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Abstract

This paper examines deposit stickiness using account-level data from over 10million accounts

across 152 U.S. credit unions. We find significant skewness in deposit distributions, with 10%

of depositors controlling 70% of total deposits. Aggregate deposit stickiness is driven by high-

balance depositors. Using unexpected changes in Fed Funds rates as exogenous variation in

the opportunity cost of holding deposits, we show that low-balance depositors are sensitive

to changes in interest rates, but high-balance depositors are not. High-balance depositors are

also relatively insensitive to discontinuous interest rate jumps at specific balance thresholds

and are more likely to experience periods of prolonged inactivity followed by large reductions

in account balances. Our evidence suggests that deposit stickiness is driven by relatively few

high-balance accounts that are used as liquidity pools rather than for long-term savings.
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1 Introduction

Deposit-taking institutions typically invest and lend at long rates while borrowing at short rates,

primarily in the form of deposits. The resultant maturity mismatch creates risks that have been

at the heart of the modern banking literature, beginning with Diamond and Dybvig (1983) and

Kashyap, Rajan, and Stein (2002). Recent contributions to this literature reconcile the puzzle of

banks’ organizational form by pointing out that the stability of deposits reduces the effective

maturity mismatch (Drechsler, Savov, and Schnabl, 2017).
1
Deposit stickiness, arising in part

from deposit insurance (Hanson, Shleifer, Stein, and Vishny, 2015), superior services (d’Avernas,

Eisfeldt, Huang, Stanton, and Wallace, 2023), and market power (Drechsler, Savov, and Schn-

abl, 2021), allows banks to manage liquidity risks effectively. While the aforementioned fac-

tors explain variation in aggregate deposit stickiness across banks, factors influencing individual

deposit-level behavior within bank remain unexplored.

Using account-level data from over 10.6million accounts across 152 U.S. credit unions, we doc-

ument significant skewness in deposit distributions and find heterogeneity in deposit inelasticity.

Distinct from the existing literature, we find low-balance depositors are sensitive to changes in

interest rates, but high-balance depositors are not. There are several dimensions through which

deposit skewness and elasticity heterogeneity are important for policy. First, traditional analysis

that emphasizes the importance of banking-sector competition may overlook the fact that even

in a competitive banking market with each bank holding a small market share of local deposits,

banks may act as if they have de facto market power if most of their deposits are concentrated

in large-balance accounts. Second, this heterogeneity could help explain geographic patterns in

bank branching over time. For example, given that accounts with high balances are less elastic,

1
Though there is an active debate in the literature about the value of the deposit franchise. See Bolton, Li, Wang,

and Yang (2020) and Begenau and Stafford (2021).
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banks could have extra incentives to locate branches in high-income areas at the expense of low-

income areas. Third, when contractionary monetary policy seeks to stimulate household saving

and reduce consumption to curb inflation by raising policy rates, banks may not feel any pres-

sure to pass through interest-rate rate hikes given that the bulk of their deposits are held in sticky

large-balance accounts. Moreover, if low-balance depositors have higher marginal propensities

to consume, banks optimizing around large-balance accounts may further blunt the effects of

monetary policy.

Examining account-level deposit data, we first confirm prior work that the within-depository

distribution of deposit account balances is highly skewed.
2
For the average institution in our

sample, only around 10% of depositors hold more than $25,000 in an account, but over 70% of

an institution’s total deposit dollars are held in accounts that hold more than $25,000. Further,

roughly 4% of depositors account for over 50% of the average institution’s total deposits. Summing

up, most depositors hold small dollar amounts in their accounts while a large fraction of deposit

dollars are held in the hands of a few individual depositors.

We next lever the granularity of our data to evaluate the sensitivity of deposit flows to changes

in market interest rates at the account level. Using the deposit spread between deposit rates and

the Federal Funds Rate (Drechsler, Savov, and Schnabl, 2017) as a measure of the opportunity cost

of holding demand deposits, we estimate the elasticity of deposit dollars with respect to deposit

rates. Instrumenting for spreads using surprises to the federal funds rate (Bauer and Swanson,

2023), we estimate that a 1 percentage point increase in deposit spreads is associated with an 8.9%

outflow of deposit dollars for the average account.

However, this estimate is at the account level, and hides considerable heterogeneity in the

response to interest rate shocks across depositors. The skewness of deposit balances implies that

2
For example, Michel (2023) finds that while only 1% of bank accounts hold balances in excess of $250,000, these

uninsured balances comprise 57% of overall deposits.
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the overall, dollar-weighted sensitivity of deposits to federal funds rate surprises ultimately de-

pends on the behavior of the small fraction of depositors with the largest account balances. Our

account-level data yield a surprising result that is obfuscated in the aggregate data. Accounts

with balances between $25,000 and $1,000,000 are insensitive to deposit spreads, with small and

statistically insignificant elasticities—an exogenous increase of 1 p.p. in spreads leads to an in-

significant reduction in account balances of about 0.5%. The result is surprising given that the

opportunity cost of increased spreads is higher for accounts with larger balances. In contrast, we

estimate large and statistically significant elasticities with respect to deposit spreads for accounts

holding less than $25,000, estimated to be 9.2% for a 1 percentage point change in spreads. The

disparity between large- and small-balance depositors shows that the average depositor is not

"sleepy," even if the average deposit dollar is.

Why are larger-balance depositors less likely to respond to changes in the deposit spread?

Our findings remain if we omit uninsured balances and use bank fixed effects to focus on within-

institution variation, ruling out market power or bank solvency effects. We propose two candi-

date hypotheses. First, larger deposits likely enjoy higher-quality services from their depository

institution. Such services could include concierge attention, discounts on affiliated offerings like

loans, wealth management, and estate planning, and reduced fees. These extra perks could make

depositors reluctant to move deposits even when returns are higher elsewhere. This variation-

in-services channel is examined across institutions by d’Avernas et al. (2023). Our elasticity re-

gressions rule out an explanation of institution-level differences in services via the inclusion of

account-level fixed effects. However, it is possible that the difference in elasticities across bal-

ance size is driven by differences in services that also vary with account balances, for example,

if account services are higher quality for accounts above a given balance threshold. A second

explanation for lower sensitivities is that depositors with larger balances view these accounts as
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liquidity holding pools, to be drawn downwhenmaking large transactions. That is, large-balance

deposit accounts are not focused exclusively on earning high returns or gaining access to differ-

entiated banking services but function more like a consumption or investment staging facility.

Under this explanation, the demand for liquidity is not correlated with deposit spreads because

large transaction timings are mostly idiosyncratic. As a result, deposit flows appear to be “sleepy”

when evaluated relative to changes in interest rate spreads. The liquidity pool intuition is consis-

tent with the economics advanced in Fleckenstein and Longstaff (2024). Households are willing

to accept lower deposit rates in exchange for the liquidity offered by depository institutions.

We present two lines of evidence in support of a liquidity pool explanation that are likely to

be separate from a differentiated-services explanation. We begin by using a non-parametric anal-

ysis of deposit behavior to show that larger deposit accounts more frequently experience large,

idiosyncratic declines (e.g., a decrease of more than at least 75% of the account balance). While

our data do not distinguish how withdrawn funds are spent or invested, the sudden withdrawal

behavior is consistent with larger deposits serving as the source of liquidity for large transactions

like a car purchase, lumpy educational expense, or a down payment on a home.

To more directly test for large-balance depositor preferences for services, we make use of the

fact that many depository institutions offer deposit products whose interest rate varies discon-

tinuously with deposit size; that is, for some products, the offered rate jumps discontinuously

at certain dollar amount thresholds.
3
Discontinuities in offered rates occur in 5% of the deposit

products in our sample.

