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Abstract
The three essays of this dissertation consider post-crisis financial regulation. In the first
essay, which is co-authored with Vladimir Mukharlyamov, we study the impact of the Durbin
Amendment (“Durbin”), which capped debit swipe fees. The goal of Durbin was to lower costs
for merchants, who would in turn pass through these savings to consumers in the form of lower
prices. For Durbin to achieve its intended effect, regulated banks needed to not respond to
Durbin by increasing other prices, and merchants needed to pass through their savings to
consumers. Using proprietary data from a large payments industry player, we find that banks
recover Durbin losses by increasing fees and merchants do not fully pass through savings to
consumers. These results add empirical support to theoretical work that cautions against costbased regulation in two-sided markets (Rochet and Tirole 2003).
The second essay is co-authored with Lawrence Summers. Its main observation is that,
despite a substantial overhaul of the regulatory regime, market-based measures of bank health do
not suggest that large financial firms are substantially safer today than they were in the pre-crisis
period. We think the most likely explanation for this surprising result is that regulation that has
made banks safer has simultaneously decreased their profitability, as reflected in sharp declines
in price-to-book ratios. This franchise value was a form of capital for banks to draw down upon
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to absorb losses. While we believe strongly that Dodd-Frank has substantially improved the
safety of the financial sector, we also believe it is a mistake for regulators to be complacent
going forward.
The third essay, co-authored with Divya Kirti, focuses on the growth of private equity
(“PE”) investments in the life insurance industry following the crisis. These investments have
drawn substantial scrutiny from regulators, who argue that PE’s interests are not aligned with
policyholders. We seek to inform this debate, studying how PE ownership changes insurance
firms. We find that PE-backed insurers are most aggressive about taking advantage of
opportunities for tax and capital arbitrage and that some of these savings are passed on to
consumers through more attractive annuities rates.
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Abstract
This paper studies the impact of regulation on price structures in two-sided markets,
where firms must “get both sides of the market on board.” Since platforms such as card networks
can only succeed by convincing consumers to use cards and merchants to accept them, their
business model often relies on subsidizing one segment to generate supracompetitive profits
from another (Rochet and Tirole 2003a). Using a novel proprietary dataset on processing fees
borne by retailers, we show that restricting banks’ ability to charge high debit card processing
fees to merchants (the Durbin Amendment) amounts to a wealth transfer from the previously
subsidized side of the market—consumers—to merchants. Our empirical evidence adds to the
theoretical concerns of Rochet and Tirole (2003b) that market failures in two-sided markets are
hard to identify, let alone regulate.
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A.1

Introduction
Fees paid by merchants for processing card transactions are significantly higher than the

actual costs incurred by card networks and card issuing banks. For some merchants, only the
payroll exceeds how much they pay in processing fees (Gackle 2009). Are these rents that
regulators should rein in?
Perhaps surprisingly, a long line of theoretical literature conjectures that the answer to
this question is no (Rochet and Tirole 2002, 2003a, and 3006; Wright 2004a; Weyl 2010). This is
because two-sided markets involve two distinct types of users and each is required for the
product to have value: credit and debit cards do not benefit consumers if no merchants accept
them, similarly, they do not benefit merchants if no consumers use them. Platforms that
intermediate in these markets must not only choose prices but also price structure to get both
sides of the market on board. It is often optimal to treat one side of the market as a profit center
and the other as a loss-leader (Rochet and Tirole 2003a). This means that high prices on one side
of the market are not obviously anticompetitive. This is in contrast to a one-sided or traditional
market, where the presence of a price substantially elevated relative to cost is indicative of
market failure.
Thus, theory cautions that two-sided markets may not be anticompetitive just because
prices are above cost on one side of the market. But it acknowledges that these prices may be
“wrong”—that is, prices set at the privately optimal level by platforms may not equal socially
optimal prices (Rochet and Tirole 2003b, Wright 2004b). However, there is little empirical
evidence on whether these markets are imperfect; or if instead they are well-functioning.
The empirical challenge is daunting: determining optimal pricing in two-sided markets
requires knowing the marginal costs of servicing both sides of the market as well as demand and
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cross-price elasticities on both sides (Ryman 2009). The contribution of this paper is to advance
our understanding of two-sided markets with empirical evidence. Rather than estimate costs and
elasticities, our exercise takes advantage of the theoretical prediction that regulation that requires
price to be set at marginal cost on one side of a two-sided market (“cost-based regulation”) will
be socially beneficial only if there is a sizeable market failure (Rochet and Tirole 2003b, Wright
2004a). We study cost-based regulation of debit processing fees (“interchange fees”) and show
that regulation is distortionary. Our results provide suggestive evidence that a market failure does
not exist in this two-sided market and caution against cost-based regulation in two-sided markets
generally.
Our setting is Section 1075 of the Dodd-Frank Act (colloquially known as the “Durbin
Amendment” for its main sponsor, Senator Dick Durbin of Illinois). The Durbin Amendment
(“Durbin”) required that the interchange fees paid by merchants to cover the cost of processing
transactions be “reasonable and proportional to the cost incurred” for processing that transaction.
Durbin’s supporters speculated that the card networks and financial institutions were generating
rents from supracompetitive interchange fees, 1 and so this cost-based regulation would lower
merchant costs and pass-through to consumers in the form of lower retail prices.
For Durbin to reach stated objectives, card issuers (who receive interchange revenue)
needed to not pass these losses through to consumers; and merchants (who pay interchange fees)
needed to pass their savings through to consumers. We construct a novel dataset that is the first
to include effective interchange rates that actual merchants bear and combine this with banklevel data on account pricing. Using these data, we show that banks, who lose $6.5 billion in

This is a complex series of transactions described in detail below. Essentially, card networks set interchange fees
that merchants pay to banks. The networks collect a percentage of fees that accrue to their bank customers.

1
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revenue because of Durbin, pass these losses through to consumers by eliminating free checking.
We also show that in most cases merchants, who benefit from Durbin, do not pass their savings
through to consumers. Prior to Durbin, the price structure in this market offered consumers lossleader prices and generated revenue from merchants. Durbin’s cost-regulation simply shifted the
price structure, benefitting merchants at the expense of consumers, who now bear higher fees.
Durbin is added to Dodd-Frank in May 2010 and passed in October 2011. This coincides
with an overhaul of financial regulation and a concern is that we may mischaracterize bank and
merchant responses to this overhaul as a Durbin effect. Fortunately, Durbin applies only to banks
with more than $10 billion in total assets. Our empirical approach relies on comparing banks above
and below these thresholds.
Specifically, before Durbin, interchange fees ranged from 1–3 percent of transaction
value. Post-Durbin, when customers use a debit card from a covered issuer, these fees are capped
at $0.22 plus five basis points times the value of the transaction. 2 Interchange fees for uncovered
issuers (banks below the $10 billion threshold) are unchanged. The implications for a $100 debit
transaction are described in the example below.
Example: Merchant Interchange Fees for $100 Purchase
Customer Debit Card Issued By:

Pre-Durbin

Post-Durbin

Bank A (above $10 billion)
Merchant savings/bank losses

2% x $00 = $2.00

$0.22 + 0.05% x 100 = $0.27
($1.73)

Bank B (below $10 billion)
Merchant savings/bank losses

2% x $00 = $2.00

$2.00
$0.00

Fees are capped at $0.21 + 0.05% of the transaction amount, but there is an extra $0.01 upward adjustment
allowed—and nearly always taken—for the implementation of fraud prevention policies.

2
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Our experiment is to compare banks and merchants impacted by Durbin (banks above the
$10 billion threshold and merchants with customers who use debit cards from these banks) to
those not impacted to understand its effect on bank and merchant pricing, and ultimately the
extent to which consumers benefit from its passage.
We conduct this analysis using several sources of data. Using a panel dataset of branchspecific pricing information, we provide causal evidence that banks whose interchange revenue
decreases post-Durbin respond by increasing consumer fees. The branch-specific data also
allows us to examine how local competitive dynamics impact a bank’s response to Durbin. Next,
to study how consumer prices are impacted by Durbin, we combine two datasets: daily prices for
gas stations in the United States, and proprietary aggregated and anonymized zipcode-level
effective interchange data made accessible, subject to robust privacy and data protection
controls, by a leading payments industry player. 3 Collectively, our data provide new insights into
merchant interchange costs. Overall, we have branch-level pricing data for nearly 70 percent of
bank holding companies, daily prices for over 50 percent of all gas stations, and zipcode-level
interchange data for nearly 80 percent of all zipcodes in the United States. We use this rich data
to comprehensively evaluate the incidence of the Durbin Amendment.
We consider the impact of Durbin on banks using a difference-in-differences research
design. Our analysis relies on comparing pricing practices of banks above the $10 billion Durbin
threshold (whose interchange revenue falls post-Durbin) to those below the threshold (whose
interchange revenue is not impacted). Our identifying assumption is that in the absence of
Durbin, interchange revenue and account fees of banks covered by Durbin would have moved

3

Appendix Figure A3 illustrates the coverage of our interchange and gas data.
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with those exempted. We provide both graphical evidence and formal tests to demonstrate that
the parallel trends assumption is satisfied.
We find that the Durbin interchange cap successfully drove down banks’ interchange
revenue. Covered institutions’ annual interchange revenue fell by over 25 percent. This is a longterm decrease and there is no comparable decline for banks exempt from the new regulation. If
passed through to consumers and not offset by banks, the result would be annual consumer
savings about half as large as the CARD Act’s welfare enhancement.
However, we find significant evidence of banks offsetting Durbin losses by raising other
account fees. The share of free basic checking accounts (accounts with a $0 monthly minimum
for all customers, regardless of account balance) decreases from 60 percent to 20 percent as a
result of Durbin. Equivalently, average checking account fees increase from $4.34/month to
$7.44/month. Monthly minimums to avoid these fees increase by around 25 percent, and monthly
fees on interest checking accounts also increase by nearly 13 percent. A rough back-of-the
envelope calculation suggests that banks make up approximately all Durbin losses. These higher
fees are disproportionately borne by low-income consumers whose account balances do not meet
the monthly minimum required for these fees to be waived.
One concern with this identification strategy is that we may incorrectly confound the
effect of the Durbin Amendment with bank reactions to other regulatory changes that include an
exemption for banks with less than $10 billion in total assets. For example, following DoddFrank banks above the $10 billion threshold receive onsite consumer examinations by the CFPB
and must establish enterprise-wide risk committees (Independent Banker 2017). Fortunately for
our methodology, the vast majority of these changes are implemented years after Dodd-Frank;
whereas our focus is on the quarters immediately following its passage. Additionally, most of the
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bank response to Durbin that we document is on the exact checking account that prior to Durbin
generated 12 percent of banks’ total non-interest income. The local nature of this response gives
us confidence that what we document is related to Durbin, rather than other changes. Because
our identification relies on a size-cutoff, another concern is that post-crisis large firms may
respond to a heightened regulatory burden in different ways than small firms, whose risk
practices are less impacted. To test this possibility, we perform a series of robustness checks. For
example, we exclude “megabanks” (with more than $100 billion in assets) from our analysis and
find virtually identical results.
We then test for Durbin’s impact on merchant prices by focusing on the gasoline
industry. We choose gas because it is an industry where interchange expense declines
substantially post-Durbin: Interchange fees across all industries fall by $6.5 billion, and gas
retailers account for around 15 percent of these total savings. Furthermore, gas prices are set
locally, and products are standardized, allowing for identification of relatively small price
movements. We compute an “impact” variable for each zipcode which reflects by what
percentage debit interchange fees decrease post-Durbin. We find some evidence that gas retailers
with significant interchange savings lower prices following Durbin’s enactment. Pass-through is
greatest in regions where debit usage is most common (so Durbin especially relevant) and where
competition is highest. However, outside of the top savers, we find no evidence that other gas
retailers pass through interchange savings in the six months following Durbin’s enactment.
While we hypothesize that this is a byproduct of a “rule of thumb” pricing approach—whereby
retailers adjust prices only in the face of significant shocks—an alternative is that savings for the
average station are too small to capture empirically. Furthermore, merchants may not adjust
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immediately and tracking long-term price response is complicated by other changes that may
confound our results.
Despite these caveats, we can conclusively show that consumers experience immediate
Durbin losses through higher bank fees, and we find limited evidence in the gas industry for
across-the-board consumer gains through significantly lower merchant prices. This merchant
behavior is consistent with contemporaneous anecdotal evidence (Electronic Payments Coalition
2011, Wang et al. 2014) and industry reports documenting higher retail margins post-Durbin
(The Home Depot 2011). Given that banks completely offset interchange losses, barring
complete pass-through of merchant savings, Durbin decreased consumer welfare. Importantly,
even if merchants do pass along Durbin savings, the most sympathetic read of the evidence is
that Durbin overall had zero impact on consumer welfare and had unintended distributional
consequences, as higher bank fees are borne only by the poorest consumers, while everyone
benefits from lower prices.
As we describe above, this paper contributes to a primarily theoretical literature on twosided markets (Rochet and Tirole 2002, 2003a, 2003b, and 2006; Wright 2004a; Evans and
Schmalensee 2005; Armstrong 2006; Farrel1 2008; Rysman 2009; Weyl 2010; and Valverde et
al. 2016). It provides empirical evidence in support of the theoretical conjecture that cost-based
regulation in these markets is misguided.
We also contribute to a long line of literature that discusses the need for and analyzes the
efficacy of consumer financial regulation (Campbell 2006, Sunstein 2006, Bar-Gill and Warren
2008, Barr et al. 2009, Campbell et al. 2011, Willis 2013, Bubb and Pildes 2014, Campbell
2016). On this dimension, we are closest in spirit to work by Agarwal et al. (2014). These
authors study the CARD Act, which limited banks’ ability to charge high penalty fees and
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change consumers’ interest rates without sufficient warning. Unlike Durbin, they find the CARD
Act is socially beneficial, saving consumers around $12 billion annually. This difference is
surprising, since both reforms involve price regulation in the payment arena. We believe that the
difference between the CARD Act and the Durbin Amendment illustrate the dangers of
extrapolating the logic of traditional or one-sided markets to two-sided platform pricing (Wright
2004a). In a traditional market, above-cost prices indicate market power and can be successfully
reined in by regulation. That is the case of the CARD Act: above-cost late fees that consumers
paid banks generated bank rents, so regulation decreased them and benefitted consumers. There
is nothing two-sided about this transaction: consumers are delinquent and so pay fees, and banks
receive them. No third party is “brought on board” into the credit card market by high late fees.
That is not the case of the Durbin Amendment—where pre-Durbin above-cost interchange fees
for merchants subsidized below-cost checking accounts for consumers to get these consumers on
board, encouraging debit usage and increasing the value of the debit network. Said simply:
unlike traditional markets, in two-sided markets, an above-cost price on one side is not
dispositive on market failure.
Finally, we contribute to a small but growing literature on the impact of the Durbin
Amendment, including Wang et al. (2014), who use survey evidence to find, like us, a relatively
muted merchant response to Durbin and Evans et al. (2013) who use event study methods to
suggest banks and consumers lost, while merchants gained from Durbin. Our consideration of
banks’ response to Durbin is related to two papers by economists at the Federal Reserve Board
(Kay et al. 2018, Manuszak and Wozniak 2017). Although generally their results—of substantial
bank offset—are consistent with ours, there are notable differences. First, Kay et al. (2018) rely
solely on bank regulatory data and suggest that banks offset their Durbin losses through an
increase in “service fees”—a regulatory line-item that includes account fees but also overdraft
11

revenue, among other items. However, these results do not control for simultaneous deposit
growth for banks above the Durbin-threshold. Once we control for this, we find no post-Durbin
growth in service fees, which is why we turn to more granular account-level data to isolate
Durbin’s effect on specific account prices. Manuszak and Wozniak (2017) also use pricing data
to estimate Durbin’s impact; however, they aggregate their sample to the bank-holding company,
rather than branch, level. Since many banks set prices regionally, we believe branch-level
granularity to be valuable. Further, our work builds on this prior literature as it is the first to
combine data on bank pricing behavior with effective interchange data reported by a leading
payments industry player. This allows us to estimate both a bank and merchant response to
Durbin to think through its impact on overall consumer welfare. We also provide suggestive
evidence on some of Durbin’s distributional consequences: Higher bank fees are borne primarily
by low-income consumers and credit card growth usage increases, as credit interchange fees are
left unregulated by Durbin.
The rest of the paper proceeds as follows. Section II provides background on credit and
debit card interchange, describing the concerns that led to the Durbin Amendment and its key
provisions. Section III describes the multitude of data sources. Section IV describes our
methodology and presents results on banks’ and merchants’ price response. Section V considers
overall consumer welfare as well as some distributional effects. Section VI concludes.
A.2

Background on the Durbin Amendment

A.2.a An Introduction to Interchange
The use of bank cards as a means of purchase dates back to the late 1960s. The card
system involves four distinct parties: (1) cardholders who use the cards to purchase goods; (2)
merchants who accept the cards in exchange for goods; (3) issuing banks who issue cards to
cardholders; and (4) acquiring banks who manage the card accounts of merchant clients. In
12

practice, the acquiring banks and the issuing banks can be the same. Card networks are “twosided” because the success of their platforms relies on their ability to recruit both cardholders to
use their cards and merchants to accept them.
Interchange fees are fees paid by the bank of the merchant (“acquiring bank”) to the bank
of the customer (“issuing bank”). To simplify a complex series of transactions, the interchange
fee can be understood as a cost paid from a merchant to a bank for processing a consumer’s debit
or credit transaction. Unlike virtually all other bank fee revenue (e.g., credit card late fees,
overdraft fees, out-of-network ATM fees), interchange fee schedules are set by the card networks
that intermediate transactions, not the banks directly (Ausubel 1991). Card networks receive a
portion of the fees merchants pay for processing transactions. Prior to Durbin, the interchange
fee schedule was equivalent for all bank participants in a card network, although there were
differences both among the networks (American Express with the highest interchange rates) and
within networks (premium rewards cards had higher interchange rates). Historically, interchange
fees ranged from between 1 and 3 percent of the value of a customer’s transaction.
In the decade leading up to the Recession, interchange expense became a significant cost
of operating for merchants, in some cases even their second highest cost after labor (Gackle
2009). This growth had two causes. First, the use of payment cards increased substantially: in
1990, less than 15 percent of consumer payments were made by credit or debit card; today, this
share is greater than 50 percent (Greene and Schuh 2017). Second, card networks began
introducing premium cards with higher interchange fees and card issuers began incentivizing the
use of these cards through attractive consumer rewards programs. By 2008, a merchant was
paying $1 in interchange fees on a $40 purchase for a premium card (2.5 percent interchange
rate); compared with around $0.60 for a basic card (1.5 percent interchange rate) (Government
Accountability Office (“GAO”) 2009). Critics of interchange fees suggest that processing costs
13

cannot possibly reach 3 percent of transaction value, that the cost of processing a $100
transaction should not be 100x the cost of processing a $1 transaction, and that there is no
explanation—absent price-fixing—what they view as high U.S. interchange rates relative to
other countries (Lyon 2006). Card networks contend that interchange costs cover significant
expenses associated with developing and maintaining bank and merchant networks, guaranteeing
quick payment to merchants, and allowing issuers to bear risks associated with covering
customers’ electronic payments (Mastercard 2018). These costs also fund the development of
security and anti-fraud technologies, as well as generous consumer rewards programs. Some
academics are sympathetic to this view, pointing out that card networks have no incentive to set
supracompetitive fees because their business model relies on merchants choosing to accept their
cards (Evans and Schmalensee 2005).
Given the substantial market power of card networks (Visa and Mastercard together
account for around 70 percent of the payment card market) and bank issuers (40 percent of U.S.
deposits are concentrated in five banks—Bank of America, JP Morgan Chase, Wells Fargo,
Citibank, and U.S. Bancorp), the Department of Justice and various coalitions of merchants have
repeatedly brought antitrust suits alleging collusive pricing practices keep interchange rates
substantially raised relative to the costs of processing these transactions. 4 Merchants argue that
networks extract rents because retailers have little power to bargain for low rates and the only
leverage merchants have to control interchange expenses is to refuse to accept a network’s cards
(GAO 2009). Financial institutions refute these claims and contend that these markets are
disciplined by their two-sided nature—card networks have to set rates that will encourage
merchants to accept their cards and consumers to use them.
For example: United States v. Visa U.S.A., Inc., 163 F. Supp. 2d 322, 340–42 (S.D.N.Y. 2001), aff’d, 344 F.3d 229
(2d Cir. 2003), cert. denied, 543 U.S. 811 (2004); In re Visa Check/MasterMoney Antitrust Litig., 297 F. Supp. 2d
503 (E.D.N.Y. 2003); Ohio v. American Express Co., 585 U.S. __ (2018).

4

14

A.2.b Push for Regulation and the Durbin Amendment
Concerns about pricing practices in the interchange market prompted attention from the
regulatory community well before the crisis. 5
Early interchange proposals considered fee caps for credit interchange. 6 This was
because historically credit interchange rates were significantly higher than debit rates.
Additionally, credit is viewed by some as a more risky payment instrument because, unlike debit,
it does not decouple transacting from consumer borrowing (Bar-Gill 2004). This is precisely why
predecessor legislation in Australia capped credit interchange rates: to discourage excessive
credit use and encourage a shift toward debit. 7
Despite this context and an initial push to curb credit interchange fees, the Durbin
Amendment eventually made debit interchange its target. This was after substantial lobbying by
credit card networks and financial firms, who spent more lobbying effort on Durbin than any
other aspect of Dodd-Frank. 8 Senator Dick Durbin, who sponsored the Amendment celebrated
the focus on debit, rather than credit, arguing that this would mitigate any offsetting behavior by
banks. 9

For example, in 2005, the Federal Reserve held a conference entitled “Interchange Fees in Credit and Debit
Markets: What Role for Public Authorities.” A few years later, a 2009 GAO report contemplated potential
regulatory intervention in this market—for example, by capping interchange fees. The GAO presciently voiced
concern that the result of such an intervention could be increased consumer costs, because banks would offset
interchange losses and merchants would not pass through these savings (GAO 2009).
6
Incidentally, interchange fee caps were included in early iterations of the CARD Act. See, for example, “Credit
Card Interchange Fees Act of 2008,” “The Credit Card Fair Fee Act of 2008,” “Credit Card Accountability and
Responsibility Disclosure of 2008.”
7
There is mixed evidence of the efficacy of the Australian intervention. For example, Chang et al. (2005) find that
credit card fees rise by 50 percent after the interchange fee cap, but Farrell (2005) argues that this work suffers from
limited and noisy data. One effect of the Australian intervention was to decrease consumer rewards, which
decreased credit usage.
8
The ability of lobbyists to shape Durbin implicates some of Stigler’s early concerns about regulatory capture
(Stigler 1971, 1983). Given that regulation is substantially shaped by industry participants, it is perhaps unsurprising
that consumer benefit is limited.
9
“Some have argued that the Durbin amendment would reduce credit availability by regulating credit card
interchange rates. However, the amendment’s reasonable fee requirement only applies to debit cards” (Durbin
2010).
5
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Durbin was a late addition to the Senate version of Dodd-Frank, passed without hearings
or debate in May 2010. Many critics took issue with the speed of its passage (American Bankers
Association 2016). It called on the Federal Reserve to promulgate a rule to ensure that issuer
interchange fees for debit transactions be “reasonable and proportional” to the actual cost
incurred by the issuer. In June 2010, the Board issued Regulation II to implement the Durbin
Amendment. The Board’s initial rule called for a $0.12 fee cap, which, based on comments
received by industry and academic experts, was raised to $0.21 per transaction, plus five basis
points times the transaction value and an additional $0.01 for the implementation of anti-fraud
measures. The final rule was announced on June 29, 2011 to be enacted in October of that year.
Durbin’s dollar (rather than percentage) cap changes the structure of interchange rates
from a percentage fee to a flat fee, with only five basis points of the transaction value as the
variable component. Post-Durbin, for banks above the $10 billion threshold, interchange fees on
an average transaction ($38.00) fall from $0.43 to $0.24 (exactly the maximum Durbin allows:
$0.22 + .05% x $38.00). Interchange fees for banks below the $10 billion threshold are
unchanged—still $0.43. The result is a decrease of $6.5 billion annually (25 percent of their total
interchange revenue) for banks above the Durbin threshold and no commensurate decrease for
banks below the threshold.
A.3

Data
We use data from a variety of sources to analyze Durbin’s incidence.

A.3.a Bank Financials
Our initial bank sample includes all bank holding companies with more than $500 million
in assets 10 for which quarterly data between Q1 2008 – Q4 2012 are available on the regulatory
We exclude small banks (with less than $500 million in total assets) due to concerns that they are not comparable
to the banks impacted by Durbin above the $10 billion threshold.

10
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Call Reports (FRY-9c). 11 We begin our sample in 2008 because prior to this date, interchange
income was not reported as a line item on bank financial statements. We are primarily concerned
with line items associated with bank assets; credit and debit interchange income; and service
charges on deposit accounts, which includes monthly account maintenance fees, check writing
fees, and overdraft fees, among many others.
We exclude from our sample 547 bank holding companies that do not report service
charges or interchange income throughout our sample period 12 and 27 of the remaining bank
holding companies that experience a significant merger during our sample period (assets change
by 20 percent or more within a quarter). We are left with 520 bank holding companies, 47 above
the $10 billion Durbin threshold and 473 below it. In some specifications, we also exclude 13
“megabanks” with assets averaging more than $100 billion due to concerns that we may conflate
reactions to heightened regulation for these “too-big-to-fail” banks with Durbin’s impact.
Relevant summary statistics for both our Durbin treatment and control group are
highlighted in Table 1. The table presents averages across a range of balance sheet and income
statement variables as of year-end 2010 (pre-Durbin), 2011 (immediately following Durbin’s Q4
2011 enactment), and 2012 (a year post-Durbin). Appendix Table A1 provides these same
summary statistics excluding megabanks from the Durbin subsample. Unsurprisingly, the
average Durbin bank in our sample has 137x the assets of the average non-Durbin bank. We
include bank-fixed effects to control for any time-invariant confounds.

Unlike Kay et al. (2018), we use bank holding companies, not individual commercial banks, as our unit of
observation. This is typical in most of the finance literature that uses the Call Report data and is especially sensible
in this setting because Durbin’s applicability is based on a bank holding company’s total assets. Our results are
comparable if we use retail bank-level, rather than holding company level, data.
12
Banks only report interchange income if it is 3 percent or more of total non-interest income. By excluding banks
who do not report throughout our sample, we understate Durbin’s impact. 10 percent of banks who reported noninterest income in Q3 2011 (prior to Durbin) no longer report this income in Q4 2011 after Durbin is enacted.
11

17
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To capture the impact of local market dynamics on banks’ Durbin response, we rely on bank
Summary of Deposit data. Specifically, for each county we compute a Herfindahl-Hirschman
competition index (HHI) based on local market shares of banks with branches in that county.
Intuitively, this index captures the probability that two randomly drawn dollars of bank deposits
within a county are held by the same bank.
The normalized HHI ranges between 0 (perfect competition) and 1 (monopoly). We
show how HHI differs substantially across counties in Appendix Figure A1 which plots countylevel HHI’s for 2011. The HHI attached to a particular branch observation is the HHI of the
county in which that branch is located. Branches located in highly competitive states (e.g.,
California) have a lower HHI than those in less competitive states (e.g., Montana).
A.3.b Account Pricing
RateWatch, a data collection firm, surveys bank branches weekly for information on their
fees, deposit rates, and mortgage rates. We rely on these data and focus on fees charged for the
basic checking account, though some specifications also include fee information about other
accounts: interest checking accounts, savings accounts, and money market accounts. While a feesetting branch remains in its sample, RateWatch provides data at a weekly frequency on its
monthly maintenance fee and the minimum deposit required in that account to avoid the fee. For
non-transactional accounts (savings and money market accounts), RateWatch also provides
information on withdrawal fees associated with removing funds from these accounts. For the
purpose of our analysis, we average weekly observations to get quarterly snapshots of fees
associated with each account.
Importantly, RateWatch surveys only fee-setting branches. It provides data on linkages
between fee-setting branches and non-fee-setting branches. However, it only contains reliable
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data on the most recent linkage. As such, a non-fee-setting Bank of America branch that was
previously a Wachovia branch will appear in the data to be linked to Bank of America for its
whole existence, despite the ownership change. To avoid conflating the impact of the Durbin
Amendment with unrelated changes in bank-branch relationships, we thus restrict our analysis to
all fee-setting branches of the bank holding companies in our sample. Our sample thus contains
data on 3,707 unique bank branches, corresponding to 628 holding companies. Appendix Table
A2 (panel A2.B) provides a sense of RateWatch’s coverage. Of the 954 bank holding companies
with more than $500 million in assets in Q3 2011, 628 have a fee-setting branch that is in our
sample. This means that nearly 75 percent of total bank assets (and over 90 percent of total bank
branches) are in our sample.
Table 2 provides summary statistics for branches in the Durbin treatment and control
group. The table considers fees associated with bank checking, interest checking, savings, and
deposit accounts at three points in time: 2010 Q4 (pre-Durbin), 2011 Q4 (immediately following
Durbin), and 2012 Q4 (one year post-Durbin). We define a branch as offering a “free” checking
or savings account if it has a $0 monthly maintenance fee associated with this account, regardless
of account size. Interestingly, even pre-Durbin, larger banks charged higher fees. We are careful
not to conflate baseline differences in fee-setting with Durbin’s effect.
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Table 2: Descriptive Statistics for RateWatch Data
This table compares branch subsidiaries of bank holding companies above and below the Durbin
threshold in 2010 Q4 (pre-Durbin), 2011 Q4 (immediately post-Durbin), and 2012 Q4 (one year
post-Durbin).
Treated
2010 Q4 2011 Q4 2012 Q4

Basic Checking Account
0.537
0.259
0.209
Free account
4.438
6.706
7.165
Monthly fee
Monthly min to avoid fee 1,293.77 1,358.12 1,395.99
Interest Checking Account
0.02
0.02
0.02
Free account
15.72
16.19
16.23
Monthly fee
288.55
494.48
Monthly min to avoid fee 385.88
Savings Account
0.05
0.05
0.06
Free account
4.55
4.63
5.83
Monthly fee
315.91
298.20
Monthly min to avoid fee 316.22
3.84
6.23
5.95
Withdrawal fee
Money Market Account
0.08
0.06
0.03
Free account
9.97
11.36
11.44
Monthly fee
2,668.82 3,537.76 3,697.66
Monthly min
9.13
9.83
9.45
Withdrawal fee

Untreated
2010 Q4 2011 Q4 2012 Q4
0.627
2.360
1,497.58

0.650
0.618
2.331
2.419
1,516.04 1,500.21

0.04
8.91
445.20

0.05
8.85
451.28

0.06
9.16
466.97

0.16
3.19
192.17
2.27

0.15
3.24
196.56
2.60

0.12
3.49
200.77
3.00

0.09
9.28
2,359.20
6.54

0.09
0.08
9.60
9.89
2,211.70 2,479.22
6.73
7.20

A.3.c Interchange Data
We also obtained access to proprietary data on merchant interchange rates from a leading
payments industry player. For 120 retail merchant categories (ranging from grocery stores to
barber shops to gas stations), we received aggregated and anonymized data at the zipcode level
on the total volume of regulated (card issued by bank above $10 billion Durbin threshold) and
unregulated (card issued by bank below $10 billion threshold) debit, as well as the number of
transactions and the interchange fees collected.
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Below is an example of one observation with the zipcode, year and merchant category
removed to preserve confidentiality.
Example: Merchant Interchange Fees for $100 Purchase
Regulated Debit
(Bank Issuer Over $10 Billion)

Unregulated Debit
(Bank Issuer Under $10 Billion)

Volume

Transactions

IC Fees

Rate

Volume

Transactions

IC Fees

Rate

$50,841,211.40

955,612

$235,231.15

0.46%

$59,346,844.59

1,118,540

$1,124,299.04

1.89%

For gas retailers (the focus of our merchant analysis) we also received access to
aggregated and anonymized data on credit usage within a zipcode.
Absent regulation, interchange schedules differ significantly across industries and even
merchants within an industry. For example, as publicly available interchange schedules show,
transactions made with Mastercard debit cards issued by small banks (below the $10 billion
Durbin threshold) have a base interchange rate of 1.05% + $0.15 in 2018, but grocery merchants
with sufficiently large debit card volume receive a discount: “Tier 1” grocers (with annual debit
volume of $400 million or more) pay only 0.70% + $0.15. Credit card pricing has a similar tiered
structure—in 2018, Visa credit cards used at grocers with $92.7 million or more in annual
volume pay 1.15% + $0.05, but those with less than $14.8 million annually pay seven basis
points more: 1.22% + $0.05.
This publicly available tiered pricing schedule does not fully capture differences in
merchant interchange rates: Merchants with significant market power may negotiate even more
attractive terms (Digital Transactions 2011). Durbin changes the structure of the market by
eliminating much of this dispersion: In 2018, for transactions made with Mastercard debit cards
issued by banks above the Durbin threshold, grocers pay $0.22 plus five basis points times the
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value of the transaction, regardless of their debit volume. Dispersion in the credit interchange
market, left unregulated by Durbin, remains.
Our analysis of this detailed dataset allows us to trace out how interchange expense varies
across industry and payment instrument. The merchants most helped by Durbin are those without
tiered or otherwise low debit interchange rates negotiated ex-ante with card networks. Some
merchants actually see their interchange fees rise post-Durbin. This is because small-ticket
discounts disappear post-Durbin as the $0.22 debit interchange fee cap becomes a floor across
debit transactions (Digital Transactions 2011, American Banker 2012). 13 Merchant savings are
concentrated in the gasoline retailers, book stores, miscellaneous retail stores (typically smaller
department store chains), and auto/truck dealerships-repairs-leases. The standardized product
line, local pricing, and significant share of Durbin savings (16 percent of the total across all
industries) in gasoline make it an attractive arena for considering Durbin’s price impact.
Appendix Figure A2 illustrates the significant variation in interchange rates faced by
merchants in our sample. Our data are aggregated to the zipcode level, so as to preserve the
confidentiality of individual merchant interchange rates. However, even this geographic
aggregation allows us to capture the significant dispersion in unregulated interchange rates
across our sample.
Durbin reins in this dispersion. Appendix Figure A2 also includes regulated debit
interchange rates in these same industries. While these too vary, this is exactly based on average
ticket size in different zipcodes, which we expect: the $0.22 flat fee is a 22 percent fee if
transaction value is $1.00 and 0.22 percent fee if transaction value is $100.00. Within and

Economically, the disappearance of this discount post-Durbin is surprising. One explanation could be that these
firms target a certain level of interchange revenue—when they are no longer able to generate it from large
merchants, they feel compelled to change pricing structure across merchant categories. Additional theoretical and
empirical work on the structure of this market is warranted.
13
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between industry dispersion in interchange rates disappears once issuers are subject to Durbin’s
debit interchange cap.
Due to limitations on the availability of historical data, our data runs from 2014–2016.
This means we are unable to directly observe how interchange rates and total fees paid change
for a particular merchant (or more precisely in our setting, for a particular class of merchants
within a zipcode) as a result of Durbin’s passage. However, historical interchange rate bulletins
make clear that interchange rates changed materially only for those debit card issuers above the
$10 billion threshold. This means unregulated debit interchange rates and credit card interchange
rates were unchanged post-Durbin. Thus, to capture the Durbin impact of a particular industry
within a zipcode, we compare what debit interchange fees would have been in the absence of
Durbin to interchange fees given the $0.22 fee cap. We calculate a zipcode’s Durbin-induced
change in debit interchange fees as
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
Δ𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒𝑒𝑒𝑠𝑠𝑧𝑧,𝑖𝑖 = 𝐹𝐹𝐹𝐹𝐹𝐹𝑠𝑠𝑧𝑧,𝑖𝑖
− 𝐹𝐹𝐹𝐹𝐹𝐹𝑠𝑠𝑧𝑧,𝑖𝑖
𝑟𝑟𝑟𝑟𝑟𝑟

𝑟𝑟𝑟𝑟𝑟𝑟

𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢

= 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑒𝑒𝑧𝑧,𝑖𝑖 × (𝐼𝐼𝐶𝐶𝑧𝑧,𝑖𝑖 − 𝐼𝐼𝐶𝐶𝑧𝑧,𝑖𝑖
𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢

where z is a zipcode, i is an industry, 𝐼𝐼𝐶𝐶𝑧𝑧,𝑖𝑖

)

is the per dollar interchange rate for unregulated

𝑟𝑟𝑟𝑟𝑟𝑟

𝑟𝑟𝑟𝑟𝑟𝑟

debit, 𝐼𝐼𝐶𝐶𝑧𝑧,𝑖𝑖 is the per dollar interchange rate for regulated debit, 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑒𝑒𝑧𝑧,𝑖𝑖 is the dollar value of

transactions with regulated debit.

