to offer higher deposit rates and “invest” in their depositor base.

4.1 Depositors

Each period, depositors are either awake or asleep. Awake depositors select the bank that
maximizes their indirect utility, while asleep depositors maintain their banking relationship
from the previous period. We model an awake depositor’s bank choice following Berry (1994).

8We focus on closures where the depositor provided a reason and exclude those resulting from internal transfers
within the bank (i.e., when the depositor closed an account due to opening another within the same bank). In
27.8% of closures, no reason is provided, and internal transfers account for 19.5% of all closures.
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4.1.1 Depositor Preferences

Households demand deposit accounts. Active depositors select the bank j from the set 7
available in market k to deposit their funds, and there is no outside option (e.g., cash, money
market funds). Depositors derive utility from promised deposit rates and other bank services.
The indirect utility derived by depositor i from bank j in market % at time ¢ is given by:

Uikt = QPjkt + Ojkt + Eijht-

Without loss of generality and for ease of exposition, we write the utility of a depositor in
terms of deposit spreads (p;:) rather than deposit rates. The deposit spread is defined as the
difference between the risk-free rate R}" and the deposit rate: Pjkt = RF —7jkt. The spread then
reflects the “price” that depositors pay for banking services. The parameter o < 0 measures the
disutility depositors experience from paying higher spreads (i.e., prices).

Depositors also derive utility from banking services, captured by 64 + €. The term ¢4,
reflects vertical differentiation at the bank-by-market-by-time level: bank quality differences
that vary across banks, markets, and over time. For example, Bank of America may offer
superior services relative to Citibank in a specific market, for instance due to the location of
their branches. The term ¢;;;; captures horizontal differentiation in the marketplace. In other
words, depositors do not necessarily agree on which bank is the best in a given market.

One could interpret this setup in two ways. Either depositors make myopic choices, with
ui;re capturing the indirect utility received in the current period. Or they make forward-looking
choices, with w;j;; capturing the full expected discounted utility of selecting a bank in the
current period, acknowledging that they may be inactive and thus unable to reoptimize in
subsequent periods. For the purposes of presenting the model, we do not need to take a stand
on the interpretation of w;;;;. For estimation and counterfactuals, the interpretation matters. In
our baseline specification, we assume that depositors are making a myopic choice, though we
explore the case of fully forward-looking demand in Section 5.4.

4.1.2 Depositor Sleepiness

Depositors enter each period as either active or inactive. We let the indicator variable D;;
denote whether a depositor i is active at time ¢. Whether a depositor is active depends on the

*

latent variable D},, where:

Dy = S;c(i)tr + X5,0 + i, Diy = 1(Dj, > 0). 2

The term S;;), is a vector of market-level and aggregate state variables (e.g., the federal funds
rate) that influence whether a depositor in market k is active at time ¢. The parameter I'
measures how these state variables impact whether a depositor is awake or asleep. For example,
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depositors may be more likely to become active when aggregate interest rates are high. The
term X; is a vector of depositor characteristics that impact whether a depositor is awake or
asleep, such as the depositor’s age. Lastly, the term 7; is a depositor-specific idiosyncratic
shock, generating heterogeneity in which depositors are active versus inactive.

The share of depositors that are inactive in a given market & at time ¢ is given by

bkt = 1 — E[Dit[Sp iyl

where we take the expectation over the idiosyncratic shocks 7;; and depositor demographics
X;; in market k. When we estimate the model, we estimate the parameter ¢;; as a function of
market-level and aggregate state variables Sy;.

The parameter ¢;; can be thought of as a reduced-form approach that captures several
underlying frictions, such as inattention or switching costs. For example, a depositor may be
rationally inattentive until the federal funds rate is high enough to justify acquiring more infor-
mation and searching for a new bank. Our model captures these effects through the term S;,I".
Similarly, the parameter ¢;; may also capture switching costs, as depositors may not switch
banks until the return from doing so is sufficiently large to offset these costs.” As we further
discuss below, we conduct counterfactuals that do not depend strongly on the microfoundations
of sleepiness and can be implemented by regulating bank deposit offerings.

4.2 Banks

Banks engage in dynamic oligopolistic competition to maximize the present discounted value of
all current and future profits. Each period ¢, bank j collects deposits in market k at interest rate
r;k: and invests them in a constant-returns-to-scale technology with return Rj; ~ N (uj¢, 0j¢).

Banks face two types of marginal costs. First, they must pay the promised deposit rate r;z;
to each depositor. Second, they incur a constant marginal cost c¢;; of collecting deposits. This
cost consists of both explicit expenses for servicing depositors (e.g., variable wages for bank
tellers) and any implicit benefits or costs of acquiring an additional deposit.

The bank’s flow profits, denoted j;, at time ¢ are given by:

mje = > Depjre((Rjs — RY) + pje — Cje)-
kek
The bank collects deposits Dep;; in each market %, and K denotes the set of markets. The
marginal profit associated with collecting an additional dollar of deposits for bank j in market
k at time ¢ is given by R;; — RY + pjkt —Cjkt, Where Rj; — R} captures excess lending returns over
the short rate, pjr = Rf" — rjj; captures the benefit of funding at the deposit rate rather than

°0f course, the exact moment of the rate distribution that drives behavior depends on the exact microfoundation.
With switching costs, the maximum rate matters, whereas with search costs, conditional expected rates matter.
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the short rate (i.e., the deposit spread), and c;;; captures the non-interest-related marginal cost
of an additional dollar of deposits.

This formulation assumes that banks must offer the same deposit rate to all depositors in a
market. In Section 5.4 below, we develop and estimate an extension in which banks can offer
separate rates in each period to their incumbent and new depositors. This extension allows
banks to partially, though not perfectly, price-discriminate across active and inactive depositors.

Bank j’s franchise value at time ¢, denoted V},, is given by the present discounted value of
all current and future profits: .

Vi = B> 87" m,
s=t

where the bank discounts future profits by the discount factor g < 1.

4.3 Equilibrium

Following Bajari et al. (2007), we study stationary Markov Perfect equilibria in pure strategies.
Each bank’s equilibrium choices in each market are functions only of: (i) the current values
of the game’s payoff-relevant states, which are commonly observed by all market participants;
and (ii) an i.i.d. private cost shock drawn at the start of each period. These assumptions allow
us to avoid explicitly estimating banks’ first order conditions. Instead, we simply rely on the
assumption that their actions yield higher franchise value than other possible actions.

4.3.1 Depositors

In equilibrium, all active depositors select the bank that maximizes their indirect utility, while
inactive depositors maintain their choice from the previous period. Following the demand esti-
mation literature, we assume that the depositor-bank-market-time specific utility shocks (&;;x.)
are distributed as Type-1 Extreme Value (Berry, 1994; Berry et al., 1995). This depositor opti-
mization implies that the market share of bank j in market & at time ¢t among active depositors
(i.e., the probability an active depositor selects bank j in market k at time t) is given by:

Active __ exp(apjkt + 5jk:t)
Sjkt - ) (3)
> exp(apikt + Oext)
LTy

where sfkﬁti”e denotes the bank’s market share among active depositors.
Inactive depositors select the same bank as in the previous period. Thus, total deposits
collected by bank j in market & at time ¢ are given by:

Depjps = (1 — ¢kt)MktSﬁ§tme + Ot (1 + 7je—1) Depjri—1, )

Active Depositor Demand Inactive Depositor Demand
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The first term on the right hand side captures active depositor demand: the share of depositors
who are awake, 1 — ¢, multiplied by the size of the deposit market, M}, and the bank’s active
market share, sfﬁ”e. The second term represents inactive depositor demand, which is equal
to the deposits collected by the bank in the previous period, Depositsji;—1, grossed up by the
interest they earned (1 + r;;¢—1), multiplied by the fraction of depositors who are inactive, ¢j;.

4.3.2 Banks

Banks compete for deposits by playing a dynamic, Markovian rate-setting game: they formulate
strategies as functions of current, payoff-relevant states. In each market k, the state space
consists of three components. First, there are exogenous public states €2x;: objects that are
invariant to banks’ actions (e.g., the federal funds rate, bank-specific quality d;,;). Second,
there are endogenous public states Wy,: objects that are functions of banks’ past actions (e.g.,
market shares in k). Third, there are exogenous private states x,: i.i.d. cost shocks drawn by
each bank in the market at the start of each period. We assume that the distribution of these
shocks is common over banks, markets, and time, and that it is known by all participants.

Let Sk = (Qkt, Wy) denote the ex-ante state of the game for a given market and period
(i.e., before cost shocks are realized). Bank j’s franchise value from choosing a spread-setting
strategy o, : Skr X Xjkt — Pjkt, given its conjecture of other banks’ rate-setting strategies o_j,
follows the recursion:

V(Skt, 0) = By, R, [Dep(Skr, o) (Rji — R + 05(Ske, Xjt) — c(Skes Xjt)) | Ske] )
+ IBESkHl»XHl [V(Skt+17 U) | Skt]

where Dep(-) re-casts equation (4) as a function of the state.! Under a well-defined state
transition process: 7' : Sy; X pr; — Skt+1, the recursion in equation (5) is well-defined.

Importantly, our specification of the private shocks x, simplifies the problem considerably:
shocks can affect banks’ current actions and current costs, but by the Markov property these
are the only channels through which they can affect future outcomes of the game. Moreover,
because the shocks are i.i.d., we need not condition on past realizations in the continuation
values in equation (5), which would be difficult given that the shocks are unobservable.'!

In equilibrium, all banks must prefer their current strategy to any other Markovian strategy;,
holding fixed conjectures about opponents’ play:

V(S,0) > V(S,d},0_;) VS€S, Vo, Vjed,

19That is, Dep(Ske, o) == ¢(Ske) M (Ske)s " (Ske, ) + (1 — ¢(Ske)) (1 + 0(Sk—1, Xt—1)) Dep(Ski—1, o).
UBerry and Compiani (2023) develop a way to accommodate serially correlated unobservables in settings such
as ours, but their approach comes at the cost of no longer point-identifying the parameters of the policy function.
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In our empirical analysis, we restrict our attention to symmetric equilibria.'?

4.4 Discussion: Dynamic Versus Static Competition

Equation (5) can be used to illustrate intuitive differences between static and dynamic compe-
tition. Consider a single market of constant size M = 1 that is populated by J banks. Each
bank j enters the current period with lagged market share s; _ and has constant marginal cost
cj and constant product quality &;. Suppose that the short rate R} is constant.

Differentiating equation (5), bank j’s equilibrium markup is given by :

-1 & S -1 SActive gActive
. — J> . 17 — Ki
Pj - a(l _ S;lctive) + 1— ¢ Sfctive Oé(l _ S;&ctive) +,8V‘/J(S | 6’ C) 1— S?ctive’ T 1’ e 1— Sfctive
markup ~
static pricing rule harvesting incentive investing incentive
(6)

The first term on the right hand side of equation (6) reflects the standard, statically opti-
mal “inverse-elasticity” pricing rule. The second term reflects the bank’s incentive to harvest its
installed base of sleepy deposits. The relative strength of the harvesting incentive is increas-
ing in sleepiness ¢. Moreover, the harvesting incentive is always non-negative: at the static
equilibrium outcome, if ¢ > 0, the harvesting incentive exerts upward pressure on markups.