We evaluate bunching behavior around rate thresholds in an effort to disentangle competing

explanations of the low elasticity of large-balance accounts. Underlying our bunching tests is an

assumption that if better account-level services exist within a bank, they are offered for larger

3
For example, one of the products in our sample offers a 1 percentage point higher interest rate to depositors that

have $5,000 in an account compared to borrowers with $4,999.
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balances. We construct an excess bunching measure as the difference in the bunching around a

dollar-amount threshold, e.g. $5,000, for products with a rate discontinuity compared to bunching

at the same threshold for products without a rate discontinuity. If the lower elasticity of large-

balance depositors is due to improved services, we would expect to find weakly higher excess

bunching at higher thresholds as large-balance depositors seek to qualify for improved services.

The bunching analysis yields two key results. First, we find evidence of significant bunching

in excess of round number heuristics. This excess bunching result indicates that borrowers are

aware of thresholds and move money into accounts to realize the additional benefits. A compar-

ison of bunching magnitudes at different dollar amounts reveals the second key result: excess

bunching occurs much more commonly at $1,000 than at $25,000. In fact, excess bunching de-

clines monotonically around thresholds of $1,000, $5,000, $10,000, and $25,000. This is consistent

with our previous finding that large-balance depositors are less concerned with interest rates, but

more importantly, it also suggests that large-balance depositors pay less attention to opportuni-

ties to earn balance-specific benefits. If it is the case that banking services increase in deposit size

for a given product, depositors are not bunching more in an effort to access improved services.

Relative to the existing literature, the contributions of this paper are two-fold. First, using

microdata with an unprecedented level of granularity and breadth, we document a new empiri-

cal fact; namely within-bank heterogeneity in depositor stickiness.
4
Second, we propose a new

liquidity management hypothesis to explain the observed patterns in deposit behavior.

These new empirical facts and hypothesized mechanism give rise to several policy questions

involving bank competition, branching decisions, and monetary policy pass-through. On the

competition front, HHI measures of banking concentration that indicate a competitive banking

environment could be misleading if institutions with a concentration of high-balance depositors

4
Notable prior work using deposit level data includes Iyer and Puri (2012) and Iyer, Puri, and Ryan (2016), who

use account-level data from a single Indian bank to understand depositors’ information about bank failure risk.
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do not have strong incentives to compete for deposits. Regarding branching decisions, credit

desserts could persist or be created if depository institutions see little benefit to creating or main-

taining branches in geographies with a concentration of small deposit customers. Finally, despite

the fact that low-balance depositors are most responsive to interest rate changes and have the

highest marginal propensity to consume, high-balance institutions have less incentive to pass

through rate changes. These implications are explored in contemporaneous work.

The insights from our analysis are consistent with Egan, Lewellen, and Sunderam (2022) that

banks build valuable deposit franchises. The importance of the deposit franchise affects both

monetary policy pass-through and how banks manage their balance sheets (Drechsler, Savov, and

Schnabl, 2017, 2021). The value of a deposit franchise, however, necessarily relies on deposits that

do not respond when rising rates are not passed-through to depositors (e.g., Driscoll and Judson,

2013; Duquerroy, Matray, and Saidi, 2020). Market power (Drechsler, Savov, and Schnabl, 2021)

or search costs (Duffie and Krishnamurthy, 2016) are the most prominent explanations for cross-

sectional variation in the pass-through of market rates to deposits. The behavior of large-dollar

depositors is also relevant to a literature focused on the behavior of uninsured depositors and the

risks to bank stability (Jiang, Matvos, Piskorski, and Seru, 2024).

Previous papers advance differing explanations for deposit stickiness at the bank level. Ser-

vices provided to depositors likely play an important role (d’Avernas et al. (2023). A liquidity

management explanation of within-bank differences in deposit stickiness coexists comfortably

with a services explanation for differences in aggregate deposit stickiness across banks. Liquid-

ity management is also not at odds with contemporaneous work by Lu, Song, and Zeng (2024)

showing that, conditional on transacting, depositors value technological efficiency and higher in-

terest rate spreads. By focusing on the full deposit base, rather than conditioning on account

transactions, we show that many depositors are, in fact, sensitive to the opportunity cost of hold-
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ing deposits, but these small-balance depositors only make up a minority of the total dollars

held in deposit accounts. Further, in our setting, market power cannot be the friction preventing

large-balance depositors from taking advantage of interest rate discontinuities as many of these

individuals do not move funds from one account to anotherwithin the same institution to take ad-

vantage of higher interest rates (see a related argument in Adams, Hunt, Palmer, and Zaliauskas,

2021). Of course, this does not mean that market power and search costs do not play any role in

aggregate deposit stickiness. However, our contribution is to show that the relatively small set

of depositors who hold most of the funds in financial institutions are inattentive to interest rate

changes, and that this inattention is likely due to these accounts being used to temporarily hold

liquidity.

2 Demand Deposit Account Data

We use a large sample of 10.6 million demand deposit (i.e., checking and savings) accounts to

examine retail deposit behavior in the United States between 2011 and 2023. The account data

are sourced from over 152 financial institutions and are provided to us by a technology firm

specializing in administrative data warehousing and analytics services for retail-oriented lenders.

The majority of the financial institutions represented in the data are credit unions with total

demand deposits ranging between $111 million and $650 million. Credit unions are small relative

to large banks; however, they make up an important part of the U.S. financial system. More than

133 million people in the U.S. are credit union members, and credit unions hold about 10% of total

U.S. retail deposits (NAFCU, 2022).

As shown in Table 1, the scope of the data has expanded over time as the technology firm

broadened its client base. In 2011, the data were sourced from a single financial institution. By
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the end of our sample in 2023, the data included 91 financial institutions. During this period, the

size of the financial institutions in our data also increased. The average number of accounts per

institution rose from approximately 19,000 to nearly 43,000, while the average total retail demand

deposit balance per institution grew from $115 million to $600 million.

For each financial institution in our data, we have monthly data on every deposit account

held at that institution. The data includes more than 10.6 million accounts owned. Financial

institutions in our sample offer a surprisingly large variety of different types of checking and

savings accounts—the average number of account options has increased over time from 10 options

in 2014 to 41 options in 2023. These accounts frequently have different balance requirements,

fees, and interest rates. For each account-month, we observe the associated balance and interest

rate, as well as whether or not the account is jointly owned and the name(s) associated with the

account. Based on both names and account types, we exclude all business/commercial accounts

from our sample.
5
Consequently, our final sample is limited to retail depositors.

In addition to balances and names, we see the account holder’s address (aggregated to the

census tract level), age, gender, and for a subset of depositors, credit scores. The accounts in our

data are held by individuals residing in 35,160 different zip codes (i.e., more than 80% of all zip

codes) in all 50 states. The data provider also calculates an imputed measure of race. For the 16%

of accounts that are jointly owned, we attribute the demographic characteristics of the account

to the account holder with the highest credit score.

Table 2 shows the distribution of depositor characteristics in our institution-account-month

panel. Approximately half of the depositors are male, with an average age of 48 years and an

interquartile range from 33 to 63 years. This closely aligns with the age distribution of the U.S.

5
Specifically, we drop all account-types with “Business” in the description, as well as any accounts with names

that contain . . .Because large accounts are more likely to be owned by businesses, we also drop all accounts with

balances greater than $1 million.
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population aged 18 and older, based on 2020–2023 U.S. Census estimates. However, the racial

diversity in our sample is somewhat lower than that of the overall U.S. population. White de-

positors constitute 79% of our sample, compared to 74% in the 2022 ACS Census 5-year estimate.

Additionally, our depositors have modestly higher credit scores, with an average score of 737,

compared to the national average of 715.
6
Despite these differences, our overall sample appears

to be broadly representative of the U.S. adult population.