We then scale the absolute dollar Durbin-induced reduction in debit interchange fees by
the total level of debit interchange fees collected in a zipcode for that industry and define:
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑧𝑧,𝑖𝑖 =

−Δ𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑧𝑧,𝑖𝑖
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒𝑧𝑧,𝑖𝑖
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Our impact measure is the negative of the percentage change in debit interchange
expense attributable to Durbin. High values of Impact indicate substantial decreases in
interchange expense resulting from Durbin.
Unsurprisingly, this measure is highly correlated with a more naïve estimate of Durbin
exposure, for example by considering the share of bank branches (or the share of bank deposits)
in a zipcode associated with banks above and below the Durbin threshold. We prefer our
interchange-based measure of Durbin savings because it allows us to see exactly how a
merchant’s cost dynamics evolve post-Durbin. For example, if 50 percent of a zipcode’s bank
branches are above-Durbin banks, but none of those customers use their debit cards, then the
more naïve estimate will overstate Durbin’s importance to that zipcode.
A.3.d Gas Price Data
Our data on gas prices comes from Oil Price Information Service (OPIS). OPIS contains
station-level information on daily pump prices for (i) regular; (ii) mid-grade; and (iii) premium
fuel. It also contains information on retail margins for each category, which it computes based on
the difference between the net fuel price (retail price less state, federal, and local taxes and
freight) and the wholesale price (the same-day rack price quoted by the nearest wholesale
distributor to a particular station).
The gas data is attractive for its granularity: for the ten largest states in the United States
(CA, TX, FL, NY, PA, IL, OH, GA, NC, and MI) we have daily data for the six months prior to
and six months following the implementation of Durbin (April 2011 – March 2012). In addition
to station-level pricing, the data contains station-specific information including: name, street
address, zipcode, latitude/longitude, and brand. Pricing data comes from a mix of sources:
exclusive relationships with credit card companies who provide this information directly to
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OPIS; gas station “fleet card” users; direct feeds from fuel retailers; and a data partnership with
GasBuddy, a company that collects user-inputted station pricing information (OPIS 2017).
Between these varied sources, OPIS data cover 65,000 gas stations in our ten-state
subsample. However, some stations are available only for a portion of 2011–2012 or have prices
that are reported sporadically. As such, we focus on zipcodes in which OPIS reporting meets the
Barrage et al. (2014) “minimum density criteria” and require fuel stations in the sample to have
at least three observations per week for the sample period. To the best of our knowledge, we are
the first to attempt to empirically estimate merchant price responses to interchange regulation.
We focus on the gas industry for several reasons. First, of the 120 industries in our
dataset, gas retailers save the most as a result of Durbin—15 percent of total savings across all
industries. Second, unlike many retailers, for example the grocery and drug store industry
(Gentzkow and DellaVigna 2017), gas stations price locally. This means that we will be able to
test whether interchange savings for gas retailers within a particular zipcode translate to lower
gas prices for customers in that zipcode. Additionally, gas offers very standardized products,
simplifying price comparisons. 14
A.3.e Other Data Sources
To calibrate the magnitude of banks’ Durbin recovery and study its impact on other
consumer outcomes (e.g., credit usage and unbanked status) we turn to data from a few other
sources. Specifically, we rely on two surveys conducted by bank regulators: (i) the Survey of
Consumer Finances, which contains demographic and financial information about consumers,
including checking account balances; (ii) the FDIC’s Survey of Unbanked and Underbanked

Incidentally, opponents of Durbin also focused on the gas industry to highlight the failures of intervention. The
Electronic Payment Coalition launched a web campaign (see http://wheresmydebitdiscount.com) that very roughly
approximated what consumer savings per gallon from Durbin should have been and argued that these had not
materialized.
14
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Households, which contains a host of information on these consumers, including the main reason
they are unbanked. Data from the Nilson Report, which provides annual snapshots of total credit
and debit purchase volume for the largest issuers in the United States, helps shed light on how
credit and debit usage evolve post-Durbin.
A.4

Methodology and Results

A.4.a Bank Interchange Income and Service Charges on Deposit Accounts
Table 1 hints at the regression results to follow. Relative to untreated banks, treated banks
experience a significant decrease in interchange revenue. Between Q4 2010 (pre-Durbin) and Q4
2011 (post-Durbin), interchange revenue fell by over 29 percent for Durbin banks. During this
same period, interchange income increased by 12.2 percent for banks above the Durbin
threshold. This difference is statistically significant at the 1 percent level. Importantly, during
this same time period deposits grow faster at Durbin banks than their non-Durbin counterparts—
between Q4 2010 and Q4 2011 deposits grew by 9.6 percent at Durbin banks relative to 3.9
percent at non-Durbin banks. This difference is significant at the 1 percent level and is consistent
with post-crisis deposits growth being concentrated at the largest financial institutions (Ensign
2018). It is important then to consider the growth in interchange and service charge revenue
relative to each dollar of bank deposits. Considering interchange and deposit revenue without
accounting for contemporaneous deposit growth conflates the impact of Durbin with this growth.
Figure 1 demonstrates the impact of the Durbin Amendment on banks’ interchange revenue, both
overall and scaled by deposits. As intended, interchange revenue drops substantially (by around
25 percent) for banks above the $10 billion threshold immediately following Durbin’s enactment
in Q4 2011.
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Figure 1: Impact of Durbin Amendment on Interchange Revenue
28

Figure 2 does not indicate similarly drastic growth in service charges on deposit accounts.

Figure 2: Impact of Durbin Amendment on Deposit Fees
(“Service Charges on Deposit Accounts”)
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In Figures 3 and 4, we perform a series of event study regressions, where in the quarters
prior to and following Durbin’s passage we estimate the change in fee revenue (relative to Q2
2010) for banks above and below the Durbin threshold. This approach allows us to trace out the
effect of Durbin over time. The coefficients plotted represent the change in interchange income
and service charges on deposit accounts in a particular quarter relative to Q2 2010.
Specifically, we estimate:
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + � 𝛽𝛽𝑠𝑠 × Durbini × 1[𝑠𝑠 = 𝑡𝑡] + 𝜖𝜖𝑖𝑖,𝑡𝑡
𝑠𝑠≠10𝑄𝑄2

Where 𝑌𝑌𝑖𝑖,𝑡𝑡 represents our outcome variable (interchange income per dollar of deposits, service
fees on deposit accounts per dollar of deposits), 𝛼𝛼𝑖𝑖 is a bank holding company fixed effect to

control for time invariant bank characteristics, and year-quarter fixed effects 𝜙𝜙𝑡𝑡 control for time

trends. 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 is an indicator that takes a value of 1 if a bank holding company is above the

$10 billion threshold. We cluster our standard errors at the bank holding company level. This is a
generalized version of a basic difference-in-difference approach.
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We see that for covered banks interchange income per dollar of deposits falls by nearly
18 percent following Durbin’s passage. There is no observable simultaneous increase in service
charges on deposit accounts—in fact, scaled by dollars of deposits, these fees decrease. Our
results are essentially identical when we exclude megabanks with assets over $100 billion.
The observation that service charges on deposit accounts do not appear to offset Durbin
losses runs counter to prior work by Kay et al. (2018), who suggest that growth in service
charges offsets 90 percent of Durbin’s effect. These authors ignore simultaneous deposits growth
at large banks, which leads to higher deposit fee revenue independent of Durbin dynamics. While
we agree with—and illustrate subsequently—the notion that banks raised account fees to offset
Durbin losses, the category “service charges on deposit accounts” is too all-encompassing to
allow for clear identification of the Durbin response. This is why we next turn to data from
RateWatch, which provides information on historical pricing at the branch level for different
kinds of bank accounts.
A.4.b Bank Account Fees
A.4.b.i Baseline Results
In Figure 5, we illustrate the impact of Durbin on free checking, monthly maintenance
fees, and monthly minimums to avoid these fees on consumer checking accounts. Importantly,
we see no evidence in these figures of differential trends for large banks (Durbin treatment)
relative to small banks (Durbin control) in the pre-Durbin period. 15 These parallel pre-trends give
us confidence that the identifying assumption is satisfied, and we can attribute the changes in
checking account pricing to Durbin’s passage.

Although monthly minimums to avoid fees appear to be trending downward for Durbin banks prior to Durbin. We
thus focus primarily on changes in free checking and monthly maintenance fees, where the parallel trends
assumption is most clearly satisfied.
15
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Figure 5: Impact of Durbin Amendment on Basic Checking Account Fees
We estimate the impact of Durbin—and test our parallel trends assumption—more formally in
Figure 6, using a basic event study approach as above. Here, in the quarters prior to and
following Durbin’s passage we estimate the change in free checking, account fees, and monthly
minimums to avoid checking account fees for branches of banks above, relative to below, the
Durbin threshold in a series of quarters relative to Q2 2010 (Durbin’s passage). Specifically, we
estimate:
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + � 𝛽𝛽𝑠𝑠 × Durbini × 1[𝑠𝑠 = 𝑡𝑡] + 𝜖𝜖𝑖𝑖,𝑡𝑡
𝑠𝑠≠10𝑄𝑄2
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We cluster standard errors at the bank holding company level and include branch fixed
effects. This approach allows us to formally test for different pretrends between our treatment
and control groups and it allows us to observe when bank account fees begin to adjust to Durbin.
We benchmark against Q2 2010 because we hypothesize—and empirically confirm—that at least
some banks begin adjusting to Durbin after it passes, but before the new debit interchange fee
cap is enacted. This is why in Q3 2011 there is a statistically significant decrease in free
checking (or increase in monthly maintenance fee), even though Durbin is not enacted until Q4
2011. Many more banks adjust to Durbin in the immediate aftermath of its enactment: by Q4
2011, Durbin has led to a 40 percentage point decrease in free checking. We can precisely rule
out an effect on free checking that is smaller than 15 percentage points. Equivalently, monthly
maintenance fees, which averaged $4 for banks above the Durbin threshold increased by between
50–100 percent because of Durbin’s passage. Although monthly minimums on the basic
checking account trend upward as well, these differences are only significant at the 10 percent
level.
In Table 3, we also present the results of a basic difference-in-difference approach, where
we estimate
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽𝑑𝑑 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑛𝑛𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡

where variables are defined as above, with the addition of the 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 indicator, which in this

specification takes a value of 1 for Q2 2010 (when Durbin is passed) and all quarters that follow.
The coefficient of interest 𝛽𝛽𝑑𝑑 can be interpreted as the change in pricing for banks above relative

to below the $10 billion threshold attributable to Durbin’s passage. Table 3 presents these results
and extends the difference-in-differences methodology to other common bank accounts to
capture the extent to which banks increase fees outside of the basic checking account most
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directly impacted by Durbin. We consider interest checking accounts, as well as nontransactional savings and money market accounts. For non-transactional accounts, we also
consider whether withdrawal fees are impacted.
Table 3: Difference-in-Differences: Impact of Durbin on Bank Fees
This table reports results for DD specifications that compare pricing by bank branches above and
below the Durbin threshold prior to and following Durbin’s Q2 2010 passage. Specifically, we
estimate
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽𝑑𝑑 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑛𝑛𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡 .

Column name includes dependent variable in each model. All are dollar values, except for
“free,” which is binary, with value 1 if branches offer $0 fee accounts to all customers regardless
of account size. The regressions are run and reported separately for each product: basic checking,
interest checking, savings, and money market accounts.
Fee
(1)

Free
(2)

Minimum
(3)

3.109***
(0.726)
4.340

-0.337***
(0.096)
0.544

337.8*
(194.5)
1,235.6

1.878**
(0.804)
14.670

-0.0235
(0.015)
0.0157

-75.01
(178.5)
438.0

1.003
(0.673)
4.285

-0.00137
(0.024)
0.0626

-0.138
(10.74)
308.8

0.572
(0.38)
4.531

Q2 2010 average

0.628
(0.577)
10.230

-0.0198
(0.025)
0.0739

995.6
(982.4)
2,740.8

0.0955
(0.680)
8.989

Branch FE
Year-Quarter FE

Y
Y

Y
Y

Y
Y

Y
Y

Basic Checking
Post X Durbin
Q2 2010 average
Interest Checking
Post X Durbin
Q2 2010 average
Savings
Post X Durbin
Q2 2010 average
Money Market
Post X Durbin
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Withdrawal
(4)

We see very little increase in account fees outside of the basic checking account
following Durbin’s passage. We do see an increase in monthly maintenance fees on interest
checking accounts, but it is smaller in magnitude—fees increase by around 13 percent on this
account, relative to nearly 100 percent on the basic checking account.
A.4.b.ii

Impact of Competition

Economic theory predicts that firms with market power should charge higher prices. 16
Recently in the banking industry, Drechsler et al. 2017 point out that banks with more market
power pay lower deposit rates. In Table 4, we illustrate that banks with market power also charge
higher fees: A one standard deviation increase in county-level HHI increases checking account
fees by approximately $0.19. We analyze the impact of market power in the context of Durbin,
testing whether pricing power impacts the speed or size of bank response. 17
Table 4: Market Power and Bank Pricing
This table describes the relationship between market structure and bank prices. The dependent variable is
banks’ monthly maintenance fees on basic checking accounts. HHI is normalized to be between 0 and 1.
Specifically, we estimate
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽ℎ × 𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖,𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡

across a variety of subgroups (indicated by column name).

County-HHI
Branch FE
Time FE
R-squared
Observations

Full Sample
(1)
1.689***
(0.343)
Y
Y
0.678
90,502

Non-Durbin
Banks
(2)
1.674***
(0.366)
Y
Y
0.671
47,828

All
(3)
1.726***
(0.567)
Y
Y
0.681
42,656

Durbin Banks
Megabanks
Non-Megabanks
(4)
(5)
2.101***
1.988**
(0.702)
(0.909)
Y
Y
Y
Y
0.699
0.642
27,726
14,926

16
There is a long line of theoretical and empirical literature on the impact of market concentration on retail prices.
For example, see Bresnahan (1989) for an early summary of empirical work in various industries.
17
This inquiry is also closely related to Drechsler et al. (2017), who find that banks in high-concentration areas
increase deposit spreads by more than banks in low-concentration areas in response to interest rate changes. In this
paper, we are interested in whether banks’ adjustment to Durbin also depends on local market dynamics.

38

We again use an event study approach to test the extent to which market power
influences bank response. In Table 5, we estimate the following separately for banks located in
counties where HHI is above-median (significant market power) and those where HHI is belowmedian (closer to perfect competition).
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + � 𝛽𝛽𝑠𝑠 × Durbini × 1[𝑠𝑠 = 𝑡𝑡] + 𝜖𝜖𝑖𝑖,𝑡𝑡
𝑠𝑠≠10𝑄𝑄2

We fix our HHI measure in 2008 to avoid any possible endogeneity between Durbin’s effect and
local market power.
Table 5: Change in Free Checking, Durbin vs. Non-Durbin Banks
By Competitive Dynamics
This table reports results from an event study specification that compares pricing by bank
branches above and below the Durbin threshold prior to and following Durbin’s Q2 2010
passage (column 1). We estimate this specification separately for concentrated markets (column
2) and more competitive markets (column 3), as well as the difference between these two
subgroups (column 4). Specifically, in columns 1–3, we estimate
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + � 𝛽𝛽𝑠𝑠 × Durbini × 1[𝑠𝑠 = 𝑡𝑡] + 𝜖𝜖𝑖𝑖,𝑡𝑡
𝑠𝑠≠10𝑄𝑄2

and report 𝛽𝛽𝑠𝑠 which is the difference in free checking for banks above relative to below the
Durbin threshold in a given quarter (relative to Q2 2010, when Durbin is passed). In column 4,
we estimate a DDD specification
𝐻𝐻𝐻𝐻𝐻𝐻ℎ

𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + � 𝛽𝛽𝑠𝑠 × Durbini × 1[𝑠𝑠 = 𝑡𝑡] + � 𝛽𝛽ℎ × 𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖
𝑠𝑠≠10𝑄𝑄2

𝐻𝐻𝐻𝐻𝐻𝐻ℎ

+ � 𝛽𝛽𝑠𝑠,ℎ × Durbini × 𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖
𝑠𝑠≠10𝑄𝑄2

𝑠𝑠≠10𝑄𝑄2

× 1[𝑠𝑠 = 𝑡𝑡] + 𝜖𝜖𝑖𝑖,𝑡𝑡

× 1[𝑠𝑠 = 𝑡𝑡]

where 𝐻𝐻𝐻𝐻𝐼𝐼𝐻𝐻𝐻𝐻𝐻𝐻ℎ is a binary variable that takes a value of 1 for branches with above-median HHI.
We report 𝛽𝛽𝑠𝑠,ℎ , the coefficient on the triple interaction.
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Table 5 (Continued): Change in Free Checking, Durbin vs. Non-Durbin Banks
By Competitive Dynamics

Pre-Durbin
2008 Q1
2008 Q2
2008 Q3
2008 Q4
2009 Q1
2009 Q2
2009 Q3
2009 Q4
2010 Q1
Post-Passage
2010 Q3
2010 Q4
2011 Q1
2011 Q2
2011 Q3

All Banks
(1)

Above-Median
HHI
(2)

Below-Median
HHI
(3)

Diff. Bet.
(2) & (3)
(4)

-0.0248
(0.052)
-0.0141
(0.051)
-0.0359
(0.046)
-0.0505
(0.054)
-0.017
(0.047)
-0.0179
(0.051)
-0.00583
(0.027)
0.00533
(0.019)
-0.0564
(0.042)

-0.0647
(0.057)
-0.0573
(0.055)
-0.069
(0.050)
-0.101
(0.069)
-0.0741
(0.065)
-0.0541
(0.055)
-0.0327
(0.029)
-0.0168
(0.024)
-0.0803
(0.051)

-0.0138
(0.060)
-0.00107
(0.055)
-0.032
(0.048)
-0.0283
(0.051)
-0.00693
(0.041)
-0.0408
(0.051)
-0.0136
(0.028)
0.00184
(0.019)
-0.0517
(0.044)

-0.0376
(0.052)
-0.0426
(0.053)
-0.0229
(0.044)
-0.0586
(0.064)
-0.0534
(0.065)
0.000402
(0.043)
-0.00536
(0.038)
-0.00492
(0.037)
-0.0148
(0.037)

-0.0400*
(0.0225)
-0.074
(0.052)
-0.155*
(0.088)
-0.188**
(0.086)
-0.308***
(0.102)

-0.0763**
(0.0339)
-0.121*
(0.064)
-0.253**
(0.107)
-0.278**
(0.109)
-0.399***
(0.126)

-0.0257
(0.0245)
-0.0386
(0.072)
-0.0961
(0.094)
-0.157
(0.098)
-0.241**
(0.110)

-0.0368
(0.0397)
-0.0697*
(0.040)
-0.143**
(0.064)
-0.108
(0.070)
-0.144*
(0.076)

40

Table 5 (Continued): Change in Free Checking, Durbin vs. Non-Durbin Banks
By Competitive Dynamics

Post-Enactment
2011 Q4
2012 Q1
2012 Q2
2012 Q3
2012 Q4
Branch FE
Time FE
R-squared
Observations

All Banks
(1)

Above-Median
HHI
(2)

Below-Median
HHI
(3)

Diff. Bet.
(2) & (3)
(4)

-0.374***
(0.112)
-0.407***
(0.120)
-0.409***
(0.120)
-0.401***
(0.122)
-0.405***
(0.123)
Y
Y
0.658
69,882

-0.444***
(0.131)
-0.479***
(0.131)
-0.477***
(0.133)
-0.488***
(0.136)
-0.483***
(0.136)
Y
Y
0.648
30,609

-0.310**
(0.123)
-0.341***
(0.127)
-0.335***
(0.128)
-0.322**
(0.129)
-0.335**
(0.131)
Y
Y
0.633
27,909

-0.123
(0.0792)
0.127
(0.0829)
-0.131
(0.084)
-0.154*
(0.082)
-0.135*
(0.080)
Y
Y
0.640
58,526

We observe that Durbin banks with pricing power begin to decrease free checking
immediately after Durbin’s passage (an 8 percentage point decrease by Q3 2010). In contrast,
there is no statistically significant decrease in free checking for Durbin banks in more
competitive regions until Q3 2011. Monopolistic Durbin banks also adjust more to Durbin—by
Q4 2012 free checking decreases by 47.7 percentage points for Durbin branches in above-median
HHI counties, relative to 33.5 percentage points for their low-median counterparts.
In most quarters, these differences are statistically significant. Durbin banks in
concentrated markets adjust first: by 2011 Q1 they decrease free checking by 14.3 percentage
points more than Durbin banks in competitive markets (significant at the 5 percent level). They
also adjust most: by 2012 Q4, Durbin banks with market power decrease free checking by 13.5
percentage points more than their more competitive counterparts (significant at the 10 percent
level).
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A.4.c Why Might Market Power Matter?
In a perfectly competitive world, firms earn zero-profit in equilibrium. Regulation that
decreases banks’ ability to generate revenue on one dimension (like Durbin’s interchange cap)
must be fully offset. In reality, banks have market power, e.g., because of switching costs
(Klemperer 1995) or the fact that bank accounts are not perfect substitutes across banks. This
market power is highest where there is least inter-bank competition (high HHI). Regulation that
constrains monopolists’ ability to generate rents should theoretically (at least weakly) increase
consumer welfare. And yet we find evidence that banks in less competitive markets adjust more
to Durbin than banks in markets that are closer to perfect competition, where we anticipate full
pass-through of interchange losses.
There are several possible explanations for this empirical observation. The first is that we
observe short-run adjustment to Durbin, in the quarters immediately following its passage. Banks
in competitive markets may lose money because of Durbin in the short-run (by not offsetting
losses fully), so that in the long-run they are forced to shut down because they are no longer
profitable. This is consistent with anecdotal evidence that banks close branches post-Durbin
(Cooper 2015). Another possibility is that banks in less-concentrated markets are not profitmaximizing ex-ante, but for example are targeting a certain level of income (Bajaj 2018). When
Durbin decreases interchange revenue, banks with market power exploit it to meet profit targets.
This is consistent with our observation that card networks increase interchange rates for smallticket merchants in the aftermath of Durbin. Absent some deviation from standard models of
profit-maximizing firms, it is hard to understand why financial institutions appear to be leaving
money on the table (with low interchange rates and low account fees) prior to Durbin’s
enactment.
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A.4.d Bank Robustness Checks
A.4.d.i Large vs. Small Trends
One concern with our identification strategy is that it captures general differences in
revenue and pricing for large versus small banks that are independent of the Durbin Amendment.
The passage and enactment of the Durbin Amendment coincides with a post-crisis overhaul of
the financial sector that results in significantly elevated regulatory burdens for all banks, but
particularly the largest “too-big-to-fail” financial institutions. If the heightened regulatory burden
triggers pricing changes, then we will mistakenly ascribe these to Durbin’s passage.
To test for this possibility, we perform a series of robustness checks.
First, we perform the analysis described above for a subsample that excludes megabanks,
defined as banks with more than $100 billion in assets. Although there are differences (e.g.,
definitionally, average assets of treated banks when megabanks are excluded from the sample are
much lower; also pre-Durbin account fees for megabanks appear higher) our results are
qualitatively and quantitatively similar when we exclude this subgroup.
For example, if costs associated with regulatory compliance for too-big-to-fail (“TBTF”)
banks drive the price movements we observe, then we expect to see significantly less (or perhaps
even no) increase in account fees for large non-megabanks relative to their smaller counterparts.
Appendix Table A3 reports the results of a difference-in-differences estimate for this subsample.
Although our point estimates are slightly smaller than for the whole sample, we still see a large
increase in monthly account fees ($1.98 for large versus small banks following Durbin,
significant at the 1 percent level) and decrease in free checking (27.2 percentage points following
Durbin, significant at the 1 percent level).
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As an alternative, we can also focus attention on the small group of banks directly above
and below the Durbin threshold. In Appendix Table A4, we compare banks directly above the
$10 billion threshold (with assets of $10 billion to $30 billion) to those directly below $5 billion
to $30 billion, an approach closer to a regression discontinuity in spirit. This eliminates concerns
that comparing very small banks (for example, total asset $1 billion) to megabanks may not be
appropriate. Our sample shrinks significantly (54 percent of covered branches remain in the
sample, but only 5.5 percent of exempt branches) and we lose the power to estimate Durbin
impact precisely since we are left with fewer than 100 bank holding company clusters. However,
the sign of these results is consistent with our previous estimates and the 27 percent decrease in
free checking is significant at the 10 percent level.
A.4.d.ii

Bunching

Our identification strategy assumes that the Durbin Amendment is a natural experiment
which exogenously exposes banks to treatment (decrease in interchange revenue) based on an
arbitrary asset threshold of $10 billion. If banks strategically avoid this $10 billion threshold
during our sample period, this casts doubt on our assumption of exogeneity.
To test for this possibility, we look for strategic manipulation around the $10 billion asset
threshold. We implement a variation of the McCrary (2008) test 18 using the local polynomial
density estimator of Cattaneo et al. (2017) to estimate the density of the distribution of bank
assets around the discontinuity of interest ($10 billion) with quarterly data on bank assets. The
goal is to ascertain whether banks are sorting themselves out of treatment to avoid the Durbin hit

McCrary (2008) proposes a density test to validate regression discontinuity (“RD”) designs, but as Cattaneo et al.
(2017) note, the general principle applies to a wide array of questions regarding self-selection around a boundary
point, including our setting. We prefer the discontinuity test based on the density estimator in Cattaneo et al. (2017)
over the original approach taken in McCrary (2008) based on the local polynomial density estimator of Cheng et al.
(1997), as it does not require the choice of many additional tuning parameters.

18
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to their interchange revenue. If they are not systematically sorting, then we expect the density
near the cutoff to be continuous. Figure 7, panel F7.A, provides the results of our manipulation
test using a third-order polynomial. Our empirical results provide no evidence of manipulation in
the period surrounding Durbin (2010–2012). The p-value is 0.37, meaning we cannot reject the
null that the density is continuous across the cutoff. This is consistent with Kay et al. (2018),
who find no evidence of banks bunching below the Durbin threshold.
However, when we expand beyond our sample period and instead test whether there is a
discontinuity in the distribution of bank assets using data from 2008–2016, we find a large and
statistically significant gap in bank assets immediately above the Durbin threshold (t-statistic of
-4.22). This manipulation is driven by the last few years of this expanded sample—we find a
discontinuity on this order of magnitude when we drop observations associated with the years
surrounding Durbin (2010–2013).
The histogram of distribution of bank-quarters by asset threshold in Figure 7, panel F7.B,
provides another visual illustration of this discontinuity. Here we plot bank-quarters by asset size
for banks with assets from $5-16 billion separately in the pre-crisis (2003-2008) and post-crisis
(2011–2016) period. More than twice as many banks are right above the $10 billion threshold
($10 billion to $11 billion) in the pre-crisis period. This is consistent with work by Ballew et al.
(2017), who find that banks near the $10 billion threshold are less likely to engage in
acquisitions in the post-crisis relative to pre-crisis period. The disappearance of $10 billion banks
is consistent with anecdotal evidence from banks who report that enhanced regulatory burden
makes it unprofitable to be in the range of $10 billion to 12 billion (Smith 2016, Springer 2017).
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Figure 7: Strategic Manipulation of Durbin Threshold
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Given that bank adjustment around the $10 billion threshold appears to occur primarily through
merger activity, 19 it makes sense that this discontinuity is a longer-term effect of regulations
around the $10 billion threshold, rather than an instantaneous response to Durbin. Other Dodd
Frank requirements—notably annual company-run stress tests 20 and CFPB oversight—also kick
in at the $10 billion threshold (Fuster 2018). 21 While an interesting long-run impact of post-crisis
regulatory changes, the lack of discernible strategic manipulation during our sample period
validates our empirical approach.
A.4.e Merchant Response: Gas Margins
Since Durbin-induced changes in interchange expense are related to consumer payment
choice, the share of customers who bank at covered entities, and the pre-Durbin interchange rate
merchants face; Durbin’s impact is unevenly distributed across the zipcodes in our sample. This
variation motivates our empirical analysis.
A back-of-the-envelope calculation described in Table 6 suggests that gas stations save
on average $0.0076 per gallon following Durbin’s enactment.

