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Abstract
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1. Introduction

Systemic risk is an important research- and policy-relevant topic. Widespread financial
institution failures and losses can impose significant negative externalities on the economy
and household wealth. Atkinson et al. (2013) estimate that between $6 and $14 trillion,
or 40% to 90% of annual U.S. GDP, was foregone due to the Global Financial Crisis. U.S.
households lost an additional $16 trillion or 24% of their net worth.

In the banking sector, systemic risk is traditionally thought of as stemming from in-
terlinkages and interdependencies across large institutions or herding behavior that results
in correlated risk taking. The impending failure of a systemically important institution
threatens to impose significant losses on other institutions. Interconnections among banking
organizations increase these losses, and failures that occur simultaneously because banks
have correlated risks can magnify the effects on the financial system. The possibility of
contagious runs on institutions further compound systemic risk problems (e.g., Goldstein
and Pauzner (2004); Acharya and Yorulmazer (2008); Acharya (2009); and Bebchuck and
Goldstein (2011)).

In contrast to this traditional view, our paper investigates a different and somewhat
surprising source of systemic risk — operational losses of U.S. bank holding companies. Losses
from operational risk are related to the malfunction or break down of technology or support
systems, including cases of employee fraud or errors (e.g., Jarrow (2008)). Operational risk
may be increasing in importance as more and more banks begin to partner with fintech firms
and cyber threats continue to grow (e.g., Santucci (2018)).

Many high-profile losses in the financial industry have been traced to operational risk.

For example, Société Générale and JPMorgan Chase lost over $7 billion and $5 billion,

!These estimates do not include the extra costs of government programs to treat the crisis, which may
have been significant. Losses from the European Sovereign Debt Crisis were in trillions of euros from the
state aid alone (Beesley (2012)).



respectively, in separate incidents of unauthorized trading (Clark and Jolly (2008), Silver-
Greenberg (2012)). Large banks and hedge fund investors lost tens of billions of dollars to
Bernard Madoff’s Ponzi scheme (Efrati et al. (2008)). More recently, Wells Fargo experienced
a number of costly operational failures resulting in a $1 billion fine from the Consumer
Financial Protection Bureau (CFPB) and the Office of the Comptroller of the Currency
(OCC) for mortgage and insurance abuses (Wattles et al. (2018)). Along with affecting large
banks, operational risks affect community banks as well. Federal Reserve Bank of St. Louis
President James Bullard noted that “operational risk will someday equal or exceed credit
risk for many community banks” (Bullard (2018)).

Despite the growing importance of operational risk (e.g., Abdymomunov et al. (2019)),
it is unknown if it has systemic risk consequences. Operational risk is usually perceived as
idiosyncratic (e.g., Lopez (2002), Chernobai et al. (2012)) with limited systemic implications.
To date, there have been no investigations of this issue to our knowledge. This is an important
omission in the literature.

This paper addresses the fundamental question of whether operational losses threaten
the financial system. We employ as our dependent variables a number of recently developed
measures of BHC contributions to systemic risk: SRISK (Acharya et al. (2012); Brownlees
and Engle (2017)), ACoVaR (Adrian and Brunnermeier (2016)), and SES (Acharya et al.
(2017)). To capture the commonality among these measures, we primarily focus on their first
principal component, Systemic Risk (PC), but we also show that our results are robust to
using the three individual measures. While a prior study, Cummins et al. (2006), documents
a negative effect of publicly known operational losses reported by the media on banks’ market
value of equity, we emphasize that market value of equity is not a direct measure of systemic
risk. Systemic risk measures the health of the financial system as well as that of the individual
bank.

We also use detailed supervisory data on operational losses reported by large U.S. bank



holding companies to the Federal Reserve System for stress testing purposes as mandated by
the Dodd-Frank Wall Street Reform and Consumer Protection Act. De Fontnouvelle et al.
(2006) emphasize that public sources of data often omit significant operational loss events.
In contrast to the publicly available data commonly used in the operational risk literature,
we utilize supervisory data at the individual company level that is significantly richer and
more comprehensive.