2.1 Documenting Deposit Skewness

Most accounts in our data are relatively small. The average balance in a demand deposit account

is $10,916, while the median balance is only $1,181. These accounts pay very low interest rates;

the average rate from 2011 to 2023 is about 8 basis points, which increased to 16 basis points

in 2023. Despite earning low interest rates, the average account grows by about 1% per month,

suggesting that depositors steadily save.
7
However, Table 3 reveals that there is a noticeable jump

in account balances post-COVID. The average account balance increased from $7,376 pre-2020

to $13,987 post-2020—an increase of nearly 90%. This increase in balances does not appear to be

driven by changes in depositor demographics, which have remained relatively stable, despite a

slight upward trend in age over the past two years.

A striking feature of financial institutions’ total demand deposit exposure is its extreme skew-

ness. In 2023, 3.8% of accounts held 50% of all deposits, and 25.5% of accounts held 90% of deposits.

Table 4 shows that this skewness has remained relatively stable over time; the percentage of ac-

counts holding 50% of total demand deposits has fluctuated between 3.3% and 4.5%. Only 10% of

accounts have balances above $25,000, yet these accounts hold 70% of total deposits. Although

6
As reported by Experian, see

https://www.experian.com/blogs/ask-experian/what-is-the-average-credit-score-in-the-u-s/.

7
This growth is primarily driven by deposits into accounts with balances under $1,000 (see Table 5).

9
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less than 1% of retail demand deposit accounts exceed the insurable limit of $250,000, these ac-

counts hold 14.4% of total balances. Over the last two years, there has been an increase in both

the fraction of accounts with high balances and the proportion of deposits held in these accounts,

making these accounts even more important to financial institutions.

To provide further insight into the characteristics of depositors with large balance accounts,

Table 5 presents summary statistics by account size. Not surprisingly, larger accounts are more

likely to be jointly owned. 20% of accounts above $250,000 are jointly owned, compared to only

14% of accounts with balances below $200. Additionally, higher balance accounts tend to be

owned by older depositors with higher credit scores and less racial diversity. In Section 4.2 we

explore how the elasticity of deposits to interest rates varies based on account size.

3 Identifying the Elasticity of Deposits to Spreads

A key advantage of our data is that we can estimate the elasticity of deposit balances to prevailing

interest rates at the account-level, which to the best of our knowledge has never been done before.

By examining the heterogeneity in account-level sensitivity to interest rate changes, we shed

light on the economic drivers of deposit stickiness. We estimate the account-level elasticity using

regressions of the following form:

lnDeposits𝑖,𝑗 ,𝑡 = 𝛽Deposit Spread𝑖,𝑗 ,𝑡 + 𝛼𝑞 + 𝛼𝑖 + 𝜀𝑖,𝑗 ,𝑡 (1)

for account 𝑖 at financial institution 𝑗 in month 𝑡.8 We define the Deposit Spread as the differ-

ence between the monthly yield on the 2-year constant maturity U.S. Treasury and the monthly

8
We exclude accounts with balances of less than $5 from our sample.
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interest rate earned on deposits in account 𝑖 at financial institution 𝑗 .9 This spread, measured

in percentage points, reflects the opportunity cost of leaving money in a deposit account. We

include year-quarter fixed effects (𝛼𝑞) to account for general economic trends that might affect

both spreads and deposit balances, and we include account fixed effects (𝛼𝑖) to absorb any fixed

account (or individual) characteristics that influence deposit behavior.

The 𝛽 in Equation 1 represents the semi-elasticity of deposit balances to deposit spreads.

Interpreting this elasticity as causal, however, is complicated by the fact that changes in interest

rates are not random. In particular, interest rates fluctuate in response to changes in broader

economic conditions. Consequently, any observed shifts in deposit behavior may be driven by

reactions to these underlying economic shocks rather than changes in interest rates themselves.

We address this challenge by using surprise changes in the federal funds rate as an instrument

for changes in deposit spreads. A large literature uses 30-day Fed Funds futures contracts to mea-

sure surprise changes in interest rates (see, e.g., Kuttner, 2001; Gürkaynak, Sack, and Swanson,

2005; Gertler and Karadi, 2015; Gorodnichenko and Weber, 2016; Nakamura and Steinsson, 2018;

Bauer and Swanson, 2023; Indarte, 2023). These contracts are traded on the Chicago Mercantile

Exchange and are cash settled based on the average of the effective federal funds rate over the

contract period. Following Indarte (2023), we calculate the surprise component of rate changes

announced by the Federal Open Market Committee (FOMC) as

FF_Surprise𝑡 =
𝑀

𝑀 − 𝑑
(𝑓𝑡 − 𝑓𝑡−1), (2)

where 𝑓𝑡 is the Fed Funds futures rate at the end of the day 𝑡 on which the announcement occurs

and 𝑓𝑡−1 is the rate the day before.
10 𝑀 is the number of days in the contract month, 𝑑 is the day

9
Treasury yields are obtained from FRED series GS2.

10
The rate is a trivial transformation of the contract price, since the price is equal to 100 minus the implied average

rate. We obtain Fed Funds futures prices from Bloomberg.
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of the month on which the announcement occurs, and the 𝑀/(𝑀 − 𝑑) term adjusts for the fact

that Fed Funds futures settle based on the average federal funds rate over the month.

Because our analysis is conducted at the monthly-level, we transform FF_Surprise into a

monthly variable. Most months in our sample either have zero or one FOMC announcement.
11

For months with no announcements, FF_Surprise is equal to zero. For months with a single an-

nouncement, FF_Surprise is computed as in Equation 2. In the rare cases where the FOMC com-

mittee announces multiple interest rate changes in a single month (e.g., during the COVID-19

pandemic), we sum all of the individual surprises occurring within that month.

Using surprises in the federal funds rate as an instrument, we estimate the following first

stage regression:

Deposit Spread𝑖,𝑗 ,𝑡 = 𝛽 FF_Surprise𝑡 + 𝛼𝑞 + 𝛼𝑖 + 𝜀𝑖,𝑗 ,𝑡 . (3)

This instrument is clearly relevant, as changes in the federal funds rate are rapidly reflected in

market bond yields and consequently in deposit spreads. Given the inclusion of fixed effects, we

identify the impact based on within-quarter variation in federal funds rate surprises. We then use

the predicted deposit spread from Equation 3 to estimate the following second stage regression:

lnDeposits𝑖,𝑗 ,𝑡 = 𝛽 Ŝpread𝑖,𝑗 ,𝑡 + 𝛼𝑞 + 𝛼𝑖 + 𝜀𝑖,𝑗 ,𝑡 . (4)

For 𝛽 in Equation 4 to identify the sensitivity of deposits to spreads, the key assumption is that

surprise movements in Fed Funds future prices during the 24-hour window around FOMC an-

nouncements are uncorrelated with any changes in the underlying state of the economy that di-

rectly influence deposit behavior. The idea is that futures prices reflect investors’ understanding

of the current economic environment in the hours before the FOMC announcement, and that the

11
There are 8 regularly scheduled FOMC meetings per year.
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announcement itself primarily conveys new information about shifts in monetary policy rather

than other economic developments. The fact that FOMC announcements are scheduled to avoid

overlapping with releases of major economic indicators supports this assumption. Using this

two-stage least squares (2SLS) approach alleviates concerns that our estimates of the elasticity of

deposits to interest rates are confounded by simultaneous changes in economic fundamentals.

4 Heterogeneity in Deposit Elasticity

A long literature in banking has shown that deposit flows adjust slowly to interest rate changes

(Flannery, 1982; Flannery and James, 1984; Hutchison and Pennacchi, 1996; Drechsler, Savov,

and Schnabl, 2017; Adams et al., 2021). Our paper investigates the economic source(s) of this

deposit stickiness. We begin by using the 2SLS methodology described in the previous section to

estimate the elasticity of deposit balances to interest rates. Motivated by the skewness in deposits

documented in Section 2.1, we then investigate how the sensitivity of deposit balances to interest

rates varies with the size of the account.