“Since 2010, 37 U.S. banking institutions have crossed that threshold. According to Killian, 14 of the others
breached $10 billion in one acquisition, 11 did so through multiple small acquisitions, and eight decided they
couldn’t offset the extra cost of preparedness, so they decided to sell. Only four financial institutions did it through
organic growth.” (Springer 2017).
20
The first set of company-run stress tests did not begin until March 2014. Annual examinations were discontinued
for banks with assets between $10 billion and $250 billion in assets as of June 2018.
21
Ballew et al. (2017) hypothesize that these rather than Durbin drive their results because the fixed costs imposed
make acquisitions to grow substantially—rather than incremental organic growth—the preferred approach of banks
near the threshold
19
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Table 6: Benchmarking Gas Retailers’ Durbin Savings
(1) Gas stations sales in 2011

$500B

(2) Average gas price per gallon in 2011

$3.8

(3) Gallons sold in 2011 = (1)/(2)

132B

(4) Gas station annual interchange savings

$1B

(5) Average savings per gallon = (4)/(3)

$0.0076

Sources: (1) Census Bureau; (2) Oil Price Information
Service (OPIS) data; (4) proprietary interchange data
To trace out the degree to which this interchange cost shock is passed through to
consumers, we estimate the following cross-sectional regression as
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which captures how fuel station margins over this period vary with the zipcode’s Durbin impact.
A station’s retail margin is its retail price in excess of all applicable state and local taxes,
freight costs, and wholesale price. The pre- and post-Durbin margins are averaged from the daily
data of each fuel station (f) over six months pre- and post- the Durbin Amendment’s enactment
on October 1, 2011. County (c) fixed effects are included, and the standard errors are clustered
by zip code (z). If Durbin interchange savings are passed through to consumers, we anticipate
that retail margins will decline significantly following its enactment.
We estimate this Durbin impact for a variety of subgroups whose exposure to Durbin
differs. In column 1 of Table 7, we compare “treated” zipcodes—with high (i.e., top decile)
levels of Impact, whose debit interchange expense drops on average by 33.7 percent as a result of
Durbin—to “control” (i.e., bottom decile) zipcodes, whose debit interchange expense barely
drops (on average, by 3.6 percent) post-Durbin. We worry that these zipcodes are fundamentally
different, and so any changes in retail margins could be a byproduct of these differences rather
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than a consequence of Durbin. As such, we choose “control” zipcodes using a propensity-score
matching procedure based on a host of observable characteristics, including (log) average
household income, (log) population density (total population/total area), (log) fuel station density
(total number of fuel stations/total area), and (log) zipcode area. In this matched sample, we
observe no difference in retail margins for zipcodes highly impacted by Durbin relative to those
who are less affected. 22 In column 2 we similarly find no significant change in retail margins
when comparing a matched sample of zipcodes in the top and bottom quartile of Durbin impact,
and no change in column 3 when considering the whole sample (above versus below-median
impacted zipcodes). We can precisely rule out a change in retail margins greater than $0.002
when comparing above versus below-median impacted zipcodes.
Next, in columns 4–9, we focus separately on zipcodes with above median (on average,
52.7 percent) and below median (on average, 26.8 percent) debit usage. The idea is that even if
debit interchange decreases significantly post-Durbin (high value of “Impact”), if a gas retailer’s
customers primarily pay with non-debit instruments (e.g., credit cards), then Durbin is not all that
significant. If, on the other hand, customers primarily pay with debit, then Durbin savings are
material.
In columns 4 and 5, we see that high-debit volume zipcodes whose interchange expense
drops significantly post-Durbin do in fact pass these savings through to consumers following
Durbin’s enactment. When we compare high (top decile) relative to low (bottom decile) impact
zipcodes within this high debit subgroup, we observe a $0.028 decrease in margins. We observe
similar magnitudes (a $0.023 decrease) when comparing the top quartile of impacted high-debit
zipcodes to the bottom quartile. For zipcodes with limited debit usage (columns 7–9) for whom
All specifications in Tables 7–9 rely on control group’s propensity score-matched to the corresponding treatment
group used in a given column.
22
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Durbin results in less pronounced savings, we see no decrease in retail margins post-Durbin.
These results suggest heterogeneous pass-through of merchant Durbin savings: For the subgroup
for which Durbin results in a large decrease in expense, pass-through is immediate and
significant. No similar pass-through is observed for retailers with less pronounced savings.
In columns 10–11, we consider the importance of market dynamics for Durbin’s price
pass-through. Specifically, for the subgroup where pass-through is large and significant (the top
decile of “impacted” zipcodes where debit usage is common), we separately consider highly
competitive zipcodes (above median gas stations per capita) and less competitive zipcodes
(below median). While we observe significant pass-through across all high-debit zipcodes,
retailers adjust most in competitive markets. This is consistent with recent work by (Knittel et al.
2017) who observe that negative cost shocks are quickly passed through for competitive gasoline
products, but only slowly work their way into prices in more concentrated markets.
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The aggregate pass-through of interchange savings to consumers depends on the extent to
which margins drop in all deciles. Since Durbin savings fall from 33.7 percent of total debit
interchange expense in the top decile to 28.6 percent (25.6 percent) in the ninth (eighth) decile,
we expect to see lower margin reductions, if any, outside of the right tail of the distribution. In
Table 8, panel T8.A, for the subgroup of zipcodes most exposed to Durbin (high-debit usage),
we compare the change in retail margins in the six months following Durbin’s enactment to the
six months prior. In column (1) of panel T8.B, we replicate the results of column (1) in panel
T8.A. We then do this same exercise for the ninth decile (column 2, average debit interchange
savings of 28.6 percent post-Durbin) relative to those in the bottom decile; the eighth decile
(column 3, average debit interchange savings of 25.6 percent) and so forth. As expected, only
those zipcodes with the largest Durbin savings (in the top 3 deciles) see a statistically significant
decrease in retail gas margins. The decrease is most pronounced for the top decile of savers and
then quickly falls off, with no statistically significant decrease for the seventh decile (average
debit interchange savings of 22.9 percent) and below.
It is worth noting that the lack of significance in the seventh decile and below is not
driven by the lack of statistical power. In fact, for these deciles, our data allow us to estimate the
zero effect quite precisely—both the point estimates and their standard errors are close to zero.
To estimate a conservative upper bound on the aggregate pass-through of interchange
savings to consumers, in Table 8, panel T8.B, we pool together deciles based on their Durbin
impact. Panel T8.B, column (1), simply repeats the exercise in panel T8.A, column 1. For the top
decile of Durbin savers, we can rule out a Durbin price impact of more than $0.052. Once we
pool the top three deciles, the only ones where we see statistically significant margin decreases
post-Durbin (Column 3), we can bound the Durbin-induced decrease in gas margins at $0.032.
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In column (9), we compare price movement at all high-debit zipcodes where Durbin
decreases interchange expense (deciles 2–10) to propensity-score matched zipcodes in the
bottom decile, where Durbin savings are essentially zero. For this pooled group, we estimate a
very precise zero impact of Durbin on retail margins. We are able to reject a decrease in gas
margins of more than $0.0012 for high-debit zipcodes as a group in the six months following
Durbin’s enactment.
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In Table 9, we follow the approach of Table 8, but focus on zipcodes with below-median
debit usage. Earlier results (Table 7) suggest that we will find very limited (if any) decrease in
retail margins for these zipcodes. This is expected, as these are regions where debit usage is
uncommon, and so Durbin’s debit interchange cap is of less relevance. As expected, even in the
top deciles, we see no evidence of a statistically significant decrease in prices. 23 These estimates
are less precise than those for high-debit zipcodes. As a result, even though there is basically no
evidence that gas margins decrease for low-debit zipcodes, when we use our standard errors in
Table 8, panel B to place bounds on how gas margins change post-Durbin, we can only reject
that prices fall by more than $0.0068—5x the price movement we can reject for high-debit
zipcodes, where we find empirical support for Durbin pass-through.

23
One exception is the 6th decile, where margins appear to fall by around $0.01 in the months following Durbin. It is
hard to understand why Durbin would induce price movement in this decile but not in ones where Durbin impact is
more pronounced (Columns 1-4) where in fact point estimates are often positive (suggesting price increases in the
months following Durbin). An irrelevant variable is significant at the 5% level in 1 out of 20 regressions, on
average. So it is unsurprising that we observe significance for one of the specifications in panel A, but it would be
unwise to read too much into this result.
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Further work on Durbin’s impact on gas margins is necessary and these are rough and
preliminary estimates. We find it more likely that the upper bound on pass-through we estimate
for high-debit zipcodes reflects Durbin’s impact than the estimate for low-debit zipcodes, where
results are noisy. That said, if we average these two estimates into one combined across-theboard number, we get an upper bound for the Durbin-induced decrease in retail gas margins on
the order of $0.004. Relative to the average savings per gallon that we estimate in Table 6
($.0076/gallon) this represents only a 53 percent pass-through of gas retailers’ Durbin savings.
A.4.e.i

Explaining Incomplete Pass-Through
Several papers study the pass-through of retail cost shocks and find evidence on an

asymmetry: retail prices rise faster than they fall (Peltzman 2000). Many of these papers focus
on the gasoline industry, and although the magnitudes are mixed, they broadly document
asymmetric pass-through of cost shocks: when merchant costs rise, higher expenses are quickly
passed through to consumers. When merchant costs fall, it takes longer for these savings to
accrue to customers. This is known as the “rockets-and-feathers” effect (Borenstein et al. 1997,
Owyang and Vermann 2014). A similar trend exists in banking: although banks quickly increase
interest rates for borrowers when interest rates rise, they are slow to raise the rates they pay
depositors (Deltas 2008). A plausible explanation for this asymmetry is that when costs fall,
oligopolists exploit market power to earn positive profits in the short-run, before these are
competed away. This is consistent with empirical evidence to suggest that pass-through
asymmetries are most pronounced in concentrated markets (Knittel et al. 2017).
It is not obvious why gas stations for whom the Durbin shock is largest pass through this
cost shock to consumers quickly. Possibly, gas retailers price by “rules-of-thumb” (Amato and
Laubach 2003, Zbaracki 2004). Evidence suggests such practices are common and can help
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explain sluggish price movement in response to shocks (Alvarez et al. 2006). Gas retailers may
be slow to update prices in response to decreases in interchange expense because this cost shock
is not material enough to prompt updating pricing rules. This is consistent with the observation
of Wang et al. (2014) that many merchants do not know that their interchange expense decreases
following Durbin’s enactment. However, in zipcodes where Durbin looms large—where
interchange expense falls significantly—retailers do revise prices quickly.
A.5

Suggestive Evidence on Durbin’s Distributional Consequences

A.5.a Low-Income Consumers Bear Incidence of New Fees
In response to Durbin, basic checking account fees nearly double. However, these fees
are borne only by customers who do not maintain a minimum balance high enough to avoid these
fees. 24 To try and understand the size and incidence of the bank response to Durbin, we turn to
the Federal Reserve Board’s 2010 Survey of Consumer Finances, which contains detailed
demographic and financial information about individuals, including for example annual income,
checking and savings account balances, and mortgage information. 25
For this back-of-the-envelope calculation, we consider the banking industry as a whole,
as well as the largest depository institutions: Bank of America (49M checking accounts in Q2
2010), Citigroup (24M), JP Morgan (40M), and U.S. Bancorp (8.5M) Wells Fargo (85M). In
total, in Q2 2010, we estimate that there are nearly 288M basic checking accounts at banks above
the Durbin threshold. 26 These institutions accounted for around 50 percent of total deposits (43
percent of total domestic deposits).
In some cases, monthly fees can also be avoided by customers who receive direct deposits into their checking
account, for example, from an employer.
25
Unfortunately, this information is not bank-specific, so we are not able to observe, for example, the differences in
average checking account size for large-bank versus small-bank customers.
26
Bank regulatory reports contain information on the number of depository accounts with a balance of under
$250,000, but do not break these out into checking, savings, and time deposit accounts. They do, however, report the
share of total deposits that are in transaction versus non-transactional accounts. We assume that the share of the
24
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For the industry overall and then for each large bank, we calculated the average monthly
maintenance fee and the minimum required to avoid this fee pre- and post-Durbin as the average
across all banks’ fee-setting branches. These are reported in Table 10. Prior to Durbin, only 20
percent of large bank customers bore a monthly maintenance fee (nearly 60 percent had free
checking, and half of the remaining accounts had account balances above the minimum
threshold). Following Durbin, the share paying monthly fees doubles.
Table 10: Estimating Banks’ Durbin Recovery
Panel T10.A: Average Monthly Checking Account Fees and Incidence

Share of no fee accounts
Level of fee if present
Min to avoid fee
Number of accounts (m.)
Share of accounts below min

All Durbin Banks
‘10 Q2
‘13 Q2
58.79%
18.29%
8.64
7.73
1,263.63 1,398.99
288
351
50.0%
52.1%

Bank of America
‘10 Q2
‘13 Q2
19.23%
16.02%
10.98
11.53
2,040.31 2,838.95
49
57
59.3%
68.6%

Citigroup
‘10 Q2
‘13 Q2
80.77%
0.00%
8.20
10.00
1,500.00 1,500.00
24
37
52.9%
52.9%

Share of no fee accounts
Level of fee if present
Min to avoid fee
Number of accounts (m.)
Share of accounts below min

JPMorgan Chase
‘10 Q2
‘13 Q2
2.07%
1.35%
9.63
11.47
1,316.10 1,493.15
40
44
50.2%
52.9%

U.S. Bancorp
‘10 Q2
‘13 Q2
100.00%
9.15%
—
7.66
—
1,465.28
8.5
12.0
—
52.8%

Wells Fargo
‘10 Q2
‘13 Q2
92.76%
3.67%
5.00
7.79
682.35
1,489.45
85
95
38.4%
52.9%

Panel T10.B: Estimated Recovery from Higher Fees

Overall
Bank of America
Citigroup
JP Morgan Chase
U.S. Bancorp
Wells Fargo

Checking Account Fees
Total Recovery
($B)
2010 Q2 ($B) 2013 Q2 ($B)
6.15
13.85
7.70
3.10
4.54
1.44
0.24
2.35
2.11
2.27
3.16
0.89
0.00
0.55
0.55
0.14
4.52
4.38

Interchange
Loss ($B)

Loss Recovered
(%)

6.24
2.11
0.31
1.17
0.35
1.44

123%
68%
685%
76%
158%
304%

number of accounts that are transaction accounts is equivalent to the share of deposits that are transaction deposits.
We are unable to distinguish between basic checking accounts and other kinds of transaction accounts. Thus, the
total we call “basic checking accounts” includes interest checking accounts but also excludes large checking
accounts (with balances greater than $250,000).
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We then estimate the overall and big-bank specific recovery from higher monthly
checking account fees. We compare the increase in checking account revenue to the decrease in
interchange revenue post-Durbin. 27 Our rough estimates suggest that overall, Durbin banks
totally offset interchange losses with higher account fees. This recovery was heterogeneous—
Bank of America and JPMorgan Chase lost as a result of Durbin; Citigroup, despite relatively
minor losses in interchange revenue, appears to have used Durbin as an opportunity to eliminate
its free checking product, substantially increasing its revenue. In the best-case scenario, if there
is full pass-through of merchant savings, the result of Durbin is zero impact on consumer
welfare. With less than full pass-through, consumers lose from Durbin’s enactment.
In Figure 8 we turn to data from the Federal Reserve’s Survey of Consumer Finances to
ascertain the distribution of average checking account size by household income category.
Unsurprisingly, the data illustrates that wealthier households have higher average account
balances. This means that new account fees associated with Durbin are borne primarily by lowincome consumers, as their high-income counterparts typically maintain checking account
balances that place them above minimum balance thresholds to waive these fees.

While total checking account fees for banks are unreported, we can estimate this as: Number of accounts x Share
of Accounts that Pay Checking Fee x Average Fee.
27
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Figure 8: Incidence of Checking Account Fees by Income Category
Data from Survey of Consumer Finances showing checking account balances across income
categories.
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Specifically, more than 70 percent of consumers in the lowest-income quintile (annual household
income of $22,500 or less) fall below the average post-Durbin average account minimum
required to avoid a monthly maintenance fee ($1,400). Only 5 percent of consumers in the
highest-income quintile (household income of $157,000 or more) pay these fees.
A.5.b Impact on Credit Usage
Durbin capped debit rather than credit interchange rates, which increased banks’
incentive to encourage credit use, with higher and still-unregulated interchange rates. This is an
unintended and undesirable consequence of Durbin—credit is regarded by some as a riskier
payment instrument, because it combines financial transacting and consumer borrowing (BarGill 2004). Greater credit use can trap consumers in expensive cycles of debt. 28,29
Anecdotal evidence suggests banks ended debit rewards programs in response to Durbin
(Kerr 2015) and increased credit rewards, leading to greater credit card use (Alix and Wack 2017).
Credit usage (across all issuers) grew more in the three years following Durbin’s enactment than
in any other three-year period since 2000 (Federal Reserve Payments Study 2016).
To try and understand Durbin’s impact on consumer payment choice, we collect annual
data from 2009–2014 from The Nilson Report, a monthly newsletter on debit and credit card
statistics. Once a year, the Nilson Report provides credit and debit purchase volume for the
largest card issuers in the U.S. We collect annual purchase volume for the 100 largest credit and
50 debit card issuers and categorize them as “Durbin” or “non-Durbin” issuers. 30 Unfortunately,

Predecessor interchange regulation in Australia targeted credit rather than debit interchange fees precisely because
regulators hoped to push consumers toward use of debit cards, which they regard as safer because they decouple
financial transacting from consumer borrowing. Incidentally, earlier iterations of interchange regulation
contemplated capping credit interchange rates but were abandoned after extensive lobbying by financial firms.
29
Credit card usage of course has benefits as well, like providing valuable rewards for consumers and access to
fraud prevention services.
30
Issuers that are not bank holding companies having “missing” Durbin status.
28
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this leaves us with a very small sample; however, even this limited dataset we observe suggestive
evidence of a trend toward credit usage in the years following Durbin.
Figure 9 plots average growth rates of debit and credit purchase volume separately for
three groups of banks: (i) all Durbin banks; (ii) the five megabanks (Bank of America, Citigroup,
JP Morgan, Morgan Stanley, Wells Fargo, who together account for more than 50 percent of
total domestic deposits); (iii) non-Durbin banks. For each year in our sample (2009-2014), we
sum total credit and debit purchase volume for these issuers. We then compute the annual growth
rate in credit and debit usage as well as the annual growth rate in card usage overall (debit +
credit cards). 31 For Durbin banks, overall card use increases between 6-8 percent during our
sample period. However, this is driven by credit growth: debit usage actually trends downward in
the years following Durbin. For the largest banks, the increase in credit usage is most
pronounced. Debit growth falls from a peak of 10 percent in 2010 to just over 4 percent in 2014.
At the same time, credit growth more than doubles, increasing from 4 percent to 8 percent for
this subsample. Appendix Figure A4, we break out debit and credit growth rates separately for
each megabank. The increase in credit relative to debit usage is especially pronounced for JP
Morgan and Wells Fargo. This trend is distinct from debit and credit usage for non-Durbin
banks, which appear to move in the exact opposite direction. For this subgroup, debit growth
rates increase from around 8 percent per year to 15 percent, and credit growth rates fall. In
Appendix Table A5, we illustrate this result with a difference-in-difference-in-differences
specification. We compare credit and debit purchase volume for banks above versus below the
$10 billion threshold and find a large and statistically significant increase in credit usage by
customers of banks above the threshold following Durbin’s enactment.

31

2010 estimate is the change in credit and debit purchase volume relative to 2009, the first year in our sample.
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Figure 9: Impact of Durbin on Basic Checking Account Fees
Data from Nilson Report on annual credit and debit growth rates in years surrounding Durbin
(Largest banks include the five largest banks—Bank of America, Citigroup, JPMorgan Chase,
U.S. Bank, and Wells Fargo)

It is important to note that our data on non-Durbin banks is very limited since Nilson only
covers the largest credit and debit issuers, the vast majority of whom are well above the $10
billion Durbin threshold. Additional bank-level data, for example information on rewards
spending and advertising by banks, would be useful.
A.5.c Potential Impact on the Unbanked
Nearly 8 percent of Americans were unbanked in 2013, with nearly 10 percent of this
group becoming unbanked in the last year. Using data from the FDIC National Survey of
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Unbanked and Underbanked Households, in Table 11, we show that, immediately following
Durbin, there is a significant growth (80 percent increase relative to survey pre-Durbin) in the
share of the unbanked population that credits high account fees as the main reason for their not
having a bank account. Respondents in states most impacted by Durbin (those with the highest
share of deposits at banks above the $10 billion threshold) are most likely to attribute their
unbanked status post-Durbin to high fees (over 15 percent on those surveyed in the highest
Durbin tercile 32). The growth in the recently unbanked (those who had accounts previously but
closed them within the last year) is also highest in states with the most Durbin banks, where the
increase in account fees is most pronounced. It is plausible that at least some bank customers
respond to Durbin fee increases by severing their banking relationship and perhaps turning to
potentially more expensive alternative financial services providers such as payday lenders and
check-cashing facilities. Further work about the potential impact of Durbin on the unbanked is
warranted.

Appendix Figure A5 shows the distribution of Durbin deposits across U.S. states. Generally, there is a larger
concentration of Durbin deposits on the West and East coasts and far less Durbin presence in more rural areas.
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A.6

Conclusion
In the aftermath of the Great Recession, a host of price regulations targeted banks’ fee

revenue. The objective of these interventions was to increase overall consumer welfare by
decreasing costs for financial services and retail goods. Much of the empirical analysis on these
reforms has focused on the success of the CARD Act, whose limits on late fees and interest rate
hikes save consumers on the order of $12 billion annually. This success leads some to speculate
that concerns about regulatory “whack-a-mole” are overblown.
This paper adds to the debate about the efficacy of the post-crisis consumer financial
reform agenda by considering another price regulation, a cap on interchange fees on debit cards
issued by large banks, with over $10 billion in assets. Covered banks responded to this 25
percent decline in interchange revenue by doubling monthly maintenance fees on checking
accounts, decreasing the share of consumers with free checking accounts from 60 percent to 20
percent. While we find that gas retailers most helped by Durbin appear to decrease retail prices,
we find little evidence of across-the-board consumer savings.
The distributional aspects of Durbin merit additional consideration. Paradoxically,
Durbin encourages greater use of credit, a payment instrument that is more likely to increase
consumer indebtedness and one with historically higher interchange rates for merchants than its
debit counterpart. Additionally, following Durbin there is a growth in the share of consumers
who are unbanked and attribute their status to high bank fees. Although our data does not allow
us to trace individual consumers’ account closures, Durbin may well have pushed consumers out
of the traditional financial system and toward more costly alternatives. Our results caution that
well-intentioned regulatory intervention can fail to benefit consumers and have unintended
consequences.
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Appendix Table A2: Sample Coverage and RateWatch Coverage
Panel A2.A: Call Reports Sample Coverage
Sample Inclusion Criteria
Assets over
Interchange
Organic
$500m
Reported
Growth Only

Tabulation by Category
Assets ($B)

No

Branches

739

4.24%

16,454

20.59%

5,220

29.98%

9,088

11.37%

Yes

No

Yes

Yes

No

247

1.42%

2,103

2.63%

Yes

Yes

Yes

11,200

64.33%

52,253

65.40%

17,410

100.00%

79,898

100.00%

Panel A2.B: RateWatch Coverage
RateWatch sample includes fee-setting branches of BHCs with more than $500M in assets.
Subpanel A2.B1: Overall

Number of BHCs
Branches
Assets (billions $)

DurbinExempt
891
21,077
1,310

Total
954
63,444
14,900

DurbinCovered
63
42,367
13,600

Subpanel A2.B2: Present in RateWatch Data

Number of BHCs
Branches
Assets (billions $)

DurbinExempt
582
17,026
961,000

Total
628
58,512
11,000

DurbinCovered
46
41,486
10,100,000

Subpanel A2.B3: Present in RateWatch Data – as a fraction of overall

Number of BHCs
Branches
Assets

DurbinExempt
65.32%
80.78%
73.36%

Total
65.83%
92.23%
73.83%
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DurbinCovered
73.02%
97.92%
74.26%

Appendix Table A3: Impact of Durbin on Bank Fees, Difference-in-Differences,
Excluding Megabanks
This table reports results for DD specifications that compare pricing by bank branches above and
below the Durbin threshold prior to and following Durbin’s Q2 2010 passage. Specifically, we
estimate
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽𝑑𝑑 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑛𝑛𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡 .

We exclude branches of banks with more than $100B in assets (“megabanks”). Column name
includes dependent variable in each model. All are dollar values, except for “free,” which is
binary, with value 1 if branches offer $0 fee accounts to all customers, regardless of account size.
The regressions are run and reported separately for each product: basic checking, interest
checking, savings, and money market accounts.

Basic Checking
Post X Durbin
Q2 2010 avg.
Interest Checking
Post X Durbin
Q2 2010 avg.
Savings
Post X Durbin
Q2 2010 avg.
Money Market
Post X Durbin
Q2 2010 avg.
Branch FE
Year-Quarter FE

Fee
(1)

Free
(2)

Minimum
(3)

1.978***
(0.740)
3.583

-0.272***
(0.086)
0.571

-34.34
(137.8)
866.5

0.964
(0.597)
12.45

-0.0196
(0.012)
0.0124

333.3
(431.7)
196.3

0.757
(0.625)
4.397

-0.0295
(0.037)
0.0747

-13.37
(14.19)
312.1

0.881
(0.56)
3.677

0.295
(0.481)
10.59

-0.000194
(0.015)
0.0509

498.8
(386.0)
3316.3

0.533
(0.365)
8.083

Y
Y

Y
Y

Y
Y

Y
Y
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Withdrawal
(4)

Appendix Table A4: Impact of Durbin on Bank Fees, Difference-in-Differences,
Around $10B Durbin Threshold
This table reports results for DD specifications that compare pricing by bank branches above and
below the $10B threshold prior to and following Durbin’s Q2 2010 passage. Specifically, we
estimate
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽𝑑𝑑 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑛𝑛𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡 .

We exclude branches of banks with less than $5B and more than $30B in total assets. Column
name includes dependent variable in each model. All are dollar values, except for “free,” which
is binary, with value 1 if branches offer $0 fee accounts to all customers, regardless of account
size.
Fee
(1)

Free
(2)

Minimum
(3)

Q2 2010 avg.

1.426
(1.043)
4.343

-0.270*
(0.149)
0.523

124.8
(185.1)
729.1

R-squared
Observations

0.688
9,960

0.622
9,960

0.944
4,740

Basic Checking
Post X Durbin
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Appendix Table A5: Impact of Durbin on Consumer Payment Choice
This table considers how Durbin impacts the growth of debit and credit usage. The dependent
variable is log purchase volume. In columns 1 and 2, we report results from DD specifications
that compare credit and debit (respectively) purchase growth for banks above relative to below
the Durbin threshold before and after Durbin. Specifically, we estimate
Ln�𝑌𝑌𝑖𝑖,𝑡𝑡 � = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑛𝑛𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡

In column 3, we report results from a DDD specification that compares credit vs. debit purchase
growth for banks above relative to below the Durbin threshold. We estimate
Ln�𝑌𝑌𝑖𝑖,𝑡𝑡 � = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽𝑑𝑑 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑛𝑛𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝛽𝛽𝑐𝑐 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑖𝑖,𝑡𝑡 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡
+𝛽𝛽𝑐𝑐,𝑑𝑑 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑛𝑛𝑖𝑖 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑖𝑖,𝑡𝑡 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡

Durbin X Post

DD:
Credit
Volume
(1)

DD:
Debit
Volume
(2)

DDD:
Credit and
Debit
Volumes
(3)

0.125**

0.0401

-0.449*

(0.062)

(0.070)

Y
Y

Y
Y

70
0.975
566

41
0.973
366

Credit X Post
Durbin X Credit X Post
Bank FE
Year FE
Account FE
Bank Clusters
R-Squared
Observations

81

(0.268)
-1.382***
(0.296)
1.000***
(0.292)
Y
Y
Y
24
0.842
432
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Appendix Table A7: Market Power, Durbin Share, and Bank Pricing
In this table, we report results from a DD specification that examines the impact of competition
on free checking offered by non-Durbin banks before and after Durbin. Competition measures
are county-level HHI (column 1) and county share of deposits at banks above the $10B threshold
(column 2). These measures are standardized for ease of comparison and frozen prior to Durbin
(2008) to avoid endogeneity concerns. Specifically, we estimate
𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝜙𝜙𝑡𝑡 + 𝛽𝛽1 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 + 𝛽𝛽2 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡
HHI
HHI X Post
Share Durbin

(1)
-0.0221
(0.021)
0.0502**
(0.023)

Share Durbin X Post
Bank FE
Time FE
R-squared
Observations

Y
Y
0.673
37,401
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(2)

-0.00445
-0.0255
0.0028
(0.014)
Y
Y
0.670
37,401

Appendix Figure A1: HHI Variation across Counties
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Appendix Figure A3: Gas Interchange and Margins Coverage

86

Appendix Figure A4: Credit and Debit Purchase Volume Growth Rates, Large Banks
Data from Nilson Report on annual credit and debit growth rates in years surrounding Durbin
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Appendix Figure A5: Share of State Deposits at Banks Above $10B Durbin Threshold
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Appendix Figure A6: Regional Variation in Account Fees
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Appendix Figure A7: Checking vs. Savings Account Pricing for Durbin Banks
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Abstract
Since the financial crisis, there have been major changes in the regulation of large banks
directed at reducing their risk. Measures of regulatory capital have substantially increased;
leverage ratios have been reduced; and stress-testing has sought to further assure safety by
raising levels of capital and reducing risk-taking. Standard financial theories predict that such
changes would lead to substantial declines in financial market measures of risk. For major banks
in the United States and around the world and for midsized banks in the United States, we test
this proposition using information on stock price volatility, option-based estimates of future
volatility, beta, credit default swaps, price–earnings ratios, and preferred stock yields. To our
surprise, we find that financial market information does not bear out the predictions of financial
theory. Measures of volatility and risk premiums today are no lower and perhaps somewhat
higher than they were prior to the financial crisis.
We examine a number of possible explanations for our findings. While financial markets
underestimated risk prior to the crisis and regulatory measures of capital are flawed, we believe
that the most important explanation for our findings is the dramatic decline in the franchise value
of major banks. We highlight that the ratio of the market value of common equity to assets on
both a risk-adjusted and risk-unadjusted basis has declined significantly from the pre-crisis
period to the current period for most major banks. As a consequence, banks are more vulnerable
to adverse shocks. We argue for taking a dynamic view of capital that recognizes future profits
as a source of capital, and urge approaches to financial regulation supervision that will reliably
force rapid capital replenishment in difficult times—something that did not take place in the
United States in 2008 and is not taking place in Europe today.
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B.1

Introduction

Both within and outside the United States, reform of the financial system has been a central
priority since the 2008 financial crisis. Policymakers and political commentators alike have
heralded Dodd–Frank and Basel III as ushering in a new era of financial security. President
Barack Obama proclaimed on the five-year anniversary of the crisis, “Our financial system is
safer. . . . We put in place tough new rules on big banks” (Obama 2013). Federal Reserve
chairwoman Janet Yellen concurs, noting, “We have put in place numerous steps and have more
in the works that will strengthen these [financial] institutions, force them to hold a great deal of
additional capital, and reduce their odds of failure. . . . There will be much lower odds that a socalled systemic firm would fail, and should that occur, we will have better tools to be able to deal
with it” (Yellen 2014, p. 20).
At the heart of the regulatory reforms have been efforts to increase capital. Governor
Mark Carney of the Bank of England observes that Tier 1 capital ratios for systemically
important banks have more than doubled since 2009 and that capital requirements of the largest
U.K. banks are in fact 10 times higher than before the financial crisis (Carney 2016a,
2016b). And taking into account adjustments in the definition of bank risk in the aftermath of the
crisis, key officials such as Carney and Jaime Caruana, general manager of the Bank for
International Settlements, claim that properly risk-adjusted capital levels brought about by Basel
III for systemically important banks are seven times Basel II levels (Carney 2014; Caruana
2012).
According to standard financial theories, the idea that banks are better capitalized and
hold fewer risky assets has clear implications for the pricing of their securities. With less
leverage, bank equity should be less volatile, and there should be less market expectation of
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future volatility. Bank stocks should also be less responsive to movements in overall economic
conditions. As a consequence of reduced risk, the expected return on bank debt, bank preferred
stock, and common stock should be reduced. This last idea, that reduced riskiness should
translate into lower required returns on stock, is central to the influential arguments put forth by
Anat Admati and Martin Hellwig (2013) that increasing capital requirements promotes safety
without significantly raising overall capital costs.
In this paper, we use a range of financial market data to examine implicit market
judgments about the safety of banks. Any individual indicator is an imperfect proxy for financial
risk; however, looking at many different indicators enables an assessment of market beliefs. In
examining volatility, we focus on historical stock price volatility, expected volatility as implied
by traded options, beta—the standard measure of comovement with the market—and a measure
of contribution to systemic risk devised by Viral Acharya et. al (2017). In investigating expected
returns, we look at credit default swap (“CDS”) spreads as a measure of the riskiness of
unsecured bank debt, preferred stock yields, and price–earnings (PE) ratios as a proxy for
expected stock market returns.
We look at data for the “Big 6” U.S. banks—Bank of America, Citigroup, Goldman
Sachs, JPMorgan Chase, Morgan Stanley, and Wells Fargo—as well as the largest non-Chinese
banks outside the United States. We also consider a broader range of domestic banks, analyzing
the 50 largest U.S. banks outside the Big 6, as measured by total assets.
To our surprise, capital market information is at least superficially inconsistent with the
prediction that since banks are much better capitalized, their riskiness has declined and required
returns on their securities have come down. If anything, measures of volatility appear to be
higher post-crisis than they were pre-crisis, and measures of expected returns are higher as well.
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These tendencies are even stronger outside the United States, perhaps reflecting greater
regulatory progress in the United States.1 They are about equally pronounced for the Big 6 banks
and for midsize banks; and they are strongest for the smallest banks in our sample, a finding that
is perhaps unsurprising, given that much greater regulatory effort has gone into reducing risk in
large banks.
We examine a number of possible explanations for our anomalous findings. It is plausible
that markets underestimated risks in the immediate pre-crisis period. We find some evidence for
this in our paper, although the current measures of volatility and beta remain elevated even
relative to earlier periods. We suspect that measures of regulatory capital are flawed as measures
of economic capital. Thus, properly measured capital may have increased less than regulatory
capital measures, and this may account for part of what we find.
One important explanation for our findings is that the franchise value of banks has
substantially decreased in the wake of the financial crisis. This is reflected in sharp declines in
the ratio of price-to-book value for most banks in our sample. Essentially equivalently, the ratio
of the market value of equity to assets has declined on a risk-adjusted or risk-unadjusted basis for
most banks. With a lower level of equity relative to assets, it is not surprising that volatility has
gone up or that the riskiness of bank debt has increased. Critically, a lower ratio of market value
of equity to total assets for a bank means that the proportional loss on assets sufficient to cause
insolvency has decreased.
Our results do not call into question the desirability of the increases in capital that have
been mandated by post-crisis regulations. Indeed, we suspect that without increases in capital
requirements, levels of volatility would have increased even more than we observe. But they do
counsel against complacency and highlight future policy challenges. We argue that the risk of
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insolvency for major banks may not have been reduced as much as is generally supposed. In
some cases, there may be a case for increasing capital requirements. But we believe that more
effective than increasing capital requirements will be steps to assure prompt response to
situations where markets suggest capital shortfalls. Such steps were not taken in the first half of
2008 in the United States and do not appear to be in place in Europe today. While the issue of
bank runs on healthy institutions—the idea that a bank can be illiquid without being insolvent—
has received much attention, we direct attention to the notion that banks can be insolvent without
being illiquid.
This paper is organized as follows. Section I motivates our risk measures and evaluates
the expected effect of a substantial increase in bank capital on these measures. Section II
discusses our data sources. Section III presents results for these risk measures for the six major
U.S. banks. Section IV considers a broader range of domestic banks. Section V presents
corresponding results for international institutions. Section VI considers a number of possible
explanations for our findings and focuses attention on the ratio of the market value of equity to
assets as a crucial risk measure. Section VII concludes by discussing remaining uncertainties,
issues for further research, and possible policy implications
B.2