The third term captures the bank’s incentive to invest in growing its deposit base. The
relative strength of bank j’s investment incentive is a function of three objects: (i) the discount
rate; (ii) the sensitivity of bank j’s value function to the vector of lagged market shares; and
(iii) the sensitivity of market shares to bank j’s spread.

The importance of the discount rate is intuitive, as the benefits from investing are realized
in the future. The sensitivity of the value function to lagged market shares arises because
a fraction of today’s depositors will be asleep tomorrow. If all depositors were awake, our
model would become static and this sensitivity would be zero. The final object on which the
investment incentive depends, the sensitivity of market shares to bank j’s deposit spread, is
important because it scales the afore-mentioned change in the value function. Given the logit
structure of our demand system, this object is simply the vector of diversion ratios from bank j
to all other banks in the market.

Equation (6) shows that it would be difficult to obtain closed-form results relating equilib-
rium markups to model primitives. Strategic interactions across time periods, encoded by the
term VV (s|d,c), are shaped by all banks’ product qualities and marginal costs. The richness
of these strategic interactions can overturn intuitions obtained from static models, highlighting
the importance of accurately modeling the dynamic nature of deposit market competition.

121t is, in principle, feasible to relax this assumption by estimating separate rate-setting policy functions across
banks or markets. However, the Bajari et al. (2007) procedure is highly sensitive to policy function approximation
error. We therefore prefer to pool observations when estimating the policy function to reduce noise.

15



5 Estimation

A key strength of our model is that it is dynamic, quantitative, and relatively straightforward to
estimate. The parameters to estimate are the sleepiness function ¢(S), depositor preferences
(o, 81t), and bank marginal costs (c;i). We estimate the model in three steps.

First, we estimate depositor sleepiness. Second, given our estimates of depositor sleepiness,
we estimate the preferences of active depositors following Berry (1994). Third, to estimate
marginal costs, we employ the two-step approach developed by Bajari et al. (2007). We flexibly
estimate the mapping from banks’ observed states to the deposit spreads they set. Marginal
cost parameters are then estimated by exploiting the equilibrium condition that the observed

spread-setting policy function maximizes all banks’ expected franchise values.

5.1 Depositor Sleepiness

In our estimation, we allow sleepiness to vary depending on depositor type and market char-
acteristics as motivated by our reduced-form analysis in Section 3. Depositor types, denoted ¢,
are defined by a vector of demographics Xy.;. For depositor type ¢, bank j, county k, and year
t, total deposits are given by the following identity:

Depgjre = (1 — ¢(Ske, Xekt))MektSf;@me + & (Skes Xowe) (1 + Ry — pji—1)Depoji—1 7

Active Depositor Demand Inactive Depositor Demand

where My, refers to the total market size within depositor type [ and s?g?”e refers to bank
4’s market share among active depositors.'® We estimate depositor sleepiness jointly using
two sets of moments, one from our microdata on account turnover and the second being the
autocorrelation of bank-county level deposits.

5.1.1 Account-Level Turnover

The challenge in estimating equation (7) from our microdata is that we do not directly ob-
serve active demand. However, our data on new account openings allow us to compute active
demand under our model assumptions. New account openings at bank j at time ¢ equal the
number of depositors who were active at ¢ and selected bank j, but did not previously bank
with bank j, such that:

New Depgjre = (1 = ¢(Ske, Xene)) Mares ™ (1 = sjre—1),
which implies

Active Depositor Demand = New Depgjkt
1 Sjkt—1-
J

3Market shares are constant across depositor types, given our assumptions on active depositor preferences.
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We are relying on the assumption of our model that, conditional on average bank utility, deposi-
tors’ idiosyncratic preferences ¢;;;; are independent over time. Otherwise, depositors previously
at bank j who are awake in period ¢ would have a different propensity to select bank j than
other depositors awake in the same period. '* While we assume independence over time when
constructing our first set of moments, this assumption is not required when estimation relies
only on our second set of moments, as discussed further below. We find similar estimates of
sleepiness when we relax the independence assumption.

With this assumption, all objects in equation (7) are observed. To proceed with estimation,
we divide by deposits, Dep;ji; and rearrange to obtain:
_ New Depyji 1 ) Depyjrt—1

= O(Ske, Xkt

1
Depyjke 1 — Sjpt—1 Depyjxt

€rjkt (8)

where ey;;; represents measurement error that is “outside” the model. Equation (8) shows that

depositor sleepiness closely maps to the reduced-form evidence presented in Section 3. The

New Depgjrt
Depyjirt

the structure of the model informs the appropriate scaling parameter. Intuitively, large numbers

dependent variable is a scaled version of our measure of deposit turnover, , where
of account openings and closures indicate low sleepiness.

When estimating these moment conditions using our microdata, we measure total and new
deposits in terms of deposit accounts, defined at the depositor-type level.'> We define depositor
types as demographic cells based on whether: (i) the account holder, if an individual, is over
age 65; (ii) the account is registered to an individual or a business; (iii) the account had an
initial balance greater than $50,000; and (iv) the account was enrolled in internet banking. For
example, one cell would represent accounts held by individuals over 65, with an initial balance
below $50,000, who enrolled in internet banking. To reduce noise in estimation, we aggregate
equation (8) to the bank-cell-year level (i.e., we aggregate across markets), replacing s;x¢—1
with s;;_1, the bank’s market share across all of its markets.

Finally, we parameterize ¢(-) to be linear in states and further assume that ¢(-) only depends
on the lagged federal funds rate and depositor characteristics: @(Sks, Xere) = YX5St + Y5X 4.
Thus, our estimated model more closely captures depositor inattention, rational or otherwise,
rather than search or switching costs — in search and switching cost models, ¢(-) depends on
endogenous variables, not just exogenous state variables. Our assumption fits our motivating
evidence in Section 3.2, which showed that account closures are mostly driven by idiosyncratic
motives, not search. This distinction has a limited impact on the estimation step, but it influ-

ences the real-world policies that correspond to the counterfactuals we consider.'®

14As we discuss below, Figure 3 shows that the model closely matches an empirical moment that distinguishes
sleepiness from persistent preferences: the pace at which banks entering a new market accumulate market share.

5This explains why equation (8) omits the term (1 + Rf_, — p;x:—1) that appears in (7). (7) is in dollar units,
while (8) measures numbers of accounts.

%For instance, consider a counterfactual setting ¢ = 0. If ¢ reflects inattention, the most relevant policy might be
an awareness campaign about rates. If ¢ reflects switching costs, the most relevant policies would facilitate opening
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5.1.2 Autocorrelation in Branch Deposits

To further discipline our estimation, we use bank-county level panel data on deposit volumes
from the Summary of Deposits. Equation (7) suggests that, in this data, we could estimate
&(Skt, Xpt) = Y1Sks + Y5Xy, by running the following regression:

Depjr = (X1 Sk + YhXp) (1 + REy — pjge—1)Depjri—1 + Vi

However, this regression is only unbiased if lagged deposits are uncorrelated with active de-
mand (i.e., the first term in equation (7)). This assumption does not hold because of vertical
differentiation across banks. Banks that provide superior average services will have higher de-
posit quantities and higher spreads both yesterday and today, regardless of depositor sleepiness.

We adopt a control function approach to address this issue, regressing spreads on bank-level
cost shifters to recover latent demand:

Control Function: pji; = A\Zj; + Vjkt 9)
~—
Latent Demand

Second Stage: Depjit = (Y1 Sk + Y5Xpke) (1 + Rf_1 — pjki—1)Depjri—1 + H(vjre) + tjke
(10)

We use two cost shifters, Zj;;: (1) salaries, calculated as wage expenses over the past four
quarters divided by the lagged number of employees, and (2) fixed expenses, summed over the
past four quarters and divided by lagged assets.

This approach requires two key identifying assumptions.!” First, the control function must
be correctly specified: E{v;i; | Z;;] = 0. Second, latent demand must be correctly specified:

H(vjke) + ikt = Vi

E[(1+ R{ | — pjre—1)Depjri—1 - tijie] =0

Under these assumptions, we will consistently estimate the parameters Y.
Finally, to facilitate comparability across markets with different amounts of deposits, we
estimate equation (10) in terms of market shares rather than the level of deposits.

5.1.3 Results

We report our estimates of depositor sleepiness in panel (a) of Table 3. Columns (1)-(2) rely
solely on depositor cell-level microdata (our main sample), columns (3)-(4) present estimates
using only the bank-county level data, and columns (5)-(6) combine both sets of moments.

and closing accounts.
7We can relax these assumptions in our estimation by flexibly controlling for increasingly higher-order terms of
the cost shifters in the control function and the residuals in the second stage.
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Column (1) shows that average sleepiness implied by our microdata is 92.7%. In other
words, we estimate that just under 93% of depositors are inactive at a given point in time.'8
Column (2) allows sleepiness to vary as a function of the federal funds rate and account-level
demographics. Consistent with our reduced-form findings, we find that accounts with internet
banking are sleepier whereas larger accounts are less sleepy.'” Sleepiness also falls as the short
rate rises: a one percentage point increase in the short rate reduces the fraction of depositors
who are inactive by 1.2 percentage points.

Columns (3) and (4) present control function estimates using only the Summary of Deposits
data. In column (3), we find that an additional dollar of lagged deposits increases current
deposits by 97.7¢. Thus, we find broadly similar estimates of depositors sleepiness leveraging
different sources of variation across two different data sets. Column (4) adds an interaction
between lagged deposits and the lagged federal funds rate. As in column (2), we find that
sleepiness declines with the short rate, albeit less than we found in column (2).

Finally, columns (5) and (6) report GMM estimates using both sets of moments and find

broadly similar results.

5.1.4 Sleepiness vs. Persistent Preference Heterogeneity: Evidence from Market Entry

We now provide a brief validation of our assumption that inertia is driven by sleepiness rather
than by persistent unobserved preference heterogeneity. In our model, we allow observed and
unobserved bank quality to be correlated over time; however, when constructing our first set of
moments, we assume that, conditional on being awake, unobserved preference heterogeneity
is not persistent (i.e., the depositor-specific utility shocks, €;;¢, are i.i.d. across periods).

Importantly, our second set of moments do not rely on this assumption. Persistent idiosyn-
cratic preference heterogeneity would not generate the autocorrelation in market shares ob-
served in the data, if we correctly control for active demand in equation (7). Autocorrelation in
€ijkt generates persistence in individual depositors’ choices but not in aggregate market shares.

While separating sleepiness and persistent preference heterogeneity can be challenging in
general, a key distinction lies in the speed of adjustment to new entrants. Persistent preference
heterogeneity implies that an entrant should immediately attain its steady-state market share.
In contrast, depositor sleepiness implies that the entrant can access only 1 — ¢; ~ 6% of the
market in each period. As a result, a bank is limited in how quickly it can raise deposits, even
if it offers high-quality services and competitive deposit rates.