4.1 First Stage Estimates

Table 6 presents results from estimating the first-stage regression of deposit spreads on surprise

movements in the federal funds rate as specified in Equation 3. We find that surprise changes in

interest rates positively predict deposit spreads, and this is true regardless of the set of fixed effects

that we include. Focusing on the most stringent specification, which includes both quarter and

account fixed effects, we find that a 100 basis point unanticipated increase in the federal funds rate

leads to a 2.23 basis point rise in deposit spreads (see Column (4)). This is somewhat smaller than

the 10 to 14 basis point increase reported by Drechsler, Savov, and Schnabl (2017) for commercial
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banks located in high-concentration counties. However, since our sample primarily consists of

credit unions, which are smaller, less sophisticated, and operate as not-for-profit organizations,

a larger pass-through rate (i.e., smaller increase in spreads) is expected.

The widening of deposit spreads in response to rising interest rates suggests that deposit

rates are sticky, a phenomenon supported by substantial evidence (Hannan and Berger, 1991;

Neumark and Sharpe, 1992; Driscoll and Judson, 2013). This stickiness, indicative ofmarket power

in deposit markets, plays an important role in monetary policy pass-through (Drechsler, Savov,

and Schnabl, 2017; Wang, Whited, Wu, and Xiao, 2022), and drives a substantial portion of bank

value (Egan, Lewellen, and Sunderam, 2022). Thus, understanding why deposit balances are slow

to adjust to changes in spreads is important for both policy decisions and the overall stability of

the financial industry.

4.2 Second Stage Estimates of Deposit Elasticity

Using surprise movements in the federal funds rate as an instrument for deposit spreads, we esti-

mate the relationship between spreads and deposit balances as specified in Equation 4. By includ-

ing account fixed effects, the elasticity is identified from balance changes within an individual’s

specific checking or savings account. The time fixed effect further restricts the comparison to

balance changes within the same year-quarter, thus controlling for broader economic conditions

and trends. Table 7 reports the results. The estimate in Column (1) indicates that a one percentage

point exogenous increase in deposit spreads leads to an 8.9% decrease in deposit balances. This

semi-elasticity of −8.9 is similar to, but somewhat larger than, the −5.3 semi-elasticity reported

by Drechsler, Savov, and Schnabl (2017) in aggregate commercial bank data.

We next partition our sample into low- and high-balance accounts. We define low balance

accounts as those with balances below $25,000, comprising about 90% of all demand deposit ac-
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counts (see Table 4). In contrast, high balance accounts, with balances above $25,000, hold about

70% of total demand deposits. We re-estimate Equation 4 for these subsamples and report the

results in Columns (2) and (3) of Table 7. We find that the negative elasticity between deposit bal-

ances and spreads is driven by accounts with low balances. For these accounts, the semi-elasticity

is −9.2. In contrast, the estimated elasticity for high balance accounts is small and statistically

insignificant.

These results suggest that the average deposit account is much less “sticky” than the average

deposit dollar. For the vast majority of accounts in our sample, deposit balances are quite sensitive

to changes in spreads. However, since most deposit dollars are held in large accounts, the average

deposit dollar is very “sticky” and does not movewhen interest rates fluctuate. In the next section,

we explore the reasons behind this phenomenon.

5 Evidence on High-Balance Accounts as Liquidity Pools

Why are deposits in high-balance accounts sticky, while those in low-balance accounts are not?

The literature suggests several explanations for deposit stickiness: bank market power (Drech-

sler, Savov, and Schnabl, 2021), deposit insurance (Hanson et al., 2015), high search costs (Duffie

and Krishnamurthy, 2016; Yankov, 2022), inattention to interest rates (Kahn, Pennacchi, and So-

pranzetti, 1999), and pessimistic beliefs about the switching benefits (Adams et al., 2021). While

these factors might contribute to overall deposit stickiness, they do not explain the heterogeneity

in depositor behavior that we document in our setting.

Our analysis leverages within-account balance changes to estimate deposit elasticity.
12
Thus,

factors that do not vary within accounts, such as bank market power or search costs, cannot

12
Our main analysis includes depositor account-level fixed effects; the results are robust to using bank-level fixed

effects instead.
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account for our findings. Further, we observe that high balance depositors—including those be-

low the deposit insurance limit—tend to be sticky, which contradicts deposit insurance-based

explanations. Finally, Adams et al. (2021) conclude that inattention and pessimistic beliefs are

not specific to a particular type of depositor, which would not be consistent with our empirical

findings.

As explored by d’Avernas et al. (2023) and Zhang, Muir, and Kundu (2024), account services

might discourage depositors from switching banks. The importance of services depends on who

is able to access them and how highly they are valued. Given that our differences in elasticities are

observed at the account level, we consider three possible relationships between account balances

and services: (1) the value of services increases with the account balance, perhaps because larger

accounts gain access tomore services; (2) the value of services is constant across account balances;

or (3) the value decreases with the account balance, perhaps because the value of services does

not scale with wealth. In all of these cases, we consider not the services offered, but the utility

gained by the depositor because of the services offered.

If the third case holds, bank services would not explain our results, as high-balance depos-

itors would value services less and thus be less sticky than low-balance depositors—not more.

Therefore, we focus on scenarios where the value of services is either increasing or constant

with account balance. In these cases, high-balance accounts might be stickier than low-balance

accounts because they either have greater access to services or value these services more. How-

ever, evidence in section 5.1 suggests this is unlikely.

Consequently, we introduce a new hypothesis: large balance accounts primarily function as

liquidity pools rather than long-term savings vehicles. A liquidity pool holds funds temporarily

for imminent expenses or reallocation to other investments. Such balances are often earmarked

for a specific use, such as tuition payments or a home purchase. Because these funds have a
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designated non-savings purpose and are held short-term, deposits in a liquidity pool are less

responsive to interest rate changes. We expect these balances to remain stable until the account

is suddenly drawn down for the planned expenditure. Section 5.2 provides evidence that high-

balance accounts are frequently used in this way.

5.1 Bunching Around Interest Rate Discontinuities

To distinguish whether demand for services or demand for liquidity explains deposit stickiness

among high-balance depositors, we exploit a unique institutional feature of demand deposit ac-

counts: interest rate discontinuities. Many financial institutions set deposit thresholds at which

interest rates increase sharply. These discontinuities are relatively common, occurring in 5% of

products in our sample. For example, one financial institution in our dataset has a savings prod-

uct that offers a 25 basis point higher interest rate for accounts with balances of at least $10,000

compared to accounts with $9,999. A depositor holding $9,950 in one account and $550 in an-

other at the same institution could seamlessly move $50 into the larger account to earn the higher

interest rate.

These sharp interest rate discontinuities provide strong incentives for depositors to adjust

their balances to exceed the interest rate cutoff, leading to bunching just above the threshold.

However, the liquidity pool and servicesmechanisms predict different patterns of bunching across

account sizes. If high-balance accounts are sticky primarily because they are used as liquidity

pools, their holders are less likely to monitor interest rate thresholds closely. In this case, we

would observe less bunching at higher thresholds.

In contrast, if high-balance accounts are sticky due to the services they offer, there is no reason

to expect less bunching at higher thresholds. Owners of high-balance accounts who benefit from

account services might be hesitant to switch banks, but they should be just as attentive to within-
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account interest rate thresholds as owners of low-balance accounts. Moreover, if the value or

availability of services increases with the account balance, we would expect more bunching at

higher thresholds, as depositors seek both higher interest rates and the additional benefits tied

to higher balances.

To test these predictions, we need to identify the extent of bunching driven by interest rate

changes. Because previous studies document the use of round-number heuristics in financial set-

tings (Argyle, Nadauld, and Palmer, 2020; Cortés, Singh, Solomon, and Strahan, 2023; Sakaguchi,

Gathergood, and Stewart, 2024), it seems likely that depositors target balances around salient

round numbers (e.g., $1,000 or $5,000) regardless of the interest rate schedule. To isolate bunch-

ing caused by interest rate discontinuities, we compare the magnitude of bunching at thresholds

where discontinuities occur to the counterfactual bunching at the same thresholds in products

without interest rate discontinuities. This approach allows us to estimate excess bunching at-

tributable solely to changes in interest rates.