We find that operational risk at large U.S. BHCs is statistically and economically sig-
nificantly positively related to systemic risk. This relation holds controlling for previously
established determinants of systemic risk and other types of risks, including credit, interest
rate, leverage, and liquidity risks. Our finding is robust to alternative estimation approaches,
including instrumental variable regressions, which mitigate potential endogeneity concerns.
When we drill down, we find that operational risk tail events dominate nontail events in
systemic importance. An event in the top 1% tail of the operational loss distribution is re-
lated to an increase in a BHC’s contribution to systemic risk by approximately two standard
deviations. In further analysis, we document that operational losses in only some particular
event types and business lines significantly contribute to systemic risk.

To better understand the association between operational losses and systemic risk, and
to identify mechanisms behind this association, we additionally explore interactions of op-
erational risk losses with firm characteristics and the financial and economic environment.
We find that operational losses have stronger effects on systemic risk when they affect sys-
temically important institutions and institutions that are closer to distress. We also find
that operational losses have more pronounced impacts on systemic risk contributions during
financial crises and adverse economic conditions, although the main results are still present
during normal times. We also find that operational losses contribute to systemic risk through
both direct channels that impair the BHCs experiencing the losses and spillover channels to

other financial institutions.



Our study contributes to the research literatures on both operational and systemic risks.
Our findings have policy implications as well. The Basel Accord capital rules related to oper-
ational risk, specifically the Standardized Measurement Approach (SMA) of Basel 111, treat
operational risks from all bank business lines equally. This study can help to better inform
these weights given our findings that only some business lines significantly contribute to sys-
temic risk. Our findings also suggest that a convex weighting of large operational risk events
in the determination of capital requirements for BHCs may be appropriate. Specifically, our
findings suggest that firms exposed to very large operational risks should be subject to much
stricter capital requirements since they contribute disproportionately more to systemic risk.

The remainder of the paper is organized as follows. Section 2 details our contributions
to the literature. Section 3 outlines the channels through which operational risk may affect
systemic risk. Section 4 describes the data, including operational risk measures and systemic
risk contribution measures that we employ. Section 5 presents our regression results, and

Section 6 presents robustness checks. Section 7 concludes.

2. Related Literature

Operational risk has received much less attention in the academic literature than other
bank risks such as credit risk, leverage risk, interest rate risk, and liquidity risk (Ellul and
Yerramilli (2013)). In part, this likely reflects the difficulty of obtaining reliable data on
operational risk exposures, and in part, this may reflect a belief that such risks are not
systemically important. Some of the existing papers aim to define and measure operational
risk. Jarrow (2008) formally defines operational risk. Allen and Bali (2007) use equity returns
to estimate operational risk. Cummins et al. (2006) document the impact of operational risk
on market values of U.S. banks. Dahen and Dionne (2010) examine aspects of operational
risk modeling.

Other studies focus on understanding the nature of operational risk. Chernobai et al.



(2012) and Cope et al. (2012) study the various determinants of operational risk and its loss
severity. Wang and Hsu (2013) and Abdymomunov and Mihov (2019) focus on the effects of
board composition and risk management quality on operational risk. Chernobai et al. (2018)
show that bank expansions into non-banking activities result in more operational risk, and
argue this is due to an increase in bank complexity. Curti and Mihov (2018) document
that larger banking organizations have higher operational losses per dollar of total assets, a
result largely driven by their failure to meet professional obligations to clients, or from the
design of their products. Abdymomunov et al. (2019) study the association between BHC
operational losses and the U.S. macroeconomy. Abdymomunov and Ergen (2017) apply a
copula framework and find that occurrences of large losses are positively correlated across
banks. They do not, however, directly test the systemic risk implications of operational risk
events. Finally, Gillet et al. (2010) investigate the relation between operational risk and
reputation in the banking system.