Review of Risk Measures

The standard frameworks used in bank regulation and supervision place little emphasis on the
pricing of bank liabilities and bank equity in evaluating the riskiness of banks. These frameworks
are the basis for assertions that the financial system has become far safer.
It is noteworthy that, as Jeremy Bulow and Paul Klemperer (2013, 2015) and Andrew
Haldane (2014) point out, measures of regulatory capital have historically not had much
predictive power for bank failures.
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Bear Stearns, Wachovia, Washington Mutual, Fannie Mae, and Freddie. Mac were all seen by
their regulators as well capitalized immediately before their failures. In fall 2008 testimony
before the House Committee on Oversight and Government Reform, chairman of the U.S.
Securities and Exchange Commission Christopher Cox stated:
The rapid collapse of Bear Stearns during the week of March 10, 2008,
challenged the fundamental assumptions behind the Basel standards and the
other program metrics. At the time of its near-failure, Bear Stearns had a capital
cushion well above what is required to meet supervisory standards calculated
using the Basel framework and the Federal Reserve’s “well-capitalized” standard
for bank holding companies. The fact that these standards did not provide
enough warning of the near-collapse of Bear Stearns, and indeed the fact that the
Basel standards did not prevent the failure of many other banks and financial
institutions, is now obvious. (Cox 2008)
Relatedly, Lehman Brothers was more than adequately capitalized on paper—with a Tier 1
capital ratio of 11.6 percent—shortly before its 2008 bankruptcy (Johnson and Kwak 2010). The
average Tier 1 capital ratio of the Big 6 prior to the crisis (8.4 percent) was well below that of
Lehman Brothers immediately before its collapse. And banks that eventually failed or were
major beneficiaries of government funds through the Troubled Asset Relief Program (TARP) did
not even restrict dividends during the crisis epoch—Lehman Brothers announced a 13 percent
increase in its dividends and a $100 million share repurchase in January 2008, Citigroup waited
until November 2008 to cut its dividends, and Wells Fargo and JPMorgan Chase, who received
TARP capital in the fall of 2008, did not cut dividends until the spring of 2009 (Acharya et al.
2009).
In contrast, the pricing of the equity and debt securities of these financial institutions was
signaling distress. Dramatic stock price declines for large U.S. financial institutions began well
before Bear Stearns collapsed in the spring of 2008 (Gehrig 2016). It therefore seems worthwhile
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to use information on bank security prices in evaluating their safety. In this section, we review
the risk measures we use to evaluate the impact of regulatory changes on systemically important
banks. We also explain the anticipated impact of increased capital requirements on these
measures. For robustness and in order to assess what factors are behind movements in risk, we
look at a variety of indicators.
B.2.a Volatility
Standard financial theory holds that reductions in leverage or equivalently increases in
capital should lead to declines in volatility. William Schwert (1989) models the relationship
between stock volatility and leverage. He notes that the variance of the return on assets of a firm
is given by
𝑆𝑆
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with σ𝑣𝑣𝑣𝑣 2 as the variance of the return on the assets of a firm, σ𝑠𝑠𝑠𝑠 2 as the variance of the

returns of the stock, and σ𝑏𝑏𝑏𝑏 2 as the variance of the bond returns, and cov(𝑅𝑅𝑠𝑠𝑠𝑠 , 𝑅𝑅𝑏𝑏𝑏𝑏 ) as the

covariance of the bond and stock returns. Again assuming a firm with riskless debt implies
σ𝑏𝑏𝑏𝑏 2 = cov(𝑅𝑅𝑠𝑠𝑠𝑠 , 𝑅𝑅𝑏𝑏𝑏𝑏 ) = 0

We are left with the standard deviation of stock returns as
σ𝑠𝑠𝑠𝑠 = σ𝑣𝑣𝑣𝑣 �

𝑉𝑉𝑡𝑡−1
�
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V/S is the financial leverage ratio—the ratio of assets to equity. Thus, the relationship
between stock volatility and leverage is linear, with a slope equal to the volatility of the return on
firm assets. If effective leverage has been reduced by regulatory changes in a way that has not
been offset by an increase in the volatility of bank assets, one would expect to see the volatility
of bank equity go down.
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The assumption of riskless debt above is justified based on Malcolm Baker and Jeffrey
Wurgler (2015), who study the relationship between beta and leverage. Replicating their
methodology for our sample, we estimate an asset beta of approximately 0.081 in the cross
section. Since asset beta must mechanically be higher than debt beta, like Baker and Wurgler, we
conclude that the zero estimate for debt beta is a reasonable one. 33
In reality bank debt is not riskless and fluctuates in value with bank assets; and banks
sometimes of their own volition or at the behest of regulators raise equity, creating a wedge
between movements in stock prices and movements in the total market value of equity. For all
these reasons the relationship between leverage and volatility is not likely to be perfectly linear.
Nonetheless it is reasonable to expect that if banks have become materially safer and if they are
less levered that their equity volatility should go down.
Note that the risk of insolvency is closely related to volatility. Banks fail when their
equity value falls below zero or some threshold close to zero. Leaving aside the possibility of
new equity issues, the likelihood of reaching this threshold depends on their volatility. If one
assumes that dollar volatility is constant as the value of equity declines (implying a proportional
increase in percentage volatility), then the probability of the stock price reaching zero over a
given interval is readily calculable. Suppose, for example, that a bank has 30 percent annualized
volatility. Then leaving aside expected appreciation in its stock, it would require a 3.33 standard
deviation move in one year for its equity to go to zero, or a 1.67 standard deviation move in four
years. 34

33
This is slightly above Baker and Wurgler’s (2015) estimate of 0.074, which is likely related to the difference in
our samples—Baker and Wurgler consider all domestic bank holding companies, while we restrict our attention to
the largest ones. We discuss Baker and Wurgler (2015) more extensively below.
34
This basic back-of-the-envelope calculation assumes new equity will not be issued as banks begin to fail.
Measures we discuss below (like CDS spread and preferred stock yields) take into account the market’s assessment
of the likelihood of dilutive equity issuances in times of distress.
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Many will suspect that markets now expect that banks are less likely to be bailed out than
previously. We are not sure whether this is a valid suspicion nor whether markets have it. But
most regulators have been focused on reducing the likelihood that a bailout will be needed as
opposed to taking the kind of actions that make it credible that a bailout will not be provided in
bad times. Equity volatility along with debt risk premiums suggest we should have concerns
about this approach.
One issue with volatility as a measure of risk is that it does not benchmark naturally
against changes in the market. An increase in volatility could reflect overall changes in investor
sentiment about the market rather than specific beliefs about the large banks we study. As such,
we also construct a relative volatility measure—dividing the volatility of our large banks by the
volatility of the S&P 500—and use this relative volatility measure to study the impact of
financial reform on market assessments of bank risk.
B.2.b Implied Volatility
Volatility can be measured using historical stock price data or inferred from options data,
and the latter exercise allows us to ascertain the market’s expectation of future volatility. Bent
Christensen and Nagpurnanand Prabhala (1998) find that implied volatility outperforms
historical volatility in predicting future volatility; and Charles Cao, Fan Yu, and Zhaodong
Zhong (2010) come to the same conclusion, noting that implied volatility is a better predictor of
CDS spreads than realized volatility because information about the volatility risk premium is
embedded in option prices. 35 Thus, for completeness, we use both realized and implied volatility
as risk measures—along with relative realized and implied volatility benchmarked against the
S&P 500—and study their responsiveness to decreases in banks’ leverage.
Note that their analysis is not specific to bank CDS spreads, which are slightly distinct from CDS spreads,
generally because bailout probabilities are embedded in these spreads for large financial institutions.

35
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B.2.c Out-of-the-Money Put Option Delta
As we have noted, the solvency of a bank has to do with the chance of its equity value
going to zero. This may be better reflected in the valuation of out-of-the-money (OTM) options
than in either observed volatility or the volatility implicit in at-the-money options. For an analysis
of low-probability catastrophes and option pricing, see Robert Barro and Gordon Liao (2016).
Given that bank stock prices—and relatedly, volatility—can and do move frequently, it is
instructive to look at OTM deltas as reflecting the likelihood of low-probability major
movements in stock price. To examine major event risk, we note that the absolute value of the
option delta is the market assessment of the probability of the option ending up in the money
(Gunn 2009). As such, we calculate the delta on a one-year, 50 percent OTM put option to
ascertain the probability of a major fall in stock price in the next calendar year and use this delta
as a supplemental risk measure.
In order to calculate the delta of a 50 percent OTM put option, we take the most OTM put
option (with more than two months to expiration) on each day in the pre-crisis and post-crisis
periods. 36 We use the implied volatility on these far OTM options to calculate an annual average
implied volatility, and we follow the Black–Scholes model (Pacati 2013) to compute a delta on
an exactly 50 percent OTM option with one year to expiration. 37
Since a decrease in leverage should decrease the likelihood of default, we expect
increased capital requirements to decrease (in absolute value terms) the OTM put delta. More
simply, if banks are safer, the market assessment of the probability that they will lose half their
equity value in the next year should go down.

Volatility differs across different classes of options, and here we focus on the volatility of those far OTM put
options that are related to the likelihood of a large decline in equity value.
37
We use daily data on risk-free rates from a 12-month Treasury bill, and add in dividend yield data for our banks.
We use the Black–Scholes model to compute option deltas. Dividend yield data are available quarterly.
36

102

B.2.d Beta
The volatility of a bank’s equity may reflect news about its particular position or the
quality of its management. An alternative way to get at the extent to which a bank is levered is to
look at the response of its value to moves in the overall market, as reflected in its beta.
Baker and Wurgler (2015) seek to understand the impact of stringent capital requirements
on the cost of capital. They focus on beta as a measure of equity risk and discuss the impact of
bank leverage on firm beta. We adopt their framework in considering the impact of a decrease in
banks’ leverage on equity betas. Arithmetically, we know that the following relationship holds
for equity, debt, and asset beta:
βa = 𝑒𝑒βe + (1 − 𝑒𝑒) βd

With βa as asset beta, βe as equity beta, βd as debt beta, and e as the ratio of equity to total
assets. 1/e is the inverse capital ratio, equivalent to Schwert’s V/S above. We again assume that
the riskiness of bank assets is constant, that is, that βa has not changed. When Baker and Wurgler
(2015) rearrange the above and assume riskless debt, they conclude that, like volatility, the
relationship between beta and leverage is linear, with a slope equal to the asset beta.
Baker and Wurgler verify that this relation holds true to a substantial extent in the crosssection. 38 We replicate their results using our data on large and midsize domestic banks. We
compute forward beta following their methodology, by regressing a minimum of 24 months and
a maximum of 60 months of future holding period returns on the value-weighted market returns
produced by the University of Chicago’s Center for Research in Security Prices (CRSP), both in

Baker and Wurgler (2015) find an approximately linear relationship between leverage and bank beta using returns
and capitalization data for nearly 4,000 publicly traded banks or holding companies that appear in CRSP between
1970 and 2011.
38
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excess of the riskless rate. As a measure of leverage, we use the quarterly Tier 1 leverage ratio
from bank call reports.
Figure 10 presents the relationship between bank beta and leverage in our cross section. 39
Like Baker and Wurgler (2015), we see that this relationship is linear over most of the range of
leverage, with a slight S-shape that Baker and Wurgler attribute to the inclusion of what they call
“extreme levels” of leverage in the sample.

Figure 10: Beta and Bank Leverage
Sources: authors’ calculations, bank call reports, Bloomberg.
Following Baker and Wurgler (2015), the dependent variable is forward beta,
and the independent variable is the ratio of total risk-based capital to Tier 1
capital. The data set contains more than 6,000 bank-months. We report results
from local polynomial regressions using an Epanechnikov kernel with 20 bins
and a smoothing interval of 0.1.

39
Although we present only the results for the local polynomial regression in Figure 10, we note that since our
sample is much smaller than Baker and Wurgler’s (only about 6,000 bank-months, versus their sample of more than
74,000), nonparametric analysis may be ill suited here. While we find this visual powerful, we also run a basic
regression of beta on leverage. The results show a positive and statistically significant relationship; and, when we
suppress the constant, which corresponds to Baker and Wurgler’s assumption of riskless debt, we have a point
estimate of 0.081 for asset beta, very close to Baker and Wurgler’s estimate of 0.074.
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These cross-sectional results confirm the idea that beta should fall with leverage. In this spirit,
we look at movements over time in bank betas to reach a judgment about their degree of
effective leverage.
B.2.e Default Credit Swap Spread
The CDS spread is the annual cost of protection against a default by a company. CDS
spreads should rise with leverage, as the probability of default is increased as firms become more
levered (Collin-Dufresne, Goldstein, and Martin 2001). Consequently, all else equal, the
increased capital requirements in the wake of the financial crisis should have decreased CDS
spreads.
More generally, if banks are now less likely to fail, their CDS spreads should be lower.
There is, of course, the possibility that CDS spreads move not because of changes in bank
riskiness but because of changes in the probability of a government bailout. That is why we
examine them, as described above, alongside option-based estimates of the probability of a large
decline in bank stock prices. If CDS spreads were rising only because of a reduction in the
prospect of a government bailout, one would not expect to see simultaneous increases in the
probability of a large drop in stock prices.
B.2.f Price-Earnings Ratio
Raghuram Rajan (2005) compares the PE ratios of banks in the United States relative to
the market and proposes that the declining relative PE ratios imply that the market discounts
bank earnings with an increasing risk premium. He suggests this as evidence that (at the time)
banks had not become less risky as the result of global financial development in the prior three
decades.
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We follow Rajan (2005), but focus on a different epoch. We compare bank PE ratios
relative to the S&P 500 in the pre-crisis versus post-crisis periods and expect that an increase in
bank capitalization should decrease risk—and thus increase relative PE ratios.
B.2.g Preferred Stock Price and Yields
Relatedly, we examine the pricing of preferred stock both before and after the Great
Recession. Preferred stock is a layer of capital that is junior to debt, and its holders are entitled to
a fixed or floating (indexed to the London Interbank Offered Rate, LIBOR) dividend whose
payment takes priority over dividend payments to common shareholders. Preferred stock has a
unique feature of being callable, meaning its holders can be bought out, if the firm decides that
the payout (or stream of future payouts) is large relative to the value of the share.
Since preferred stock has debt-like features, we can infer from the price of these shares
how the market perception of bank risk has evolved in the aftermath of the Great Recession.
Given that long-term riskless rates have declined substantially since the pre-crisis period, we
would expect that if banks are no riskier today (or even less risky, given the large influx of
capital as a result of post-crisis regulation), preferred shares should be selling for substantially
more today than they were in the pre-crisis period. We would also anticipate that yields on
preferred stock should have declined in the aftermath of the crisis and that yields on new
preferred stock issuances should be low.
B.2.h

Systemic Risk
Acharya et al. (2017) focus on a new definition of a firm’s systemic risk. They define

systemic risk not in terms of the likelihood of an individual financial firm’s failure, but rather by
the likely size of a firm’s contribution to a system-wide failure. Their systemic risk measure is
equal to the product of three components: (i) the real social cost of a crisis per dollar of capital
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shortage; (ii) the probability of a crisis; and (iii) the expected capital shortfall of the firm in a
crisis.
They compare their measure with standard measures of institution-level risk, such as
volatility and beta, and find that while these standard measures do a relatively poor job of
predicting which institutions fare worst in a crisis, their systemic risk measure explains a high
proportion of realized returns during the Great Recession. Thus as an additional financial market
indicator of bank stability, we examine whether Acharya et al. (2017) measure reflects a decline
in systemic risk since the financial crisis.
B.3.

Data Sources
The data we use in this paper are derived from numerous financial databases.

B.3.a

Domestic Data
We collect daily data on beta and historical volatility from Bloomberg. To compare

historical volatility with market volatility, we divide by market volatility for each day. 40 Market
volatility is given by the realized volatility of the S&P 500. To compute annual averages, we take
the average of the prior 260 trading days’ volatilities.
We collect daily data on implied volatility from Bloomberg as well. The implied
volatility is the annualized volatility on the nearest contract, which generally will be expiring
within the next 30 days. As with historical volatility, to compare implied volatility with market
volatility, we divide by market volatility each day. 41 Market implied volatility is given by the
Chicago Board Options Exchange’s Volatility Index (“VIX”), a measure of the implied volatility
of S&P 500 stock index option prices.

40
41

We also subtract out market volatility, yielding similar results. These are available upon request.
As above, results are comparable when we subtract out market volatility.
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We collect CDS data from S&P Capital IQ. We use price data for a five-year tenor. The
systemic risk metric of Acharya et al. (2017) is from New York University’s Volatility Institute.
We compute our financial ratios using data from the Center for Research in Security
Prices, Compustat, and Bloomberg. The PE ratio is daily stock price (from CRSP) divided by
earnings per share (from Compustat). Price-to-book data come from Bloomberg. The ratio of
market value of equity to assets is computed as the multiple of price and shares outstanding
(from CRSP), divided by assets data (from Bloomberg). Information on preferred stock offerings
and daily price data comes from the New York Stock Exchange’s online database.
B.3.b International Data
We collect daily data on beta, CDS spreads, and price-to-book ratios from Thompson
Reuters Datastream. We calculate international betas relative to the country index for each of our
financial institutions. We get data on firm volatility and implied volatility from Bloomberg, and
match this with country volatility42 and country implied volatility indexes 43 also from
Bloomberg.
Bloomberg LIVE provides us with implied volatility data for our international financial
institutions. The LIVE calculator uses listed option market data to generate implied volatility
figures. Specifically, it weighs the nearest two option series that are at-the-money, one above and
one below the underlying price. 44

Because of data availability, we benchmark banks in the Netherlands, Sweden, and Denmark against European
realized volatility indices rather than country-specific ones.
43
Because Australia, Brazil, and Canada only recently added implied volatility indexes, in these countries we
benchmark against the U.S. VIX. We benchmark banks in Denmark, France, Italy, the Netherlands, Spain, Sweden,
and Switzerland against a European implied-volatility index because country-specific data are not available. We
believe this is a reasonable approach, given the extremely high correlation between the various country-specific
indexes and regional ones. See Liu (2012).
44
Reuters uses a similar methodology: “The Datastream calculations take into account the at-the-money implied
volatility interpolated between one strike above and one below the underlying price” (Thomson Reuters 2008, p. 16).
42
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B.4

Summary of Results
In Table 12, we summarize the results for each of the risk measures. We compare the pre-

crisis period (typically from 2002 to 2007) with the post-crisis period (typically from 2010 to
2015), and we seek to determine how the risk profile of our financial firms has evolved in the
aftermath of the crisis. We exclude 2008 and 2009 from our sample based on the National
Bureau of Economic Research’s (NBER’s) classification of the Great Recession, which officially
began in December 2007 and ended in June 2009. 45 We begin our pre-crisis period in 2002, also
following the NBER, in efforts not to contaminate our pre-crisis period with previous cyclical
downturns. Before the Great Recession, the last official recession began in March 2001 and
ended in November 2001. Our estimates are robust to defining “crisis” as July 2007 to December
2008, following Acharya, et al. (2009), or as January 2007 to September 2008, following David
Erkens, Mingyi Hung, and Pedro Matos (2012), although past work has also used December
2007 as the starting date for the Great Recession (Elsby, Hobijn, and Sahin 2010; Katz 2010).
The top panel of Table 12 provides the results for the Big 6 U.S. banks, the middle panel
provides the results for the midsize U.S. banks (by total assets, excluding the Big 6), and the
bottom panel provides the results for the largest banks outside the United States and China.

We extend our crisis period through December 2009, but results are even stronger when the second half of 2009 is
included in our post-crisis period, as per the NBER’s classification. We exclude the second half of 2009 from the
post-crisis period because we do not want to capture any of the residual impact of the Great Recession. We also
favor a more conservative estimate of bank risk in the post-crisis period.
45
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Table 12: Summary of Bank Data

Big 6 U.S. Banks
Volatility
Ratio of bank volatility to market volatilitya
Implied volatilityb
Ratio of implied bank volatility to implied market volatility
Option deltac
Beta
CDS spreadd
Ratio of bank PE ratio or market PE ratioe
Preferred stock pricef
Systemic risk contribution (percent)
Midsize U.S. Banks
Volatility
Ratio of bank volatility to market volatilitya
Implied volatilityb
Ratio of implied bank volatility to implied market volatility
Beta
CDS spreadd
Ratio of bank PE ratio or market PE ratio
International Banks
Volatility
Ratio of bank volatility to market volatilitya
Implied volatilityb
Ratio of implied bank volatility to implied market volatility
Beta
CDS spreadd

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

24.70
1.55
22.90
1.91
0.036
1.18
31.85
0.67
24.97
4.76

33.47
1.78
30.77
2.14
0.074
1.61
140.63
1.22
20.25
8.25

20.67
1.17
22.96
1.61
0.046
1.23
93.58
0.68
20.74
7.68

25.54
1.68
25.62
2.15
0.96
23.02
0.79

30.11
1.66
32.06
2.31
1.29
94.00
0.75

21.61
1.78
26.79
1.91
1.05
67.91
0.73

26.55
1.52
22.10
1.36
0.80
13.66

32.73
1.72
31.36
1.50
1.07
129.13

25.57
1.43
27.27
1.36
0.99
103.66

Sources: Acharya et al. (2017), Bloomberg, Capital IQ, CRSP, Datastream, New York Stock Exchange online
database, Volatility Institute
For domestic comparisons, we use the market return of the S&P 500 and the standard deviation of the daily
return over 260 trading days to approximate an annual average. For international comparisons, we use local
indexes except for banks in Denmark, the Netherlands, and Sweden; we benchmark volatility of banks in these
countries against the European index.

a

The earliest implied volatility data are available in 2005. For domestic comparisons, we use the U.S. VIX. For
international comparisons, indexes are scarce; as such, we benchmark against a European implied-volatility
index except for Australian, Brazilian, and Canadian banks, which we compare to the U.S. VIX.

b

This is the delta on a one-year, 50 percent OTM put option. Monthly option data are available only through
June 2015, so we use the 2014 average as the most recent annual measure.

c

d

The earliest CDS data available are from February 2004. These are the data for a five-year tenor.

e

We follow Rajan (2005) and examine the bank PE ratio as a percentage of the S&P 500 PE ratio.

There are only three banks in our sample—Bank of America, Goldman Sachs, and Morgan Stanley—with
floating-rate preferred stock dating back to the pre-crisis period.
f
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Figure 11 illustrates how several of our risk measures have evolved over time for the Big
6 banks, midsize domestic banks, and international banks. We see that while risk beta, volatility,
and CDS spread peaked during the Great Recession, these measures remain elevated in the postcrisis period. Our preferred specification involves comparing the pre-crisis period with the most
recent 2015 crisis measures, where our baseline results continue to hold.
We find that, based on virtually all of our measures, firms have become more risky in the
post-crisis epoch. At least superficially, capital market measures are inconsistent with the notion
that banks have become safer as a result of enhanced regulation in the form of higher capital
requirements. Below, we discuss specific results for each of our risk measures. We first provide
results for the Big 6, and then look at a wider range of U.S. financial institutions and
international banks to further bolster our baseline results.
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Figure 11: Changes in Risk Measures, 2002–15
Sources: Bloomberg, Capital IQ, Datastream.
The shaded regions indicate crisis years, 2008–09 in our sample.
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Figure 11 (Continued): Changes in Risk Measures, 2002–15
Sources: Bloomberg, Capital IQ, Datastream.
The shaded regions indicate crisis years, 2008–09 in our sample.
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Figure 11 (Continued): Changes in Risk Measures, 2002–15
Sources: Bloomberg, Capital IQ, Datastream.
The shaded regions indicate crisis years, 2008–09 in our sample.

114

B.4.a Volatility
We expect that volatility decreases with decreased leverage, and consequently
hypothesize that volatility is lower in the post-crisis period. However, looking at the Big 6 banks,
we find that this is not the case. Particularly, in Appendix Table B1, panel B1.1, we see that
volatility has risen in the aftermath of the financial crisis, and this rise is not explained by the
increased volatility of the market as a whole (see panel B1.2 and the discussion below). 46
Although banks differ in their relative increases in volatility (with the most significant jumps for
Bank of America, Citigroup, and Wells Fargo, which parallels the beta results described below),
all six of our major banks have experienced some increase in volatility in the post-crisis period.
It is perhaps more sensible, however, to compare volatility in 2015 with volatility in the
pre-crisis period. If it is the case that it took time for capital to accumulate and the market to
grasp the implications of the new wave of financial reforms; or if in 2010 the effects of the crisis
were still weighing heavily on the financial sector, then perhaps we should not be surprised that
we see elevated volatility in the post-crisis period. Consistent with this hypothesis, volatility has
been falling in the aftermath of the Great Recession, and the most recent average (20.67) is
substantially below the pre-crisis estimate of 24.70. Note, however, that the most recent volatility
measure for Bank of America (23.21) remains substantially above the pre-crisis estimate of
19.70.
The average Tier 1 capital ratio for the Big 6 banks has risen from 8.4 percent pre-crisis
to 13.3 percent post-crisis, so the inverse capital ratio (1/e) discussed above has fallen from 11.9
to 7.5. Average volatility for the Big 6 in the pre-crisis period is 24.70. Thus, we would expect

In the Appendix tables, we also include a weighted mean (which is the average for our risk measures weighted by
banks’ market capitalization). Focusing on the weighted mean rather than the raw mean does not meaningfully
change our results. The online appendixes for this and all other papers in this volume may be found at the Brookings
Papers web page at www.brookings.edu/bpea, under “Past BPEA Editions.”
46
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average volatility in the post-crisis period (after Tier 1 ratios have increased) to be 15.60. This is
not what we observe. Volatility is still significantly higher in 2015 (Big 6 average of 20.67) than
we would have predicted given the capital increases of these large banks.
One possible explanation for our volatility results is that we are capturing changes in
market volatility. That is, it is possible that bank volatility has not moved much, despite increases
in capital requirements, but bank volatility relative to market volatility reflects greater stability in
the financial sector. This possibility explains why beta, which is a measure of volatility with
respect to the market, is perhaps a more meaningful risk measure for our analysis.
If market volatility has increased but bank volatility has remained constant, then we
would expect that when we net out the market effect, we should see a decrease in volatility. We
test this hypothesis in Appendix Table B1, panel B1.2, by dividing bank volatility by the
volatility of the S&P 500. We see that 2015 relative volatility is actually significantly higher than
relative volatility in the pre-crisis period—Big 6 banks were on average 1.55 times as volatile as
the market before the crisis; now they are 1.78 times as volatile.
B.4.b Implied Volatility
Like historical volatility, we anticipate that future volatility, as implied by option prices,
will decrease as a result of heightened bank regulations, and particularly higher capital
requirements. We find this too is not the case. In Appendix Table B1, panel B1.3, we see that
implied volatility increases for all the Big 6 banks in the post-crisis period. Unfortunately, our
implied volatility data are available beginning only in 2005, so we are not fully able to compare
the pre-crisis and post-crisis periods. Again, given the fact that (i) capital took time to
accumulate, and (ii) 2010 was still fairly close to the financial crisis’s conclusion, it is more
sensible to benchmark against the most recent measure. When we compare 2005–07 with the
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most recently available 2015 implied volatility data, we see that implied volatility has barely
changed, moving from a pre-crisis average of 22.90 to a 2015 average of 22.96.
In Appendix Table B1, panel B1.4, we divide bank volatility by the VIX, which provides
a measure of the implied volatility of S&P 500 index options. 47 Relative to the market, implied
volatility has fallen when compared with the pre-crisis measure, from an average of 1.91 in the
pre-crisis period to 1.61 in 2015. However, this decrease is much smaller than what standard
theory would have predicted. Based on the corresponding increase in capitalization, we should
have seen bank implied volatility divided by market volatility fall from 1.91 pre-crisis to 1.20
post-crisis. The actual drop was of less than half this magnitude.
Volatility provides us with a crude proxy for a firm’s susceptibility to bankruptcy. The
implication of our volatility results is that default risk has not meaningfully changed in the postcrisis period relative to the pre-crisis period. Specifically, in both the pre-crisis and post-crisis
periods, our banks appear to be about a 5-sigma move away from default in the next year (based
on implied volatility estimates).
B.4.c Out-of-the-Money Put Option Delta
To get a proxy for the likelihood of a major drop in stock prices, we took the delta of a
deep OTM option with one year to expiration.
If the financial system has become far safer, then we would expect the probability of
major declines in stock prices to have fallen since the Great Recession. 48 Appendix Table B1,
panel B1.5, makes clear that this is not the case. Before the crisis, the probability of a 50 percent
fall in stock price in the next year was around 3.6 percent. In the post-crisis era, this has

The results are similar when we subtract market volatility instead of dividing by it, and are available upon request.
As with CDS spreads (discussed below), it is important to keep in mind that these are risk-neutral probabilities
and not objective measures (Sinclair 2010).
47
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increased to an average of 7.4 percent. Deltas have fallen since the peak of the crisis, suggesting
that the more stringent regulatory requirements are having an impact on market assessments of
the likelihood of financial sector crashes; however, even comparing the most recent measure
with the pre-crisis period, deltas remain elevated; the most recent value is 4.6 percent—relative
to the pre-crisis mean of 3.6 percent.
These probabilities refer to the chance of a 50 percent decline over exactly one year.
Option theory suggests that the probability of at least a 50 percent decline at some point within
the year is much higher. And there is the further point that the chance of a large decline over a
period of several years is of course much greater.
B.4.d Beta
We also look to beta to help us understand how bank risk has evolved. Using the logic of
Baker and Wurgler (2015), we hypothesize that the decrease in leverage as a result of Dodd–
Frank and other regulatory changes implemented in the aftermath of the crisis should have
lowered bank betas. We know that this relationship between beta and leverage holds true in the
cross section for our banks. However, in Appendix Table B1, panel B1.6, we see that for each of
the Big 6 banks, beta has actually increased in the aftermath of the Great Recession. And this
increase is not a by-product of the “early” post-crisis period, before the impact of increased
regulation was fully realized. Although bank betas have been falling since the crisis, they have
yet to dip below pre-crisis levels. In fact, average beta today for these banks is 1.23, slightly
above the pre-crisis estimate of 1.18. For half the Big 6 (Bank of America, Citigroup, and Wells
Fargo), 2015 beta remains above the pre-crisis estimate.
To understand how these bank betas differ from our expectations, it is helpful to recall
Baker and Wurgler (2015), who note that the relationship between leverage and beta is given by
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1

βe = 𝑒𝑒 βa

For our domestic data, taking the average equity beta for the Big 6 in the pre-crisis period
(1.18) based on the decrease in leverage, we can impute that our average beta in the post-crisis
period should have fallen to approximately 0.75. This is clearly not what we observe, as in 2015
average beta was 1.18.
B.4.e Credit Default Swap Spread
CDS spreads reflect the cost of insurance against a default. Hence, all else equal, CDS
spreads should fall as risk (and thus the probability of default) falls. 49
However, we find that CDS spreads have risen significantly in the aftermath of the crisis
(Appendix Table B1, panel B1.7). Although the CDS spread for the S&P 500 has increased as
well, the spread increase for each of the Big 6 firms is of a significantly higher magnitude. This
increase is most pronounced for Bank of America and Citigroup. Even focusing on the most
recent 2015 measure (rather than the post-crisis period), to allow for the impact of increased
capital accumulation to be reflected in CDS spreads, these spreads today remain about three
times higher than they were in the pre-crisis period.
Note, however, that it is not clear how we should think about CDS spreads in the context
of concerns about banks being TBTF and the evolution of the government’s bailout regime. It is
possible that CDS spreads have risen because, although firms are better capitalized, they are less
likely to be bailed out—and thus the probability of default has actually increased. This is how
some in the regulatory community, including Janet Yellen (2016), have interpreted our results.
We would still hypothesize that CDS spreads should have decreased as leverage decreased;
It is worth noting that CDS spreads reflect risk-neutral probabilities, so we should be careful when we suggest that
we can infer the probability of a bank’s likelihood of default from its CDS spread. While the objective likelihood of
default is lower than the probability implied by the CDS spread, the risk-neutral probability reflects the fact that any
default will occur in a high-marginal-utility state.
49
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however, we note that option-based estimates of the probability of a large decline in stock prices
are perhaps better measures of risk because they do not depend on how the bailout regime has
evolved.
B.4.f Price-Earnings Ratio
Rajan (2005), in his contemplation of whether financial development had in fact made the
world riskier, presents as evidence for his thesis the fact that the PE ratios of banks in the United
States relative to the market had declined since the 1980s. We perform this same analysis on a
different period, looking to see (in Appendix Table B1, panel B1.8) how our Big 6 PE ratios
(relative to the S&P 500 PE ratio) have evolved since the pre-crisis period. While the existence
of the financial crisis and periods of incredibly low earnings make these figures rather difficult to
interpret, the overall picture for the Big 6 suggests that relative PE ratios have moved around
very little since before the Great Recession (the mean in the pre-crisis period was 0.67, almost
exactly equal to the post-crisis mean of 0.68).
For half the Big 6 (Citigroup, JPMorgan Chase, and Wells Fargo), relative PE ratios have
decreased since the pre-crisis period, with the largest decrease for JPMorgan Chase, which went
from a PE ratio of 0.83 before the crisis to 0.53 in 2015. The decline in relative PE ratios for
these banks implies that the market is discounting earnings with an increasing risk premium over
time. 50 Given the new regulatory environment post-crisis and regulators’ strong belief that the
system is safer and better capitalized today than it was before the Great Recession, this is a
surprising result, but is consistent with our other findings.