We begin by counting the number of account-months with balances within $100 of common

thresholds ($1,000, $5,000, $10,000, $25,000, and $50,000) for products with and without interest

rate discontinuities at these thresholds. For each threshold, we calculate the fraction of accounts

in these windows that fall above vs. below the threshold and plot the results in Figure 1. Solid

bars represent accounts at institutions with an interest rate break at the threshold, while dashed

bars represent accounts at institutions without such breaks. Figure 1 reveals striking evidence

of deposit bunching at round numbers, even for products without interest rate discontinuities.

For these products (dashed bars), there are approximately four times more accounts just above

the threshold than just below it, indicating a strong behavioral preference for round-number

balances.

However, this tendency is evenmore pronounced for accounts at institutionswith interest rate
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breaks (solid bars). These accounts exhibit greater bunching above the threshold, particularly for

lower dollar amounts such as $1,000 or $5,000. The difference between the solid and dashed bars to

the right of the threshold represents “excess bunching” caused by interest rate breaks. A different

way of visualizing this excess bunching is shown in Figure 2. Each panel shows a scatter plot of the

number of account-months in $2 incrementwithin the $100window surrounding a threshold. Red

dots indicate accounts with an interest rate break, while blue dots indicate accounts without one.

There are clear jumps in the number of accounts just above the threshold, and these jumps are

generally larger for the red dots, consistent with interest rate breaks leading to excess bunching.

To test the statistical significance of this excess bunching, we construct a bunching estimator

following Collier, Ellis, and Keys (2021). We collapse the data into monthly $2 bandwidth bins

in the $100 window above and below each threshold. Each bin measures the fraction of total

accounts in the window around the threshold that are contained in that bin. We create two sets

of bins: one for accounts with an interest rate break at the threshold and one for accounts without.

Unlike many settings where the baseline rate of bunching must be estimated, we directly observe

it through accounts in products without interest rate breaks.

Using these bins, we estimate the following regression separately for each interest rate thresh-

old:

Fraction Accounts𝑗 ,𝑡 = 𝛽 Bunch Dummy𝑗 × 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘𝑗 ,𝑡 + 𝛾 Bunch Dummy𝑗 + 𝜉𝑗 ,𝑡 + 𝜀𝑗 ,𝑡 , (5)

where Bunch Dummy is an indicator variable equal to one if bin 𝑗 is above the interest rate

threshold (i.e., Bunch Dummy = 𝕀𝑏𝑎𝑙𝑎𝑛𝑐𝑒∈[𝑏𝑟𝑒𝑎𝑘,𝑏𝑟𝑒𝑎𝑘+$100]) and 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘 is an indicator variable equal

to one if bin 𝑗 at month 𝑡 has an interest rate break at a given threshold. 𝜉𝑗 ,𝑡 represents fixed

effects for month 𝑡 interacted with 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘. These fixed effects absorb macroeconomics trends
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that might vary by month and between products products with and without breaks. Finally, we

cluster standard errors at the month level. The estimate of 𝛽 represents the amount of excess

bunching due to interest rate discontinuities.

We estimate Equation 5 for interest rate thresholds of $1,000, $5,000, $10,000, $25,000, and

$50,000. Table 8 reports the results. For lower thresholds, the estimates reveal significant excess

bunching. At the $1,000 threshold, Column (1) shows that there are 23%more accounts just above

the threshold when an interest rate break is present. Similarly, excess bunching is 18% at $5,000

and 10% at $10,000 (see Columns (2) and (3)). These findings align with the elasticity estimates in

Table 7 and suggest that depositors with lower balances pay attention to interest rates and adjust

their account balances accordingly.

In contrast, higher thresholds show no evidence of excess bunching. Columns (4) and (5)

of Table 8 reveal that for the $25,000 and $50,000 threshold, the excess bunching estimates are

statistically insignificant and small (and even slightly negative for $50,000). Moreover, excess

bunching monotonically decreases as thresholds increase, consistent with the liquidity pools hy-

pothesis but inconsistent with the services hypothesis.
13

This pattern suggests that access to

financial institution services does not explain the stickiness of high-balance accounts.

Importantly, this behavior cannot be attributed to market power or search costs, since in this

bunching analysis, depositors could earn higher interest rates by moving funds within the same

financial institution. Despite this, depositors with high-balance accounts exhibit inattention to

interest rate incentives.

13
Services could only lead to less bunching at higher thresholds if their value falls with the account balance, which

is inconsistent with our finding that high-balance accounts are more sticky.
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5.2 Large Accounts Experience Sudden Drawdowns

The evidence in the previous section is inconsistent with high-balance account stickiness being

driven by account services and supports the hypothesis that these accounts function as liquidity

pools. To further examine the role of liquidity, we categorize accounts into two groups: small-

balance accounts, defined as those with balances that never exceed $25,000 during our sample

period, and large-balance accounts, which at some point exceed this threshold. We then analyze

the likelihood of experiencing a material drawdown, defined as a balance reduction of at least

75% over a single month.

Table 9 summarizes the prevalence of drawdown events across the two groups. Among small-

balance accounts, 28% experience a material drawdown. In comparison, 33% of large-balance ac-

counts experience a drawdown of this magnitude, and the 5 percentage point difference is statisti-

cally significant. This divergence becomes even more pronounced for more extreme drawdowns.

Small-balance accounts experience a 95% drawdown with only a 5% probability, whereas large-

balance accounts are more than three times as likely (16%) to experience such a severe balance

reduction.

This evidence suggests two things. First, accounts are frequently used as liquidity pools, evi-

denced by the prevalence of large, sudden drawdowns across all accounts. Second, large-balance

accounts are much more likely to serve as liquidity pools than small-balance accounts. Given

that liquidity pool funds are expected to be relatively insensitive to changes in interest rates,

this behavior explains why high-balance accounts exhibit greater stickiness than low-balance ac-

counts. Taken together, the evidence from Sections 5.1 and 5.2 suggests that large-balance deposit

accounts primarily serve as temporary liquidity reserves rather than vehicles for longer-term sav-

ings.
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6 Conclusion

A bank’s deposit franchise, primarily driven by the stickiness of deposits, accounts for a substan-

tial portion of a bank’s value (Egan, Lewellen, and Sunderam, 2022). Although various explana-

tions have been proposed for the insensitivity of deposits to interest rate changes, the economic

sources of this stickiness remain poorly understood. Using data from over 10 million accounts

across more than 150 financial institutions, we provide new insights into the causes of deposit

stickiness. We find that approximately 90% of deposit accounts are quite responsive to deposit

spreads. However, the owners of the remaining 10% of accounts are inattentive to interest rate

changes. Given the highly skewed distribution of deposits, with over 70% of deposit assets held in

these high-balance accounts, this small number of inattentive accounts drives aggregate deposit

stickiness.

Our results suggest that the economic sources of deposit stickiness are unique to high-balance

accounts. We argue that the stickiness observed among high-balance accounts is likely due to

how these accounts are used. These accounts frequently serve as liquidity pools, where owners

temporarily park funds in preparation for large expenses or investments. Because these funds

are not primarily intended for long-term savings and the expected duration is short, owners of

these accounts have little incentive to pay attention to interest rates.