Using our Summary of Deposits data, we define entry as the first year a bank opens a branch
in a county. Figure 3 plots how fast entrant banks achieve the market shares they have 10 years
after entry in the data. We compare this to the speed at which market shares accumulate in a

8By comparison, Brown et al. (2024) find that about 87% of retail index fund investors are inactive.
0lder accounts are also slightly more sleepy and business accounts slightly less but, unlike in our turnover
analyses, these results are not statistically distinguishable from zero.
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simulation of our model with our estimated preferences and degree of sleepiness. One can think
of this as an untargeted moment from the model. The two series are very similar, indicating
that depositors are sleepy. Moreover, the similarity in the curvature of the paths in the data and
our simulated model corroborates our estimated degree of sleepiness.

5.2 Depositor Preferences
5.2.1 Estimation

We estimate the preferences of depositors following Berry (1994). Equation (3) implies we can
estimate depositor preferences using the following regression:

log(sjAkCttwe) = apjkt + 0 + [kt + €kt (11)
Persistent unobserved heterogeneity in product quality that is not absorbed by bank fixed ef-
fects will again bias OLS estimates of equation (11). In addition, firms may take into account
idiosyncratic demand shocks that we cannot observe when setting prices.

We use the same control function approach as above to address these endogeneity concerns.
The identifying assumptions are that: (i) fluctuations in salaries and fixed expenses affect banks’
spread-setting decisions; and (ii) spreads are the only channel through which these cost shifters
affect market shares. In other words, it cannot be the case that the cost shifters are systemati-
cally related to unobserved demand shocks.

To estimate equation (11) we need each bank’s market share among active depositors, which
may differ from observed overall market shares. Following Brown et al. (2024), we convert

overall market shares to active market shares using our sleepiness estimates from Section 5.1:

A Sk:t - A DepAkcttive
ctive .__ / ctive .__ J
Depji™™ = maX{Oa Depjii—X R0 (1+Rt—1_pjkt—1)D6pj,k:,t—l}> Sikt = S Depjictive
t
Le Ty

where X}, converts account-level demographics in the data into implied county-level demo-

graphics in the American Community Survey.?%!

5.2.2 Results

We report our demand estimates in panel (b) of Table 3. To demonstrate the importance of
accounting for depositor sleepiness, columns (1) and (2) report estimates assuming that all

201n particular, to extrapolate the account-level demographics used to estimate sleepiness in column (6) of Table 3,
panel (a) to the full Summary of Deposits sample, we map each demographic variable to the nearest corresponding
demographic in the American Community Survey.

210ur model implies that active demand should always be non-negative. However, because we estimate a high
degree of inertia and deposit growth is volatile at the bank-county level, active demand is negative in about 14%
observations. We drop these observations from the sample when estimating the active demand system.
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depositors are active (i.e., using overall market shares),?> while columns (3) and (4) report
estimates accounting for sleepiness (i.e., using active market shares).

Comparing the estimates in columns (2) and (4), we see that accounting for sleepiness
results in a 34% higher estimated elasticity of demand.?® Intuitively, given a change in rates
and change in total deposit quantities, the implied elasticity is higher when only a fraction of
deposits are active and therefore able to react.

In Section 5.4, we re-estimate demand assuming that depositors are forward-looking. We
find qualitatively similar estimates. Both sets of estimates indicate that, once we take sleepiness
into account, depositors are significantly more elastic than suggested by estimates generated
under the assumption that all depositors are always active.

5.3 Bank Costs

We collect each bank’s asset returns and marginal cost of producing deposits, Rj; — c(Skt, Xjt),
into a single variable, which we term “net marginal costs.”>* We estimate these costs using the
two-step approach developed in Bajari et al. (2007) (henceforth “BBL”). The logic underlying
BBL is to bypass solving for the equilibrium of the model by instead assuming that observed
bank actions reflect equilibrium play. Section 5.3.1 explains how we parameterize marginal
costs and characterizes the state space of the game. Section 5.3.2 specifies and estimates banks’
spread-setting policy function. Section 5.3.3 specifies transition functions for the state vari-
ables. Section 5.3.4 forward-simulates paths of play to calculate expected franchise values
under both the estimated policy function as well as many alternative policy functions, and uses
these estimates to recover marginal costs.

5.3.1 Parameterization and State Space

We parameterize net marginal costs to be a linear function of a common intercept, the current
short rate, the cost shifters, and the private cost shocks:

ikt = w+ (R +Zj + Xjue

22The estimates in columns (1) and (2) are similar to estimates in prior work.

ZFlasticities are calculated assuming a market share of 5% and a deposit rate equal to the sample mean, which
is approximately 34 bps.

24f external finance is costly, then our estimated net costs will reflect the marginal risk-adjusted return to lending-
part of the value of deposits arises from the fact that they are the marginal source of funding for loans. Conversely, if
Modigliani and Miller (1958) holds and external finance is frictionless, then our estimated net cost will not capture
returns to lending because banks essentially operate the deposit and lending businesses separately. This distinction
will become important in our counterfactual analyses on financial stability. In particular, if Modigliani and Miller
(1958) held, we would need to bring in additional information on the value of a bank’s lending franchise in order
to properly characterize its counterfactual probability of default.
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We allow net costs to vary with the short rate for two reasons. First, lending returns may vary
with the short rate. Second, it allows us to isolates variation in markups driven by variation in
the strength of invest-versus-harvest incentives over time.?

Given this cost specification and the Markov concept, the state space in market & at time
t consists of: (i) the current short rate R!"; (ii) lagged short rate R |; (iii) lagged deposit
shares;?® (iv) cost shifters (salaries and fixed expenses) Z;;; (v) product qualities 8y; (vi)
county demographics; and (vii) private cost shocks x;.

5.3.2 Policy Function Estimation

The first step of the BBL procedure is to recover the policy function, characterizing the reduced-
form mapping from states to actions. Since we have continuous state and action spaces, we
adopt a flexible parametric specification as in Ryan (2012) and Matvos and Seru (2014).%7 Our
baseline policy function specification is a first-order polynomial of all states, which we report
in Table 4.%® Following Ryan (2012), we also include functions of competitors’ characteristics
(e.g., average costs and summed lags of logged market shares) as regressors.

5.3.3 State Transitions

We close the model by specifying laws of motions over the state space. Endogenous states, by
construction, follow deterministic transitions: lagged market shares are updated in accordance
with realized market outcomes in the prior period. We assume that banks believe their product
qualities 0;; and costs Zj; will remain constant at current levels in perpetuity. We make this
assumption both for computational ease and because our primary mechanism of interest is
unrelated to expected or realized variation in these objects.

We construct a stochastic process for the short rate using instantaneous forward rate esti-

A large body of recent work has argued that deposit markups are strongly procyclical, e.g., Drechsler et al.
(2017, 2021, 2023); Xiao (2020); Whited et al. (2021); Wang et al. (2022). In these papers, the mechanism driving
procyclical markups is that the banking sector has more market power when rates are higher because holding cash,
the liquid outside option, becomes more expensive. This force is left out of our model, and our parameterization
will allow its effects to flow through to costs instead of markups, thus isolating the effect of the invest-versus-harvest
tradeoff on markups.

26We use market shares instead of deposits to ensure that spread-setting behavior does not mechanically change
as the market grows in size in the forward simulation.

*’In order to identify the policy function, we require a scalar unobservable assumption: the vector of unobservable
shocks in the policy function is one-dimensional. To satisfy this, we assume that unobservable shocks reflect shocks
to the marginal cost of servicing deposits. Given that we recover demand shocks from the estimated demand system
and control for them in the policy function, this is a reasonable assumption. Coupled with our assumption that
private cost shocks x are mean-zero and i.i.d. over banks, markets, and time, this obviates the need to estimate
the cost shock distribution. We can instead proceed by simply treating the empirical distribution of policy function
residuals as an estimate of the equilibrium distribution of policy shocks (i.e., changes to banks’ chosen spreads
driven by cost shocks) and sample from this distribution in our forward simulation.

%Because we do not include an outside option in our model, we instead normalize the average level of non-price
quality d; + e;x: to zero within each market-year kt.
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mates published on the Federal Reserve’s website.?’ At time ¢ and for time horizons s — t €
{1,---,30}, we simulate rates using:

Rf ~ N(‘Ft,&VAar(RF))a

where F;  is the estimated instantaneous forward rate at time ¢, s — ¢ years hence, and where
Var(R") is the sample variance of the federal funds rate over our sample period.*° For all time
horizons s — ¢ € {31, T}, we use the estimated 30-year forward rate.

5.3.4 Forward Simulation

Given the estimated policy function and the state transition processes, we can forward-simulate
play to compute the expected franchise value at any point in the state space. Furthermore,
we know that the equilibrium policy function maximizes all banks’ franchise values. The BBL
insight is to invert this condition: we assume that banks are acting optimally, which implies that
alternative spread-setting policies should generate (weakly) lower expected franchise values.

To operationalize this idea, we construct 60 such alternative policies. For each alternative,
we perturb the policy function of a single randomly-selected bank in each county-year, holding
its competitors fixed at the original estimated policy function. Each alternative thus generates
one inequality per county-year: the selected bank is better off at the estimated policy function
than the perturbed one. Following BBL, we estimate marginal costs by minimizing the sum
of squared violations over all inequalities. We compute expectations over 1000 paths of: (i)
interest rates and (ii) private shocks. For further details, see Appendix A.

To see the intuition for the procedure, consider an alternative policy function that marginally
increases spreads. This policy function and our estimated demand system tell us how deposit
spreads and quantities jointly evolve in the forward simulation, allowing us to compute the
marginal revenue associated with the alternative. If this present value of marginal revenue is
positive, it must be that expected discounted marginal costs are high. Otherwise, the observed
policy function would not be optimal. Such deviations differentially impact each of the four cost
terms at different points in the state space, allowing us to separately identify each parameter.
For instance, if an alternative policy raises marginal revenue particularly in high-rate periods
within our simulations, it must be that costs load heavily on rates (i.e.,  is high). Otherwise, the
observed policy function would not be optimal. Similarly, if an alternative policy raises expected
discounted marginal revenue particularly for banks with high values of the cost shifters Z;;,
then v must be high.

2 Series SVENF published at https://www.federalreserve.gov/data/yield-curve-tables/feds200628_1.h
tml. Accessed 11/19/2024.

30Under this procedure, paths of simulated rates are invariant to idiosyncratic shocks drawn in a given period. We
have experimented with alternatives, such as the Cox et al. (1985) process, and obtained similar results.
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5.3.5 Results

Our marginal cost estimates are presented in Table 5, and the time series of implied one-period
markups, p;; — c;i, is presented in panel (a) of Figure 4. The average markup in our sample is
about 47 bps. Moreover, markups exhibit significant cyclicality: average markups are 135 bps
in 2023, when the short rate exceeded 5%, but only 49 basis points when the short rate is 1%.
These extended periods of low markups largely reflect the fact that interest rates systemati-
cally undershot expectations in our sample. In other words, banks did not expect low markups
to persist as long as they did. To illustrate this point, we next study a measure of “expected
markups,” defined as the constant markup that a bank would have to charge, holding fixed its
expectations about short rates and deposit volumes, to obtain the franchise value that it does
with the time-varying markups it actually charges. The red line in panel (b) of Figure 4 plots
the time series of expected markups. The average expected markup is 68 bps, and it varies
substantially less than per-period markups. In other words, at times like 2009 when current
markups were low, banks still expected to earn significantly higher markups going forward.