To date, no studies examine the systemic implications of operational risk. The purpose
of this paper is to expand the operational risk literature by testing whether and under what
circumstances operational losses become systemic concerns. In so doing, we provide an in-
depth account of the specific mechanisms through which operational losses can affect systemic
risk, and document important specific firm-level and financial and economic environment
channels that amplify the operational risk effects on systemic risk.

We also contribute to a growing literature that examines the nature of systemic risk.
Brunnermeier et al. (2012) and Engle et al. (2014) examine the bank-level and macroeconomic
determinants of systemic risk, respectively. Sedunov (2018) and Berger et al. (2019) examine
the impact of regulatory actions during the financial crisis on systemic risk in the U.S.
Additionally, Karolyi et al. (2017) study the effect of cross-border bank flows on systemic
risk in recipient countries around the world, while Frame et al. (2019) study the effect of

foreign investment on systemic risk for U.S. banks. Brunnermeier et al. (2017) examine the



relation between systemic risk and asset pricing bubbles. Finally, Giglio et al. (2016) study
the relation between systemic risk and the macroeconomy.

Our findings suggest that operational losses can contribute to systemic risk. We document
that tail events drive this relation, and we also identify the specific types of operational losses
and the business lines that affect systemic risk. We offer channels for the systemic effects
of operational risk and distinguish between sets of these channels. Our findings may help
guide risk managers and policy makers on how to mitigate some of these effects. More
generally, our paper also relates to the important questions about regulatory failures, capital
requirements, risk management, and corporate governance in the financial crisis posed by

Carey et al. (2012).

3. Channels

This section outlines two sets of channels through which operational risk of large BHCs
may affect systemic risk. The first set work through directly reducing the market value of
the BHC experiencing the operational losses, which in turn increases that BHC’s market
leverage. The second set operate through financial network spillovers, in which the market

values of related financial institutions are impacted.

3.1. Direct Channels

There are at least three channels through which operational risk may reduce the market
value of a BHC. The first is through direct monetary losses related to operational risk events.
These include but are not limited to losses from improper supervision of traders and resulting
unauthorized trading, legal costs related to lawsuits associated with the operational risk
events, reimbursement to counterparties that were harmed by mistakes made by the BHC,
damages from natural disasters, and government-imposed fines, activity restrictions, and
additional capital requirements. These costs come directly out of the BHC’s equity and

reduce its market value, raising its market leverage.



The second channel through which BHC market value may decrease is through the loss of
future business or productivity from reputational damage. Deposit, loan, financial guarantee,
and derivative contract customers may be less willing to deal with an institution that has a
history of costly operational mistakes or improper business practices. Some key personnel
with important institutional knowledge may also leave or require higher compensation to
stay with a BHC that has tarnished reputation. Any expected future loss of business or
productivity is associated with lower expected future profits, which reduces market value
and raises market leverage.

The third channel linking operational risk losses with a lower market value of equity is the
public sell-off or short sales that drive the value of the BHC’s value below its fundamental
value based on the BHC’s expected future earnings. This could occur because of uncertainty
about the size and scope of the operational losses, disutility of owning stock in companies

with bad publicity, or panic-driven sell-off in reaction to unfavorable news.

3.2. Spillover Channels

There are at least three channels through which the operational loss of a BHC may spill
over to the market values of related financial institutions and raise their market leverage, cre-
ating cascading effects that can reach back to the bank that suffered the original loss. First,
investors may fear that similar operational difficulties are present, but yet undiscovered, in
comparable financial institutions. These other institutions may follow similar industry prac-
tices, herd in similar business products, use similar operating systems and business platforms,
or operate in similar regulatory and competitive environments.

Second, operational losses at an individual BHC may expose other financial institutions
to risks and losses. Some BHCs may be subject to credit risks from being counterparties to
inter-institutional loans, deposits, and derivative contracts. Similarly, other institutions that

regularly participate with the troubled BHC in the syndicated loan market or payments sys-



tem may suffer business losses that reduce their market values, raising their market leverage.