50

Rajan (2005) describes the relationship between PE ratios and market risk premiums in detail.
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B.4.g Preferred Stock Prices and Yields
Another test to ascertain whether bank risk has moved in the aftermath of the Great
Recession involves examining the prices of preferred shares. Since our banks have very little
preferred stock, any event that causes losses to preferreds should also cause losses to debt
holders. 51
Thus, the risk premium on preferred stock and its evolution over time will shed light on
the likelihood of a bank defaulting. Since preferred stock is unlikely to be bailed out (and,
indeed, preferred stockholders suffered losses during the Great Recession), by looking at
preferred stock pricing we are able to home in on the market’s assessment of the likelihood of an
event that absent a bailout would affect debt securities.
The price of a security is inversely related to its required rate of return. The required rate
of return, in turn, is a function of the (i) riskless rate and (ii) product of a bank’s beta and the
market risk premium. Barring any change in the riskiness of banks, since the riskless rate has
declined substantially in the post-crisis period, we would have expected the required rate of
return to have declined as well. Thus, we anticipate that the price of our preferred shares would
have increased substantially in the post-crisis period. If bank betas had declined, as our theory on
the relationship between beta and leverage predicted, we would have expected the required rate
of return to be even lower (and, thus, for prices to be even higher) for preferred stock in the postcrisis relative to the pre-crisis periods.
There are two kinds of preferred stock: (i) floating-rate preferreds, whose dividends are
indexed against LIBOR; and (ii) fixed-rate preferreds, which pay, as their name implies, a fixed
rate annually. We focus our analysis on the pre-crisis relative to post-crisis prices of floating-rate
Since 2000, preferred stock for our Big 6 banks has averaged on the low end 4.9 percent (Citigroup) and on the
high end only 10 percent (Bank of America, Morgan Stanley) of total equity.
51
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preferreds. 52 The fact that prices of preferred stock are lower today than they were in the precrisis period suggests that the market views banks as riskier post-crisis.
We turn to salient examples to illustrate this point in Figure 12. Bank of America,
Goldman Sachs, and Morgan Stanley all have floating-rate preferred shares that were first issued
before the crisis period. As such, we can examine the pricing of these shares over time to learn
about how the risk profiles of these banks have evolved. 53

52
The problem with looking at long-lived fixed rate preferred stock is that prices are constrained by the fact that
dividends are paying a fixed rate. That is, since the dividend cannot adjust given changes in market conditions, price
does not move too far from par value for these securities.
53
Note that we use these three banks as examples because of limitations of the data. Our other three large banks
(Citigroup, JPMorgan Chase, and Wells Fargo) do not have floating-rate preferreds that date back to the pre-crisis
period.
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Figure 12: Floating-Rate Preferred Stock Prices, 2006–16
Source: New York Stock Exchange online database
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For Bank of America, we look at Series E preferreds, which started trading in 2006 and
pay a rate per year equal to the greater of the three-month LIBOR plus 0.35 percent or 4.00
percent per annum; for Goldman Sachs, we look at Series D preferreds, which became available
in 2005 and which pay the greater of 0.67 percent above LIBOR or a minimum of 4.00 percent;
and for Morgan Stanley, we look at Series A preferreds, which pay the greater of the three-month
LIBOR plus 0.70 percent, or 4.00 percent. In all three cases, we see that the average price for
these shares in the pre-crisis period (2007 and prior) is higher than the post-crisis price (24.26
versus 20.11 for Bank of America; 25.12 versus 20.66 for Goldman Sachs; and 25.36 versus
19.68 for Morgan Stanley). And while these preferreds have rebounded slightly since the Great
Recession, prices in the last year have remained lower than they were in the pre-crisis period for
all three securities.
Since the risk-free rate has declined so much in this period, with a decrease in bank
risk—or even with the same level of risk as in the pre-crisis period—preferred prices should be
higher today than they were before the crisis. The fact that we see a decrease in the prices of
these preferreds suggests that the market’s assessment of risk, at least for these banks, has
increased over the same period that riskless rates have fallen.
Note that the existence of long-lived preferred stocks that date back to the pre-crisis
period is, in and of itself, a significant finding for our analysis. That is, we would anticipate that
since interest rates decreased significantly, if bank risk stayed the same (or even declined), then
Bank of America, Goldman Sachs, and Morgan Stanley would have been able to call these
securities and issue replacement stock at a much lower yield.
A version of this same point can be made by looking at more recent preferred stock
issuances by our Big 6 banks. As we see in Table 13, in 2016 alone, Bank of America issued a
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preferred share that is currently yielding 5.64 percent, Citigroup issued a preferred share that is
yielding 5.81 percent, Goldman Sachs issued a preferred share that is yielding 5.73 percent, and
Wells Fargo issued a preferred share that is yielding 5.11 percent. The fact that most preferred
stock recently issued by these banks is yielding between 5 and 6 percent suggests that these
banks are far from safe, and that the holders of bank preferreds demand substantial compensation
for bearing risk.
Table 13: Recent Preferred Stock Issuances by the Big 6 U.S. Banks

Bank of America
Citigroup
Goldman Sachs
JPMorgan Chase
Morgan Stanley
Wells Fargo

Date of Most
Recent Issue
April 2016
Jan. 2016
April 2016
April 2014
April 2014
June 2016

Par Value
$25
$25
$25
$25
$25
$25

Current
Price
$26.60
$27.12
$27.48
$27.49
$27.59
$26.91

Current
Yield (%)
5.64
5.81
5.73
5.73
6.00
5.11

Source: New York Stock Exchange online database.
For all banks except Morgan Stanley, yields are for recently issued fixed-rate
preferreds. Morgan Stanley issued a fixed-rate preferred with a 5.375 percent
annual yield that will convert to a floating rate in five years.
B.4.h Systemic Risk Contribution
Using the systemic risk measure of Acharya et al. (2017), we can ascertain how each
firm’s contribution to systemic risk has evolved in the aftermath of the financial crisis. This
measure is of special interest because it has been demonstrated to have predictive power in a
crisis when other measures have been lacking. We see in Appendix Table B1, panel B1.10, that
the contribution of four of the six firms (Bank of America, Citigroup, JPMorgan Chase, and
Wells Fargo) to systemic risk has increased in the post-crisis period; while the relative
contribution of Goldman Sachs and Morgan Stanley has declined. As a group, the systemic risk
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contribution of the Big 6 has nearly doubled. Although systemic risk contribution peaked in
2011, it remains elevated relative to pre-crisis levels today.
B.4.i

Understanding These Measures
Our measures allow us to capture changes in bank risk based on different assumptions.

The most basic volatility measures—historical and implied volatility and beta—provide a
baseline assessment of how risk has evolved in the aftermath of the crisis. However, if banks are
safer today because they will be forced into dilutive equity issuances in times of distress, it is
possible that equity volatility may in fact have increased in the recent epoch. So, volatility, which
captures risk to equity holders, does not provide a full assessment of the evolution of financial
sector soundness as a result of post-crisis reforms. Said another way, reforms that have made the
financial system more stable could well have increased equity volatility.
In contrast, CDS spreads, which provide a price of insurance against bank default, will
decline if the likelihood of a destabilizing financial event is unchanged (or perhaps, even
increased, post-crisis), but simultaneously the likelihood that banks will be forced to raise new
equity before failing has increased. As such, although beta and volatility may increase if banks
are now forced into dilutive equity issuances in times of distress, we should see CDS spreads
decline.
However, CDS spreads will also capture the likelihood of a government bailout. Even if
CDS spreads remain elevated, some may argue (and in fact, some, including Janet Yellen, have
interpreted our results as suggesting) that CDS spreads are high because the likelihood of a
government bailout in a post-Dodd–Frank world is drastically decreased (Yellen 2016). Some
empirical work has been done to establish a decline in the so-called “too-big-to-fail subsidy.” 54
See, for example, Konczal (2015b), citing two different quantitative approaches that suggest the subsidy has
declined. The U.S. Government Accountability Office uses a cross-sectional approach, comparing TBTF banks to
54
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Our CDS results are vulnerable to the criticism that they remain inflated post-crisis because the
TBTF subsidy has disappeared.
For this reason, we also look to preferred stock pricing before and after the Great
Recession. Preferred stock, like CDS spreads, is affected by changes in banks’ likelihood of
raising equity in dire times. However, preferred stock is not affected by the presence of a TBTF
subsidy in the same way as CDS spreads, as preferred stock is a thin layer of equity that sits right
below debt in a bank’s capital structure. This means that preferred stock can—and during the
financial crisis, did—experience losses, even though debt was bailed out. 55 As such, our
preferred stock results are not susceptible to the critique that they are impacted by changes in the
probability of a government bailout in the aftermath of the crisis and the regulatory reforms that
it precipitated.
Taking all the findings together, it appears that markets are not treating large banks today
as less levered and more safe than they were treating them before the financial crisis. While it is
possible that the greater likelihood of dilutive equity issues accounts in part for the failure of
volatility and beta to decline, on this view there should have been, contrary to observation, a
major decline in CDS spreads and in preferred stock yields.
We next consider midsize domestic banks and international banks. Our results in both
cases are similar to those we find for the Big 6 U.S. banks.

non-TBTF banks, controlling for other characteristics, and concludes that while a subsidy existed pre-crisis, it has
basically fallen to zero. And the IMF uses a time-series approach, comparing TBTF banks pre-crisis and post-crisis
to come to the same conclusion. We think more work is necessary to understand the magnitude of this decline, as
Baker (2015) and Konczal (2015a) suggest.
55
As an example, Citigroup significantly diluted the value of its preferred shares during the crisis (Dash 2009).
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B.5

Midsize Domestic Institutions
We next extend our results to the largest banks in the United States outside the Big 6. We

focus on the next 50 largest banks (those ranked 7 to 56 in terms of market capitalization, by
2015 assets). 56 These 50 midsize banks differ vastly in size—with 2015 market capitalization
ranging from over $78 billion (American Express) to barely over $2 billion (EverBank).
We include data for the subset of banks for which we are able to compile information on
our risk measures, including bank betas, volatility, implied volatility, and CDS spreads. This
requires that we exclude those large banks that are not publicly traded and that are subsidiaries of
other publicly traded institutions (for example, GE Capital). In our analysis, we present results
for these midsize banks by quintile, sorting them into groups depending on their average market
capitalization in the pre-crisis, post-crisis, and 2015 periods in turn. While most banks remain in
the same quintile for these three distinct periods, some shift quintiles at different moments. (For
example, Silicon Valley Bank is in the second quintile in the post-crisis period, with an average
market capitalization of around $3.3 billion, and in the third quintile in 2015, with an average
market capitalization of around $6.6 billion.)
Our findings outside the Big 6, presented in Appendix Table B2, are largely consistent
with our prior results. We see that volatility (panel B2.1) has decreased when we compare the
pre-crisis averages with the most recent 2015 measures. When we divide by market volatility
(panel B2.2), we see that volatility actually remains higher in 2015 than in the pre-crisis period.
On many measures, it appears that large banks have had less reduction in risk in the post-crisis

56
Note that we choose for our sample the 50 largest banks by 2015 assets, so our results suffer from survivorship
bias. This likely biases our results downward. Since bank risk strategies are persistent, we believe the failed banks
would have likely had higher risk measures in 2015 compared with those of an average survivor bank in the sample.
For a discussion of persistence, see Fahlenbrach, Prilmeier, and Stulz (2012), who find that those banks that did
worst in the 1998 crisis were most likely to fail during the Great Recession.
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period than their smaller counterparts, suggesting that at least to a certain extent, regulation
aimed at lessening the risk of large, systemically important banks is having the intended effect.
For example, Appendix Table B2, panel B2.5, compares the betas of midsize banks in the
pre-crisis period with the 2015 measure, and we see that for the smallest banks (those in the
bottom three quintiles), beta is substantially higher in 2015 than it was in the pre-crisis period.
For banks in the top two quintiles, beta has not moved much.
We can impute expected volatility and beta based on changes in leverage to give us a
benchmark against which to measure the changes we observe. Outside the Big 6, Tier 1 capital
ratios for these midsize banks increased from the pre-crisis to post-crisis periods, from 10.3 to
13.4 percent. Pre-crisis historical and implied volatility (for banks in all quintiles) averaged
slightly above 25.5 for both our measures, and thus we would predict that volatility and implied
volatility should have fallen to around 19.7. Historical volatility remains above this, at 21.61; and
implied volatility has actually increased since the pre-crisis period, to an average of 26.79 in
2015. And although Tier 1 ratios have increased by an average of 30 percent, betas have actually
risen, from 0.96 to 1.05 on average in 2015.
B.6

International Results
To supplement our main findings and in efforts to understand how bank risk has evolved

for systemically important banks across the globe, we next move to looking at the same risk
measures documented above for large international banks.
We begin by considering the 50 largest banks in the world (ranked by market
capitalization). After excluding U.S. and Chinese banks, 57 and banks for which we do not have
information on betas, volatility, implied volatility, CDS spreads, and price-to-book ratios, 58 we
57
58

We exclude Chinese banks because state ownership involves different issues than the ones we are focused on.
We are not able to collect reliable options data for our international banks to impute option deltas.
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are left with a sample of 30 international banks. Rather than reporting individual bank averages
for the 30 international banks in our sample, we group the banks by country and report country
averages in Appendix Table B3. 59 This allows us to ascertain if banks in specific countries are
driving the results that we document.
Our findings for international banks are broadly consistent with those for the Big 6 and
midsize domestic banks reported above. Our results for volatility (Appendix Table B3, panel
B3.1) and implied volatility (Appendix Table B3, panel B3.3) are more striking than our
domestic findings. Our results outside the United States reflect roughly no change in volatility
from the pre-crisis to post-crisis periods. Again, our results are not driven by the fact that (i) the
post-crisis period includes 2010, when crisis shockwaves were still being felt; or (ii) the impact
of the new regulatory regime took time to be felt in international banks. Average volatility for
international banks in 2015 was 25.57, very similar to the pre-crisis average of 26.55.
And, as is the case for midsize U.S. banks, implied volatility for international banks
actually increased (from an average of 22.10 pre-crisis to 27.27 in 2015). This increase is
concentrated in Italy, the Netherlands, and Spain. Although implied volatility relative to the
home market indexes has decreased on average, banks in these three countries have seen their
implied volatility increase relative to the market (Appendix Table B3, panel B3.4). 60

Australian banks include Australia and New Zealand Banking Group, National Australia Bank, and Westpac. The
Brazilian bank in our sample is Banco do Brasil. Canadian banks include Bank of Montreal, Royal Bank of Canada,
Scotiabank, and Toronto-Dominion Bank. Danske is the Danish bank in our sample and ING is the Dutch bank.
French banks are BNP Paribas, Crédit Agricole, Natixis, and Sociéte Générale. German banks are Commerzbank
and Deutsche Bank. Italian banks are Banca Intesa Sanpaolo and UniCredit. Japanese banks are Mitsubishi, Mizuho,
and Sumitomo. Santander is the Spanish bank in our sample. Nordea is the Swedish bank in our sample. Credit
Suisse and UBS are the Swiss banks. The U.K. banks are Barclays, HSBC, Lloyds Bank, Royal Bank of Scotland,
and Standard Chartered.
60
The same is true in Australia, although we do not have an Australian implied volatility index, and instead
benchmark against the U.S. VIX.
59
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Our results for international bank betas are similar to these volatility results. Bank betas
have risen (Appendix B3, panel B3.5), not fallen, in the aftermath of the Great Recession, and
this rise is even more pronounced for international banks (which had a pre-crisis average beta of
0.80 and a 2015 beta of 0.99) than it is for the Big 6 U.S. banks (which had a pre-crisis average
beta of 1.18 and a 2015 beta of 1.23). This increase in beta is particularly pronounced for banks
in Australia, Brazil, Canada, Denmark, France, Italy, and Sweden. Only Swiss banks have seen a
substantial decline in beta since 2002, and most other countries have seen betas rise, except
Japan and the United Kingdom, where betas have roughly stayed the same.
CDS data are far from complete for international banks, and many are missing data for
both the pre-crisis and post-crisis periods. For the few data points we have, we see in Appendix
B3, panel B3.6, that international banks have experienced an even more dramatic rise in CDS
spreads relative to U.S. banks. However, this is driven substantially by the CDS spread of Banco
do Brasil; when this bank is excluded from the sample, we see that the average CDS spread is
77.32 for 2015, below the Big 6 mean of 93.58. Both domestic and international banks have
substantially higher CDS spreads today than before the crisis.
It is interesting to consider these results in the context of international financial
regulators’ statements about the financial system. For example, Mark Carney remarked in 2014
that the increase in capital requirements had made banks safer: “Banks were woefully
undercapitalized—many of the largest banks were levered 40 to 50 times. They are now much
more resilient” (Carney 2014). And as recently as this summer, in response to the Brexit
referendum results, Carney urged calm, noting that “[t]he capital requirements of our largest
banks are now ten times higher than before the crisis. . . . This substantial capital and huge
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liquidity give banks the flexibility they need to continue to lend to U.K. businesses and
households, even during challenging times” (Carney 2016b).
And yet, the biggest U.K. banks (Barclays, HSBC, Lloyds Bank, Royal Bank of Scotland,
and Standard Chartered), which are in our sample of large international banks, look, based on
market measures, to be no safer in the post-crisis period relative to the pre-crisis period. CDS
spreads for the large U.K. banks averaged 97.21 in 2015 relative to the pre-crisis average of
13.53, and implied volatility averaged 27.02 in 2015 relative to the pre-crisis average of 23.04.
And while betas have not increased (comparing 2015 with the pre-crisis period), they have not
decreased either, and are stuck at around 0.85, exactly where they were before the Great
Recession. It is hard to understand why, given the substantial increases in capitalization that
Carney often highlights, we see no movement in our risk measures for the large U.K. institutions
that were most affected by the post-crisis reforms. Given the changes in the regulatory
framework—and viewed through the lens of Carney’s (and others’) statements on the impact of
increased capital on bank stability—these are puzzling findings. 61
B.7

Discussion
The suite of measures considered in the previous sections taken together suggest to us

that markets do not regard banks as substantially safer today than they were in the pre-crisis
period.
We envision three primary explanations for our findings, which we take up in the
remainder of this section. First, the market error explanation olds that markets badly
underestimated the risks associated with banking prior to the financial crisis and have adjusted

See, for example, President Obama’s remarks at the five-year anniversary of the financial crisis (Obama 2013);
and Federal Reserve chairwoman Yellen’s speech on finance and society at the Institute for New Economic
Thinking (Yellen 2015), discussed above.
61
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their views in light of painful experience. If this were the case, banks might be substantially safer
today than they were prior to the crisis, but the difference is obscured by the excessive optimism
that prevailed prior to the crisis. Implicitly, this is the view taken by the regulatory community.
Second, the bank capital mismeasurement explanation holds that regulatory bank capital
measures may be highly flawed and may even have become more flawed over time as banks
arbitrage regulatory rules. Andrew Haldane has made such an argument, pointing to the great
increase in regulatory complexity, the use of internal models, and declines in the ratio of riskweighted assets to total assets (Haldane 2014). In this case, banks have not become significantly
safer than they were previously because regulation has been circumvented.
Third, the declining franchise value explanation recognizes that while, ceteris paribus,
banks have become safer because of higher capital requirements, other developments have
eroded their franchise value, thus increasing their effective leverage and riskiness. This
hypothesis, which we find most plausible and important for explaining our findings, is suggested
by very substantial declines in the price-to-book ratios and the ratios of market value of equity to
assets for most major banks, and by international comparisons.
B.7.a Market Misperception of Risk
One possible explanation for our findings is that in the pre-crisis period, the market failed
to fully internalize the risks inherent in the financial sector. The dismal returns earned by
investors in the financial sector during the crisis period demonstrate that this must have been the
case to some extent.
Testifying before the House Committee on Financial Services in September 2016, Janet
Yellen argued in favor of this hypothesis, suggesting that one explanation for our results was that
“prior to the crisis, clearly market participants underestimated risks” (Yellen 2016).
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Relatedly, many have pointed out that the pre-crisis period we use (2002–07) was one in
which beta and volatility were deflated, perhaps because the market misunderstood risks in the
financial sector (Konczal 2016). This could be related to the pre-crisis period being a bubble, as
there is a well-known tendency for stock price levels and volatility to vary inversely, perhaps
because higher market levels mean less leverage on a market-value basis. 62
We examine the market error hypothesis by comparing recent bank risk measures with
the period 1995–2005. We present these results in Table 14. It does appear, as Mike Konczal
(2016) notes, that beta and volatility were low in the years leading up to the financial crisis,
providing evidence that the pre-crisis bubble explains our findings, at least to some degree.
However, relative to the post-crisis period, even the earlier 1995–2005 era had a lower beta (1.30
on average for the Big 6, relative to 1.61 post-crisis) and basically equivalent volatility (33.69,
relative to 33.47 post-crisis). The average Tier 1 ratio in this extended pre-crisis period was 8.2
percent, very similar to the 2002–07 average of 8.4 percent. As such, we would expect to find
average volatility in 2015 to be significantly lower (around 15) than what we observe (Big 6
average of nearly 21). As such, although the few years prior to the crisis were a bubble period
that deflated betas and volatility relative to longer-term averages, we believe this deflation alone
cannot explain our findings.

62

Though if bank stock prices contain a “bubble component,” this might be expected to add to volatility.
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Table 14: Beta, Volatility, and Ratio of Bank Volatility to Market Volatility
for the Big 6 U.S. Banks

Beta
Bank of America
Citigroup
Goldman Sachs
JPMorgan Chase
Morgan Stanley
Wells Fargo
Mean
Median
Volatility
Bank of America
Citigroup
Goldman Sachs
JPMorgan Chase
Morgan Stanley
Wells Fargo
Mean
Median

1995–2005

2002–2007

Post-Crisis

Current Yield
(%)

1.09
1.48
1.24
1.39
1.63
0.97
1.30
1.32

0.88
1.19
1.33
1.35
1.56
0.77
1.18
1.18

1.79
1.78
1.32
1.46
1.85
1.43
1.61
1.49

1.22
1.32
1.21
1.20
1.40
1.04
1.23
1.22

29.54
34.19
36.71
34.78
40.60
26.29
33.69
34.49

19.70
24.51
26.92
28.01
31.75
17.29
24.70
25.71

39.02
38.06
28.23
29.57
37.22
28.74
33.47
33.40

23.21
21.75
19.35
20.17
22.60
16.94
20.67
20.96

Source: Bloomberg
It is easy to understand why excessive optimism about financial stability could have led
to the overpricing of bank securities before the crisis. It is much less clear why it should have led
to their being insufficiently volatile in response to daily news. If prior to the crisis there was a
tendency for bank stock prices to underreact to news, one would expect to see some evidence of
positive serial correlation as underreactions were eventually corrected. One would expect this
tendency to diminish or be eliminated in the post-crisis period.
We follow James Poterba and Summers (1988) and Andrew Lo and Craig MacKinlay
(1989) in computing variance ratios to test for autocorrelation in bank stock returns during the
pre-crisis and post-crisis periods. To compute variance ratios, we begin with daily price data and
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compute (i) daily returns; (ii) 5-day returns (for non-overlapping 5-day intervals); (iii) 10-day
returns (for non-overlapping 10-day intervals); (iv) 20-day returns (for non-overlapping 20-day
intervals); and (v) 50-day returns (for non-overlapping 50-day intervals).
We then compute the variance of returns in each of these samples both before and after
the crisis and take the ratio of the variance for each interval relative to the variance of our daily
(log) returns. Our goal is to ascertain whether (i) there is evidence of a positive autocorrelation in
the pre-crisis period; and (ii) there is more positive autocorrelation in the pre-crisis period
relative to the post-crisis period (which would be an argument in favor of the market error
hypothesis).
We report results in Table 15 only for the Big 6 banks; however, these results are
comparable for the rest of the large U.S. banks and are available upon request.
Variance ratios for the Big 6 banks provide no support for the view that there is a
significant positive serial correlation in returns during the pre-crisis period. Variance ratios are
generally less than horizon length, suggesting a modest negative rather than positive
autocorrelation.
As a final bit of evidence on the market error theory, we look to analysts’ estimates of
future bank earnings in the United States in the pre-crisis and post-crisis periods. If beta and
volatility were low in the pre-crisis period because the market failed to understand the risks
banks faced, then we would anticipate that analysts’ forecasts would be more accurate in the
post-crisis period (when markets have a better understanding of financial sector risks).
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We test this theory directly by using data from the Thomson Reuters Institutional
Brokers’ Estimate System (I/B/E/S). We pull all quarterly analyst forecasts for our largest U.S.
banks (both the Big 6 and midsize banks) made from 2002 to 2015. We then measure average
deviation from actual earnings and do a basic t test to see if pre-crisis deviations differ from postcrisis deviations in a statistically significant way. 63 Our results are reported in Table 16. We find
that pre-crisis deviations differ from those that analysts make post-crisis, but our results do not
support market misunderstanding of risk as the explanation for these differences. We find that (i)
deviations are larger (in absolute value) in the post-crisis period; and (ii) the sign of the
deviations switches—specifically, that analysts are on average overly optimistic post-crisis and
overly pessimistic pre-crisis. 64
Table 16: t Test for Difference in Means in Analyst Report Deviations for U.S. Banks
Deviation from earnings per share
Absolute value of deviation from earnings per share
Deviation from earnings-price ratio
Absolute value of deviation from earnings-price ratio

Pre-Crisis
-0.0082
(0.1848)
0.0516
(0.1776)
-0.0001
(0.0049)
0.0015
(0.0047)

Post-Crisis
0.0377***
(0.4643)
0.1166***
(0.4511)
0.0007***
(0.0065)
0.0028***
(0.0059)

Sources: CRSP, Compustat, I/B/E/S
Standard errors are in parentheses. Statistical significance is indicated at the
***1 percent level.

We measure deviation first as the ratio of earnings: average analysts’ predictions (scaled by earnings plus analyst
predictions to give us more sensible values). Then, we consider the absolute value of these deviations. And finally,
we follow Khan, Rozenbaum, and Sadka (2013) and measure average deviation from actual earnings scaled by price
on the day earnings are announced. We report t tests for all three of these measures of analysts’ deviations.
64
Note that we are excluding the crisis period, and in the lead-up, analysts were likely overly optimistic.
63
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Perhaps the most important point to make regarding the market error hypothesis is of a
different sort. Regardless of whether excess market complacency can or cannot explain the low
level of market risk measures pre-crisis, current market indicators of risk are not encouraging.
Table 12 notes that the average option implied probability of a 50 percent decline in stock prices
for major banks is 4.6 for one year. It is 11.4 percent for four years. 65 These estimates understate
the risk of a major decline because they focus only on option end dates (not on the whole price
path), and because they ignore the likely tendency for the volatility of bank assets to rise as their
value declines. 66 As we noted in Subsection B.2.g, the level of preferred yields also suggests
grounds for concern about the health of major banks.
Ex post, there can be no question that markets were underestimating risks to the financial
sector during the pre-crisis period and this manifested itself both in excessive valuations and
depressed risk measures. We are, however, very skeptical of using this observation to dismiss the
relevance of market measures in assessing bank risk. The market’s errors were in our judgment
both smaller and less protracted than those of regulators who dismissed concerns about the
inadequacy of capital for major institutions as late as the summer of 2008.
B.7.b Bank Capital Mismeasurement
Another possible explanation for the bank capital volatility puzzle we document is that
bank capital (as calculated) is so distorted as a measure of capital in an economic sense that
measures to raise regulatory capital have not in fact had a large impact on economic capital.
Calculations of bank capital are very sensitive to procedures for valuing loans and other illiquid
assets. John Vickers (2016, p. 80) makes this point, noting that since the capital numbers used in

Results are available upon request.
Think of a mortgage on a building. It will not move much with the price of the building until the building’s value
has declined to close to the value of the mortgage.
65
66
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regulation are accounting figures, they are “themselves uncertain measures of the constantly
changing underlying position.” And as Haldane (2014) explains, there are also a variety of ways
in which capital requirements can be gamed. Acharya et al. (2016, p. 5) provide empirical
support for the deficiencies of regulatory capital measures, finding that the “countries that are
considered to have the safest banking sectors according to Basel risk weights (e.g., Belgium,
France, and Germany) are considered to be the riskiest according to market risk weights.” In
earlier work, Acharya and Steffen (2014) demonstrate that there is no correlation between capital
shortfalls computed using market risk measures and those that make use of regulatory risk
weights. The authors worry that “static and out-of-date risk weights” cause regulators to
underestimate the true capital shortfalls of major banks (Acharya and Steffen 2014, p. 3).
Bulow and Klemperer (2013) provide a further dramatic illustration of the imperfection
of regulatory capital measures. They note that if the 413 banks that failed between 2008 and
2011 (when 6 percent core Tier 1 equity was required to be classified as “well capitalized”) had
each held an additional 14 percent of assets in cash, this infusion would have covered losses for
fewer than 10 percent of these failures. In other words, most failed banks are found ex post to
have a capital gap of more than 14 percent of assets. 67 Lehman Brothers provides a particularly
vivid example of the dangers of overreliance on regulatory capital measures—the bank was far
beyond well capitalized (Tier 1 capital of 11.6 percent) immediately before its bankruptcy in
September 2008. 68 If regulatory capital is a sufficiently weak measure of actual capital, it is
possible that the increase in Tier 1 capital as a consequence of a more stringent regulatory
framework in the post-Recession period has done relatively little to stabilize the financial sector.

In fact, IndyMac cost an amount equal to 42 percent of assets to resolve.
Johnson and Kwak (2010) point out that investigation into Lehman’s capital position shows that this figure was
inflated by “aggressive and misleading” accounting.

67
68
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Relatedly, it is plausible that although banks are being forced to hold more capital (and have
higher Tier 1 ratios), they are finding ways to increase risk that game the current risk-weighted
asset rules and the existing stress tests.
We are not sure how to evaluate this possibility. The evidence from Baker and Wurgler
(2015) discussed in Section B.2.a—that bank betas and capital ratios are negatively related in the
cross section—suggests that there is in fact information value in capital ratios. Moreover, there is
the logical point that for any given degree of error in asset valuations, holding more capital
should increase safety and soundness.
In assessing volatility and riskiness of banks, it seems appropriate to look at market
measures of capital which have the virtue of reflecting market assessments of the value of assets
and also of being dynamic (relative to regulatory capital ratios) because they take account of
banks’ capacity to generate future profits. We examine such measures in the next subsection
B.7.c Declining Franchise Value
Table 17—which provides information on banks’ price-to-book ratios, price-to-tangiblebook ratios, and the ratio of the market value of equity to total assets on a risk-adjusted and riskunadjusted basis—is key to understanding our findings.38 Even though book value measures
suggest that banks are much less levered than previously, the declines in market valuation of
banks have been so large that measured on a market basis, banks have less equity relative to
assets than they did previously.
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This observation rationalizes all our findings. If banks have less equity relative to their
assets, they are in a sense more levered. So one would expect more volatility, a higher
probability of a major stock price decline, riskier debt, higher yields on preferred stock, and
higher expected returns on common stock. This is exactly what we observe.
The question then becomes why has there been so substantial a change in the market
value of banks relative to their book value. In 2006, the total market value of the Big 6 U.S.
banks exceeded their total book value by over 100 percent of book value, or $492 billion. By
2015, this gap had shrunk to around 1 percent of book value, or $13.2 billion. 69 As we noted in
the previous subsection, one possible explanation for the decline in price-to-book ratios is
increasing mismeasurement of assets. This, in our view is unlikely to be a large part of the story.
If anything, there is now more regulatory pressure to accurately value assets than prior to the
crisis. And valuation errors are not a plausible explanation for price-to-book ratios far in excess
of 1 and price-to-tangible-book ratios close to 3 prior to the crisis. In Figure 13, we look at the
trends in the ratio of market value of equity to assets, documenting the evolution of this ratio
since 2000 for the Big 6 U.S. banks. While there are different patterns for each firm, it is
noteworthy that for all six banks we observe a downward trend over the last 15 years. 70 There
has been some rallying since the Great Recession’s trough; however, even today banks appear,
based on this measure, more levered than they were at the turn of the century.

69
These numbers fluctuate annually but are well below the 2006 estimate—in 2014, the gap was 10 percent of book
value, or about $92 billion.
70
Note that these comparisons are complicated by changes in the organization of these institutions over time—for
example, the merger of JP Morgan and Chase Manhattan Bank in 2000, and the merger of Bank of America and
Merrill Lynch in 2008.
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Figure 13: The Ratio of Market Value of Equity to Assets for the
Big 6 U.S. Banks, 2006–16
Sources: Bloomberg, CRSP
The shaded regions indicate crisis years, 2008–09, in our sample.
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At first glance, this is surprising, given the increase in capital requirements as a result of
post-crisis regulatory reforms. One explanation for our findings is as follows: Because of
enhanced regulations and changes in macroeconomic conditions, banks have suffered losses in
franchise value, which had previously served to bolster their profitability and thus the market
value of their equity in the pre-crisis era. This franchise value was a form of capital for banks to
draw upon to help absorb losses. Hence today, banks that are less profitable are effectively more
levered because they have lost this buffer. This loss of capital has offset the increases in book
value capital achieved through regulatory changes. In some cases, the two effects are closely
linked. Consider the case of banks that have sold off valuable assets to raise capital, such as
when Merrill Lynch sold off its stake in Bloomberg in 2008. Measured capital went up, but a
future profit stream that had been available to absorb losses disappeared.
The International Monetary Fund’s (“IMFs”) October 2017 Global Financial Stability
Report points to “weak bank profitability . . . as a looming financial stability challenge for many
advanced economy banks.” The report highlights that “the market’s current assessment of the
ability of banks to meet these challenges is not optimistic,” as price-to-book ratios have fallen to
levels in line with the worst points of the crisis, especially in the euro area and Japan (IMF 2016,
p. 11).
A variety of factors have impinged on bank franchise values in recent years, to the point
where the decline can be overexplained. These include the consequences of low interest rates and
a relatively flat yield curve for bank profitability; regulatory restrictions on a range of allegedly
unlawful profitable practices, from proprietary trading to credit card interchange to overdraft
fees; substantial financial penalties for past practices; increased competition from shadow banks;
and an overhang of likely future regulatory actions.
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Charles Calomiris and Doron Nissim (2014) systematically examine declines in price-tobook ratios for a large sample of banks and reject the view that this decline reflects unmeasured
losses in favor of the view that it reflects the erosion of future profits, for the reasons suggested
in the previous paragraph. They do not estimate how much of the decline is due to regulatory
changes and how much is due to changed economic conditions, but they suggest that both are
important factors. 71
A more recent research note by the Clearing House attributes the vast majority of the
decrease in market-to-book ratios to changes in the regulatory environment. Specifically, “for the
largest banks—those above $250 billion in total assets—the most important driver of the decline
in ROTCE [return on tangible common equity] is the reduction in fee income” (Covas 2016, p.
6). They also find that “perhaps surprisingly, net interest margins have narrowed only modestly
across all bank groups,” which they argue is evidence that “the low level of interest rates and the
relatively flat yield curve have had less adverse impact on bank profitability than commonly
assumed” (Covas 2016, p. 4).
Canada is often highlighted as a G-7 country that came through the financial crisis
without great damage to its financial system or the need for large-scale public interventions. It is
noteworthy that its banks have been consistently able to maintain a price-to-book ratio that is
high by international standards. A similar observation holds for Australia, which is also thought
to have come through the financial crisis well. This tends to support the idea that franchise value
in a financial system is stabilizing and to confirm the idea that substantial losses in franchise
value can be destabilizing.
71
Part of this decline is likely attributable to the reduced value of retail deposits. The median core deposit premium
fell from around 15.5 percent in 2004 to around 3.3 percent in 2013 (Mecredy 2014). As an example, consider the
impact of this decrease for Bank of America, whose deposits are 55 percent of total assets. Assuming this proportion
has been stable over time, franchise value from bank deposits has fallen from 8.25 percent of total assets ($1.1
trillion) in 2004 to 1.65 percent (of $2.11 trillion) in 2013, which translates to a decrease of around $55 billion.
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It is worth noting that while franchise value probably explains the decline in price-tobook ratios in the United States, the observation that price-to-book ratios are well below 1 for
many European institutions suggests the relevance of asset misvaluation. Acharya et al. (2016)
conclude that the extremely low average price-to-book ratio of 0.7 is reflective of market
participants discounting bank asset values heavily. The fact that this ratio (which averaged above
1 in 2014) has declined so precipitously in the last few years reflects “increasing concerns of
market participants on bank asset quality compared to the valuation of bank assets in their
balance sheets” (Acharya, Pierret, and Steffen 2016, p. 6). These authors suggest that the low
price-to-book ratios in Europe reflect the market’s belief that banks will become undercapitalized
more rapidly in a stress scenario than the conventional stress test results reveal. They argue for
“a comprehensive recapitalization” across almost all European countries, which is consistent
with Vickers’ (2016) call for increased equity capital for U.K. banks and Admati and Hellwig’s
(2013) view.
B.8

Conclusions
As Haldane and Vasileios Madouros (2012) point out, market measures of risk are

invaluable in assessing banks’ ability to withstand adverse shocks. They note that in a horse race
between the simplest market measure of risk (the market value of equity relative to unweighted
assets) and the most complex regulatory measure (the Basel III Tier 1 ratio), the explanatory
power of the simple measure in predicting bank failure is about 10 times greater than the
complex one. As such, we feel our focus on market measures
We find that these measures are in the same range that they were prior to the financial
crisis. This suggests cause for concern that there is a nontrivial probability of a major loss in
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equity value by a large financial institution sometime in the next few years. 72 In fact, the ratio of
market value of equity to assets preferred by Haldane and Madouros (2012) has actually
decreased since the pre-crisis period. There is little if any evidence in the data on bank stock
prices, options prices, bond prices, or preferred stock prices of the kinds of declines in risk that
might be expected from the dramatic regulatory actions taken to increase capital and reduce risktaking.
Regulators like Mark Carney and Janet Yellen have repeatedly made clear that they
believe that banks are much safer today than they were before the crisis. To provide support for
this claim, they point to Tier 1 capital ratios, which have more than doubled since 2009 (Carney
2016a). We hope our paper encourages greater skepticism about the relationship between bank
safety and these measures. The gains that regulators celebrate are attributable to increases in
tangible capital as a consequence of Dodd– Frank and related regulation. And we firmly believe
that the financial system would be more fragile but for these regulatory reforms. However, while
increasing tangible capital, these changes—and the macroeconomic environment more broadly—
have also impinged on bank franchise value. And thus, it is no surprise that market measures of
risk reflect so few gains relative to the pre-crisis period.
It is important to emphasize also that our analysis focuses on bank solvency. Substantial
risks in the banking system come not from insolvency but from illiquidity—from the risks of
runs on even solvent institutions and of contagion once concerns about viability become
apparent. While it is not the focus of our study, we find it highly plausible that a combination of
regulatory action and prudent private sector behavior has substantially reduced run risks.