5.4 Extensions

Promotional Rates for New Depositors. We explore two extensions of the model. First,
in Appendix E, we develop and estimate an extension in which banks can offer different rates
to incumbent depositors (i.e., those who were with the bank in the prior period) and new
depositors. We also allow the marginal costs of serving incumbents and new customers to
differ to reflect customer acquisition costs. This loosens the assumption of our baseline model
that all depositors receive the same rates and generate the same marginal costs.

What banks would like to do is price-discriminate between active and inactive depositors,
maximally harvesting the inactive while investing in the active. Such price discrimination is
infeasible because banks cannot observe which of their incumbent depositors are active. In
practice, and in our model extension, banks instead offer separate rates to new depositors (i.e.,
those without an existing account at the bank) and incumbent depositors, as documented in
Benetton et al. (2025). New depositors, by definition, are all active and thus have more elastic
demand than the bank’s existing depositor base, which is a mix of active and inactive customers.
Consistent with this, we observe in the data that banks offer attractive promotional rates to new
customers.

We estimate the extension allowing for separate policy functions for incumbent and new
spreads. For comparability with our baseline results, we assume that our original policy func-
tion estimates capture the choice of incumbent spreads. We proxy for spreads offered to new
depositors as the baseline spread plus the gap between the “promotional” rates offered on cer-
tificates of deposit (CD) from the Ratewatch data and non-promotional CD rates of similar
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maturity.®! To estimate marginal costs, we then simulate forward both policy functions, as well
as policy shocks with respect to both spreads.>?

We report our estimates in Table A2 and plot estimated markups charged to incumbent and
new depositors in Figure A4. We find high marginal costs of serving new depositors: $0.23
upfront per dollar of new deposits, suggesting that banks face substantial customer acquisition
costs. The average implied markup is -2300 bps. We estimate these high costs because promo-
tional rates are only modestly higher than standard deposit rates, even though new deposits
are substantially more elastic than incumbent depositors.

While banks lose money when on new customers, they earn a sizable markups of 392 bps on
average on incumbent depositors, substantially more than in our baseline model. Why do banks
not charge even higher markups on incumbent depositors? Since a fraction of these depositors
are active each period, higher markups could drive them away from the bank. In other words,
the invest-versus-harvest tradeoff remains for incumbents even when banks can discriminate
between new and incumbent depositors. Thus, although this extension provides new insights
into bank pricing and customer acquisition costs, it does not materially change our conclusions
about the importance of accounting for depositor sleepiness.

Forward-Looking Active Depositors. Our second extension allows active depositors to
make forward-looking choices. In our baseline model, depositors are myopic: they do not take
into account that they are likely to be asleep, and therefore unable to re-optimize, for several
periods following an active decision. Forward-looking behavior complicates estimation because
the depositor’s problem becomes dynamic:

Vit(Dig = 1) = Igleé}éi{apjkt + Ojkt + €ijhe + PE[Vier1(Dig1) Ij]}

Decomposing the continuation value into the discounted values of remaining asleep and making
a new active choice, we obtain:

oo s oo s—1
Vit(Diz = 1) = %%é({apjkﬁfsjkﬁsijkﬁ Z BTE[ H dm(apjrs+0jks)]+ Z (B)°~'E[ H dm(1—s)Vis(1, 7) |j]}

s=t+1 m=t+1 s=t+1 m=t+1

The key insight is that the second component of the continuation value does not depend on the
depositor’s choice today — conditional on waking up in a period, all depositors have the same
expected utility over that period’s choice set, regardless of the bank they used in the previous
period. Thus, we can difference this term out across all banks in a market without altering
choice probabilities. After differencing, there are no recursive terms in the expression. The only
difference between the forward-looking and myopic cases is that for the former, the discounted
value of utility from staying asleep and remaining at the bank chosen today essentially behaves

31'The majority of our sample does not have information on promotional rates, so we estimate the “new spread”
policy function in the subset of observations that do report promotional rates.
%2See Appendix E for further details.
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like an additional characteristic of that bank’s current deposit services.

To proceed with estimation, we construct depositor expectations of future utility using the
forward-simulated spreads p;y; from our baseline estimation.>> We present our estimates using
this approach in Appendix Table A3. They are qualitatively similar to the baseline estimates,
although we find that demand is more elastic when we assume depositors are forward-looking.

6 Implications for Markups and Franchise Values

In this section, we use counterfactuals to illustrate the insights that emerge from modeling
dynamic competition for deposits. We compare the estimates from our dynamic model to coun-
terfactuals in which all depositors are always active. In these counterfactuals, banks no longer
face invest-versus-harvest incentives and competition is static a la Bertrand-Nash.

We show that sleepiness and dynamic competition generate five main effects. First, they
significantly raise average markups. Second, markups become procyclical, rising when the short
rate rises. Third, sleepiness and dynamic competition particularly increase markups in areas
that a static view of competition would suggest are competitive, i.e., in low-concentration areas
with low Herfindahl-Hirschman indices (HHIs). Fourth, sleepiness increases banks’ franchise
values and lowers their default probabilities. Finally, the franchise values of banks with either
low product-quality or high costs increase the most.

Our comparison between dynamic and static competition not only generates interesting eco-
nomic insights, it is also policy-relevant. In recent years, regulators in several countries have
proposed and implemented regulations that seek to constrain the ways in which banks set de-
posit rates. Perhaps most prominently, the UK’s Financial Conduct Authority (FCA) has engaged
in a policy initiative to increase the passthrough of short-term interest rates into deposit rates.
In Appendix C, we show that the limiting case of this initiative—a policy that requires banks to
fully pass through changes in short rates (i.e., floating-rate deposits with a fixed spread)—is iso-
morphic to eliminating depositor sleepiness.>* The intuition is that, by forcing full passthrough
and constraining banks to choose a single spread for both the current and all future periods, the
regulator shuts down the invest-versus-harvest tradeoff otherwise induced by depositor sleepi-
ness: a bank’s choice of spread affects both its active market share today and its active market
share tomorrow. In other words, the bank cannot invest today and harvest tomorrow; it either
invests in all periods or harvests in all periods.

%3This comes with the caveat that these simulated spreads are based on the assumption that banks price off of
depositors’ myopic preferences. Strictly speaking, banks set rates as a function of depositor preferences and lagged
market shares, such that future spreads are a complicated, nonlinear function of «, d;, and e;x:. To construct
depositor expectations consistent with banks pricing off of their forward-looking preferences, we would thus need
to perform a global search over the space of demand-side parameters, where for each conjecture of parameter values
we would have to forward-simulate over aggregate rates and policy shocks, construct the expectation over future
spreads, and then run the above regression. This is computationally infeasible.

34This equivalence exactly holds in the absence of a zero lower bound (ZLB) on deposit rates, but we show in the
appendix that the results are very similar quantitatively whether or not we impose a ZLB.
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The equivalence of our counterfactual to a policy forcing banks to issue floating-rate deposits
also fits well with the structure of our model. We do not take a stand on the microfoundation
of depositor sleepiness, so it is difficult for us to make quantitative statements about depositor
welfare. By focusing on the supply-side implications of a supply-side counterfactual, we focus
on parts of the model that depend less strongly on the microeconomic behavior of depositors.

6.1 Markups in Dynamic Equilibrium

We begin by comparing markups in our dynamic model with the static counterfactual.

6.1.1 Level

Panel (b) of Figure 4 studies the average level of markups. It compares expected markups in our
dynamic model to those in the static counterfactual. While average expected markups in the
dynamic model are about 68 bps, in the counterfactual they are about 32 bps. Thus, eliminating
banks’ invest-versus-harvest incentives reduces equilibrium expected markups by an average of
36 bps, about 53%. Intuitively, in the dynamic model, banks face a less elastic set of depositors
than they do in the static counterfactual.

Panel (b) of Figure 4 also illustrates the distribution of markups across banks in the dynamic
model and static counterfactual. The dark grey band displays the 25th-75th percentiles, and the
light grey band displays the 10th-90th sample percentiles.>> For most years, the 10th percentile
markup in the dynamic model is above the 90th percentile markup in the static model.

6.1.2 Cyclicality

We next turn to the cyclicality of markups. The green dots in panel (a) of Figure 5 display
binned sample averages of estimated markups as a function of the federal funds rate. As dis-
cussed in the previous section, markups display substantial cyclicality, averaging about 49 bps
when the short rate is 1% and 135 bps in 2023, when the short rate exceeds 5%.

At first, this cyclicality may seem puzzling: we do not include an outside option in our
demand system, and we model depositor elasticities as being constant over time. Moreover,
to the extent that depositor sleepiness decreases when the short rate increases, as we found in
panel (a) of Table 3, one would expect markups to be counter-cyclical. There are fewer inactive
depositors when the short rate is high, and as equation (6) shows, harvest incentives and thus
markups are lower when sleepiness is lower.

To see the intuition, we first consider what a static model delivers, depicted in the blue
dots. In our demand system, a static model can only deliver cyclical markups as a mechanical
byproduct of the zero lower bound (ZLB) on deposit rates. That is, when deposit rates are stuck

*percentiles are calculated across county-bank observations each year.

27



at zero, increases in the short rate raise deposit spreads one-for-one (i.e., deposit rates remain at
zero). If the ZLB constraint does not bind, then banks charge the optimal static markup, which
is constant. The blue dots in panel (a) display this property. When the short rate is at zero,
banks are bound by the ZLB and therefore charge markups below their optimal unconstrained
levels; at higher levels of the short rate, banks simply charge this constant markup.

Under dynamic competition, this logic breaks down. When the short rate is low, banks are
essentially forced to invest because of the ZLB. Because banks are forward-looking, this force
also affects their behavior when the short rate is high. In particular, the potential for the ZLB to
bind in the future makes banks more willing to harvest when the short rate is high. The value
of investing at such times is reduced by the fact that the short rate may fall in the future. Thus,
banks charge higher markups when the short rate is high.

One may worry that the procyclical markups we estimate in panel (a) of Figure 5 are not
a property of the dynamic model; they may simply reflect the fact that our estimated policy
function is strongly procyclical. To address this concern, we directly solve for the Markov
Perfect equilibrium of our model at our estimated parameter values in a hypothetical market
with three symmetric banks. The red dots plot the equilibrium policy function across different
short rates.®® As is evident in the figure, simulated and estimated markups display similar
degrees of cyclicality, suggesting that dynamic competition does indeed drive our results.