Third, it is also possible that some BHCs may gain from the operational losses at an-
other BHC. Competitors in the product market may be able to increase market share and
profitability when customers shun the BHC suffering operational risk. Similarly, financial in-
stitutions that compete in the same labor market may also be able to hire talented displaced
workers from an affected BHC that they would not otherwise be able to attract.

Notably, unlike the first five channels, this last channel runs in the opposite direction,
and may potentially offset some of the other direct and spillover channels. However, it is
improbable that it would be sufficiently strong to more than reverse the other channels and
result in reduced systemic risk from operational losses. Another bank’s gain would seem

very unlikely to be greater than the losses suffered by the original bank.

4. Data Sample and Variable Definitions

4.1. Operational Risk

4.1.1. Loss Data

As noted previously, we use supervisory data on operational losses submitted by large
financial institutions pursuant to the Dodd-Frank Wall Street Reform and Consumer Pro-
tection Act. The Federal Reserve System collects such data for stress testing purposes under
the Comprehensive Capital Analysis and Review (CCAR) program. The operational risk
data follow the reporting requirements of the FR Y-14Q form (current as of April 2017) and
are provided by financial institutions that participated in the 2017 Dodd-Frank Act Stress
Test (DFAST) program with consolidated assets of $50 billion or more.? While the original

data contains losses from 38 institutions, the availability of data requisite for the calcula-

2More information about FR Y-14Q reporting requirements, instructions and forms can be found at:
http://www.federalreserve.gov /apps/reportforms/. Subsequent to the Economic Growth, Regulatory Relief,
and Consumer Protection Act of 2018, financial institutions with under $100 billion in total assets are no
longer required to file the FR Y-14Q reports, effective May 2018.



tions of systemic risk measures described in Section 4.2 reduces the number of institutions
in our sample from 38 to 26. Although our operational loss data comes from a small number
of institutions, these institutions account for the majority of U.S. banking industry assets
(73.7% as of 2016:Q4). The data provide information such as loss amounts, loss dates, loss
classifications, and loss descriptions.

Consistent with Basel II definitions, we categorize operational losses into seven event
types. These event types are: Internal Fraud (IF), External Fraud (EF), Employment Prac-
tices and Workplace Safety (EPWS), Clients, Products and Business Practices (CPBP),
Damage to Physical Assets (DPA), Business Disruption and System Failures (BDSF), and
Execution, Delivery and Process Management (EDPM). Table 1, Panel B presents definitions

of each loss type.
[Insert Table 1 about here]

Figure 1 presents the share of total losses and U.S. dollar loss amounts by event type
category. The event type with the largest proportion of total losses is CPBP, which accounts
for 78.3% of losses or $216.3 billion. This suggests that the majority of BHC losses due to
operational risk are the result of poor services to customers or flawed products. A review of
the data further indicates that CPBP contains many of the largest and most severe losses
incurred by BHCs over our sample period. The second largest event type by share of total
losses is EDPM, accounting for 13.6% of losses or $37.5 billion. The remaining five event

types combined comprise 8.1% of total losses, or $22.5 billion.
[Insert Figure 1 about here]

Operational losses are also classified by business line of origination (Federal Reserve
System (2017)). There are nine categories: Corporate Finance (CF), Trading and Sales (TS),

Retail Banking (RB), Commercial Banking (CB), Payment and Settlement (PS), Agency



Services (AS), Asset Management (AM), Retail Brokerage (RK), and Corporate Level Non-
Business Line Specific (CO). Table 1, Panel C presents definitions of each business line.
Figure 2 presents the share of total losses and U.S. dollar loss amounts by business line

category.
[Insert Figure 2 about here]

The figure shows that the business line generating the largest operational losses is RB,
which accounts for 47.2% of total losses or $130.6 billion. In other words, losses from retail
banking account for almost half of total operational losses. The business line with the
second-most losses is CO, which accounts for 18.3% of total losses or $50.6 billion. CF and
TS are also nontrivial, as they account for 11.0% and 13.0% of total losses, respectively. The
remaining five business lines combined comprise 10.4% of total losses, or $28.8 billion.