72

Of course, we are witnessing such a decline already in the case of Deutsche Bank.
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Indeed, while much of the traditional discussion of financial stability focuses on the
possibility that a solvent institution will become illiquid and experience a run, our analysis leads
us to focus on the possibility that an institution can be liquid but insolvent. Consider a bank
whose assets, properly valued, are worth less than its liabilities, but that funds substantially with
either insured deposits or has substantial outstanding long-term debt. It is easy to imagine that if
it has access to the discount window and can borrow against its assets, this bank’s unsecured
short-term creditors need have no concerns about their liabilities. Such an institution does not
pose near-term systemic risk. There is, for example, no reason for other banks to refuse to extend
credit or do business with it. However, its insolvency may well badly distort the incentives of its
managers and lead to deposit insurance liabilities.
We believe that there is little basis for supposing that the risks of major institutions
becoming insolvent are substantially lower than they were before the crisis. Measured at market
value, equity buffers are smaller than they were even in the early part of the last decade. And
volatility and beta measures suggest that the risk of equity values falling to zero has not been
attenuated.
Our emphasis on market values also raises questions about stress-testing methodologies.
U.S. regulators carry out stress tests using very draconian scenarios. As Bulow and Klemperer
(2013) note, one year’s stress test involved a stock market decline of nearly 60 percent and an
increase in unemployment to 13 percent. All the major banks passed the test with relatively little
estimated diminution in capital.
Yet, we believe that in such a scenario, it is a near certainty that absent government
support or new capital-raising, at least some bank equities would fall to zero. Applying the
average post-crisis beta for the Big 6 banks of 1.59, just over a 60 percent decline in the market

149

would wipe out these banks’ equity. This calculation substantially underestimates the risk
because it ignores the increase in equity beta that would result as banks lost equity value and so
became more levered, and it also ignores the fact that as the economy turns down, bank assets
become volatile as loan values become dependent on collateral values.
What does all this imply for financial regulatory policy? The fact that the ratio of market
value of equity to total assets is so low by historical standards is not a place where the regulatory
community should be content to rest comfortably. One credible policy response to which we are
sympathetic is Bulow and Klemperer’s (2015) view that the greatest unmet challenge of financial
regulation is ensuring that institutions raise equity capital when necessary. This would protect
debt holders, deposit insurers, and taxpayers more generally. In that sense, while perhaps equity
holders would be concerned about becoming diluted, we would not worry about the possibility of
a bank run, contagion, or costly government intervention in moments of crisis.
We are skeptical that such a commitment to dilutive equity issues is in place. For all the
many changes that have been made in regulation and supervision, there has been little movement
toward using market signals in gauging risk. While we certainly do not believe that robust
market values and low credit spreads are any basis for complacency, we do believe that sharply
deteriorating market conditions are grounds for alarm. We suspect that the same desire to
maintain confidence that prevented actions from being taken to force capital-raising or even cut
dividends in 2008 is likely operative today.
Deutsche Bank is a cautionary example of overreliance on regulatory measures of capital.
In February 2016, as the share price dropped by nearly 10 percent in a single day (evincing
markets’ belief that the firm was in trouble), Deutsche Bank CEO John Cryan assured the bank’s
employees that it was “absolutely rock-solid,” citing as evidence its “strong capital and risk
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position” (Cryan 2016). Indeed, as late as October of 2016, when its price-to-book ratio was
around 0.25, the market value of its equity was equal to only 1 percent of its assets, and it was
facing the possibility of a U.S. fine that could exceed half the value of its equity, Cryan was
assuring investors that there were no plans to raise capital (Kirchfield, David, and Nair 2016).
Further corroboration of the idea that market participants do not expect prompt capitalraising in the face of adverse events comes from the relatively high yields (in excess of 5
percent) on new preferred stock issuances by leading U.S. banks discussed above. If there was
confidence that capital sufficient to prevent insolvency would be raised in times of distress, this
risk premium would be lower.
More rapid capital-raising in response to adversity could be achieved in a number of
ways. It is, to be fair, the objective of stress-testing (though we are skeptical of such exercises)
that they are carried out entirely with accounting measures of capital. An increase in capital in
times of distress could also be achieved through triggers for regulatory action tied to equity
values or measures of credit spreads. There is also a possible role for instruments that have
mandatory conversion features based on movements in securities prices, such as the Equity
Recourse Notes proposed by Bulow and Klemperer (2013, 2015).
An alternative strategy is to simply buttress capital levels and hope that they are sufficient
to deal with adverse scenarios, even if regulatory responses are sluggish. We are somewhat wary
of this approach. The observation that most failures involve situations where the capital hole is
15 percent or more of capital—and in some cases like IndyMac exceeds 40 percent of capital—
suggests that the required increases in capital ratios under this approach are likely to be very
large. If such increases were imposed, the likely result would be the large-scale transfer of
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activity from the regulated system to the shadow banking system, which could have the effect of
reducing safety and soundness.
We believe that regulations in areas like overdraft fees should be decided on their merits
rather than on the basis of a desire to make banking more profitable, so direct public policy to
increase franchise value also seems to us very much a second-best approach to promoting
stability.
In future research, it would be valuable to develop a better understanding of the reasons
for fluctuations in the ratio of banks’ equity value to assets—a measure we identify as a crucial
indicator of safety. It would also be useful to consider approaches to regulation that can
overcome the fear of undermining confidence consideration that inhibits capital-raising during
downturns. And careful consideration of the roles of insolvency and illiquidity in financial crises
is important, with our suspicion being that the focus may have shifted excessively toward issues
of illiquidity.
None of this suggests to us that the broad approach taken by the regulatory community in
the wake of the 2008 financial crisis of increasing capital and seeking to contain risk-taking was
inappropriate. We believe however that our results make a strong case for concern about the
current stability of the financial sector, for greater attention to market valuations in assessing
financial institutions’ health, and for prompter responses to adverse events than were
forthcoming in the United States in 2008 and appear to be forthcoming in Europe today.
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Appendix Table B1: Big 6 Banks
Panel B1.1: Big 6 Volatility

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Weighted Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

19.70
24.51
26.92
28.01
31.75
17.29
24.70
22.14
21.09

39.02
38.06
28.23
29.57
37.22
28.74
33.47
30.73
30.24

23.21
21.75
19.35
20.17
22.60
16.94
20.67
20.29
20.87

Panel B1.2: Big 6 Volatility / Market Volatility k

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Weighted Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

1.21
1.48
1.81
1.64
1.99
1.18
1.55
1.50
1.41

2.02
1.95
1.60
1.60
2.07
1.46
1.78
1.70
1.68

1.88
1.80
1.62
1.64
1.89
1.44
1.71
1.67
1.71

k

For domestic volatility / market comparisons, we used the market
return of the S&P 500. We used the standard deviation of the daily
return over 260 trading days to best approximate an annual
average.
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Appendix Table B1 (Continued): Big 6 Banks
Panel B1.3: Big 6 Implied Volatility

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Weighted Mean
Median

Pre-Crisis
Average l

Post-Crisis
Average

2015
Average

18.55
21.00
27.37
22.53
27.90
20.06
22.90
21.79
19.89

35.49
33.42
27.93
26.99
35.95
24.88
30.77
27.95
27.31

25.42
24.68
22.79
21.47
24.86
18.56
22.96
22.22
21.36

l

Earliest implied volatility data is available in 2005, so we begin
our pre-crisis period then.
Panel B1.4: Big 6 Implied Volatility / Market Implied Volatility

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Weighted Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

1.56
1.73
2.29
1.88
2.34
1.66
1.91
1.82
1.79

2.47
2.31
1.96
1.87
2.53
1.69
2.14
2.01
1.92

1.78
1.73
1.59
1.49
1.74
1.29
1.61
1.56
1.54
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Appendix Table B1 (Continued): Big 6 Banks
Panel B1.5: Big 6 Option Delta m

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average n

0.025
0.033
0.040
0.044
0.049
0.028
0.036
0.027

0.078
0.071
0.075
0.071
0.081
0.069
0.074
0.066

0.044
0.059
0.047
0.045
0.040
0.043
0.046
0.046

m

Delta is computed on one-year, 50% out-of-the-money put
options.
n

Delta data only through June 2015, so we use 2014 average as our
most recent measure.
Panel B1.6: Big 6 Betas

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Weighted Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

0.88
1.19
1.33
1.35
1.56
0.77
1.18
1.13
1.18

1.79
1.78
1.32
1.46
1.85
1.43
1.61
1.55
1.49

1.22
1.32
1.21
1.20
1.40
1.04
1.23
1.20
1.22
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Appendix Table B1 (Continued): Big 6 Banks
Panel B1.7: Big 6 CDS Spread o

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Weighted Mean
Median q
o

Pre-Crisis
Average p

Post-Crisis
Average

2015
Average

18.99
22.50
47.47
21.80
65.29
15.02
31.85
26.02
24.00

143.15
134.31
162.75
104.37
230.46
68.71
140.63
112.40
116.00

89.64
90.30
117.04
80.69
136.07
47.73
93.58
81.89
89.00

Price data for a five-year tenor.

p

Earliest CDS data is available in February 2004, so we begin our
pre-crisis period then.
q

There is no S&P 500 CDS index, so median was calculated from
CDS data for all companies now in the index.
Panel B1.8: Big 6 Price-Earnings Ratio Relative to Market r

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

0.56
0.73
0.57
0.83
0.63
0.69
0.67
0.64

1.90
0.19
0.71
0.60
3.22
0.70
1.22
0.67

0.81
0.67
0.59
0.53
0.85
0.63
0.68
0.61

r

We follow Rajan (2005) and examine bank PE ratio as a
percentage of S&P 500 PE ratio.
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Appendix Table B1 (Continued): Big 6 Banks
Panel B1.9: Big 6 Preferred Stock Price s

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Median

Pre-Crisis
Average2

Post-Crisis
Average

2015
Average

24.26
N/A
25.12
N/A
25.36
N/A
24.97
20.65

20.31
N/A
20.59
N/A
19.85
N/A
20.25
20.31

21.33
N/A
20.21
N/A
20.68
N/A
20.74
20.68

s

There are only three banks in our sample (Bank of America,
Goldman Sachs, and Morgan Stanley) with floating-rate preferred
stock dating back to the pre-crisis period; the rest are reported as
N/A.
Panel B1.10: Big 6 Systemic Risk Percentage t

Bank of America
Citigroup
Goldman Sachs
JP Morgan
Morgan Stanley
Wells Fargo
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

0.02
1.23
6.79
6.77
13.76
0.00
4.76
0.00

13.69
12.18
4.84
12.11
6.32
0.36
8.25
8.18

10.95
11.15
4.92
12.81
6.26
0.00
7.68
7.18

t

SRISK is defined as the capital a firm is expected to need if we
have another financial crisis. SRISK% is SRISK divided by the
sum of SRISK for all firms with positive SRISK in the relevant
period.
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Appendix Table B2: Midsize Domestic Financial Institutions 73
Panel B2.1: Midsize Domestic Volatility

Low MVE
Quintile 2
Quintile 3
Quintile 4
High MVE
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

26.56
21.73
25.86
25.07
28.50
22.54
22.83

30.04
28.82
31.18
31.76
28.77
30.11
25.71

22.58
20.63
22.64
21.77
20.30
21.61
21.40

Panel B2.2: Midsize Domestic Volatility / Market Volatility u

Low MVE
Quintile 2
Quintile 3
Quintile 4
High MVE
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

1.81
1.47
1.73
1.64
1.73
1.68
1.53

1.69
1.64
1.69
1.70
1.59
1.66
1.57

1.82
1.69
1.89
1.80
1.70
1.78
1.68

u

For domestic volatility / market comparisons, we used the market
return of the S&P 500. We used the standard deviation of the daily
return over 260 trading days to best approximate an annual
average.

Quintile ranking based on market capitalization in each period. In the pre-crisis period, the mean market cap in the
bottom quintile was slightly over $1B, and the mean in 2015 was around $2.7B. For the top quintile, the pre-crisis
mean was $312B, and in 2015 it was around $488B.
73
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Appendix Table B2 (Continued): Midsize Domestic Financial Institutions
Panel B2.3: Midsize Domestic Volatility Implied Volatility

Low MVE
Quintile 2
Quintile 3
Quintile 4
High MVE
Mean
Median

Pre-Crisis
Average v

Post-Crisis
Average

2015
Average

25.34
24.38
28.41
24.91
24.65
25.62
21.74

36.73
36.02
30.62
29.60
26.74
32.06
27.18

28.62
31.66
26.25
25.25
21.85
26.79
23.67

v

Earliest implied volatility data is available in 2005, so we begin
our pre-crisis period then.
Panel B2.4: Midsize Implied Volatility / Market Implied Volatility

Low MVE
Quintile 2
Quintile 3
Quintile 4
High MVE
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

2.03
2.10
2.36
2.08
2.08
2.15
1.91

2.70
2.61
2.18
2.08
1.89
2.31
1.95

2.06
2.27
1.86
1.80
1.54
1.91
1.69
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Appendix Table B2 (Continued): Midsize Domestic Financial Institutions
Panel B2.5: Midsize Domestic Betas

Low MVE
Quintile 2
Quintile 3
Quintile 4
High MVE
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average4

0.85
0.79
0.99
1.10
1.08
0.96
0.93

1.22
1.16
1.32
1.40
1.34
1.29
1.23

0.99
0.99
1.14
1.04
1.11
1.05
1.07

Panel B2.6: Midsize Domestic CDS Spread w

Low MVE
Quintile 2
Quintile 3
Quintile 4
High MVE
Mean
Median
w

Pre-Crisis
Average x

Post-Crisis
Average

2015
Average

18.15
19.31
24.65
24.95
28.94
23.02
18.00

76.52
77.08
106.44
97.50
115.88
94.00
76.00

61.79
52.14
72.03
80.42
74.18
67.91
59.00

Price data is for a five-year tenor.

x

Earliest CDS data is available in February 2004, so we begin our
pre-crisis period then.

165

Appendix Table B2 (Continued): Midsize Domestic Financial Institutions
Panel B2.7: Midsize Domestic Price-Earnings Ratio Relative to Market y

Low MVE
Quintile 2
Quintile 3
Quintile 4
High MVE
Mean
Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

0.89
0.90
0.51
0.89
0.76
0.79
0.78

0.96
0.94
0.61
0.45
0.82
0.75
0.83

0.78
0.90
0.64
0.58
0.75
0.73
0.74

y

We follow Rajan (2005) and examine bank PE ratio as a
percentage of S&P 500 PE ratio.
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Appendix Table B3: International Institutions 74
Panel B3.1: International Bank Volatility

Australia
Brazil
Canada
Denmark
France
Germany
Italy
Japan
Netherlands
Spain
Sweden
Switzerland
UK
Mean
Median
Big 6 Mean
Big 6 Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

17.28
43.80
17.49
23.28
26.56
33.36
27.39
36.68
34.61
27.84
29.67
29.46
25.32
26.55
21.80
24.70
21.09

21.33
35.36
16.61
32.27
42.95
39.95
46.08
29.98
43.21
34.88
28.54
32.70
35.67
32.73
29.88
33.47
30.24

18.10
51.84
14.45
21.82
29.73
28.66
36.36
24.70
29.29
30.66
24.90
27.39
24.31
25.57
26.06
20.67
20.87

Australian banks include National Australia Bank, Australia and New Zealand Banking Company, and Westpac
Banking. Brazilian banks include Banco de Brazil. Canadian banks include Toronto-Dominion Group, Royal Bank
of Canada, Bank of Nova Scotia, and Bank of Montreal. Danske is the Danish bank in our sample and ING is the
Netherlands bank. French banks are BNP Paribas, Credit Agricole Group, Societe Generale, and Natixis. German
banks are Deutsche Bank and Commerzbank. Italian banks are Unicredit and Intesa Sanpaolo. Japanese banks are
Mitsubishi, Mizuho, and Sumitomo. Santander is the Spanish bank in our sample. Nordea is the Swedish bank. UBS
and Credit Suisse are the Switzerland banks. The UK banks are HSBC, Barclays, Lloyds, Royal Bank of Scotland,
and Standard Chartered.

74
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Appendix Table B3 (Continued): International Institutions
Panel B3.2: International Volatility / Market Volatility z

Australia
Brazil
Canada
Denmark
France
Germany
Italy
Japan
Netherlands
Spain
Sweden
Switzerland
UK
Mean
Median
Big 6 Mean
Big 6 Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

1.60
1.56
1.34
1.16
1.40
1.48
1.58
1.86
1.57
1.46
1.45
1.64
1.59
1.52
1.49
1.55
1.41

1.43
1.52
1.21
1.48
1.98
1.98
1.73
1.36
1.95
1.43
1.30
2.11
2.22
1.72
1.56
1.78
1.68

1.31
1.99
1.17
1.06
1.52
1.43
1.44
1.26
1.43
1.48
1.21
1.54
1.73
1.43
1.38
1.71
1.41

z

For international market comparisons, we use local indices except
for banks in the Netherlands, Sweden, and Denmark. We
benchmark volatility of banks in these countries against a European
index. We used the standard deviation of the daily return over 260
trading days to best approximate an annual average.
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Appendix Table B3 (Continued): International Institutions
Panel B3.3: International Implied Volatility aa

Australia
Brazil
Canada
Denmark
France
Germany
Italy
Japan
Netherlands
Spain
Sweden
Switzerland
UK
Mean
Median
Big 6 Mean
Big 6 Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

15.91
66.25
17.22
21.74
23.72
25.66
20.54
29.00
20.84
22.47
23.05
21.92
23.04
22.10
20.36
22.90
19.89

18.87
37.83
18.41
31.87
41.91
40.10
41.24
28.46
38.49
36.68
26.15
30.49
32.93
31.36
28.27
30.77
27.31

20.71
39.26
16.90
22.48
31.88
33.08
34.61
28.49
30.95
35.25
23.52
27.00
27.02
27.27
26.54
22.96
21.36

aa

Earliest implied volatility data is available in 2005, so we begin
our pre-crisis period then.
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Appendix Table B3 (Continued): International Institutions
Panel B3.4: International Implied Volatility / Market Implied Volatility

Australia
Brazil
Canada
Denmark
France
Germany
Italy
Japan
Netherlands
Spain
Sweden
Switzerland
UK
Mean
Median
Big 6 Mean
Big 6 Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

1.10
3.63
1.23
1.32
1.41
1.48
1.22
1.51
1.23
1.34
1.38
1.28
1.55
1.36
1.27
1.91
1.79

1.06
2.23
1.02
1.36
1.79
1.88
1.76
1.22
1.62
1.56
1.11
1.30
1.88
1.50
1.39
2.14
1.92

1.27
2.44
1.04
0.95
1.33
1.40
1.44
1.31
1.29
1.46
0.99
1.13
1.66
1.36
1.28
1.61
1.54
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Appendix Table B3 (Continued): International Institutions
Panel B3.5: International Betas

Australia
Brazil
Canada
Denmark
France
Germany
Italy
Japan
Netherlands
Spain
Sweden
Switzerland
UK
Mean
Median
Big 6 Mean
Big 6 Median

Pre-Crisis
Average

Post-Crisis
Average

2015
Average

0.50
0.73
0.41
0.58
0.79
1.01
0.86
1.36
N/A
1.03
0.57
1.10
0.86
0.80
0.74
1.18
1.18

0.70
0.85
0.58
1.00
1.35
1.14
1.30
1.31
N/A
1.07
0.80
1.27
1.25
1.07
1.11
1.61
1.49

0.75
1.28
0.69
0.82
1.27
1.08
1.28
1.35
N/A
1.12
0.88
0.73
0.85
0.99
0.95
1.23
1.22
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Appendix Table B3 (Continued): International Institutions
Panel B3.6: International CDS Spread bb

Australia
Brazil
Canada
Denmark
France
Germany
Italy
Japan
Netherlands
Spain
Sweden
Switzerland
UK
Mean
Median
Big 6 Mean
Big 6 Median
bb

Pre-Crisis
Average cc

Post-Crisis
Average

2015
Average

11.76
N/A
N/A
N/A
11.74
N/A
16.09
N/A
11.89
14.77
N/A
19.48
13.53
13.66
11.50
31.85
24.00

103.44
321.50
56.42
N/A
139.48
N/A
208.35
N/A
116.01
203.43
82.99
99.85
90.67
129.13
98.52
140.63
116.00

70.86
422.65
59.44
N/A
75.13
N/A
93.20
N/A
62.30
103.46
62.66
71.60
97.21
103.66
76.84
93.58
89.00

Price data is for-year tenor.

cc

Earliest CDS data is available in February 2004, so we begin our
pre-crisis period then.

172

Essay C.
Private Equity Investments in the Life Insurance Industry:
Implications for Capital, Taxes, and Risk

173

Private Equity Investments in the Life Insurance Industry:
Implications for Capital, Taxes, and Risk

Divya Kirti
International Monetary Fund
Natasha Sarin
University of Pennsylvania Law School and The Wharton School
nsarin@law.upenn.edu

March 2019

174

Abstract
Since the financial crisis, private equity holdings in the life insurance industry grew from
$23 billion in 2010 to nearly $250 billion in 2014. Much of this growth was driven by three
insurance groups. We examine the effect of these and other private equity investments on the
management of life insurance firms. These insurance groups take advantage of opportunities to
increase risk without corresponding capital charges and decrease tax burdens through
reinsurance. Specifically, we find that PE-backed insurers shifted away from corporate bonds
and into asset-backed securities, taking advantage of a regulatory change that enabled them to
increase risk without holding additional capital. Some PE-backed insurers lowered their tax
liabilities by using captive reinsurers based in low-tax countries. We provide suggestive evidence
that (i) ratings of PE-backed life insurance firms may not fully reflect the risk of their assets and
(ii) some of PE-backed insurers' tax and capital savings may have been passed on to annuities
purchasers through more attractive rates.
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C.1

Introduction
Like many leveraged financial intermediaries, life insurance companies, plagued by

capital losses incurred during the financial crisis, chose to sell assets to raise capital. Private
equity (“PE”) firms bought a number of insurance companies, and their share of the life and
annuities market grew rapidly in the aftermath of the crisis. Insurers are attractive targets for PE
firms, because, like sovereign wealth funds, pension funds, and endowments, they provide longterm, stable investment capital insulated from market fluctuations (Chodorow-Reich, Ghent &
Haddad 2016). Within the PE industry, these assets are known as “permanent capital,”
generating a lower but steady stream of revenues and fee income for management of these
portfolios. 75
By 2016, PE-backed insurers were responsible for nearly 20 percent of fixed-annuity
sales, up from 3 percent in 2009. Insurance is an attractive investment for PE firms because it
provides access to long-term investment capital and large asset management fees for PE parents.
In return, PE firms have proven able to generate yield for insurers hard-pressed by the crisis and
the post-crisis low interest rate environment. However, regulators seem wary, voicing concerns
about the role of private equity in the industry. According to Benjamin Lawsky, Director of the
New York Department of Financial Services, PE firms “generally . . . follow a model of
aggressive risk-taking and high leverage, typically making high-risk investments. This type of
business model isn’t necessarily a natural fit for the insurance business, where a failure can put
policyholders at significant risk” (Lawsky 2013). 76

75
For one PE firm, this “permanent capital" now generates a substantial share of total fee revenue (Basak & Carey
2016).
76
Recent scrutiny of Athene, a PE-backed insurer, by Texas and New York regulators lends credence to these
concerns. Regulators are investigating complaints that cash values of policies were not disclosed in a timely manner
(Chiglinsky 2018).
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Concern about the role of private equity in the life insurance industry led the National
Association of Insurance Commissioners (NAIC) to introduce more restrictive guidelines for the
acquisition of insurance companies. Nevertheless, PE firms continue to seek opportunities in
insurance: Recently, Blackstone Group entered into an investment management contract with
Fidelity & Guaranty Life, an annuity provider with more than $20 billion in assets, and Carlyle
purchased DSA Reinsurance, an affiliate of AIG (Basak & Perlberg 2018). Private equity
investments in insurance are growing outside of the U.S. as well: In 2017, PE firms invested
around €60 billion in life insurers; in 2018, that total grew to over €260 billion (Ralph 2018).
Public attention is focused on potential issues with these investments. Media reports highlight
that PE-backed insurers allocate assets differently and assign controversially high assetmanagement fees to parent PE companies
This paper provides a timely exploration of the role of private equity in the U.S. life
insurance industry, aiming to inform the current debate. Our sample includes 57 PE acquisitions
of life insurance companies, holding nearly $150 billion in assets by the end of our sample
period (Figure 14). Three insurance groups account for a significant share of the PE-owned
assets in the industry. To ensure anonymity, we do not disclose their identities. However, given
their importance to the industry, at times we describe their behavior in detail. Our paper is the
first to consider the economics of PE investments in the life insurance industry.
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Figure 14: General Account Bonds of PE-Owned Insurers
This figure shows bonds held by PE-owned insurers in the general account (assets backing all
liabilities not held in separate accounts). Bonds are valued under statutory accounting rules.
Private equity firms have invested primarily in life insurers that are active in the annuities
business. The annuities market has grown substantially over the last several decades and now
represents over 60 percent of the total life insurance industry. While annuities can be either
fixed-rate or variable-rate products, our focus is on the former, because fixed annuities have
attracted the majority of PE investments. This line of business represents 25 percent of the
annuities industry (and 15 percent of the total life insurance industry). Although smaller than the
variable annuities market, fixed annuities products have become more attractive to investors in
the aftermath of the financial crisis, as fears of market volatility have led investors to seek out
products with less volatile returns.
To understand the role of private equity in the fixed annuities market, we compare life
insurance firms that are “PE-owned” to those that are “non-PE-owned.” We first show that after
life insurers are bought by PE firms, they increase asset risk without incurring additional
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regulatory capital charges. They do so by substituting out of highly rated corporate bonds and
into poorly rated private-label asset-backed securities (ABSs). Specifically, these PE-owned
insurers take advantage of the fact that since 2009, capital charges for these ABSs are no longer
an explicit function of their credit ratings (Becker & Opp 2014). Instead, the capital charges are
determined by the expected loss of a bond, based on the book value at which it is held. As a
result, high-yielding ABSs (some near default) are often treated as riskless, with a minimal
capital charge. PE-backed insurers took greater advantage of this regulatory change, moving
more than non-PE firms into private-label ABSs. This shift boosted the yields on their portfolios
relative to non-PE backed insurers without incurring commensurate capital charges. We present
evidence that ratings of life insurance firms may not fully reflect this increase in risk.
Second, we find that PE-backed insurers have lower tax rates due to reinsurance with
foreign sub-subsidiaries. They shift profits to jurisdictions outside the U.S. where the effective
tax rate is zero, by purchasing reinsurance from off-balance sheet affiliates outside of the scope
of U.S. insurance regulation. These sorts of reinsurance transactions are referred to by Koijen &
Yogo (2016b) as “shadow insurance.” Koijen & Yogo document growth in shadow reinsurance
and suggest insurance companies reduce capital charges through reinsurance from GAAP 77filing subsidiaries with lower reserve requirements. But this cannot explain the growth of shadow
insurance since 2011, because recent growth is driven by annuities providers, which have similar
reserving provisions under GAAP and statutory accounting. It appears that much of the growth
in shadow insurance during our sample period is attributable to a single PE-backed insurer in our
sample, and driven at least in part by an opportunity for tax savings through reinsurance to a
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subsidiary based outside the U.S. Overall, PE-backed insurers take greater advantage of
opportunities for tax savings through reinsurance.
Third, we examine whether the benefits PE firms receive from reduced capital charges
and tax savings leads them to offer lower-cost annuities than their competitors. We provide
suggestive evidence that some portion of the higher yields and tax savings of these insurers are
passed through to annuity holders directly in the form of lower prices—or more attractive rates
on comparable products.
Our study builds on two distinct strands of literature. The first is the large literature on
private equity. This literature has focused on investments in non-financial firms. While there is
considerable debate in the literature about whether PE investments offer excess returns (Kaplan
& Schoar 2005, Harris, Jenkinson & Kaplan 2015, Stafford 2016), much of the work documents
improvements in operating performance following PE investments. To our knowledge, our paper
is among the first to examine the impact of PE investments in the financial sector (an exception
is Markowitz (2017)). We examine in detail the operating and capital structure changes that
follow a PE investment in life insurance companies.
Our paper also connects to a recent set of papers on risk-taking by insurance firms.
Becker & Ivashina (2015) document insurance firms’ propensity to reach-for-yield on their bond
portfolios; Koijen & Yogo (2016b) focus on risk-taking on the liability side, demonstrating a
dramatic increase in shadow insurance discussed above; and Becker & Opp (2014) suggest that
changes in the capital charges assessed to private-label ABSs increase risk in the insurance
industry by reducing capital requirement substantially.378 Koijen & Yogo (2017) note that in the

A recent paper by Foley-Fisher, Narajabad & Verani (2016) also studies risk of life insurers, although through a
slightly different lens. The authors provide evidence that life insurers use securities lending as a source of wholesale
funding, and are thus exposed to run risk.
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aftermath of the crisis, insurance sales fell and fees increased as insurers sought to limit their risk
exposure, and, relatedly, Kirti (2017) notes that insurers hardest hit by the financial crisis
reduced rather than increased risk-taking. Our paper is also related to an earlier literature on the
impact of mutual-ownership (Mayers & Smith 1986, 2002). While we investigate a different
transition (the shift to PE ownership rather than mutual-stock conversion), we too are focused on
understanding the implications of insurer ownership.479
Our paper proceeds as follows. Section C.2 describes the institutional setting, focusing on
recent regulatory changes. Section C.3 presents the data. Section C.4 lays out the empirical
framework. Section C.5 presents the core results for private equity risk-taking on the asset-side
of the balance sheet. Section C.6 details the main result on the liability side—an increase in
reinsurance with foreign affiliates for large PE-backed insurers. Section C.7 contemplates who
the beneficiaries are from private equity-backed insurers’ relatively low capital requirements and
tax exposure. Section C.8 concludes.
C.2

Institutional Setting
Life insurers are large financial intermediaries that invest in fixed-income assets,

primarily corporate bonds and ABSs of varying degrees of risk, funded primarily by premiums
on the insurance products they offer. Collectively, their assets represent almost half of the assets
of the banking industry, although they have received much less academic attention than banks.
Life insurers’ liabilities are increasingly likely to be annuities contracts—either fixed-rate
annuities that pay a fixed coupon upfront for a specific term, or variable-rate annuities, whose
coupon varies over time. (Poterba (1997) discusses the trend toward annuities, and more recent
work by Berends et al. (2013); Chodorow-Reich et al. (2016); and Becker & Ivashina (2015) also
We lack statistical power to concretely study whether insurers that demutualize also take advantage of changes in
the regulatory treatment of MBS, as only 10 demutualize in our sample period.
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documents this trend.) Figure 15 tracks the mix of life insurers’ liabilities since 1996. In 1996,
around 60 percent of life insurers’ liabilities were annuities contracts; by 2014, this share had
grown to over 70 percent. Fixed annuities are around 25 percent of the annuities market, and this
share is increasing as the attractiveness of variable annuities has decreased since the crisis
(Koijen & Yogo 2017, IMF 2017).

Figure 15: Mix of Life Insurers’ Liabilities Over Time
This figure shows life insurance reserves broken down by type, using data from SNL. Reserves
are valued under statutory accounting rules. Annuities include both fixed annuities (general
account annuities) and variable annuities (all separate account reserves). Other liabilities
primarily include accident & health insurance reserves.