The fact that high-balance deposit accounts drive deposit stickiness has important implica-

tions for bank stability and monetary policy. Our results suggest that the deposits channel of

monetary policy (Drechsler, Savov, and Schnabl, 2017) operates primarily through low-balance

accounts, enabling these account holders to more easily benefit from higher interest rates when

monetary policy is tightened. Since owners of low-balance accounts are generally less wealthy

than those with high-balance accounts, this aspect of the deposits channel may help reduce in-

equality. Moreover, our findings suggest that banks with a higher concentration of deposits from
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low-balance accounts are more likely to experience outflows when interest rates go up. Under-

standing this behavior is important for developing strategies that enhance the resilience of banks

to interest rate shocks. By providing a granular analysis of deposit flows and their responsive-

ness to interest rate changes, we contribute to the broader discourse on financial institution risk

management.
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Figure 1. Excess Bunching. This figure shows the fraction of account-months in a ± $100 window around various

balance thresholds. The solid bars include the subset of accounts that have a discontinuous interest rate break at the

indicated threshold, while the dashed bars include all accounts that have no break at that threshold. The difference

between the solid bar above the threshold (orange) and the dashed bar above the threshold (red) captures the amount

of bunching due to breaks in interest rates (i.e., “excess bunching”).
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(a) Rate break at $1,000 (b) Rate break at $5,000

(c) Rate break at $10,000 (d) Rate break at $25,000

Figure 2. Account Bunching Around Balance Thresholds. This figure plots the distribution of account-months

in $2 increments within the $100 window above and below each indicated balance threshold. Red dots represent the

subset of products that offer a discontinuous interest rate break at the balance threshold, while blue dots include

all products without such a break. (a) shows the distribution around a balance threshold of $1,000, (b) shows the

distribution around a threshold of $5,000, (c) shows the distribution around a threshold of $10,000, and (d) shows the

distribution around a threshold of $25,000,
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Table 1: Demand Deposit Growth

Number of Average # Average Total Average # of

Unique of Accounts Balance Unique Products

Year Institutions per Institution per Institution per Institution

2011 1.0 14,893.3 111,407,098 10.0

2012 1.0 15,331.8 122,539,654 10.0

2013 1.0 15,598.0 136,104,860 10.0

2014 2.7 18,997.4 115,144,931 13.2

2015 5.4 16,251.1 110,507,756 12.5

2016 19.9 39,674.5 283,541,548 20.8

2017 31.5 45,214.8 338,346,795 23.4

2018 39.5 41,374.1 301,381,997 24.7

2019 50.0 40,919.3 303,370,785 44.2

2020 69.3 37,828.4 304,081,965 42.7

2021 88.1 40,681.8 546,915,162 39.6

2022 96.2 44,492.0 646,134,353 39.5

2023 91.3 42,883.8 600,182,918 41.3

This table reports the average number of demand deposit accounts (i.e., checking and savings), the total

demand deposit balance, and the number of demand deposit products for the financial institutions in our

sample each year from 2011 to 2023. The underlying observations are at the institution-month level and

averaged within a given year.
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Table 2: Characteristics of Demand Deposit Accounts

N Mean SD p25 p50 p75

Balance ($) 142,937,634 10,916.37 45,258.371 300.8500 1,181.2300 5,043.6600

Balance_delta (%) 132,287,903 1.01 24.141 -0.1239 0.0001 0.1389

Interest Rate 142,937,634 0.00 0.003 0.0000 0.0001 0.0010

Deposit Spread (%) 141,314,425 1.71 1.474 0.2300 1.4000 2.6200

𝕀male 86,807,074 0.51 0.50 0.00 1.00 1.00

𝕀white 105,886,362 0.79 0.403 1.00 1.00 1.00

𝕀joint 142,937,634 0.16 0.370 0.00 0.00 0.00

Credit Score 79,040,627 736.94 83.80 689.00 757.333 802.50

Age 124,477,128 48.14 19.511 33.00 49.00 63.00

This table reports summary statistics for demand deposit accounts. Balance is themonth-end dollar amount

in the account; Balance_delta is the percentage change in the month-to-month balance, and Interest Rate is
the accompanying interest rate. Deposit Spread is the difference in percentage points between the prevail-

ing 2-year Treasury rate and the account Interest Rate. 𝕀male is a dummy equal to one if the account holder

is male. 𝕀white is a dummy equal to one if the account holder is white (imputed race). 𝕀joint is a dummy equal

to one if the account is maintained as a joint account. Credit Score is the current credit score of the account
holder. Age is the age (in years) of the account holder. Observations are at the institution-account-month
level.
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Table 3: Trends in Demand Deposit Characteristics

Year Balance ($) Balance_delta (%) Interest Rate Deposit Spread (%) 𝕀male 𝕀white 𝕀joint Credit Score Age

2011 7,480 0.71 0.00032 0.39 . . 0.01 . .

2012 7,993 1.84 0.00031 0.24 . . 0.01 . .

2013 8,726 0.64 0.00031 0.29 . . 0.01 . .

2014 6,061 0.77 0.00038 0.48 .49 0.92 0.13 758.1 45.6

2015 6,800 0.74 0.00082 0.67 .51 0.83 0.12 753.3 46.5

2016 7,147 1.47 0.00077 0.79 .5 0.75 0.23 743.2 47.9

2017 7,483 0.88 0.00146 1.32 .51 0.79 0.18 742.7 47.2

2018 7,284 0.88 0.00162 2.38 .51 0.80 0.15 739.5 47.5

2019 7,414 0.97 0.00121 1.74 .51 0.80 0.17 740.8 47.4

2020 8,038 1.10 0.00048 0.27 .5 0.80 0.16 733.9 46.4

2021 13,444 1.07 0.00042 0.27 .51 0.80 0.16 732.4 48.1

2022 14,522 0.98 0.00102 3.03 .5 0.79 0.16 734.8 49.7

2023 13,996 0.85 0.00157 4.28 .5 0.78 0.15 733.7 50.1

This table reports summary statistics for all demand deposit accounts. Balance is the month-end dollar

amount in the account; Balance_delta is the percentage change in themonth-to-month balance, and Interest
Rate is the accompanying interest rate. Deposit Spread is the difference in percentage points between the

prevailing 2-year Treasury rate and the account Interest Rate. 𝕀male is a dummy equal to one if the account

holder is male. 𝕀white is a dummy equal to one if the account holder is white (imputed race). 𝕀joint is a

dummy equal to one if the account is maintained as a joint account. Credit Score is the current credit score
of the account holder. Age is the age (in years) of the account holder. Observations are at the institution-
account-month level and averaged within a given year.
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Table 4: Demand Deposit Skewness

Fraction of Accounts Fraction of Deposits

Representing X% Fraction of Accounts held in Accounts

of Total Deposits with Balances above with Balances above

Year 50% 75% 90% $25,000 $250,000 $25,000 $250,000

2011 0.043 0.138 0.288 0.063 0.001 0.581 0.057

2012 0.044 0.137 0.290 0.070 0.001 0.603 0.064

2013 0.045 0.137 0.288 0.079 0.002 0.627 0.070

2014 0.042 0.132 0.292 0.058 0.001 0.554 0.059

2015 0.035 0.112 0.258 0.060 0.002 0.606 0.091

2016 0.034 0.107 0.251 0.065 0.002 0.634 0.098

2017 0.033 0.105 0.246 0.069 0.003 0.651 0.114

2018 0.033 0.106 0.249 0.068 0.003 0.645 0.105

2019 0.035 0.109 0.252 0.070 0.003 0.643 0.102

2020 0.041 0.130 0.289 0.062 0.003 0.580 0.093

2021 0.043 0.128 0.279 0.087 0.006 0.645 0.117

2022 0.037 0.113 0.249 0.102 0.008 0.715 0.159

2023 0.038 0.113 0.255 0.103 0.008 0.703 0.144

This table shows the evolution of demand deposit skewness over time. For each institution-month, we

calculate the fraction of demand deposit accounts that cumulatively hold 50%, 75%, and 90% of the insti-

tution’s total demand deposits. We also calculate the fraction of demand deposit accounts with balances

above $25,000 and $250,000, as well as the fraction of the institution’s total demand deposits held in ac-

counts with balances above those levels. Observations are at the institution-month level and averaged

within a given year.
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Table 5: Characteristics of Demand Deposit Accounts by Account Size