6.1.3 Market Concentration

Figure 5 Panel (b) illustrates a second key property of our model: markups are essentially
constant as a function of market concentration, measured by the Herfindahl-Hirschman index
(HHI). As before, this result obtains both in our estimated model and in our simulated dynamic
equilibrium. In contrast, the static benchmark delivers the expected result that markups are
substantially higher in more concentrated markets. In the data, deposit spreads are nearly
invariant to market concentration (see Appendix Figure A5), corroborating our findings.*”
How does dynamic competition alter the relationship between concentration and markups?
The key intuition is that as a bank’s share in a particular market falls, its incentive to invest
by offering high rates and accepting low markups can increase quite rapidly. As the bank’s
incumbent depositor base goes to zero, it has nothing to harvest. Instead, it wants to invest
aggressively because capturing a dollar that will be asleep for many periods is valuable. This
dynamic tends to flatten the relationship between markups and HHI for the following reason.
Consider a perturbation of bank quality (¢;) that increases the share of the largest bank in a

36The dots correspond to the markups that a bank with 10% lagged market share sets, when one competitor has
70% lagged share and the other 20%.

371t could still be the case that more concentrated markets feature banks with lower marginal costs, in which case
markups would be increasing in market concentration even though deposit spreads do not. The flat relationship
between deposit spreads and market concentration obtains even after controlling for observable measures of bank
operating costs, cutting against this possibility.
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market and decreases the share of all other banks. This perturbation tends to increase HHI. The
large bank receiving additional share will raise markups, as in the static case, while the smaller
banks will lower markups seeking to invest in attracting new customers. The large bank will
not increase its markups much because it does not want to lose too many of its incumbent
depositors. In contrast, smaller banks will lower their markups more because the effect on
profits from their small incumbent deposit bases will be small. Thus, this perturbation, which
raises HHI, has a limited effect on average markups.>®

6.2 Effects on Franchise Values

We next analyze the value of the deposit franchise. In panel (a) of Figure 6, we plot the
time series of aggregate deposit franchise value under our baseline estimates (orange line) and
under the counterfactual policy (teal line). The static counterfactual reduces the aggregate
value of the deposit franchise by about 54%.3° In dollar terms, about $1.1 trillion of franchise
value would have been lost if the FCA policy had been implemented in 2023, compared to an
aggregate market value of equity in the banking sector of about $2.3 trillion.

More striking than the high average dependence of the deposit franchise on sleepy deposits
is the degree of heterogeneity. Figure 6 Panel (b) shows that about 19% of banks derive more
than 80% of franchise value from sleepiness while 4% of banks derive less than 20%. The next
section analyzes the drivers of this heterogeneity in greater detail.

6.2.1 Bank Heterogeneity

In panel (a) of Figure 7, we show bin-scatter plots of each bank’s share of franchise value lost
under the counterfactual policy against deposit product quality ¢;. We find that banks with the
lowest product quality are the most negatively affected by the policy. The intuition underlying
this result is that sleepiness dampens the returns to having higher product quality. This is
because the vast majority of depositors in a given period are asleep and thus not choosing their
banks as a function of product quality. In equilibrium, this allows smaller banks to charge
relatively higher markups without losing too much market share.

In panel (b) of Figure 7, we show bin-scatter plots of each bank’s share of franchise value
lost under the counterfactual policy against its marginal cost, netting out the common cost com-
ponent from the short rate, (R;. While policy exposure is roughly flat across the interquartile
range of cost efficiency, we find that the least cost-efficient banks are particularly negatively
affected in the counterfactual. Depositor sleepiness enables these firms to pass their high oper-
ating costs onto their depositors.

38We provide more analysis of the HHI-markup relationship implied by our model in Appendix F.

39The reduction in franchise value differs slightly from the reduction in markups for two reasons. First, we average
across banks and markets for markups, while we average across banks for franchise values. Second, the aggregate
loss in deposit franchise is implicitly value-weighted, whereas our reported average markups are equal-weighted.
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6.2.2 Effects on Financial Stability

A different way to understand the effects of the static counterfactual on franchise value is to
examine risk-neutral probabilities of default. Consider a bank’s decision to default or continue
operating in the future, in the style of Leland (1994). The bank will default if and only if
the loss incurred today is larger than the present value of future operating profits. Recalling
lending returns follow Rj; ~ N (p;¢, ajzt). In the language of our model, the bank defaults if:
—(Rjt — pje — rj¢ — cjt)Depjy > BVji41. Integrating out Rj; and rearranging, we obtain:

Probability of Default = ® <aj_tl(_g;]; + i+ cje — th)) (12)
All objects in equation (12) are already known or have been estimated, other than o;;.*° To
recover oj;, we first convert observed credit default swap spreads into implied risk-neutral
probabilities of default and then invert equation (12) for each bank-year.*!

To calculate counterfactual probabilities of default, we replace the baseline objects Vj; 11
and r;; with their counterfactual counterparts, and then simply re-evaluate the right-hand-side.
Note that this procedure assumes that banks do not adjust their asset risk in response to the
loss of deposit franchise value in the counterfactual.

We plot the time series of baseline and counterfactual default probabilities for JP Morgan in
Figure 8. Baseline default probabilities range from near 0% to about 2.5%, whereas counterfac-
tual default probabilities fluctuate around 10%. Excluding the global financial crisis, fluctua-
tions in counterfactual default probabilities are driven primarily by the shape of the yield curve:
when future rates are expected to be high, more franchise value is lost in the counterfactual.

7 Conclusion

Bank deposits are often described as sleepy. We examine the implications of sleepy deposits and
their role in creating value and stability in the banking sector. We demonstrate that whether
the observed stickiness is driven by depositor sleepiness or inelastic demand (i.e., preference
heterogeneity) has significant implications for consumers, banks, and policymakers. We show
that depositors exhibit high levels of inactivity, which we attribute to depositor sleepiness. This
sleepiness appears to vary both across depositors and over time.

The sleepiness we document has critical consequences. For consumers, it implies that de-
positors are much more responsive to deposit rates than previously believed once sleepiness is
accounted for. For banks, depositor inactivity creates substantial value: on average, nearly 60%
of a bank’s deposit franchise value arises from the fact that most of its depositors remain inac-

“0The expected lending return is not separately identified from marginal costs, so our empirical estimates of c;;
correspond to ¢ji — fij.
“'We use five-year CDS spreads, assuming a recovery rate of 40% and a constant hazard rate.
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tive in any given period. The advent of FinTech services that automate shopping for deposits
could erode this source of franchise value.

Depositor sleepiness also raises concerns for policymakers, prompting them to consider poli-
cies aimed at increasing the sensitivity of deposit rates to short-term rates. We analyze the
effects of such policies, showing that while they benefit depositors by raising deposit rates, they
also come with significant costs. For instance, during 2023 banking turmoil, the probability of
default for large US banks would have increased to about 20%. Thus, while these policies may
enhance consumer outcomes, they also pose risks to financial stability.
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Tables and Figures

Figure 1: Average Life of a Deposit Account

Average Life (years)

Checking Savings  Time Deposit  Business Trust Init Bal > $50k  Internet Over 65

Notes: Figure 1 plots the implied average life of several different types of deposit accounts, in
years, using our main account-level microdata. This dataset covers about 25 million accounts
from 164 banks and credit unions. Average life is calculated using the rate of account turnover
(i.e., the fraction of existing accounts in a given year that are newly-opened) and using the
formula Average life, = L where i denotes account type. The turnover rate, and by

. . . Turnover Rate; . .
extension average life, is calculated in units of years.

Figure 2: Reasons for Closing a Deposit Account

Percent

B inactive Il Needed Money/No Longer Needed
I Dead/Moved Better Rates and Service/Lower Fees
I Other

Notes: Figure 2 displays a histogram of the reasons depositors report for closing their accounts.
This data is derived from our main account-level microdata, which covers about 25 million
accounts from 164 banks and credit unions. We focus on closures where the depositor provided
a reason, excluding those resulting from internal transfers within the bank (i.e., cases where
the depositor closed an account to open another within the same bank). In 27.8% of closures,
no reason is provided, and internal transfers account for 19.5% of all closures.
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Figure 3: Sleepiness versus Unobserved Preference Heterogeneity: Evidence from Market Entry
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Notes: Figure 3 plots the progression of market shares for entering firms as a function of the
number of years since entry:

share; — shareg
share;y — shareg

normalized share; =

We difference out market shares in year 0 to account for the fact that banks entering new coun-
ties according to the Summary of Deposits immediately report large market shares for largely
mechanical reasons (i.e., deposits previously collected in nearby areas without any of the en-
trant bank’s branches are immediately booked at the new branch). The green line plots medians
from Summary of Deposits data and the red line plots medians from forward-simulations of a
three-bank Markov Perfect equilibrium. See Appendix Figure A1 for an alternative normaliza-
tion of market shares including the year-0 shares; see Appendix B for additional details on our
computation of Markov-Perfect equilibria.
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Figure 4: Markup Estimates
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Notes: Panel (a) of Figure 4 displays the yearly bank-county level distributions of current
markups under our baseline estimates. Panel (b) of Figure 4 displays the yearly bank-county
level distributions of expected markups under our baseline estimates, as well as markups under
the counterfactual policy constraining banks to fix the spread they charge below the short rate.
“Expected markups” are defined as the constant markup that a bank would need to charge,
holding expectations of current and future deposit volumes fixed, in order to achieve the same
franchise value that we estimate in the forward simulation. We winsorize expected markups at
the 1% level to reduce the influence of extreme outliers.
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Basis Points

Basis Points

Notes: Panels (a) of Figure 5 plots markups from our two-step estimates (green line) against
those obtained from a three-bank Markov Perfect equilibrium (red line) and from a three-
bank Bertrand-Nash equilibrium without depositor sleepiness (teal line). Panel (b) of Figure 5
plots market-level markups from our two-step estimates (green line) against average market-
level markups from a series of three-bank Markov Perfect equilibria (red line) and a series of
Bertrand-Nash equilibria without depositor sleepiness (teal line). See Appendix B for additional

Figure 5: Properties of Estimated Markups
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details on our computation of Markov Perfect and Bertrand-Nash equilibria.
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Figure 6: Counterfactual Franchise Value

(a) Total Deposit Franchise Value in the Banking Sector
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(b) Share of Deposit Franchise Value Lost in Counterfactual — 2010
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Notes: Panel (a) of Figure 6 displays total deposit franchise value in the U.S. banking sector
under our baseline estimates and under the counterfactual policy constraining banks to fix
the spread they charge below the short rate. To facilitate comparison with other aggregate
quantities, we scale the yearly totals by the fraction of total deposits that are accounted for
by observations in our sample. Panel (b) of Figure 6 displays the cross-sectional bank-level
distribution of the fraction of deposit franchise value lost under the counterfactual policy (i.e.,
one less the ratio of counterfactual to baseline value) using data from 2010.
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Figure 7: Bank-Level Heterogeneity in Policy Exposure

(a) Deposit Product Quality (b) Marginal Cost
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Notes: Panel (a) of Figure 7 displays a bank-level bin-scatter plot of the fraction of deposit fran-
chise value lost under the counterfactual policy against product quality ;. Panel (b) of Figure

7 displays a bank-level bin-scatter plot of the same statistic against marginal costs, demeaned
by the average marginal cost in each of the bank’s markets.