The reporting threshold for individual operational losses varies across financial institu-
tions. To mitigate the impact of this heterogeneity in loss reporting thresholds, we follow
prior research (e.g., Abdymomunov and Mihov (2019)) and discard losses below $20,000
dollars, which is the highest reporting threshold for institutions participating in the DFAST
program. The final sample consists of 290,872 individual loss events from 26 large financial
institutions over the period [2002:Q1 - 2016:Q4]. Our data is substantially richer than oper-
ational loss data sets offered by private vendors that rely on publicly available information.
For example, Hess (2011) uses loss data from SAS OpRisk Global Data, which consists of
around 7,300 loss events. Chernobai et al. (2012) analyze loss data from Algo FIRST, which
consist of 2,426 events. As discussed in De Fontnouvelle et al. (2006), operational risk data
sets based on publicly available information are likely to omit substantial losses otherwise
contained in the supervisory data used in this study.

Each loss instance reports occurrence, discovery, and accounting dates. The data re-

porting instructions define these dates as follows: occurrence date — the date when the
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operational loss event occurred or began; discovery date — the date when the operational
loss event was first discovered by the institution; and accounting date — the date when
the financial impact of the operational loss event was recorded on the institution’s finan-
cial statements. From a reporting consistency perspective, the accounting date is the most
consistently used date across banks. This reflects the fact that banking organizations follow
the same accounting standards in determining the financial impact of operational loss events
on the institutions’ financial statements. In contrast, occurrence and discovery dates are
less uniformly reported across institutions due to variations in the institutions’ internal data
management systems as well as uncertainties about when loss events actually occurred or
were discovered (Abdymomunov and Mihov (2019)). To examine the relationship between
operational risk and systemic risk, our analysis aggregates loss data at the bank-quarter level,
where we use the quarter of operational loss financial statement impact (accounting date)
for aggregation purposes. We build an unbalanced panel of 1,070 BHC-quarter observations

in accordance with individual bank data availability.

4.1.2. Operational Risk Measures

Our main measure of operational risk is the total dollar value of operational losses incurred
by a BHC during a given quarter. We follow Abdymomunov et al. (2019) and calculate a
natural logarithm transformation of quarterly loss to account for its heavy-tailed distribution.
The literature also shows that heavy-tailed distributions of loss severities for individual
operational risk events are common (e.g., Chernobai and Rachev (2006), Jobst (2007)).
Indeed, Figure 3 suggests that within our data, a few large losses, or tail events, account for

the majority of dollars lost to operational risk.
[Insert Figure 3 about here]

To specifically focus on the relation between operational risk tail events and systemic

risk contribution, we construct two sets of variables. First, we calculate the number of “tail”

11



and “nontail” events in a quarter. We define a loss as a tail event if the ratio of the loss
amount to BHC assets is higher than the 99.0*", 99.5" or 99.9*" quantiles of the unconditional
distribution of the ratio in our sample. Losses below these quantiles are considered nontail
events. Second, we sum all the losses defined as tail events in a quarter to obtain the
aggregate amount of tail dollar losses for each BHC and then take the natural log, and
similarly for nontail events.

Table 2, Panel A presents descriptive statistics. On average, U.S. BHCs lose $230 million
per quarter to operational risk. Furthermore, the standard deviation of the quarterly loss is
high relative to the mean, which indicates substantial time-series and cross-sectional variation
of operational losses. The quarterly average dollar sum of tail events (using the 99.0'" quantile

definition of tail risk) is $194 million, which represents 85% of the average quarterly loss.
[Insert Table 2 about here]

4.2. Systemic Risk Measures

Our main dependent variable, Systemic Risk (PC), is the first principal component of
three systemic risk contribution measures: SRISK, ACoVaR, and SES, which we discuss in
detail in the next three sections. We evaluate the first principal component of these measures
using a correlation matrix instead of a variance-covariance matrix to account for the different

scale of the individual systemic risk measures. Table 2, Panel B presents summary statistics.