Fraction of

Balance Bin Balance ($) Balance_delta (%) Interest Rate Deposit Spread (%) 𝕀male 𝕀white 𝕀joint Credit Score Age Observations

$50 - $200 106.74 3.67 0.00082 1.70 0.51 0.77 0.14 713.8 43.5 0.19

$200 - $500 331.51 1.33 0.00082 1.71 0.49 0.77 0.15 716.8 44.1 0.15

$500 - $1,000 711.07 0.63 0.00081 1.70 0.49 0.78 0.16 720.9 45.1 0.13

$1,000 - $5,000 2,356.22 0.20 0.00088 1.70 0.50 0.80 0.17 741.5 48.5 0.29

$5,000 - $10,000 7,010.82 0.06 0.00104 1.69 0.52 0.81 0.18 762.7 52.3 0.09

$10,000 - $25,000 15,594.33 0.02 0.00125 1.72 0.52 0.82 0.19 771.9 55.2 0.08

$25,000 - $50,000 34,894.49 0.01 0.00148 1.77 0.53 0.82 0.19 777.9 58.4 0.04

$250,000 - $1,000,000 154,677.52 -0.02 0.00184 1.83 0.54 0.84 0.20 776.2 61.0 0.04

This table reports summary statistics for all demand deposits, split based on the underlying account balance. Balance is the month-

end dollar amount in the account; Balance_delta is the percentage change in the month-to-month balance, and Interest Rate is

the accompanying interest rate. Deposit Spread is the difference in percentage points between the prevailing 2-year Treasury rate

and the account Interest Rate. 𝕀male is a dummy equal to one if the account holder is male. 𝕀white is a dummy equal to one if

the account holder is white (imputed race). 𝕀joint is a dummy equal to one if the account is maintained as a joint account. Credit
Score is the current credit score of the account holder. Age is the age (in years) of the account holder. Observations are at the

institution-account-month level and averaged within a given balance bin.
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Table 6: Effects of Fed Funds Futures Surprises on Deposit Spreads

1 2 3 4

FF_Surprise 5.5064*** 2.1247*** 2.2527*** 2.2323***

(1.2866) (0.1726) (0.1531) (0.1703)

Observations 142,096,567 132,169,961 132,169,961 131,363,412

R-squared 0.0367 0.9432 0.9523 0.966

Quarter FEs NO YES YES YES

Institution FEs NO NO YES NO

Account FEs NO NO NO YES

This table reports estimates of the effect of surprise movements in the Fed Funds rate on demand deposit

spreads. Deposit spreads are defined as the difference, in percentage points, between the prevailing 2-year

Treasury rate and the demand deposit account interest rate. Surprise movements in the Fed Funds rate

(FF_Surprise) are calculated based on changes in the price of Fed Funds futures contracts surrounding

FOMC announcements as defined in Equation 2. Fixed effects are included as indicated. Reported stan-

dard errors in parentheses are clustered at the account and quarter level. ***, **, and * indicate statistical

significance at the 1%, 5%, and 10% levels, respectively.
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Table 7: Elasticity of Deposit Balances to Spreads

Sample Full Low Balance High Balance Full

1 2 3 4

Deposit Spread -0.0886*** -0.0917*** -0.0051 -0.0926***

(0.0183) (0.019) (0.0041) (0.018)

High Balance Dummy (HBD) 0.097***

× Deposit Spread (0.019)

Observations 131,363,412 121,229,347 9,881,662 132,090,290

R-squared -0.0002 -0.0004 0.0001 -0.0004

Quarter FEs YES YES YES YES

Account FEs YES YES YES YES

This table reports estimates of the effect of the deposit spread on the natural log of demand deposit account

monthly balances. We estimate the effects using the 2SLS specification described in Equation 4. We use

surprise movements in the Fed Funds rate, defined in Equation 2, as an instrument for deposit spreads (see

Table 6 for first stage results). Deposit spreads are defined as the difference, in percentage points, between

the prevailing 2-year Treasury rate and the demand deposit account interest rate. Fixed effects are included

as indicated. Reported standard errors in parentheses are clustered at the account and quarter level. ***,

**, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 8: Deposit Balance Bunching

1 2 3 4 5

Threshold $1000 $5000 $10000 $25000 $50000

Bunch Dummy × 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘 0.228*** 0.179*** 0.102*** 0.066 -0.015

(0.019) (0.058) (0.0032) (0.020) (0.021)

Observations 248 187 248 300 302

R-squared 0.987 0.951 0.980 0.989 0.993

Month × 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘 FEs YES YES YES YES YES

This table reports estimates of the effect of interest rate breaks on the fraction of demand deposit accounts

bunching. We estimate the amount of bunching using OLS regressions as specified in Equation 5, where

we first collapse the data based on account balances into monthly $2 bins in the $100 window around a

specific threshold (i.e., balance ≤ threshold ± $100). The dependent variable is the fraction of accounts in

this window contained in each bin; we separately bin accounts with an interest rate break at the threshold

and accounts with no such break. Bunch Dummy is an indicator variable equal to one if the bin is above

the threshold (i.e. Bunch Dummy = 𝕀𝑏𝑎𝑙𝑎𝑛𝑐𝑒∈[𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑,𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑+$100]). 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘 = 1 for products that have a rate

discontinuity at a given threshold. The interaction of Bunch Dummy and 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘 estimates the fraction

of demand deposit accounts that bunch just above the threshold because of the interest rate break. We

estimate bunching for thresholds of $1,000, $5,000, $10,000, $25,000, and $50,000, as indicated in the col-

umn header. We include Month × 𝕀ℎ𝑎𝑠_𝑏𝑟𝑒𝑎𝑘 fixed effects to account for potential time-varying factors that

influence deposit account behavior. Reported standard errors in parentheses are clustered at the month

level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 9: Likelihood of Drawdown of Small vs. Large Account

Account Type

Small Balance Large Balance Diff

𝕀[𝑑𝑟𝑎𝑤𝑑𝑜𝑤𝑛_𝑜𝑓 _75%)] 0.28 0.33 0.05***

(0.45) (0.47)

𝕀[𝑑𝑟𝑎𝑤𝑑𝑜𝑤𝑛_𝑜𝑓 _80%)] 0.23 0.30 0.06***

(0.43) (0.46)

𝕀[𝑑𝑟𝑎𝑤𝑑𝑜𝑤𝑛_𝑜𝑓 _90%)] 0.12 0.22 0.09***

(0.33) (0.42)

𝕀[𝑑𝑟𝑎𝑤𝑑𝑜𝑤𝑛_𝑜𝑓 _95%)] 0.05 0.16 0.10***

(0.23) (0.37)

This table reports, at the account level, the likelihood that an account experiences a sudden large draw-

down. We define a drawdown event (i.e., 𝕀[𝑑𝑟𝑎𝑤𝑑𝑜𝑤𝑛_𝑜𝑓 _𝑥%)]) as an account-month where the account

balance declines by more than x%. We show the probability of experiencing a drawdown event separately

for accounts with low-balances (always between $5 and $25,000) and accounts with high-balances (be-

tween $25,000 and $1,000,000 at some point). The difference in drawdown probabilities for low-balance

and high-balance accounts, along with the statistical significance of this difference, is shown in the last

column. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Internet Appendix

Table A1: Time Deposit Growth

Number of Average # Average Total Average # of

Unique of Accounts Balance Unique Products

Year Institutions per Institution per Institution per Institution

2011 1.0 2,431.0 48,545,561 4.0

2012 1.0 2,164.3 42,768,603 4.0

2013 1.0 1,982.5 41,117,858 4.0

2014 2.7 2,359.9 48,895,638 18.5

2015 5.9 1,962.1 39,263,010 20.9

2016 19.5 3,516.3 83,207,325 31.9

2017 31.1 3,861.2 97,327,090 30.4

2018 39.0 3,394.3 86,260,094 27.5

2019 50.5 3,880.8 103,798,394 30.5

2020 73.4 4,070.7 126,868,610 32.3

2021 93.4 3,521.7 127,042,344 28.8

2022 98.8 3,107.9 113,030,429 28.6

2023 94.0 3,614.6 140,500,791 30.8

This table reports the average number of time deposit accounts, the total time deposit balance, and the

number of time deposit products for the financial institutions in our sample each year from 2011 to 2023.