Figure 8: Counterfactual Probability of Default — JP Morgan
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Notes: Figure 8 displays baseline and counterfactual estimates of risk-neutral probabilities of
default for JP Morgan. We compute baseline risk-neutral one-year default probabilities using
five-year credit default swap spreads (assuming constant hazard rates). To obtain counterfac-
tual default probabilities, we use the baseline five-year CDS spreads to estimate the risk-neutral
probability of default. We then use our baseline estimated franchise value to calculate asset
volatility. Finally, we reduce the bank’s franchise value by the estimated difference in expected
franchise value between the baseline and counterfactual scenarios and recalculate the proba-
bility of default while holding asset volatility constant. We assume a 40% recovery rate in the
event of default. See Appendix Figure A6 from the same exercise using Bank of America and
Wells Fargo.
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Table 1: Summary Statistics

Variable Observations Mean Median SD
Bank-County Level:
Deposit Rate (bps) 344,466 34 15 50
Deposit Spread (bps) 344,466 98 17 146
Deposit Market Share 344,466 0.16 0.10 0.17
County Deposits ($M) 344,466 403 84 4030
Bank Level:
Wages ($1000s) 96,339 69 64 24
Fixed E
100 x 7‘%‘;] f;f;sses 96,339 0.39 0.36 0.18
Total Deposits ($M) 96,339 1867 171 30614

Notes: Table 1 summarizes the key variables in our data sample. As discussed in the text, we
limit our sample to bank-county pairs appearing in at least 5 years of data and for which we
have all required information in both the current and previous years. Throughout the entirety
of the paper, including here, we winsorize our wage and fixed expense measures at the 2.5%
level to reduce the influence of extreme outliers.
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Table 3: Sleepiness and Demand Estimates

(a) Sleepiness Estimates

Microdata only SoD only Combined
@) 2 3 €] (5) (6)
Y1 cons 0.927**  0.926*** 0.977** 0.978* 0.939***  0.940"**
(0.006) (0.006) (0.001) (0.001) (0.003) (0.003)
T RAF ¢ -1.203*** -0.100*** -0.415***
(0.182) (0.036) (0.044)
T2,over 65 0.001 -0.000
(0.005) (0.008)
T over $50k -0.027*** -0.025***
(0.003) (0.005)
T2 internet 0.050*** 0.054***
(0.007) (0.006)
T3 business -0.005 -0.006
(0.004) (0.008)
Observations 16,298 16,298 344,558 344,558 360,856 360,856
Within R-squared  0.976 0.978 0.963 0.963 0.972 0.973
Bank FE X X X X X
County-Year FE X X X X X

(b) Demand Estimates

Total Market (No Inertia) Active Market
OLS CF OLS CF
(1) (2) 3) 4
Pkt -3.11%* -289.5*** -16.4**  -387.8***
(1.13) (15.3) (1.98) (29.4)
Observations 294,694 294,694 294,694 294,694
R? 0.734 0.735 0.624 0.625
Rate Elasticity of Demand  0.010 0.957 0.054 1.282
First-stage F-stat 14.63 14.63
Bank fixed effects v v v v
County-Year fixed effects v v v v

Notes: Panel (a) reports the results of panel regressions of depositor sleepiness. Observations
are either at the bank-county level (SoD) or the bank-depositor-cell level (microdata). In the
SoD sample, all branches of a given bank in a given county-year are aggregated into a single
observation. Columns including SoD data control for deposit spreads and a 1st-order polyno-
mial of residuals from equation (9). Standard errors are clustered by bank. Panel (b) reports
OLS and control function estimates from a Berry (1994) demand system at the bank-county
level. The sample is restricted to observations with positive active demand implied by column
(6) of panel (a). Columns (2) and (4) include the same control function. Standard errors are
clustered by bank-year. Rate elasticity assumes 5% market share and the sample mean interest
rate (34 bps). *** p<0.01, ** p<0.05, * p<0.1}%.



Table 4: Policy Function Estimates

(D
R;—1 x Log(Deposit Share)jkt_1 0.004***
(0.001)
Ry -0.098***
(0.008)
Ry 0.905***
(0.005)
Ojkt 0.001***
(3.14 x 107°)
S~ Log(Deposit Share) ., 1.17 x 1079%*
(%
(3.6 x1077)
Log(Deposit Share) ;;_4 -0.0008***
(2.92 x 107°)
Wages ;
Wyegw 2.44 x 1075+
(1.81 x 1079)
>~ Wages,,
> 71§f311£33rnp10yees“_1 0.0001"*
i#j
(5.08 x 1075)
it 0.004
(0.024)
> Fixed Expensesy,
Z#JZ Assetsy;_ 1 -1.53"
=
(0.100)
fraction over 65, 0.004***
(0.0002)
fraction over $50k HH income,, -0.0008***
(0.0002)
fraction w/internet;, -0.007***
(0.0003)
Constant -0.0005*
(0.0003)
Observations 344,466
R? 0.943

44

Notes: Table 4 reports OLS estimates of the spread-setting policy function, where j indexes
banks, & indexes counties, and ¢ indexes years. Observations are at the bank-county level.
In particular, all branches of a given bank (as defined by FDIC certificate number) in a given
county-year are aggregated into a single observation. Unobserved product qualities ¢ are taken
from the demand system estimated in column (4) of Table 3, panel (b). Standard errors are
clustered by bank-year. *** p<0.01, ** p<0.05, * p<0.10.



Table 5: Marginal Cost Estimates

(1)
¢ 0.690
(0.026)
w -0.008
(0.002)

71 4.428 x 107°
(8.928 x 107)
Yo 0.027
(0.278)

Notes: Table 5 reports the results of the two-step estimator based on Bajari et al. (2007).
We construct 60 alternative policies: 20 perturb the responsiveness of deposit spreads with
respect to the short rate; 20 perturb the responsiveness of deposit spreads with respect to
lagged log market share; 20 multiply spreads by a constant randomly drawn around 1. For
each alternative policy, independent draws are taken for one randomly-selected bank in
each county-year—3,286,920 total inequalities are used in estimation. Each expectation is
constructed by averaging over 1,000 simulated paths of: (i) interest rates, generated from
estimated yield curves as described in Section 5.3.3; and (ii) policy shocks, drawn from the
distribution of policy function residuals (censored at the 5th and 95th percentiles). Standard
errors are calculated via bootstrap: we resample, with replacement, 500 times — each time
constructing datasets of the same length as the total number of inequalities. We then calculate
standard errors as the standard deviation of the vector of estimates.

Costs are parameterized as:

Salaries j; Fixed Expenses,,

p— 1
Cikt =GRy +wtmg Employees;; +72 Assets;_1
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Appendix

A Details of marginal cost estimation

We begin by rewriting the bank value function as an expectation that is linear in the marginal
cost parameters:

o0
B[ 8" pyks D]
s=t
o0
Yojk = E[Z 587tRsD€pjks}
s:éo
E [Z ﬁs_tDepjks}
s=t

1
Voik = Yo —
~w—v'Zje
For any alternative spread-setting policy, &, it should be the case that a bank is better off at the
original estimated policy function, o, than at the alternative one:

9(0,5) = (s —5)" - ~¢ >0
—w —'Zj

where 15 denotes the analogous vector of expectations under the perturbed policy.

To operationalize this idea, we construct sixty such alternative policies. Twenty perturb the
responsiveness of deposit spreads to the short rate, twenty perturb responsiveness to lagged
market share, and twenty are multiplicative deviations. All perturbations are normal draws
centered around the estimated policy function. For each alternative, we perturb the policy
function of a single randomly-selected bank in each county-year, holding the policy function of
its competitors fixed at the original estimated policy. Each policy alternative thus generates one
inequality per county-year, namely that the selected bank is better off at the estimated policy
function than at the perturbed one.

We compute expectations over 1000 paths of: (i) interest rates drawn from instantaneous
forward rates, as described in Section 5.3.3 ; and (ii) private shocks drawn from the empirical
distribution of policy function residuals. We set the discount rate 5 = 0.9 and forward-simulate
out to fifty periods in the future. We additionally assume that the only source of growth in
deposit market size is from interest accumulation.

Following Bajari et al. (2007), we estimate marginal costs by minimizing the sum of squared
violations over all inequalities:

(w,¢,7) == arg min Z(min{g(a, 5),0})?
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While all cost parameters are jointly identified, it is helpful to consider the variation driving
the estimates of each parameter. Consider a bank’s decision of whether or not to deviate in
some way from the equilibrium policy function. Doing so changes both the expected path of
spreads as well as the expected path of deposit volumes. To fix ideas, let us suppose the bank
is considering a deviation that tends to increase spreads. Holding the path of deposit volumes
fixed, this will increase franchise value. But through the active demand system, it will also
reduce deposit volumes and thus franchise value. Both of these effects are fully quantifiable
without any knowledge of the marginal cost parameters. That said, the change in deposit
volumes also changes the present value of costs, and this effect is fully characterized by the
marginal cost parameters. The question therefore becomes whether the net benefit of the
deviation (i.e., the sum of the two “cost-independent” effects) outweighs the cost effect. The
BBL estimator penalizes candidate vectors for which this is the case, and the penalty scales in
the size of potential profits from deviating.

Importantly, changes in deposit volumes differentially impact each of the four cost terms at
different points in the state space, thereby allowing us to separately identify each parameter. A
given volume shock: (i) has the same effect on the unweighted path of volumes across all states;
(ii) impacts the rate-weighted path of volumes much more in a high-rate environment than a
low rate environment; and (iii) impacts the cost-shifter-weighted paths of volumes much more
when costs are higher. Thus, we pin down ( by selecting inequalities from different years of our
sample (i.e., as rates vary), whereas we pin down the v parameters by sampling inequalities
widely from both the cross-section and the time-series.

While this identification argument holds for any set of selected policy deviations, we choose
our alternative policies in part to make the separate identification of the key cost parameters
more transparent. For example, perturbations to the federal funds passthrough provide an
additional dimension of differential variation in the rate-weighted path of volumes, since they
strengthen the correlation between the path of rates and the path of volumes.
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B Computation of Markov Perfect and Bertrand-Nash Equilibria

B.1 Markov Perfect Equilibrium

We work with markets consisting of three banks and set sleepiness, ¢, to .94 (the average
estimated level in our data). We set rate sensitivity, «, to —387.8. We set (, the coefficient on
the short rate in the marginal cost equation, to .69. We set “base” marginal costs to —30 bps for
all three banks, which is about the 75th percentile of our estimated distribution.**> Mirroring
the empirical model, we add mean-zero, normally-distributed shocks to banks’ chosen spreads,
with the standard deviation set to the level in the estimated policy function (about 21 bps).
Finally, we parameterize the short rate transition process using a discretized Cox et al. (1985)
process with mean reversion, «, of .11, a long-term average rate, 6, of .03, and a volatility, o,
of .08.

We solve for Markov Perfect equilibrium using value function iteration, as in Pakes and
McGuire (1994). As is well-known, with strategic interactions between firms, this algorithm is
not guaranteed to converge. We have found that a few modifications to the algorithm tend to
smooth out best response correspondences, thereby reducing cycling behavior and facilitating
convergence: (i) interpolating the value function off of a discretized grid with flexible splines,
as in Fowlie et al. (2016); and (ii) imposing a quadratic quantity adjustment cost. There is also
no guarantee that any Markov Perfect equilibrium is unique, but in practice we have found little
to no evidence of multiple equilibria.