Several major changes have impacted the life and annuities insurance business in recent
years, and two are most relevant for our analysis: (i) change in the capital treatment of ABSs;
and (ii) the regulatory and tax impetus for shadow insurance.
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C.2.a Change in the Capital Treatment of Asset-Backed Securities
Insurance companies are subject to capital requirements to protect policy-holders. They
are designed to safeguard annuities and life insurance contracts against significant losses in the
value of the assets used to make life and annuities payments. Since 1994, the NAIC has used a
risk-based capital (RBC) system, with capital levels depending on a variety of risks: asset risk
(from affiliate companies, fixed income investments, and equities), credit risk, reserve risk, and
premium risk. 80 Becker & Opp (2014) provide extensive detail about this RBC calculation.
For structured securities, a subcategory of fixed-income asset risk, the risk-based charge
for a non-agency security is a product of its book value and a risk-based capital percentage that is
increasing in the NAIC risk designation (1-6, with 1 the least-risky bonds and 6 the bonds closest
to default) (Becker & Opp 2014).
Prior to the crisis, the NAIC risk classification depended entirely on bond credit ratings.
Using the Moody’s classification, NAIC-1 included bonds rated Aaa to A2 (described as prime
and high investment-grade), and NAIC-6 included bonds rated Caa3 and below (described as
default imminent with little prospect of recovery and in default).
During the financial crisis, rating agencies dramatically downgraded structured bonds—
by July 2009, only 36 percent of pre-crisis AAA-rated CDO tranches remained AAA (Coval,
Jurek & Stafford 2009). In the insurance industry, capital requirements would have risen
drastically in response to these downgrades. To provide some capital relief, the NAIC changed
the risk classification methodology for structured securities, which represented nearly 20 percent
of insurers’ assets, second only to corporate bonds. It selected PIMCO and BlackRock to

Premium risk is the risk of financial losses related to premiums earned in a given period (claims that will incur in
the future). Reserve risk is the risk of financial losses related to policies for which premiums have already been
earned. Risk relates to both uncertainty in the amounts that will need to be paid and the timing of these payments
(Ohlsson & Lauzeningks 2008).
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perform “expected loss” assessments to determine the intrinsic value of insurance companies’
structured securities holdings. The NAIC would then assess a capital charge on an insurer based
on the difference between the book value that the insurer held on a security and the intrinsic
value computed by PIMCO and BlackRock. This means ABSs (in a departure from historical
precedent and current regulatory standards for non-ABS bond types) can have different NAIC
ratings depending on the book value at which the insurer holds the bond. Thus, a belowinvestment-grade ABS can (and often does) have an NAIC-1 rating if it is held at sufficient
discount on the insurer’s balance sheet. Replacing ratings in this manner drastically reduced
aggregate capital requirements—they were nearly $4 billion in 2012 and would have been five
times higher under the old system. Becker & Opp (2014) highlight that the new “expected loss”
framework results in greater asset risk exposure for insurers relative to the old ratings-based
system because insurers are no longer forced to hold as much capital against future losses.
Becker & Opp (2014) explain the deficiencies of the new regulatory regime with a simple
stylized example, using two types of zero-coupon bonds. Bond 1, with a default probability of 50
percent, a recovery rate of 0, and that has been marked down by the insurer by 50 percent of its
face value; and Bond 2, with default probability of 100 percent, recovery rate of 50 percent, and
that has also been marked down by 50 percent. Bond 1 is risky, since it has a 50 percent chance
of returning nothing, and a 50 percent chance of returning its full value. Bond 2 is essentially
riskless, as it is sure to pay o exactly 50 percent of its face value. Under the new system, both of
these bonds will be classified as NAIC-1 and will bear the same capital charge, even though their
risk profiles are very different.
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C.2.b Shadow Insurance
Reinsurance is essentially insurance for an insurance provider. The basic motives for
reinsurance in the life and annuities business are four-fold: risk transfer, underwriting assistance,
capital management, and tax management (Koijen & Yogo 2016b). Insurers can cede liabilities
to an affiliated or unaffiliated insurer. Froot (2001) provides an early study of the reinsurance
market, focusing on catastrophe insurance and noting that capital market frictions and the lack of
perfect competition stemming from the market power of reinsurers can prevent optimal
reinsurance.
These barriers are less pronounced for affiliated reinsurance, studied by Koijen & Yogo
(2016b). Their focus is on what they term “shadow insurance,” where liabilities are ceded to an
unrated affiliate outside the scope of U.S. insurance regulation. They document that shadow
insurance premiums grew from $11 billion in 2002 to $364 billion in 2012. They attribute this
rise to changes in regulation in the early 2000s—Regulation XXX and Regulation AXXX—that
forced life insurers to hold higher reserves on newly issued term life insurance (Koijen & Yogo
2016b). These heightened requirements applied only to insurers reporting under statutory
accounting principles (NAIC), and did not apply to insurers reporting under GAAP. Thus, an
operating company reporting under statutory accounting principles could cede reinsurance to a
GAAP affiliate and avoid higher capital charges under the NAIC rules. 81
Importantly, the difference between GAAP and NAIC capital requirements applies only
to life insurance—not the annuities business. And yet, affiliated reinsurance in the annuities
business grew from $134 billion in 2011 to $163 billion in 2013, while life reinsurance remained
at $208 billion during this same period (Koijen & Yogo 2016a). Thus, the capital arbitrage
Interestingly, as of January 2017, this NAIC/GAAP discrepancy no longer exists. See NAIC Fall 2016 Meeting
Notes.
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explanation put forth by Koijen & Yogo (2016b) does not explain the more recent rise in shadow
insurance, primarily in the annuities business, where PE-backed insurers have been most active.
This is not to say that capital requirements do not motivate annuities reinsurance to
foreign subsidiaries. Reserve requirements for fixed annuities with guaranteed withdrawal
benefits can be high in the U.S. 82 Shifting liabilities abroad can lower reserve requirements. For
example, even insurers domiciled in non-U.S. jurisdictions that apply the fairly strict European
Solvency II regulation can be permitted to use a “matching adjustment” that lowers reserve
requirements if assets and liabilities have matching maturities. It is difficult to estimate the
capital savings from annuities reinsurance, as reporting by foreign subsidiaries is not transparent.
Another rationale for shadow insurance is tax management. According to Credit Suisse
(2017), some insurers use reinsurance to achieve effective tax rates as low as 7 percent—well
below the statutory rate in our sample period of 35 percent. Recently, reinsurance has been ceded
primarily to one non-U.S. domicile that currently has a zero corporate tax rate. Additionally, one
PE-backed insurer operating there has agreed to a zero corporate tax rate through 2035, even if
the tax treatment of other firms changes. Thus, tax avoidance may be growing motivation for
reinsurance, even though reinsurance for the pure purpose of tax management is disallowed in
the United States (Koijen & Yogo 2016b).

For legacy annuities, insurers must hold capital based on “worst case” assumptions about the present value policyholders can avail, even if the requisite policyholder behavior is unlikely (Kotecha, Yahr & Collingwood 2012).
While a principles-based system now affords insurers more flexibility, it only applies to new policies.
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C.3

Data

C.3.a Private Equity Ownership
Using SNL Financial’s “Insurance Statutory Financial” (“ISF”) database, we identify life and
annuities insurance firms with a registered NAIC code that operated between 2005 and 2014. We
construct an original panel dataset of these firms by ownership structure. Our dataset designates
each firm as either “PE-owned” or “non-PE-owned” in each quarter of existence during this
period.
Although SNL identifies firms that have PE investors, this classification system is
imprecise. Rather than rely on it alone, we identify PE ownership using quarterly NAIC LIFEQS and LIFE-AS regulatory filings, which provide ownership stakes for all large investors. For
firms that have PE owners, we use regulatory filings to track the exact date of the PE-transaction
and whether the firm has merged or been renamed. 83
Individual insurance firms are often subsidiaries of multi-level holding companies. We
consider an insurance subsidiary PE-owned if it is a subsidiary of a holding company with either
a single PE-investor or a consortium of PE-investors owning a majority of the holding
company’s stock. We exclude from our sample firms with PE investors that collectively own less
than 50 percent of the company. We employ a broad definition of private equity by including
hedge funds, business development companies, and other private investment vehicles that are not
necessarily conventional limited partnerships.
Our panel structure allows us to track individual insurance subsidiaries both pre-and postPE ownership, with two limitations. First, when an insurance subsidiary is closed or merged into
another insurer acquired by the PE acquirer, it is no longer a standalone observation in our
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When SNL is missing data, we supplement with press releases from SNL and publicly available news articles.
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sample. Second, when PE-backed insurers purchase a “book of business” from a non-PE
insurer—a portfolio of assets and annuities liabilities—we do not label this transaction as a PE
transaction. Said differently, PE transactions in our sample involve the transfer of an entire
insurance subsidiary to a PE acquirer.
We limit our analysis to the 1,021 life and annuities insurance firms that reported their
assets between 2005 and 2014. We require that data exists on general account bond holdings for
the duration of our sample period. We also drop from our analysis 6 insurers that are PE-owned
for our entire sample. After applying these criteria and insurers with minority PE stakes, we are
left with 960 insurers, of which 57 are PE-owned for at least one quarter, but not all quarters,
between 2005 and 2014. Since 2014, although PE investments in fixed annuities have been more
muted, 84 interest in the insurance industry more broadly has grown. This interest includes
markets other than fixed annuities such as variable annuities, long-term care insurance, and other
geographical markets such as Europe (Segal 2018, Indap & Vandevelde 2018).
While PE ownership of life insurance companies is relatively small—it comprised just 4
percent of assets in 2014—it grew from 0.5 percent in 2010 and accounts for 20 percent of new
underwriting in the fixed annuities business.
C.3.b Asset Side of Insurer Balance Sheet
We focus primarily on insurers’ general account bond holdings, which represent on
average over two-thirds of their total assets. General account assets support liabilities with
guaranteed returns, like term life insurance and fixed-rate annuities. Products with investment
losses/gains passed through to consumers, like variable annuities and variable life insurance, are
separate account products (Berends et al. 2013, Chodorow-Reich et al. 2016).
Our sample period ends in 2014 due to data limitations. Since then, PE entities have engaged in eight further
transactions, totaling nearly $2 billion.
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We use data on bond holdings from SNL’s “Insurance Investment Holdings” database.
We select only bond holdings with nonnegative fair values. We gather information on NAIC
code, Fair Value, Par Value, Asset Type, Issuer Type, and NAIC Risk Designation. This search
yields a total of about 973,000 firm-quarter bond observations. For the subset of private-label
ABSs that comprise much of the forthcoming analysis, we also procure information on bond
credit rating history from Moody’s.
We classify each observation into NAIC risk category (NAIC 1 through NAIC 6) and
asset class (corporate bonds, federal government bonds, state and public utilities bonds, foreign
government bonds, private-label ABSs, federal government ABSs, and hybrid securities). We
exclude relatively insignificant bond categories like credit tenant leases, state and public utility
ABSs, and foreign government ABSs.
Table 18 summarizes the bond portfolio composition of firms in our sample as of yearend 2014. We report summary statistics for the average PE-owned and non-PE-owned firms.
Corporate bonds and private-label ABS are the first and second most common bond types for
PE-backed insurers, representing on average 48.1 percent and 22.3 percent of all bond types,
respectively. It is striking—and relevant to our forthcoming analysis—that PE-owned firms tend
to have a much larger share of their assets invested in private-label ABS than non-PE-owned
firms (whose share in private-ABS averages only 7.4 percent).
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Table 18: Bond Portfolio by Asset Class (2014)
This table shows summary statistics regarding insurers’ assets as of 2014. The data are based on
regulatory reporting obtained from SNL. General account bond/total assets is the reported fair
value of general account bonds (excluding hybrid securities) with bond-level reporting, as a
share of total assets, in percentage points. Asset class shares (corporate-agency ABSs) and NAIC
category shares (NAIC 1–6) are within general account bonds and also in percentage points.
Corporate bonds include bonds issued by financials and utilities. State government bonds include
bonds issued by local governments. NAIC categories are reported by insurers and may be
different for the same bond across insurers. The table shows the mean of all variables separately
for PE owned insurers and non-PE owned insurers, as well as the t-statistic for the difference
between these groups. All variables are winsorized at the 5th and 95th percentile within type
(PE, non-PE).
PE
63.3
48.1
16.6
2.7
0.4
22.3
8.2
72.5
24.6
1.5
0.7
0.1
0.1
709

General Account Bonds/Total Assets
Corporate
Fed Government
State Government
Foreign Government
Private ABS
Agency ABS
NAIC 1
NAIC 2
NAIC 3
NAIC 4
NAIC 5
NAIC 6
Insurers

Non-PE
62.6
52.4
25.9
4.7
0.5
7.4
6.1
73.4
23.2
1.9
0.6
0.1
0.0

t-stat
0.20
-1.43
-3.52
-3.34
-0.60
4.90
1.25
-0.35
0.65
-1.57
0.84
0.71
1.50

By bond risk category, nearly all bonds (more than 97 percent for both PE-backed and
non-PE firms) are within the first two NAIC categories.
C.3.c Liability Side of Insurer Balance Sheet
On the liability side, we focus on reinsurance agreements for U.S. life insurers from the
Schedule S filings provided by A.M. Best Company for 2005–2014. These statements are led
annually by individual insurance companies who report to the NAIC according to statutory
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accounting principles. We also acquire ratings information for our insurance firms from A.M.
Best (A.M. Best is a rating agency—much like Moody’s, S&P, and Fitch—which focuses on the
insurance industry). We follow work by Koijen & Yogo (2016b) on insurers’ reinsurance
agreements. As in their study, we focus on Schedule S sections 1.1 (Reinsurance Assumed), 3.1
(Reinsurance Ceded) and 4 (Reinsurance Ceded to Unauthorized Companies).
The data provided by A.M. Best includes detailed information on all reinsurance
agreements, with records of both reinsurance ceded from insurers to reinsurers and reinsurance
assumed by reinsurers, at year-end for all authorized insurers and reinsurers that report to the
NAIC. Importantly for our study, the data also contains detail on reinsurance ceded by an
operating company to an unauthorized reinsurer that itself does not report to the NAIC—like a
domestic or foreign captive (a subsidiary whose primary function is to assume reinsurance from
its affiliates). Unauthorized reinsurers are insurers not subject to the same reporting and capital
requirements as reinsurers covered by U.S. insurance regulation (Koijen & Yogo 2016b).
Following Koijen & Yogo (2016b), from the Schedule S filings we collect information on
the identity of the reinsurer, type of reinsurance, effective date, reserve credit taken (which can
be thought of as amount of reinsurance) and type of life reinsurance agreement.1085 The Schedule
S filing contains information on the identity of the reinsurer, including its name, domicile,
whether it is affiliated/unaffiliated with the ceding company, whether it is authorized by U.S.
insurance regulators, and whether it has received an A.M. Best rating, and what that rating is.
Shadow reinsurers are defined as those that are affiliated (captives of the ceding insurer), not
authorized by U.S. insurance regulators, and without an A.M. Best rating.

Life reinsurance agreements include coinsurance, modified coinsurance, combination coinsurance, yearly
renewable term, and accidental death benefit. The types of annuity reinsurance agreements are coinsurance,
modified coinsurance, combination coinsurance, and guaranteed minimum death bene t. The latter (annuity
reinsurance agreements) are of focus for our study.
85
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C.3.d Annuities Rates
To ascertain the impact of PE investments on annuities rates, we use data from Annuity
Rate Watch (ARW). ARW began providing data on fixed annuity offerings, primarily for use by
insurance brokers, over two decades ago. It maintains comprehensive information on fixed
annuities and currently monitors more than 1,400 products from more than 80 different carriers,
including many in our sample of PE-backed insurers. Because annuities products differ
substantially in specific terms, we focus on five-year multi-year guaranteed rate annuities
(“MYGAs”), a relatively homogeneous product, currently offered by most carriers in the ARW
database. A MYGA is a fixed-rate annuity contract that functions essentially as a CD, with a
penalty for early withdrawal. We can gather specific about the MYGAs in our sample, including
their minimum value, “yield-to-surrender,” whether the annuity has a market value adjustment,
and what the penalty-free withdrawal limits are. Granularity about the annuity offering terms
allows us to determine which products are most comparable.
C.4

Empirical Framework

To quantify the effect of private equity ownership on various measures of risk and returns, our
baseline regression model is
Outcomei;q =

1

PE Afteri;q + ai + gq + i;q

where i and q denote the firm and year-quarter, PE After is a dummy with value one if the firm is
PE-owned in a given quarter and zero otherwise, and ai and gq represent firm and year-quarter
fixed effects, respectively.
We include firm fixed effects to control for time invariant characteristics of each rm. In
doing so, we attempt to address concerns that private equity investors may be acquiring firms
that engage in more yield-oriented behavior (riskier bond portfolio, greater shadow insurance) ex
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ante. We include year-quarter fixed effects to control for possible time trends that impact the
portfolios of insurance firms.
Our identification comes from changes in a firm’s ownership structure—specifically, we
use a difference-in-differences approach that compares change in behavior as firms transition
from non-PE-owned to PE-owned to the behavior of firms in our sample that never experience a
private equity investment. We drop insurers that are always PE-owned in the sample period.
We winsorize dependent variables for our regressions within type (PE firm vs. non-PE
firm) at the 5th and 95th percentile to ensure that outliers do not drive our results. Our results are
broadly similar when we do not winsorize. Standard errors are generally double clustered by
insurer and year-quarter, except for the matching results in Appendix C, where we double
cluster by insurer and year.
C.5

Asset-Side Results and Discussion
Table 19 displays the point estimates for PE After for each major asset class. We observe

that private equity backed insurance subsidiaries substitute away from corporate bonds in favor
of private-label ABS holdings. Specifically, they decrease their share of corporate bonds by over
7 percentage points and increase their private-label ABS holdings by over 6 percentage points.
This change corresponds to a 16 percent decrease in these insurers’ share of corporate bonds
(relative to the industry average of 46 percent) and around a 66 percent increase in the share of
the bond portfolio that is private ABS (relative to the industry average of 9.5 percent).
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Table 19: Bond Portfolio by Asset Class
This table uses data on insurers’ general account bond holdings. It shows regressions where the
observations are at the insurer-quarter level for 2005Q4–2014Q4. As identification comes from
changes in ownership structure, we drop insurers that are always PE-owned in this period. The
dependent variables are asset class shares within general account bond holdings. These shares are
in percentage points and are winsorized at the 5th and 95th percentile within type (PE, non-PE).
Corporate bonds include bonds issued by financials and utilities. State government bonds include
bonds issued by local governments. 2010–2014 is a dummy for quarters in these years. PE status
is a dummy variable that takes value 1 for insurer-quarters with PE ownership. All specifications
include quarter and insurer fixed effects. Standard errors (in parentheses) are double clustered by
insurer (NAIC code) and quarter. The table shows the total number of insurers, and the number
of insurers owned by PE firms, in the sample.

2010-2014
PE After
Mean of dep var.
Quarter FE
Insurer FE
SE clustered by
R2
Insurer-quarters
Insurers
PE insurers

Corporate
8.9***
(0.60)

Federal
Govt.
-5.8***
(0.69)

Private
ABS
-1.1***
(0.21)

Agency
ABS
-3.7***
(0.28)

State
Govt.
2.2***
(0.15)

Foreign
Govt.
-0.1***
(0.03)

-7.2*
(2.93)
46.0
Y
Y
I+Q
0.82
30,264
960
57

-2.8
(2.87)
28.9
Y
Y
I+Q
0.81
30,264
960
57

6.3***
(1.72)
9.5
Y
Y
I+Q
0.80
30,264
960
57

2.2
(1.63)
8.9
Y
Y
I+Q
0.74
30,264
960
57

0.1
(0.43)
3.0
Y
Y
I+Q
0.73
30,264
960
57

-0.1
(0.22)
0.6
Y
Y
I+Q
0.72
30,264
960
57

Note that in Table 19, we also include a dummy for quarters in years 2010–2014 to
illustrate general industry trends. We see that the life insurance industry as a whole is moving
toward corporate bonds but only marginally away from private-label ABSs during this period.
This suggests that the PE firms shift toward private-label ABSs was a tilting of their portfolios
in favor of new private-label ABS holdings rather than a transfer of these bonds from non-PE to
PE-backed insurers.
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Although these regression results point to a clear change in the bond portfolios of PEbacked insurers, they say nothing about why PE firms shifted so substantially into private-label
ABS holdings, nor do they allow us to comment on whether substitution away from corporate
bonds in favor of private-label ABSs is associated with an increase in risk.11
To examine the effect on risk, we first look at whether there were changes in the NAIC
classifications of PE-firm bond portfolios. In particular, we ask whether the shift out of corporate
bonds led to fewer holdings of relatively safe corporate bonds (NAIC-1), and more holdings of
relatively risky securities (NAIC 4, 5, or 6). In Table 20, we see that there is no statistically
significant difference in bond portfolio composition by NAIC category for PE and non-PE
insurers. Table 21, panel T21.A, shows that even within private-label ABS holdings, PE-backed
insurers do not hold riskier securities. So, at first glance, it does not appear that PE-backed
insurers are taking on additional risk, at least as measured by NAIC category, relative to non-PE
firms.
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Table 20: Bond Portfolio by NAIC Category
This table uses data on insurers’ general account bond holdings. It shows regressions where the
observations are at the insurer-quarter level for 2005Q4–2014Q4. As identification comes from
changes in ownership structure, we drop insurers that are always PE owned in this period. The
dependent variables are NAIC category shares within general account bond holdings. These
shares are in percentage points and are winsorized at the 5th and 95th percentile within type (PE,
non-PE). NAIC categories are reported by insurers, and may be different for the same bond
across insurers. PE status is a dummy variable that takes value 1 for insurer-quarters with PE
ownership. All specifications include quarter and insurer fixed effects. Standard errors (in
parentheses) are double clustered by insurer (NAIC code) and quarter. The table shows the total
number of insurers, and the number of insurers owned by PE firms, in the sample.

PE After
Mean of dep var.
Quarter FE
Insurer FE
SE clustered by
R2
Insurer-quarters
Insurers
PE insurers

NAIC 1
1.2
(1.45)
79.0
Y
Y
I+Q
0.83
30,264
960
57

NAIC 2
-1.6
(1.37)
18.1
Y
Y
I+Q
0.82
30,264
960
57

NAIC 3
0.3
(0.16)
1.5
Y
Y
I+Q
0.68
30,264
960
57
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NAIC 4
0.1
(0.08)
0.6
Y
Y
I+Q
0.62
30,264
960
57

NAIC 5
0.1
(0.04)
0.2
Y
Y
I+Q
0.49
30,264
960
57

NAIC 6
0.0
(0.01)
0.1
Y
Y
I+Q
0.49
30,264
960
57

Table 21: Private ABS Portfolio by NAIC Category
This table uses data on insurers’ private-label ABS holdings (PLABS). It shows regressions where
the observations are at the insurer-quarter level for 2007Q4–2014Q4 (capital treatment of PLABS
changed starting 2008Q4). As identification comes from changes in ownership structure, we drop
insurers that are always PE-owned in this period. The sample is restricted to insurer-quarters with
positive PLABS holdings and to PLABS with a matched rating from Moody’s. The dependent
variables are NAIC category shares within PLABS. Panel T21.A shows shares based on reported
NAIC categories, which can be different for the same bond across insurers. Panel T21.B shows
shares by alternate NAIC category, imputed based on ratings from Moody’s. These shares are in
percentage points and winsorized at the 5th and 95th percentile within type (PE, non-PE). PE status
is a dummy variable that takes value 1 for insurer-quarters with PE ownership. All specifications
include quarter and insurer fixed effects. Standard errors (in parentheses) are double clustered by
insurer (NAIC code) and quarter. The table shows the total number of insurers and the number of
insurers owned by PE firms in the sample.

Panel T21.A: Reported NAIC Category
PE After
Mean of dep var.
Quarter FE
Insurer FE
SE clustered by
R2
Insurer-quarters
Insurers
PE insurers

NAIC 1
0.5
(2.59)
78.7
Y
Y
I+Q
0.69
12,185
579
34

NAIC 2
0.1
(1.30)
11.3
Y
Y
I+Q
0.61
12,185
579
34

NAIC 3
0.4
(0.52)
2.8
Y
Y
I+Q
0.50
12,185
579
34

NAIC 4
0.3
(0.32)
1.6
Y
Y
I+Q
0.50
12,185
579
34

NAIC 5
-0.1
(0.11)
0.6
Y
Y
I+Q
0.43
12,185
579
34

NAIC 6
-0.1
(0.09)
0.4
Y
Y
I+Q
0.56
12,185
579
34

NAIC 5
3.1*
(1.35)
5.9
Y
Y
I+Q
0.67
12,185
579
34

NAIC 6
7.4**
(2.33)
3.3
Y
Y
I+Q
0.66
12,185
579
34

Panel T21.B: Alternate NAIC Category
PE After
Mean of dep var.
Quarter FE
Insurer FE
SE clustered by
R2
Insurer-quarters
Insurers
PE insurers

NAIC 1
-11.2*
(5.61)
65.7
Y
Y
I+Q
0.75
12,185
579
34

NAIC 2
0.3
(2.77)
13.6
Y
Y
I+Q
0.68
12,185
579
34
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NAIC 3
2.1*
(0.83)
4.5
Y
Y
I+Q
0.57
12,185
579
34

NAIC 4
0.7
(0.38)
1.6
Y
Y
I+Q
0.57
12,185
579
34

Like Becker & Opp (2014) and Becker & Ivashina (2015), we explore whether there is
evidence that insurers “reach for yield” within a NAIC category, a strategy that could increase
portfolio yield without incurring a corresponding increase in capital charges. We know from
Becker & Opp (2014) that private-label ABSs became attractive investments for insurers after
the regulatory change that decoupled the NAIC risk assessment from a bond’s credit rating.
Low-rated ABSs whose default is imminent (rated CCC and below) can now be assigned a
NAIC-1 (safest) rating if they are held on insurers’ balance sheets at a deep enough discount.
We note in Table 22 that both PE and non-PE firms took advantage of the opportunity to
load up on risky high-yielding private-label ABSs without incurring correspondingly high capital
charges. Within their private-label ABS holdings, PE-backed insurers increased their share of
junk private-label ABSs even more than their non-PE counterparts, as demonstrated by the
statistically significant coefficients on our PE After indicator
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Table 22: Private-Label ABS Portfolio by Alternate NAIC Category and Time Period
This table uses data on insurers’ PLABS. It shows regressions where the observations are at the
insurer-quarter level for 2007Q4-2014Q4 (capital treatment of PLABS changed starting
2008Q4). As identification comes from changes in ownership structure, we drop insurers that are
always PE-owned in this period. The sample is restricted to insurer-quarters with positive
PLABS holdings, and to PLABS with a matched rating from Moody’s. The dependent variables
are alternate NAIC category shares within PLABS. Alternate NAIC categories are imputed based
on ratings from Moody’s. These shares are in percentage points, and are winsorized at the 5th
and 95th percentile within type (PE, non-PE). 2010-2014 is a dummy for quarters in these years.
PE status is a dummy variable that takes value 1 for insurer-quarters with PE ownership. All
specifications include quarter and insurer fixed effects. Standard errors (in parentheses) are
double clustered by insurer (NAIC code) and quarter. The table shows the total number of
insurers, and the number of insurers owned by PE firms, in the sample.

2010-2014
PE After
Mean of dep var.
Quarter FE
Insurer FE
SE clustered by
R2
Insurer-quarters
Insurers
PE Insurers

NAIC 1
-22.5***
(0.88)

NAIC 2
3.4***
(0.57)

NAIC 3
3.1***
(0.18)

NAIC 4
1.4***
(0.05)

NAIC 5
5.3***
(0.19)

NAIC 6
4.0***
(0.16)

-11.2*
(5.61)
65.7
Y
Y
I+Q
0.75
12,185
579
34

0.3
(2.77)
13.6
Y
Y
I+Q
0.68
12,185
579
34

2.1*
(0.83)
4.5
Y
Y
I+Q
0.57
12,185
579
34

0.7
(0.38)
1.6
Y
Y
I+Q
0.57
12,185
579
34

3.1*
(1.35)
5.9
Y
Y
I+Q
0.67
12,185
579
34

7.4**
(2.33)
3.3
Y
Y
I+Q
0.66
12,185
579
34

In Table 21, panel T21.B, we examine whether PE-backed insurers’ substitution to
substitute away from corporate bonds in favor of ABSs we document in Table 19 is related to the
regulatory change documented by Becker & Opp (2014). We restrict our sample to Q4 2007–Q4
2014, as the regulatory change was implemented during the financial crisis—in 2008 for
residential mortgage-backed securities and 2009 for commercial mortgage-backed securities. We
construct an “alternate NAIC category” for each bond by matching the ABSs to Moody’s
historical bond ratings. We can thus construct a counterfactual NAIC rating system to see whether
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private-equity backed insurers are substituting toward ABSs with low credit ratings and no
corresponding increase in capital charge, because of the new “expected loss” NAIC
framework. 86
We see that PE firms take greater advantage of this regulatory change. Although PEbacked and non-PE backed insurers have bond portfolios with similar NAIC ratings, PE-backed
insurers appear significantly riskier if we focus instead on underlying bond ratings. PE-backed
insurers have shifted away from corporate bonds in favor of below-investment-grade private
ABS bonds. Using the old NAIC rating system (where NAIC ratings were tied to bond credit
ratings) the ABSs held by PE insurers would have 11.2 percentage points less NAIC-1 (safest)
and 7.4 percentage points more NAIC-6 (riskiest bonds, credit rating of D and below).
C.5.a Large PE Insurers
Three PE insurance groups together account for a significant share of the total PE dollars
invested into life insurance firms. Thus, it is worth separately investigating the extent to which
these insurers take advantage of the regulatory change documented by Becker & Opp (2014) that
allows them to hold junk ABSs without having to incur high capital charges. We use the letters
A, B, and C to refer to these PE groups. 87
First, in Table 23, we see that insurance firms controlled by each of the three largest PEbacked insurers in our sample tilts its portfolio toward private-label ABS holdings. In fact, these
increases, ranging from 17– 27 percentage points are large relative to other PE-backed insurers,
whose minimal increase is not statistically significant.

In Tables B1.1–B1.4 in Appendix Table B1, we engage in a similar exercise to Tables 19–21this time using as a
control a group of non-PE firms that match with the insurers that are PE-owned during this period based on size,
share of general account liabilities relative to total liabilities, share of annuities liabilities, and regulatory surplus (the
difference between insurer assets and liabilities). Our matching results are broadly similar to those reported in
Tables 19–21 above.
87
To ensure anonymity, letters do not necessarily refer to the same PE group across figures and tables.
86
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Table 23: Bond Portfolio by Asset Class and PE Group
This table uses data on insurers’ general account bond holdings. It shows regressions where the
observations are at the insurer-quarter level for 2005Q4-2014Q4. As identification comes from
changes in ownership structure, we drop insurers that are always PE-owned in this period. The
dependent variables are asset class shares within general account bond holdings. These shares
are in percentage points and are winsorized at the 5th and 95th percentile within type (PE, nonPE). Corporate bonds include bonds issued by financials and utilities. State government bonds
include bonds issued by local governments. PE Groups A, B, and C are dummy variables that
take value 1 for insurer-quarters with ownership by these PE groups. Other PE is a dummy
variable that takes value 1 for all other insurer-quarters with PE ownership. All specifications
include quarter and insurer fixed effects. Standard errors (in parentheses) are double clustered
by insurer (NAIC code) and quarter. The table shows the total number of insurers, the number
of insurers owned by PE Groups A, B, and C, and the number of insurers owned by other PE
firms, in the sample.

PE Group A
PE Group B
PE Group C
Other PE
Mean of dep var.
Quarter FE
Insurer FE
SE clustered by
R2
Insurer-quarters
Insurers
PE Group A
PE Group B
PE Group C
Other PE Insurers

Corporate
-25.1***
(6.86)
-20.5***
(4.30)
-10.4
(5.32)
-3.7
(3.51)
46.0
Y
Y
I+Q
0.82
30,264
960
6
4
7
42

Fed
Govt.
3.9
(4.39)
-3.9
(2.72)
-6.7
(5.64)
-2.7
(3.65)
28.9
Y
Y
I+Q
0.81
30,264
960
6
4
7
42

Private
ABS
16.9**
(5.89)
26.5***
(3.39)
23.6***
(3.67)
0.6
(0.82)
9.5
Y
Y
I+Q
0.81
30,264
960
6
4
7
42
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Agency
ABS
-5.6
(3.05)
-4.9***
(1.44)
-3.2
(3.38)
4.6*
(1.83)
8.9
Y
Y
I+Q
0.74
30,264
960
6
4
7
42

State
Govt.
-1.1
(0.61)
0.1
(0.42)
-1.0
(0.56)
0.4
(0.54)
3.0
Y
Y
I+Q
0.73
30,264
960
6
4
7
42

Foreign
Govt.
0.2
(0.41)
-0.2
(0.30)
0.3*
(0.14)
-0.2
(0.28)
0.6
Y
Y
I+Q
0.72
30,264
960
6
4
7
42

And in Table 24, it is clear that subsidiaries of two of the PE groups in our sample hold
much-less-safe ABSs (over 40 percent fewer investment grade bonds than their non-PE
counterparts) and many more bonds that would have been rated NAIC-6 (bonds rated defaultimminent) under the old regulatory ratings regime—20.8 percentage points and 30.8 percentage
points, respectively. This means these PE-backed insurers are holding between eight and ten
times more bonds rated D or below than the average insurance firm in our sample. 88
Table 24: Private-Label ABS Portfolio by Alternate NAIC Category and PE Group
This table uses data on insurers’ PLABS holdings. It shows regressions where the
observations are at the insurer-quarter level for 2007Q4-2014Q4 (capital treatment of PLABS
changed starting 2008Q4). As identification comes from changes in ownership structure, we
drop insurers that are always PE-owned in this period. The sample is restricted to insurerquarters with positive PLABS holdings and to PLABS with a matched rating from Moody’s.
The dependent variables are alternate NAIC category shares within PLABS. Alternate NAIC
categories are imputed based on ratings from Moody’s. These shares are in percentage points
and are winsorized at the 5th and 95th percentile within type (PE, non-PE). PE Groups A, B,
and C are dummy variables that take value 1 for insurer-quarters with ownership by these PE
groups. Other PE is a dummy variable that takes value 1 for all other insurer-quarters with PE
ownership. All specifications include quarter and insurer fixed effects. Standard errors (in
parentheses) are double clustered by insurer (NAIC code) and quarter. The table shows the
total number of insurers; the number of insurers owned by and PE Groups A, B, and C; and
the number of insurers owned by other PE firms in the sample.