4.2.1. Ezpected Capital Shortfall - SRISK

Acharya et al. (2012) provide a measure, further refined by Brownlees and Engle (2017),
for determining bank i’s contribution to systemic risk at time ¢, called SRISK;;. It is the
expected capital shortfall of bank 4 conditional on a crisis at time ¢. Specifically, SRISK; ;
measures how much capital bank ¢ would need in a crisis at time ¢ to maintain a given

capital-to-assets ratio. SRISK;; is empirically measured using market data on equities and
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balance sheet data on liabilities:

SRISK,; = E;_1(Capital Short fall;|Crisis)
= FE;_1(k(Debt; + Equity;) — Equity;|Crisis) (1)

= kDebti’t,1 — (1 — k)(l — LRMESLt)EQUZty%t

where k is a prudential level of book equity relative to assets; LRMES;, is the long-run
marginal expected shortfall (M ES) at time ¢ for bank 7, defined as the decline in equity
values conditional on a financial crisis. Following Brownlees and Engle (2017), we set k equal
to 8%. SRISK,, is constructed from size, leverage, and exposure to market risk. Exposure
to market risk is based on comovements of firm equity value with broad equity market

measures. This is roughly analogous to a “downside beta” of the firm, and is correlated with

the firm’s CAPM beta.

4.2.2. ACoVaR

ACoVaR represents the change in the value at risk (VaR) of the entire financial system
that occurs when a given institution goes into distress. This measure can be thought of as an
estimate of one institution’s contribution to aggregate systemic risk. We estimate ACoVaR
directly following the quantile regression methodology of Adrian and Brunnermeier (2016).
First, we define financial system returns as Xgysem and individual institution returns as X;
using equity returns. We then estimate VaR and CoVaR as a function of a vector of state
variables, M. We define ¢ as the ¢'* quantile of the return distribution. For our estimates,
we set ¢ as the 5" quantile of the return distribution.

In the first step, we run the following regressions, using weekly data:

— A4 q q
_q q q o q
Xsystemh,t - asystem\i + fysystem\thfl + Bsystam\invtesytem\i,t (3)
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We then use the predicted values from the first step to calculate:

VaR!, = 67+ 50 M, (4)

COV&RZt = dgystem\i + ﬁ/gystem\th_l + Bgystem\ivaRg,t (5)
Finally, for each institution, we calculate ACoVaR, ,;:

ACoVaR!, = CoVaR}, — CoVaR} ©
6
=p! (VaR], — VaR}))

system|i

The vector of state variables in the Adrian and Brunnermeier (2016) approach to esti-
mating C'oVaR includes six variables: the change in the three-month Treasury yield, the
change in the slope of the yield curve (ten-year Treasury rate minus three-month Treasury
rate), TED Spread (three-month LIBOR minus three-month Treasury rate), the change in
the credit spread (Moody’s Baa-rated bond yield minus ten-year Treasury rate), the weekly
U.S. market returns, and the U.S. market equity volatility (calculated using CRSP market

returns).

4.2.8. Systemic Expected Shortfall - SES

Systemic Expected Shortfall (SES) measures an institution’s “propensity to be under-
capitalized when the system as a whole is undercapitalized” (Acharya et al. (2017)). A
financial institution’s SES is a linear combination of two key components: Leverage (LV G)
and Marginal Expected Shortfall (M ES). LVG is estimated using the traditional approxi-

mation using book liabilities and market equity:

(Book Assets;; — Book Equity; ;) + Market Equity; ;
Market Equity; ,

LVGi,t == (7)

MES estimates how individual institutions’ stock returns react to those of the entire

14



market (including non-financial companies) when aggregate returns are low. M ES is calcu-

lated using the 5% of the worst days of market returns over the previous quarter of return

dal a:
2,0 l y TE - 1, T

where R, ; represents the daily returns of the institution, and 7 = 1 to 7* represent days in
which the market is in the tail of its return distribution.