For panel (a) of Figure 5, we endow all three banks in the market with equivalent non-
price deposit product qualities  and solve for a symmetric equilibrium. We then plot the policy
function, at different levels of the short rate, for a bank with 10% market share when one other
bank has 70% share and the third bank has 20%.

For panel (b) of Figure 5, we perform the following procedure for each red dot on the graph:

* pick the vector of lagged market shares at which we want to start (i.e., to target some
value of HHI)

* solve for the product quality vector é that generates these market shares in static equilib-
rium (i.e., when all depositors are active)

* solve for the Markov Perfect Equilibrium of the dynamic game via value function iteration

» forward-simulate both the static and dynamic games over 1000 paths of interest rates
and policy shocks, each 50 years in length, recording the average market-level expected
markup across all runs.

To obtain starting values of lagged market shares for the dynamic game, we assume that in
the first period everyone is active, and we solve for the Nash equilibrium of the first period

“None of our results are sensitive to the exact choice of marginal costs.
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stage game holding the continuation values fixed at the solution to the infinite-horizon Markov
Perfect equilibrium. Then, for each simulation run, we begin at these lagged market shares and
run a burn-in of 50 periods, at which point we then record the results of the forward simulation.
All dots begin with a starting aggregate short rate of 5%.

B.2 Bertrand-Nash Equilibrium

We again work with markets with three banks, but we now set sleepiness, ¢, to 0. All other
parameters are as described in the prior section. For panel (a) of Figure 5, we endow all
three banks in the market with equivalent non-price deposit product qualities 4 and solve for a
symmetric Markov Perfect equilibrium using the same value function iteration as above, though
with ¢ = 0 this is isomorphic to solving the usual nonlinear fixed point problem characterizing
equilibrium Bertrand-Nash markups.

For panel (a) of Figure 5, we endow all three banks in the market with equivalent non-
price deposit product qualities J and solve for a symmetric equilibrium. We then plot the policy
function at different levels of the short rate.

For panel (b) of Figure 5, we perform the following procedure for each teal dot on the
graph:

* pick the vector of lagged market shares at which we want to start (i.e., to target some
value of HHI)

* solve for the product quality vector § that generates these market shares in static equilib-
rium (i.e., when all depositors are active)

* solve for the Bertrand-Nash equilibrium of the static game

» forward-simulate the static game over 1000 paths of interest rates and policy shocks, each
50 years in length, recording the average market-level expected markup across all runs.

All dots begin with a starting aggregate short rate of 5%.
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C Background on FCA Policy and Equivalence to Static Counterfac-
tual

C.1 Background on the FCA Policy

In July of 2023, the FCA published a 14-point plan with the stated goal of increasing the deposit
rates offered to consumers.*> Under the power of “Consumer Duty”, a set of newly-enacted con-
sumer protection regulations, the FCA began to require banks with deposit rates substantially
lower than the “base rate” (the aggregate short-term interest rate) to justify how their offered
rates provided consumers with a “fair value.” If the FCA deemed such justifications to be insuf-
ficient, it would have recourse to levy fines onto the banks or place restrictions on their business
operations. The plan also specified that the FCA would review the timing of bank deposit rate
changes after any adjustment in the base rate. In September of 2024, the FCA published an-
other statement announcing that they would investigate evidence of asymmetric deposit betas:
banks that passed on rate reductions more quickly and fully than rate increases.** Jointly, these
statements express a clear desire on the part of the FCA to restrict the relationship between
aggregate rates and bank deposit rates. We therefore use our structural estimates to simulate a
counterfactual policy in which banks are forced to fully pass aggregate rate fluctuations through
to their deposit rates.

C.2 Equivalence to Static Counterfactual

In this section, we demonstrate that constraining banks to fully pass through aggregate interest
rate changes to their deposit rates is in fact isomorphic to eliminating depositor sleepiness (i.e.,
setting ¢ = 0).

To see this, suppose that at time 0 all depositors are active. Each bank seeks to maximize
franchise value by choosing the constant spread it will charge between the federal funds rate
and its offered deposit rate. The bank’s problem is:

m{f}x Myso(p — c(Rg)) + Z B'E[Mysi(p — C(Rf))] (AD)
t=1

where s; refers total deposit market share, c(-) refers to marginal cost and deviates from its
initial level solely due to fluctuations in R/, and M, refers to market size at time ¢ and grows

“3Financial Conduct Authority. “FCA sets out 14-point action plan on cash savings.” Available at: https://www.
fca.org.uk/news/press-releases/action-plan-cash-savings. Accessed December 17, 2024

“4Financial Conduct Authority. “FCA update on cash savings — September 2024.” Available at: https://www.fca.
org.uk/publications/multi-firm-reviews/fca-update-cash-savings-september-2024. Accessed December
17, 2024.
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at a deterministic rate g.*> We can rewrite equation (A1) as:

max Myso(p — c(Rp)) + Z ﬁtE[<¢tMt71(1 +9g)st-1+ (1 - ¢t)MtSfCtive> (p— c(R{))]
=1

Because all depositors are active in period 0, we clearly have sy = sg®¢. But since active
depositors have the same preferences in every period, it follows that sy = s3ctve = ggctive —
s, Vt. Noting also that (1 + g)My = M, the first term in the infinite sum thus collapses to
B(1+ g)MosoE[p — c(R;], the second term to 8%(1+ g)? MysoE[(p — c(Rz2)], and so forth, leaving
us with:

max Moso > (8(1+9)) El(p — ()

P t=0
The bank’s first-order condition is:
65 e t P [e’e] " -
%(;(6(1 +9)) El(p— c(R))]) +30§(5(1+g)> . A2

This pricing equation is precisely the present-value formulation of the static Bertrand-Nash first-
order condition. We solve for outcomes under the FCA policy in each market in our data by
finding the vector of spreads and shares under which equation (A2) holds for all banks in the
market.

“In our forward simulation, market size actually grows in accordance with total interest accumulation and the
sleepy deposit stock grows in accordance with bank-specific interest accumulation — both, in turn, depend on offered
deposit rates in the previous period. This force is quantitatively unimportant, and we therefore assume exogenous
market size growth in our counterfactual for the sake of tractability. That said, to further ensure comparability
between our baseline and counterfactual results, we assume that market size grows each year by the average offered
deposit rate in our sample (about 34 bps).
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D Franchise Value Decomposition

The proof laid out in the previous section is constructive in the sense that it provides a simple
algorithm to compute outcomes under the counterfactual FCA policy. To perform a true decom-
position of deposit franchise value into a “sleepy” component and an “inelastic” component,
however, we need to retain a zero lower bound on deposit rates. This complicates the required
procedure in two, related ways. First, in some markets, some banks may not be able to charge
their Bertrand-Nash markup without breaching this constraint. Solving for equilibrium then
consists of both determining which banks are constrained in equilibrium and, given the set of
constrained banks, solving for spreads and market shares that satisfy the first-order conditions
for the unconstrained banks. That is, we search for a vector of deposit spread p* that, for all
banks j in the market, satisfies:
p;k»(RF) _)4- m’ if RY — (¢; - m) =0
0, otherwise

Second, consequently, equilibrium spreads and market shares are now a function of the
short rate. Thus, unlike in the FCA computation, we need to solve for the equilibrium in each
market for each level of the short rate.

Solving for the equilibrium of the more than 54,000 markets in our data for each of 51
periods across 1000 simulations (i.e., for each draw of the short rate) is computationally infea-
sible. Instead, we discretize the range of short rates into an equally-spaced grid from 0 to .05,
with buckets of 25 bps in width. We then solve for equilibria in all markets at each point of
the discretized grid. Finally, we perform the forward simulation over the same 1000 paths of
drawn short rates used in our baseline two-step estimation by assigning each drawn short rate
to a discretized outcome using the floor function (e.g., a short rate draw of 80 bps is assigned to
the equilibrium outcomes calculated for a short rate of 75 bps) and then averaging the resulting
discounted sum of profits:

1000 50
E[Static Franchise Value w/ZLBjy,] = > = > 8'(1+9) Mysi(RE,, . 6) (0 (RE,. ) —c;(RE,. 1))

sim=1 t=0

As in the FCA computation, we assume that the size of the market grows deterministically at
the average offered deposit rate in the sample (34 bps).
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E Extension: Price Discrimination between New and Incumbent
Depositors

Recall that in our baseline set-up, banks must choose a single deposit spread each period to
offer to both their “incumbent” depositors (i.e., depositors who banked with them in the prior
period) and their “new” depositors. In this extension, we allow banks to offer separate spreads
to their incumbent and new depositors, and we estimate separate marginal cost parameters for
servicing new versus incumbent deposits.

Importantly, because banks cannot distinguish which of their incumbent depositors are ac-
tive versus asleep, the fundamental invest-versus-harvest tradeoff when setting the incumbent
spread substantially resembles our initial formulation. The primary difference in the incum-
bent spread decision relative to baseline is that the propensity of running off awake incumbent
depositors with high spreads will be larger if competitors choose to offer low spreads to their
new depositors in equilibrium. With regard to the choice of spread offered to new depositors,
offering a very low “new spread” does not come with a cost of offering better terms to many
asleep depositors, though it still has the benefit of carrying over a larger deposit base into the
following period.

Under this set-up, bank j’s problem becomes:

V(Sta o'ia Un) = Eth7Rjt [Depi(sb 0—;'7 Un)(Rjt - Rf + 0_;' - Ci(sta X;t)) ‘ St]
+ Ethijt[Depn(Sta O-iv Un)(Rjt - Rf + 0;'1 - Cn(sta X?t)) | St]

+ BESt+1,Xt+1 [V(St+1v a_z’ Un) | o-lv o_n’ St]
where the ¢ and n superscripts denote, respectively, “incumbent” and “new.”

o0 . .
E |:Z ﬁSitp;ksDep}ks}

s=t

Bl 7 ReDerj

0 .
E [Z 53"5Dep}ks}
7/}0,3',1@ = ooS:t
|7l Peri

E[ Si 5 R, Depl,|

E|3 5" Depj,
s=t
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We create alternative polices largely as in the baseline case, but we now perturb “incumbent”
spreads in half of the runs and “new” spreads in the other half. Contrary to the baseline case,
we use multiplicative perturbations and perturbations to short rate passthrough, but we do not
perturb the policy function coefficient on lagged market shares.*® For any alternative pair of
spread-setting policies, (5%,5"), it should be the case that a bank is better off at the original
estimated policy functions, (¢¢,c"), than at the alternative ones:

1
_Ci
_wi _ ’Yilzjt
1
—n

n n/
—w" — VL

where 1) denotes the analogous vector of expectations under the perturbed policy. With in-
equalities in-hand, we choose the vector of cost parameters that minimizes the sum of squared
violations from optimality, only now we estimate separate parameters for incumbent and new
deposits:

(', ¢, 7 ", ¢, 4) = arg min 3 (min{g (0", ™), (&, 5)), 0})2

We report estimates in Appendix Table A2. In Figure A4, we plot the time-varying distributions
of current markups charged to new and incumbent depositors.