PE Group A
PE Group B
PE Group C
Other PE

NAIC 1
-46.4***
(7.27)
-40.8***
(9.77)
-1.2
(6.54)
1.8
(6.85)

NAIC 2
8.3*
(3.87)
-1.1
(3.09)
1.6
(5.38)
-2.3
(4.25)

NAIC 3
4.1*
(1.94)
1.4*
(0.74)
3.7
(2.42)
1.0
(0.97)

NAIC 4
2.3*
(0.91)
3.2*
(1.26)
-0.6
(0.54)
0.1
(0.27)

NAIC 5
10.9***
(3.26)
11.2*
(4.61)
-0.9
(1.51)
0.5
(1.29)

NAIC 6
20.8***
(4.90)
30.8***
(2.77)
-1.0
(1.53)
1.8
(1.28)

Note that while one PE group is increasing its private-label ABS holdings, it does not appear to take advantage of
the regulatory change more than the non-PE firms. Instead, much of the increased yield associated with its ABS
holdings comes with a higher capital charge.
88
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Table 24 (Continued):
Private-Label ABS Portfolio by Alternate NAIC Category and PE Group
NAIC 1
Mean of dep var.
65.7
Quarter FE
Y
Insurer FE
Y
SE clustered by
I+Q
R2
0.76
Insurer-Quarters 12,185
Insurers
579
PE Group A
5
PE Group B
3
PE Group C
6
Other PE Insurers
20

NAIC 2
13.6
Y
Y
I+Q
0.68
12,185
579
5
3
6
20

NAIC 3
4.5
Y
Y
I+Q
0.57
12,185
579
5
3
6
20

NAIC 4
1.6
Y
Y
I+Q
0.57
12,185
579
5
3
6
20

NAIC 5
5.9
Y
Y
I+Q
0.67
12,185
579
5
3
6
20

NAIC 6
3.3
Y
Y
I+Q
0.70
12,185
579
5
3
6
20

One may argue that this is not attributable to PE firms’ actions directly, but rather stems
from reverse causality; that is, PE firms identified these insurance subsidiaries as attractive
investments precisely because they were most attuned to the implications of regulatory changes.
Figure 16 suggests quite the contrary. Here, we look at daily transactions for private ABSs
acquired by the largest insurance subsidiaries of two of the PE groups in our sample, in the
immediate aftermath of the PE firms’ investments. We categorize the transactions in four
categories: (i) those that are rated NAIC-1 in the new system but would have been NAIC-4 or
below in the old system (non-investment-grade), (ii) those that would be rated the same in the
two systems, (iii) those that were rated worse in the new ratings system than they would have
been previously, and (iv) those for which Moody’s ratings are not available (around 30 percent
of our sample).
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Figure 16: Daily Private-Label ABS Transactions—Two Examples
This figure shows daily transactions in PLABS for the largest insurance subsidiaries of two of the PE
groups in our sample. Acquisition dates are marked with dashed lines—the horizontal axis shows the
number of days to and since acquisition. We impute an alternate NAIC category for PLABS based on
ratings from Moody’s. PLABS are separated into four categories. First, PLABS reported as NAIC 1,
with an alternate NAIC category from 4-6. Second, all other PLABS where the alternate NAIC category
is higher than the reported NAIC category. Third, PLABS where we are unable to match ratings from
Moody’s. Fourth, all other PLABS, where the alternate NAIC category is either the same as or lower
than the reported NAIC category. For each category, cumulative net purchases are shown as a fraction
of all general account bonds held as of the quarter-end prior to acquisition, in percentage points.
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We scale bond acquisitions by total insurer assets at the time of acquisition. Almost
immediately following acquisition for both insurers, there is a dramatic increase in noninvestment-grade bond holdings assessed NAIC-1 capital charges under the new ratings system.
One subsidiary bought non-investment-grade private-label ABSs worth 1 percent of its preacquisition assets in the month immediately after acquisition, and even more strikingly, another
subsidiary bought non-investment-grade private-label ABSs worth nearly 20 percent of its preacquisition assets in a similar period. The bonds purchased are rated Ba1 and below, and yet
incur the lowest possible capital charge (risk-based capital charge of 0.4 percent, per Becker &
Opp (2014)). It is worth noting that if insurers mark down bonds already on their balance sheets,
this would lead to a reduction in equity. This is, of course, not the case if insurers actively
purchase bonds at a discount, as several of the PE firms in our sample appear to do.
In Table 25, we estimate the reduction in insurers’ capital requirements because of this
regulatory change. Since 1994, the NAIC has used a risk-based capital system to regulate
insurance companies. An insurer is required to hold a certain amount of risk-based capital (RBC)
based on the risks of its assets and liabilities. The required RBC ratio = Equity = , where is a
composite measure meant to capture the various risks an insurer faces, including asset risk, credit
risk, reserving risk, and premium risk (entering different Ri in the formula below).

The RBC ratio is computed annually, and insurers whose equity is below two times required
risk-based capital face regulatory intervention, which can be as extreme as the regulator taking
direct control of the insurer.
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Table 25: Reduction in Capital Requirement Due to Change in Treatment of ABS
This table uses data on insurers’ PLABS. It shows regressions where the observations are at the
insurer-quarter level for 2007Q4-2014Q4 (capital treatment of PLABS changed starting 2008Q4). As
identification comes from changes in ownership structure, we drop insurers that are always PE-owned
in this period. The sample is restricted to insurer-quarters with positive PLABS holdings and to
PLABS with a matched rating from Moody’s. The dependent variable is the reduction in the capital
requirement relative to the previous rating-based system for determining capital charges for PLABS.
Specifically, R1 Reduction is R1 = (R1 + R1) 100, where R1 is the change in the capital requirement, and
R1 is the current capital requirement on the full general account portfolio. Capital reduction is a lowerbound estimate of the corresponding change in the overall capital requirement. The dependent variable
is winsorized at the 5th and 95th percentile within type (PE, non-PE). PE status is a dummy variable
that takes value 1 for insurer-quarters with PE ownership. PE Groups A, B, and C are dummy
variables that take value 1 for insurer-quarters with ownership by these PE groups. Other PE is a
dummy variable that takes value 1 for all other insurer-quarters with PE ownership. Both
specifications include quarter and insurer fixed effects. Standard errors (in parentheses) are double
clustered by insurer (NAIC code) and quarter. The first specification shows the total number of
insurers, and the number of insurers owned by PE firms, in the sample. The second specification
shows the number of insurers owned by PE Groups A, B, and C, and the number of insurers owned by
other PE firms.

PE After

R1 Reduction
19.2***
(4.91)

PE Group A
PE Group B
PE Group C
Other PE
Mean of dep var.
Quarter FE
Insurer FE
SE clustered by
R2
Insurer-Quarters
Insurers
PE Insurers
PE Group A
PE Group B
PE Group C
Other PE Insurers

12.7
Y
Y
I+Q
0.72
12,185
579
34

R1 Reduction

52.7***
(11.07)
55.3***
(9.18)
3.8
(4.61)
7.3*
(3.19)
12.7
Y
Y
I+Q
0.73
12,185
579
5
3
6
20
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Capital Reduction
10.0**
(3.28)

0.8
Y
Y
I+Q
0.52
12,177
579
34

Capital Reduction

29.3***
(7.71)
37.1***
(8.43)
-0.2
(0.14)
2.4*
(1.23)
0.8
Y
Y
I+Q
0.70
12,177
579
5
3
6
20

To compute capital requirements under the old NAIC ratings system, we estimate the
change in R1 (asset risk) if NAIC ratings were assigned to ABS holdings based on credit ratings
(per the old system) rather than the “expected loss” framework. We use these estimates of the
change in R1 to calculate bounds for the change in capital requirements. Suppose R1 increases by

∆R1. Following Becker & Opp (2014), 2∆R1 is an upper bound for the change in the overall
requirement, as this ignores the correlation correction implied by taking the square root of a sum
of squares. To calculate a lower bound, we assume that R0 = 0, and back out the largest possible
sum of squares for R2 to R5 that matches the total reported capital requirement, given our
estimate of R1.

As the square root is a concave function, σ increases by at least

The total capital requirement increases by at least 2∆σ.
For PE-backed firms, required capital on the general account bond portfolio overall (not
just for structured securities) is 10–20 percent lower than it would have been had these firms
been assessed capital charges based on the ratings of the underlying bonds in their portfolio. For
some, these numbers are exceptionally high—subsidiaries of two of the PE groups in our sample
are required to hold 30-40 percent less capital overall than they would have been forced to hold
had their RBC ratio been calculated with the old NAIC rating system. PE-backed insurers are
responsible for more than 20 percent of the reduction in risk-based capital documented by
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Becker & Opp (2014), despite representing less than 5 percent of the total life insurance assets
under management.
C.5.b Impact on Credit Ratings
In general, PE-backed insurers have lower ratings. The median rating for insurers of
comparable size to the larger PE-owned insurers is A+. Subsidiaries of large PE groups in our
sample are rated A- or B++, two to three notches below median.
These relatively low ratings may be related to the capital and tax savings that we have
documented, or may be a byproduct of PE-backed firms’ tendency to make more private-equity
style investments, which is less our focus. Examples include the purchase of sports teams with
funds from insurance subsidiaries, and insurers purchasing stakes in PE firms’ portfolio
companies (Ablan & Stempel 2018, Basak & Perlberg 2018). Although not a regulator itself,
A.M. Best’s ratings are important to insurers because often institutional investors will not
consider insurers’ products unless their A.M. Best rating reaches a certain threshold.
In Table 26, we investigate what would have happened to the A.M. Best ratings for some
of the largest PE groups in our sample if their required capital ratios reflected the credit ratings
of their bond portfolios rather than the new “expected loss” framework. We follow Koijen &
Yogo (2016b) to adjust the A.M. Best financial strength ratings and risk-based capital
requirements under a counterfactual credit ratings approach.
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Table 26: Adjusted Ratings for Insurance Subsidiaries of Two PE Groups (2014)
Notes: This table shows A.M. Best ratings for insurers owned by PE Groups A and B as of
2014 with assets above $10 billion, as well as ratings adjusted for these insurers’ private label
asset backed securities (PLABS) holdings. A.M. Best (2016) states that for each 10
percentage point reduction in the ratio of actual capital held to required capital, it views the
implied balance sheet strength to fall by one rating notch. We calculate the ratio of statutory
surplus to required surplus, in percentage points. We then calculate what this ratio would
have been if required capital increased by the additional capital that would have been
required under the old rating-based treatment of PLABS. We report a range of adjustments
going from a lower bound calculation to an upper bound calculation, the latter based only on
the R1 component of capital requirements. We show an adjusted rating assuming A.M. Best’s
ratio (calculated in a slightly different manner) would change in a similar way. A.M. Best
uses the capital ratio as just one input into its rating process.

PE Group A
PE Group A
PE Group B
PE Group B

Group
Insurer
1
2
1
2

A.M. Best
Rating
AAB++
B++

Range of
Implied
Downgrade
Notches
5-6
1-3
4-5
0-2

Range of
Adjusted A.M.
Best Rating
C++ to C+
B++ to B
C++ to C+
B++ to B

In describing its ratings methodology, A.M. Best (2016) notes that every ten-percentage
point decrease in the ratio of actual capital held/capital required lowers an insurers’ implied
balance sheet strength by one notch. A.M. Best (2016) also explains that ratings explicitly rely
on NAIC risk categorizations for U.S. insurers. Here, we calculate an adjusted range for the
statutory capital ratio by applying the old (rating-based) treatment of structured securities, and
we assume that the A.M. Best capital ratio would move equivalently. As of year-end 2014,
subsidiaries of two of the PE groups in our sample were rated A- or B++. If their capital surplus
was computed using the credit ratings of the bonds in their portfolios rather than the new
“expected loss" framework, these subsidiaries would be in the range of C++ to B. A capital
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shortfall this severe would make these subsidiaries the lowest rated insurers of their size, and
among the worst-rated in the entire A.M. Best universe.
While these magnitudes are not intended to be dispositive, even more modest decreases
in A.M. Best ratings are inconsistent with the current view of the regulatory community. Instead,
subsidiaries of one PE group in our sample were recently upgraded, allowing it access to
institutional investors, suggesting that A.M. Best ratings may not fully reflect PE-backed
insurance companies’ undercapitalization relative to their exposure to junk ABSs.
C.6

Liability-Side Reinsurance Results
To enhance returns, in the last few decades, insurance companies have increasingly used

“shadow insurance,” or reinsurance to an affiliated (captive) reinsurer not authorized by U.S.
insurance regulators. Koijen & Yogo (2016b) suggest that since regulatory changes in the early
2000s increased capital requirements for NAIC-filing life insurers relative to their GAAP
counterparts, the rise in reinsurance is related to NAIC filers ceding liabilities to affiliated GAAP
insurers to avoid heightened capital charges. While this is a compelling explanation for
reinsurance in the pre-crisis period, it fails to explain the continued rise in shadow insurance in
the aftermath of the financial crisis.
In recent years, shadow insurance contracts have overwhelmingly been initiated by
private-equity backed insurers. Specifically, in Figure 17, we see that since 2011, PE insurers
accounted for more than 90 percent of new shadow insurance for fixed annuities, and nearly 60
percent of total new shadow insurance. Less than half of the rise in shadow insurance since 2011
is in life insurance; instead, a significant fraction of recent reinsurance is in the annuities
business, where there is no opportunity for capital arbitrage, as Koijen & Yogo (2016b) discuss.
While some portion of the growth in annuities reinsurance may be motivated by potential capital
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savings, 89 another motivation is tax savings. It appears that the increase in shadow insurance
contracts in recent years is primarily related to reinsurance to a non-U.S. domiciled captive by
subsidiaries of one of the PE groups in our sample. As a result of this reinsurance, this insurer
likely has a substantially lower tax burden.

Some jurisdictions (unlike the U.S.) allow insurers that match the maturities of their assets and liabilities to hold
less reserves.
89
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Figure 17: New Shadow Reinsurance Contracts by Year
This figure shows new shadow reinsurance contracts using data from A.M. Best. Shadow
reinsurance contracts are with affiliated entities not rated by A.M. Best and not authorized by
U.S. insurance regulators. We separate shadow insurance by whether it covers life insurance or
annuities, and further break out annuity shadow reinsurance by whether it is reported as general
account (fixed) or not (variable). Panel F17.A shows all new shadow reinsurance by type. Panel
F17.B shows new fixed annuity reinsurance based on whether the insurer is owned by PE Group
A, owned by a different PE firm, or not PE-owned.
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While it is possible that the capital requirements outside of the United States are less
stringent than domestic ones, it appears unlikely that this is the sole motive for reinsurance.
Financial statements by a subsidiary of one PE group in our sample, domiciled in Jurisdiction X,
indicate both that \under current [Jurisdiction X] law, we are not required to pay any taxes in
[Jurisdiction X] on either income or capital gains" and also that “[we] have received an
undertaking from [Jurisdiction X] that in the event of any such taxes being imposed, the
Company will be exempted from taxation until the year 2035.”
Interestingly, per Gray (2017), Fidelity and Guaranty Life, recently acquired by
Blackstone, plans to transfer some of its business to jurisdictions outside the U.S. through
reinsurance to take advantage of more generous tax treatment.
C.7

Who Benefits?
Given their tax and capital savings, we expect that private-equity backed insurers

increase their ROE relative to their non-PE counterparts. This hypothesis is based on the
following rationale: First, we anticipate that PE-backed insurers’ investment in risky bonds
(below investment grade) precipitates a higher-yielding securities portfolio. We also know that
these firms should be more levered, since they are holding bonds with relatively low capital
charges. Additionally, we expect that allocating a larger share of their portfolio to alternative
investments would also increase risk and boost yield. Also, because of increased shadow
insurance (particularly for one PE group in our sample) PE-backed insurers bear lower tax
burdens. Thus, both because of higher yielding bond portfolios and because of increased
leverage, we expect PE-backed firms to have higher ROEs.
In Table 27, we verify that this is indeed the case: average ROE for PE-backed insurers is
11.4 percent, compared to an ROE for non-PE insurers of only 7.3 percent. This difference is
statistically significant at the 5 percent level. Average ROE in 2014 for subsidiaries of some PE
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groups in our sample ranges as high as 13-20 percent. Interestingly, when we adjust ROE to
reflect the extra capital that insurers would have to hold on their structured security portfolios,
ROE for PE-backed insurers falls by nearly 15 percent (to 10 percent) whereas ROE for non-PE
firms is basically unchanged, and the difference between the two is at best marginally
statistically significant.
Table 27: Mean ROE and Adjusted ROE by Insurer Type (2014)
This table shows ROE and adjusted ROE as of 2014. The sample is restricted to insurer-quarters
with positive private label asset backed securities (PLABS) holdings in at least one year from
2005-2014. ROE is net income as a fraction of surplus in percentage points, based on regulatory
reports using statutory accounting. Adjusted ROE shows a counterfactual calculation if capital
increased by the additional capital that would have been required under the old rating-based
treatment of PLABS. This adjustment is a lower bound estimate of the reduction in ROE. Both
ROE and adjusted ROE are winsorized at the 10th and 90th percentile within type (PE, non-PE).
The table shows the mean of both variables separately for PE owned insurers and non-PE owned
insurers, as well as the t-statistic for the difference between these groups.

ROE
Adjusted ROE
Insurers

PE
11.4
10.0
516

Non PE
7.3
7.2

t-stat
2.22
1.67

In Figure 18, we assess the impact of private-equity ownership on leverage and ROE. We
illustrate this effect by considering the largest insurance subsidiary of one PE group in our
sample. As expected, leverage and ROE rises in the aftermath of this PE group’s involvement.
This is consistent with this PE group tilting its portfolio towards private-label ABSs as well as
the increase in shadow insurance immediately following its acquisition. 90

Figure 18 shows leverage and ROE on a quarterly and annual basis respectively, and we see leverage rise in the
quarter following the acquisition. Figure 3 documenting daily private ABS transactions leads us to believe the
increase may well be immediate.
90
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Figure 18: Leverage and ROE Example
This figure shows leverage (panel F18.A) and ROE (panel F18.B) for PE Group B’s largest
subsidiary. Leverage is the ratio of assets to regulatory surplus (capital), and ROE is net income
as a fraction of surplus in percentage points. Both are based on regulatory reports using
statutory accounting. PE Group A’s acquisition date is marked by a dashed line. Both panels
also show adjusted versions post-acquisition. These show counterfactual leverage and ROE if
capital increased by the additional capital that would have been required under the old ratingbased treatment of private label asset backed securities. This adjustment is a lower bound
estimate of the change in the statutory capital requirement.
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We then adjust leverage and ROE in an “adjusted MBS” counterfactual. As expected
based on our results for the whole sample, we see that leverage would have been reduced
drastically under this alternative framework. That is, the book leverage ratio (assets/book equity)
would have been nearly 50 percent lower in the fourth quarter of 2014 than the reported ratio.
ROE at year-end 2014 was around 25 percent for this insurance subsidiary. In the
counterfactual world with capital charges assigned based on credit ratings alone, because of this
PE group’s involvement, ROE would have still increased, but the increase would have been
smaller (from around 5 to 14 percent) rather than increasing five-fold in the aftermath of the
acquisition be a PE group. 91 This calculation is based on our estimate of a lower bound of the
change in the capital requirement.
C.7.a Impact on Annuities’ Pricing
It is possible that some of the benefits from capital and tax savings that private-equity
backed insurers receive enable them to price more aggressively relative to their competitors and
capture greater market share. Their growth in recent years provides suggestive evidence for this
possibility: PE-backed insurers’ share of new annuity sales jumped from below 3 percent in 2009
to nearly 20 percent today (LIMRA 2008, 2013, 2017).
In Figure 19, we compare the pricing of multi-year guaranteed annuities for subsidiaries
of two of the PE groups in our sample to the non-PE insurers in our database. The data comes
from Annuity Rate Watch (ARW), which provides quotes on rates for insurance products and is
primarily used by insurance brokers to select products for customers. We procure data for a

In Table B1.4 in Appendix Table B1, we look at the reduction in capital requirement, increase in leverage, and
impact on ROE for PE relative to non-PE firms using as a control a matched sample of non-PE firms. We see similar
decreases in RBC requirement for PE-backed insurers.
91
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single date (April 2017) and restrict our analysis to insurers with an A.M. Best rating of A- or
higher, creating a comparable sample. We look at rates on five-year MYGAs, which function
essentially like five-year CDs with a penalty assessed for early withdrawal. We see that the yield
guaranteed by PE insurers is higher than that of other insurers. While there is high variance in
yield offerings for different carriers with different terms, the average five-year MYGA rates for
the PE-backed insurers in the ARW sample are above the 75th percentile for the non-PE backed
firms.
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Figure 19: Pricing of Five-Year Guaranteed Annuities
This figure shows leverage (panel F19.A) and ROE (panel F19.B) for PE Group B’s
largest subsidiary. Leverage is the ratio of assets to regulatory surplus (capital), and ROE
is net income as a fraction of surplus in percentage points. Both are based on regulatory
reports using statutory accounting. PE Group A’s acquisition date is marked by a dashed
line. Both panels also show adjusted versions post-acquisition. These show counterfactual
leverage and ROE if capital increased by the additional capital that would have been
required under the old rating-based treatment of private label asset backed securities. This
adjustment is a lower bound estimate of the change in the statutory capital requirement.
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One issue in comparing annuities pricing by PE relative to non-PE firms is that it is di
cult to find two insurance products with identical terms (minimum balances, penalties for early
withdrawal, amount that can be withdrawn without penalty, commission terms, etc.). To
facilitate comparison, in Panel B we focus on high-band or mid-band (with minimum values of
over $100K) MYGAs with market value adjustments (so consumers may bear some interest rate
risk). For this subsample, only one PE-backed insurer remains in the ARW sample. It offers a
five-year MYGA at 2.75 percent, which is higher than the 90th percentile of the remaining
sample.
C.8

Conclusion
Between 2010 and 2014, the assets of PE-backed insurers have grown more than ten-fold:

from $23 billion in 2010 to nearly $250 billion in 2014, and the share of new annuities sold by
PE-backed insurers has grown from under 3 percent to nearly 20 percent in the last five years.
Attention on these investments—from industry, the popular press, and regulators alike—has
prompted a debate about whether private equity firms’ incentives are suitably aligned with those
of policyholders. This paper presents a series of facts to help inform this debate, focusing for the
first time on how a private equity firm’s investment alters the balance sheet composition as well
as the capital structure of a life insurance company.
On the asset side, as Becker & Opp (2014) show, a new “expected loss” framework
resulted in less capital and riskier portfolios for non-PE and PE-backed insurers alike. However,
the latter group took greater advantage of this regulatory change, shifting more of their portfolio
away from corporate bonds in favor of ABSs. Credit ratings of insurers by A.M. Best, which
impact their ability to access bank and broker-dealer annuities sales, may not fully reflect risks
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associated with having a large proportion of their portfolios invested in sub-investment grade
bonds without holding capital consistent with their risk.
On the liability side, we build on the work done by Koijen & Yogo (2016b) on shadow
insurance. As they highlight, reinsurance is focused on risk transfer, underwriting, capital
management, and tax management—with the latter two rationales driving recent growth in
reinsurance. We demonstrate that for the latter half of their sample, the rise in shadow insurance
is predominantly about the reinsurance of annuities premiums, and not term life insurance.
Koijen & Yogo (2016b) provide evidence that capital management (arising from the differential
capital charges assessed by the NAIC and GAAP treatment) motivates shadow reinsurance. We
show that in recent years, tax as well as capital management likely motivate reinsurance.
There is some evidence that the capital and tax savings experienced by PE-backed
insurers translate to higher returns and thus more attractive rates for annuities holders. But it
appears possible that the regulatory community has not fully appreciated the shifts in portfolio
composition and capital structure associated with the PE-backed insurers’ increased holding of
junk structured securities impact the risk pro le of these firms.
We believe that additional work on the impact of PE’s increased presence in the life
insurance industry is needed. From a policy perspective, understanding how private equity
investments impact the risk pro les of life insurance firms can help inform debates surrounding
the appropriateness of such investors in this arena. Additionally, there is no agreement about the
desirability of PE investments in the financial sector more broadly. While PE investments have
been commonplace in the life insurance industry in the aftermath of the crisis, they have been
much more limited in banking, where regulators impose significant barriers to entry. Additional
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research will help guide financial regulators toward a consensus on the desirability of private
equity investments in the financial sector.
Although not the focus of this paper, the growth of alternative capital investments in the
insurance industry extends to other sectors, for example property and casualty insurance. While
most of the activity in this sphere focuses on hedge funds in the P&C reinsurance market (Cohn
2014), some speculate that this growth will soon spread extent to the primary P&C market.
Consequently, further work on the implications of non-traditional capital sources such as private
equity, hedge funds, and pension funds on the stability of the broader insurance industry would
be helpful.
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Appendix Table C1: Summary Statistics Before and After Matching
Notes: This table shows summary statistics comparing PE owned and non-PE owned insurers
before and after matching. Due to data constraints, we switch to data at an annual frequency. We
use data from 2007-2014 (the rules for capital treatment of private labeled asset backed securities
changed in 2008). As identification comes from changes in ownership structure, we drop insurers
that are always PE owned in this period. We restrict the sample to insurers with positive general
account reserves that hold PLABS at least once during the sample period. We match each PE
owned insurer to a single non-PE owned insurer based on data as of the year prior to acquisition.
The matched sample consists of 28 PE owned insurers and 28 non-PE owned insurers. We match
via a logit propensity score constructed based on ln(Assets), general account liabilities/total
liabilities (general account share, percentage points), annuity share of general account liabilities
(percentage points), and regulatory surplus held divided by required surplus (surplus ratio,
percentage points). Panel C1.1 shows the means of our matching variables separately for PE
owned insurers and non-PE owned insurers, as well as the t-statistic for the difference between
these groups. Panel C1.2 shows these summary statistics for the matched sample, in the year
matched (the year prior to acquisition for PE insurers, and the year a non-PE insurer is matched).
Panel C1.1: Full Sample
Assets (MM)
General account share
Annuity share
Surplus ratio
Insurer-Years

PE
6,407
88
53
109
4,213

Non PE
10,268
89
28
112

t-stat
-3.13
-0.19
5.54
-1.81

Panel C1.2: Matched Sample in Year Matched
Assets (MM)
General account share
Annuity share
Surplus ratio
Insurer-Years

PE
5,903
87
47
113
56
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Matched
5,514
91
48
108

t-stat
0.09
-0.58
-0.04
0.83

Appendix Table C2: Bond Portfolio by Asset Class
This table uses data on insurers’ general account bond holdings. It shows regressions where the
observations are at the insurer-year level for 2007-2014. As identification comes from changes in
ownership structure, we drop insurers that are always PE owned in this period. The dependent
variables are asset class shares within general account bond holdings. These shares are in
percentage points, and are winsorized at the 5th and 95th percentile within type (PE, non-PE).
Corporate bonds include bonds issued by financials and utilities. State government bonds include
bonds issued by local governments. PE status is a dummy variable that takes value 1 for insureryears with PE ownership. All specifications include year and insurer fixed effects. Standard
errors (in parentheses) are double clustered by insurer (NAIC code) and year, and do not adjust
for estimated propensity scores. Panel C2.1 shows the full sample for insurer-years with all data
used for matching. Panel C2.2 shows the matched sample. The panels show the total number of
insurers, and the number of insurers owned by PE firms, in the sample.
Panel C2.1: Full Sample
Corporate
PE After
-8.0**
(2.50)
Mean of dep var.
54.0
Year FE
Y
Insurer FE
Y
SE clustered by
I+Y
R2
0.86
Insurer-Years
4,213
Insurers
572
PE Insurers
28

Fed
Govt.
-0.9
(1.42)
17.8
Y
Y
I+Y
0.80
4,213
572
28

Private
ABS
12.2***
(3.09)
12.0
Y
Y
I+Y
0.80
4,213
572
28

Agency
ABS
-2.0
(1.60)
9.5
Y
Y
I+Y
0.77
4,213
572
28

State
Govt.
-0.8*
(0.41)
3.2
Y
Y
I+Y
0.81
4,213
572
28

Foreign
Govt.
0.1
(0.16)
0.7
Y
Y
I+Y
0.76
4,213
572
28

State
Govt.
-0.7
(0.59)
2.3
Y
Y
I+Y
0.74
444
56
28

Foreign
Govt.
-0.0
(0.17)
0.5
Y
Y
I+Y
0.59
444
56
28

Panel C2.2: Matched Sample
Corporate
PE After
-9.3**
(3.03)
Mean of dep var.
52.8
Year FE
Y
Insurer FE
Y
SE clustered by
I+Y
R2
0.83
Insurer-Years
444
Insurers
56
PE Insurers
28

Fed
Govt.
1.4
(2.06)
16.1
Y
Y
I+Y
0.79
444
56
28

Private
ABS
10.0**
(2.96)
14.8
Y
Y
I+Y
0.74
444
56
28
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Agency
ABS
-1.7
(1.97)
10.6
Y
Y
I+Y
0.71
444
56
28

Appendix Table C3: Private ABS by Alternate NAIC Category
This table uses data on insurers’ private label asset backed security holdings (PLABS). It shows
regressions where the observations are at the insurer-year level for 2007-2014 (capital treatment
of PLABS changed starting 2008). As identification comes from changes in ownership structure,
we drop insurers that are always PE owned in this period. The sample is restricted to insurerquarters with positive PLABS holdings, and to PLABS with a matched rating from Moody’s.
The dependent variables are alternate NAIC category shares within PLABS. Alternate NAIC
categories are imputed based on ratings from Moody’s. These shares are in percentage points,
and are winsorized at the 5th and 95th percentile within type (PE, non-PE). PE status is a dummy
variable that takes value 1 for insurer-quarters with PE ownership. All specifications include year
and insurer fixed effects. Standard errors (in parentheses) are double clustered by insurer (NAIC
code) and year, and do not adjust for estimated propensity scores. Panel C3.1 shows the full
sample for insurer-years with all data used for matching. Panel C3.2 shows the matched sample.
The panels show the total number of insurers, and the number of insurers owned by PE firms, in
the sample.
Panel C3.1: Full Sample
PE After
Mean of dep var.
Year FE
Insurer FE
SE clustered by
R2
Insurer-Years
Insurers
PE Insurers

NAIC 1 NAIC 2
-11.9*
0.1
(5.35)
(2.56)
67.3
13.4
Y
Y
Y
Y
I+Y
I+Y
0.74
0.67
3,379
3,379
565
565
28
28

NAIC 3
2.2*
(0.90)
4.1
Y
Y
I+Y
0.56
3,379
565
28

NAIC 4
1.2*
(0.50)
1.5
Y
Y
I+Y
0.56
3,379
565
28

NAIC 5
4.0
(2.04)
5.4
Y
Y
I+Y
0.65
3,379
565
28

NAIC 6
7.3**
(2.55)
3.1
Y
Y
I+Y
0.64
3,379
565
28

Panel C3.2: Matched Sample
PE After
Mean of dep var.
Year FE
Insurer FE
SE clustered by
R2
Insurer-Years
Insurers
PE Insurers

NAIC 1
-10.8
(6.05)
66.0
Y
Y
I+Y
0.73
353
56
28

NAIC 2
0.3
(2.78)
14.0
Y
Y
I+Y
0.78
353
56
28

NAIC 3
2.6*
(1.14)
4.3
Y
Y
I+Y
0.48
353
56
28
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NAIC 4
1.1
(0.60)
1.6
Y
Y
I+Y
0.51
353
56
28

NAIC 5
4.0
(2.40)
5.9
Y
Y
I+Y
0.66
353
56
28

NAIC 6
7.0**
(2.60)
4.3
Y
Y
I+Y
0.59
353
56
28

Appendix Table C4: Reduction in Capital Requirement, Impact on Leverage and ROE
This table uses insurance regulatory data. It shows regressions where the observations are at the
insurer-year level for 2007–2014. As identification comes from changes in ownership structure,
we drop insurers that are always PE owned in this period. The first dependent variable is the
reduction in the capital requirement (RBC reduction) relative to the previous, rating based,
system for determining capital charges for private label asset backed securities (PLABS).
Specifically, RBC reduction is R1=(R1 + R1)100, where R1 is the change in the capital
requirement, and R1 is the current capital requirement on the full general account portfolio. This
variable is an upper bound estimate of the change in the capital requirement based only on the
change in the R1 component of capital requirements. The second dependent variable is the
increase in leverage relative to the old, rating based, system for capital treatment of PLABS, in
percentage points. As leverage is the ratio of assets to equity, this increase is also how much
return on equity would increase, holding return on assets fixed. The third dependent variable is
ROE, the ratio of net income to regulatory surplus, in percentage points. All three dependent
variables are in percentage points, and are winsorized at the 5th and 95th percentile within type
(PE, non-PE). PE status is a dummy variable that takes value 1 for insurer-years with PE
ownership. PE A/B/C 2014 is a dummy for insurers owned by three of the PE groups in our
sample in 2014. All specifications include year and insurer fixed effects. Standard errors (in
parentheses) are double clustered by insurer (NAIC code) and year, and do not adjust for
estimated propensity scores. Specifications on the left use the full sample for insurer-years with
all data used for matching, while specifications on the right use the matched sample. The table
shows the total number of insurers, and the number of insurers owned by PE firms, in the
samples for each specification.

PE After
PE A/B/C 2014
Mean of dep var.
Year FE
Insurer FE
SE clustered by
R2
Insurer-Years
Insurers
PE Insurers

Full Sample
RBC
Leverage
Reduction Increase ROE
14.7**
20.7**
3.9
(5.57)
(7.97)
(3.60)
15.9***
17.6*
10.6***
(4.55)
(7.58)
(2.67)
9.1
2.1
5.2
Y
Y
Y
Y
Y
Y
I+Y
I+Y
I+Y
0.64
0.51
0.48
4,213
4,213
4,213
572
572
572
28
28
28
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Matched Sample
RBC
Leverage
Reduction Increase
ROE
14.7*
20.1*
3.7
(5.51)
(7.83)
(3.75)
18.8***
20.8*
10.8***
(4.55)
(8.12)
(2.35)
12.1
5.9
4.1
Y
Y
Y
Y
Y
Y
I+Y
I+Y
I+Y
0.64
0.47
0.41
444
444
444
56
56
56
28
28
28