The underlying observations are at the institution-month level and averaged within a given year and then

averaged across institutions.
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Table A2: Characteristics of Time Deposit Accounts

N Mean SD p25 p50 p75

Balance ($) 12,707,969 31,857.10 69,169.493 2,560.4000 10,000.0000 28,431.8900

Balance_delta (%) 11,657,421 0.05 3.375 0.0000 0.0009 0.0028

Interest Rate 12,707,969 0.01 0.011 0.0040 0.0100 0.0210

Deposit Spread (%) 12,577,725 0.32 1.737 -0.7600 0.1220 1.3650

𝕀male 7,559,653 0.46 0.499 0.0000 0.0000 1.0000

𝕀white 8,984,186 0.86 0.342 1.0000 1.0000 1.0000

𝕀joint 12,707,969 0.15 0.355 0.0000 0.0000 0.0000

Credit Score 6,082,483 781.42 61.581 767.0000 802.0000 817.0000

Age 11,072,556 61.94 21.148 54.0000 67.0000 76.0000

This table reports summary statistics for time deposit accounts. Balance is the month-end dollar amount in

the account; Balance_delta is the percentage change in themonth-to-month balance, and Interest Rate is the
accompanying interest rate. Deposit Spread is the difference in percentage points between the prevailing

2-year Treasury rate and the account Interest Rate. 𝕀male is a dummy equal to one if the account holder is

male. 𝕀white is a dummy equal to one if the account holder is white (imputed race). 𝕀joint is a dummy equal

to one if the account is maintained as a joint account. Credit Score is the current credit score of the account
holder. Age is the age (in years) of the account holder. Observations are at the institution-account-month
level.
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Table A3: Trends in Time Deposit Characteristics

Year Balance ($) Balance_delta (%) Interest Rate Deposit Spread (%) 𝕀male 𝕀white 𝕀joint Credit Score Age

2011 19,969.38 0.00 0.00615 -0.19 . . 0.00 . .

2012 19,761.40 0.90 0.00576 -0.31 . . 0.01 . .

2013 20,740.41 0.00 0.00570 -0.25 . . 0.01 . .

2014 20,718.95 0.00 0.01068 -0.56 0.42 0.96 0.06 779.7 57.5

2015 20,010.80 0.00 0.00773 -0.07 0.44 0.88 0.31 754.9 56.7

2016 23,663.06 0.12 0.00805 0.05 0.44 0.83 0.29 781.4 58.2

2017 25,206.26 0.04 0.01029 0.44 0.45 0.86 0.19 783.9 60.4

2018 25,413.32 0.04 0.01275 1.24 0.46 0.87 0.15 783.1 61.3

2019 26,746.35 0.06 0.01728 0.10 0.47 0.88 0.15 784.3 61.0

2020 31,166.06 0.05 0.01630 -1.32 0.47 0.87 0.12 781.7 61.1

2021 36,074.34 0.03 0.01053 -0.75 0.46 0.86 0.13 778.8 62.5

2022 36,368.85 0.03 0.01043 2.07 0.46 0.85 0.14 779.5 63.9

2023 38,870.83 0.06 0.02098 2.33 0.47 0.85 0.14 780.3 63.6

This table reports summary statistics for all time deposit accounts. Balance is the month-end dollar amount

in the account; Balance_delta is the percentage change in the month-to-month balance, and Interest Rate is
the accompanying interest rate. Deposit Spread is the difference in percentage points between the prevail-

ing 2-year Treasury rate and the account Interest Rate. 𝕀male is a dummy equal to one if the account holder

is male. 𝕀white is a dummy equal to one if the account holder is white (imputed race). 𝕀joint is a dummy equal

to one if the account is maintained as a joint account. Credit Score is the current credit score of the account
holder. Age is the age (in years) of the account holder. Observations are at the institution-account-month
level and averaged within a given year.
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Table A4: Time Deposit Skewness

Fraction of Accounts Fraction of Deposits

Representing X% Fraction of Accounts held in Accounts

of Total Deposits with Balances above with Balances above

Year 50 75 90 $25,000 $250,000 $25,000 $250,000

2011 0.108 0.268 0.490 0.219 0.003 0.696 0.043

2012 0.106 0.265 0.485 0.217 0.003 0.696 0.041

2013 0.105 0.261 0.483 0.224 0.005 0.710 0.064

2014 0.108 0.271 0.495 0.235 0.004 0.711 0.052

2015 0.113 0.277 0.501 0.277 0.009 0.733 0.073

2016 0.097 0.243 0.449 0.252 0.007 0.745 0.077

2017 0.095 0.238 0.440 0.243 0.009 0.741 0.085

2018 0.092 0.231 0.429 0.233 0.007 0.741 0.089

2019 0.090 0.226 0.421 0.239 0.008 0.753 0.099

2020 0.091 0.224 0.416 0.258 0.013 0.775 0.114

2021 0.091 0.224 0.413 0.269 0.018 0.786 0.126

2022 0.090 0.221 0.410 0.273 0.018 0.794 0.132

2023 0.091 0.221 0.410 0.301 0.022 0.820 0.156

This table shows the evolution of time deposit skewness over time. For each institution-month, we cal-

culate the fraction of time deposit accounts that cumulatively hold 50%, 75%, and 90% of the institution’s

total time deposits. We also calculate the fraction of time deposit accounts with balances above $25,000

and $250,000, as well as the fraction of the institution’s total time deposits held in accounts with balances

above those levels. Observations are at the institution-month level and averaged within a given year.
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Table A5: Characteristics of Time Deposit Accounts by Account Size

Fraction of

Balance Bin Balance ($) Balance_delta (%) Interest Rate Deposit Spread (%) 𝕀male 𝕀white 𝕀joint Credit Score Age Observations

$50 - $200 112.73 0.85 0.00408 1.16 0.43 0.81 0.2 714 39.8 0.03

$200 - $500 329.26 0.42 0.0054 1.1 0.43 0.81 0.19 735.2 44 0.03

$500 - $1,000 657.78 0.07 0.00998 0.66 0.46 0.83 0.15 752.2 44.9 0.06

$1,000 - $5,000 2421.39 0.02 0.01181 0.41 0.44 0.85 0.16 775.2 55.1 0.23

$5,000 - $10,000 6645.18 0.01 0.0136 0.27 0.44 0.87 0.14 787.6 64 0.16

$10,000 - $25,000 15139.55 0 0.01414 0.23 0.46 0.87 0.15 791.3 68.1 0.21

$25,000 - $50,000 33810.17 0 0.01501 0.17 0.48 0.88 0.13 792.3 70.1 0.11

$250,000 - $1,000,000 133900.52 0 0.01638 0.06 0.53 0.87 0.14 793.5 70.4 0.17

This table reports summary statistics for all time deposits, split based on the underlying account balance. Balance is the month-

end dollar amount in the account; Balance_delta is the percentage change in the month-to-month balance, and Interest Rate is

the accompanying interest rate. Deposit Spread is the difference in percentage points between the prevailing 2-year Treasury rate

and the account Interest Rate. 𝕀male is a dummy equal to one if the account holder is male. 𝕀white is a dummy equal to one if

the account holder is white (imputed race). 𝕀joint is a dummy equal to one if the account is maintained as a joint account. Credit
Score is the current credit score of the account holder. Age is the age (in years) of the account holder. Observations are at the

institution-account-month level and averaged within a given balance bin.
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