“6The reason for this is that, both intuitively and as we have found in practice, the sensitivity of deposit rates
to lagged market shares is a much less powerful moment for identification purposes when banks are allowed to
discriminate between new and existing depositors.
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F Market Concentration and Markups: Additional analysis

In Figure A7, we perform an exercise that further clarifies how dynamic competition induced
by depositor sleepiness alters the relationship between market concentration and markups.

We work with three-bank markets in which all banks have symmetric costs. In all cases, two
of the three banks have non-price product quality, ¢, set to 0. We vary the third bank’s non-price
product quality from 0 to 2.5, solving for both static Bertrand-Nash equilibria (i.e., with ¢ = 0)
and for Markov Perfect equilibria across different levels of sleepiness ¢ € {0.2,0.3,0.4}. We then
forward-simulate market outcomes as described in Appendix B to calculate average equilibrium
outcomes (in this case, markups). We set the spread sensitivity parameter o = —150; all other
parameters, with the exception of sleepiness ¢, are set as described in Appendix B.

In panel (a), we plot average markups from the simulations with ¢ = 0.2 across various
non-price product qualities of the “large bank.” Under complete parity, in which all three banks
have equal quality, the dynamic markup is about 3 basis points higher than the static one.
As the large bank’s advantage grows, however, the gap between dynamic and static markups
shrinks toward zero. Importantly, this convergence occurs both for the large bank itself and for
the other two banks. That is, the large bank passes through quality improvements to markups
less aggressively as a result of depositor sleepiness, whereas the small banks respond to larger
quality disadvantages by behaving more aggressively when depositors are sleepy. Both of these
forces flatten market-level (share-weighted) average markups, as shown by the white triangles
and circles.

Panels (b) and (c) of Figure A7 perform the same exercise for higher levels of sleepiness (¢ =
0.3 and 0.4, respectively). The comparative statics are qualitatively identical to those in panel
(a), though the magnitudes grow stronger with higher ¢: with ¢ = 0.4, the dynamic markup
is about 7.5 basis points higher than the static one under complete parity, but the gap for both
large bank and the small banks again shrinks to near-zero when the large bank’s quality grows
to 2.5. The fact that there is more flattening with higher ¢ provides additional reassurance
that sleepiness-induced dynamic competition explains our results on market concentration and
markups in panel (b) of Figure 5.
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Appendix Tables and Figures

Figure Al: Sleepiness versus Persistent Preference Heterogeneity (alternative normalization)
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Notes: Figure Al plots the progression of market shares for entering firms as a function of the
number of years since entry:

share;
shareg

normalized share; =

The green line plots medians from Summary of Deposits data, the red line plots medians from
forward-simulations of a three-bank Markov Perfect equilibrium, and the teal line reflects the
fact that static market shares are time-invariant. See Appendix B for additional details on our
computation of Markov Perfect equilibria.
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Figure A2: Estimated Franchise Values versus Core Deposit Intangible Valuations
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Notes: Figure A2 plots the average Core Deposit Intangible (CDI) announced in realized mergers
(green line) against the time-series averages of as close an analog as we can construct from our
two-step estimates (red line) and static simulations (teal line). The Core Deposit Intangible,
a part of the purchase price allocation process in mergers between banks, is calculated by
projecting the present value of savings a bank realizes by offering below-market interest rates
on core deposits, rather than raising other forms of more expensive debt, over the deposits’
“useful life” (almost always taken to be ten years).*” We construct analogous statistics using our
two-step estimates and static simulations by calculating franchise values only using cash flows
over the next ten years. There remain two important differences between our construction of
franchise values and the CDI. First, our analysis does not incorporate the fixed costs of running
the deposit franchise. This means that our estimates will be biased upward relative to the
CDI. Second, if Modigliani and Miller (1958) fails, our estimates will incorporate the value of
the lending franchise. In contrast, even if Modigliani and Miller (1958) does fail, banks are
instructed to calculate CDI using the gap between offered deposit rates and the rate they would
pay on their next-cheapest form of debt (usually the FHLB advance rate). This, again, biases
our estimates upwards relative to reported CDT’s.

“7See, for example, https://www.bdo.com/insights/industries/core-of-the-core-deposit-intangibl
e-valuation-and-trends. Accessed 08/05/2025.
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Figure A3: Franchise Value Decomposition

(a) Aggregate Banking Sector
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Notes: Panel (a) of Figure A3 displays total deposit franchise value in the U.S. banking sector
under our baseline estimates and in a static counterfactual in which we eliminate depositor
sleepiness but also impose a zero lower bound (ZLB) on deposit rates. To facilitate comparison
with other aggregate quantities, we scale the yearly totals by the fraction of total deposits that
are accounted for by observations in our sample. Panel (b) of Figure A3 displays the cross-
sectional bank-level distribution of the fraction of deposit franchise value that we attribute to
sleepy demand, with the remainder attributed to inelastic demand, using data from 2010.
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Figure A4: Markup Estimates under Price Discrimination
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Notes: Panel (a) of Figure A4 displays the yearly bank-county level distributions of current
markups charged to new depositors. Panel (b) of Figure A4 displays the yearly bank-county
level distributions of current markups charged to incumbent depositors. We winsorize markups
at the 1% level to reduce the influence of extreme outliers.



Figure A5: Deposit Spreads versus Market Concentration

204

Basis Points
<

-204

-40 -

0.2 0.4 0.6 0.8
HHI

-~ Mean 10th-90th 25th-75th

Notes: Figure A5 plots a market-level bin-scatter plot of deposit spreads against the Herfindahl
Hirschman Index (HHI). Market-level deposit spreads are demeaned by year.
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Figure A6: Counterfactual Probabilities of Default — Bank of America/Wells Fargo

(a) Bank of America (b) Wells Fargo
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Notes: The panels of Figure A6 display baseline and counterfactual estimates of risk-neutral
probabilities of default for Bank of America and Wells Fargo. We compute baseline risk-neutral
one-year default probabilities using five-year credit default swap spreads (assuming constant
hazard rates). To obtain counterfactual default probabilities, we use the baseline five-year CDS
spreads to estimate the risk-neutral probability of default. We then use our baseline estimated
franchise value to calculate asset volatility. Finally, we reduce the bank’s franchise value by
the estimated difference in expected franchise value between the baseline and counterfactual
scenarios and recalculate the probability of default while holding asset volatility constant. We
assume a 40% recovery rate in the event of default.
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Figure A7: Markups and Market Concentration: Additional Results
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Notes: Panels (a)-(c) of Figure A7 plot markups from three-bank Markov Perfect equilibria
(triangles) with varying levels of depositor sleepiness ¢ and from three-bank Bertrand-Nash
equilibria without depositor sleepiness (circles). The x-axis of each panel is the product quality
of one bank, holding the other two banks’ qualities fixed at 0. See Appendix F for additional
discussion of these results and Appendix B for additional details on our computation of Markov
Perfect and Bertrand-Nash equilibria. A.17



Table A1: Policy Function for Spreads Offered to New Depositors

(D
R;—1 x Log(Deposit Share) jkt—1 0.007*
(0.004)
Ry 0.099***
(0.030)
Ry 0.206***
(0.030)
Okt 0.0002*
(0.0001)
3" Log(Deposit Share) ., ; —4.38 x 1076*
(£
(1.87 x 107%)
Log(Deposit Share) ;;_4 -0.0003**
(0.0001)
Wages ;
Wyegw ~1.64 x 1076
(1.22 x 107°)
> Wages,,
> 71§f?]£3]1nployees“_1 1.55 x 1077
i#j
(5.42 x 107°)
it 0.033
(0.139)
> Fixed Expensesy,
Z#]Z Assetsy;_1 -0.557
=
(0.611)
fraction over 65, 0.002
(0.001)
fraction over $50k HH incomey, -0.0004
(0.001)
fraction w/internet,, -0.007***
(0.002)
Constant 0.008***
(0.002)
Observations 25,345
R? 0.370

Notes: Table Al reports OLS estimates of the policy function for the “promotional gap”: the
difference between promotional CD rates of maturity < 6 months and regular $10k 3-month
CD rates. We proxy for the spread offered to new depositors as the baseline $10k money market
spread less this promotional gap. Standard errors are clustered by bank-year. *** p<0.01, **
p<0.05, * p<0.10.
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Table A2: Marginal Cost Estimates Under Price Discrimination

M
¢t 0.748
(0.163)
W' -0.041
(0.032)

74 2.553 x 107°
(2.616 x 107%)

o -0.127
(0.232)
¢ -0.575
(0.346)
w" 0.240
(0.165)
v 7.799 x 1070
(0.001)
oS -0.258
(0.149)

Notes: Table A2 reports the results of the two-step estimator based on Bajari et al. (2007). We
construct 60 alternative policies: 15 perturb the responsiveness of incumbent deposit spreads
with respect to the short rate; 15 perturb the responsiveness of new deposit spreads with
respect to the short rate; 15 multiply incumbent spreads by a constant randomly drawn around
1; and 15 multiply new spreads by a constant randomly drawn around 1. For each alternative
policy, independent draws are taken for one randomly-selected bank in each county-year
— 3,286,920 total inequalities are used in estimation. Each expectation is constructed by
averaging over 1,000 simulated paths of: (i) interest rates, generated from estimated yield
curves as described in Section 5.3.3; and (ii) policy shocks for both new and incumbent
spreads, drawn from the distribution of policy function residuals (censored at the 5th and 95th
percentiles). Standard errors are calculated via bootstrap: we resample, with replacement, 500
times — each time constructing datasets of the same length as the total number of inequalities.
We then calculate standard errors as the standard deviation of the vector of estimates.

Costs are parameterized as:

; ; ; - Salaries;; _Fixed Expenses;,
(R zRF % ) J i j
G = G W # Employees;;, 2 Assets;_1
Salaries Fixed Expenses ;,
noo_ nRF n n J n J
Gt = Gy W) # Employees;;, 72 Assets;j;_1
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Table A3: Forward-Looking Demand Estimates

(1) (2)
pjkt -387.8"**  -566.5"**
(29.4) (36.6)
E[ S (ﬁs—tuijks I gzsm)] 0.229%*
s=t+1 m=t+1
(0.0010)
Observations 294,694 294,694
R? 0.625 0.792
Rate Elasticity of Demand 1.282 1.873
Bank fixed effects v v
County-Year fixed effects v v

Notes: Table A3 reports control function estimates obtained from a Berry (1994) demand sys-
tem. We control for a 1st-order polynomial of the residuals obtained from equation (9): a
spread-setting control function that uses salaries and fixed expenses as cost shifters. Standard
errors are clustered by bank-year. Column (1) replicates our baseline demand specification,
which assumes depositor myopia, as presented in column (4) of Table 3, panel (b). Column
(2) reports our forward-looking estimates, in which we control for the present value of future
utility in the event of remaining asleep and continuing to bank with the bank chosen today. The
rate elasticity of demand is calculated assuming a market share of 5% and an offered interest
rate at the sample mean (about 34 bps). *** p<0.01, ** p<0.05, * p<0.10.
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