Acharya et al. (2017) use LV G and MES in a cross-sectional regression to estimate
SES. They regress the percentage stock returns of large U.S. institutions during the global
financial crisis (which the authors call “realized SES”) on LVG and M ES from prior to the

crisis. From the regression output, they estimate the following equation:

SESLt - 002 - O.O4LVGZ‘¢,1 - 0.15MESi7t,1 (9)

which we use to calculate fitted values of SE'S for all bank-quarters in our sample. For pre-
sentation purposes, we multiply SES by -1, so that higher values indicate higher contribution

to systemic risk.

4.3. Control Variables

In addition to operational and systemic risk metrics, all of our multivariate regression
analyses include a number of BHC-level control variables. We classify these variables in two
broad groups: characteristics that are relevant for the systemic risk contribution of BHCs
and proxies for BHC exposures to other types of risk.

We include five controls to account for a BHC’s systemic risk contribution. We include
bank size (Ln(Size)) based on the total assets of the BHC. To account for firm value, growth

opportunities and profitability, we include the market-to-book ratio (M-to-B) and return on
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assets (RoA).? To account for exposure to non-traditional business activities, we include the
non-interest to interest income ratio (NII-to-1I). Lastly, to account for a BHC’s ability to
manage risks, we use a rating that evaluates the quality of BHC risk management functions
(Risk Mgmt).*

In all our analyses, we control for a BHCs’ exposure to other important risks. Specifically,
we focus on leverage, credit, liquidity, and interest rate risks. To control for leverage risk,
we include BHC leverage (Leverage). We control for credit risk by including the ratio of
non-performing loans to total loans (NPL-to-TL). To account for liquidity risk, we include
a BHC’s liquidity coverage ratio (LCR). Finally, to measure interest rate risk, we include
the mismatch between short-term repriceable assets and short-term repriceable liabilities

(Maturity Gap).

4.4. Correlations
We start with a simple correlation analysis. Table 3, Panel A reports correlation coef-
ficients between Systemic Risk (PC), SRISK, ACoVaR, SES, LVG, MES and Ln(OpLoss).

We make several observations.
[Insert Table 3 about here]

First, the correlations between the Systemic Risk (PC) and the individual systemic risk
contribution measures that comprise it are high — in excess of 75% in all cases. Second, the
correlation between Systemic Risk (PC) and Ln(OpLoss) is 32%, indicating that BHCs that
suffer higher operational losses contribute more to systemic risk. Third, the correlations

between Ln(OpLoss) and the individual systemic risk contribution measures are positive in

3To avoid possible mechanical effects, we estimate M-to-B and RoA at the end of the prior quarter.
In unreported estimations, we confirm the robustness of our results to alternative lagging schemes for the
independent variables, including lagging all independent variables by one quarter.

4This rating has been developed and maintained by the Federal Reserve System, and is part of the
RFI/C(D) and BOPEC rating systems. For more information on the rating systems see the following
supervisory letters: SL 9591, SL 9569, SR 9517, SR 9522, and SR 0418.
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all cases, indicating that the relation is consistent across different measures of systemic risk.
All correlations are statistically significant at the 1% level.

Table 3, Panel B provides additional information on the correlations between the dif-
ferent metrics of operational risk and Systemic Risk (PC). Again, the correlations are all

statistically significant at the 1% level.?

5. Regression Results

5.1. Operational Losses

To more rigorously examine whether operational risk is related to systemic risk, we next
employ multivariate regressions that better enable us to control for confounding effects. We

estimate the following main regression:

Systemic Risk;y = B; + Bt + p1Ln(OpLoss); s + BCtris;; + €4 (10)

where ¢ indexes BHCs, and t indexes quarters. Systemic Risk is one of four systemic risk
metrics: Systemic Risk (PC), SRISK, ACoVaR, and SES. Ln(OpLoss) represents log-
transformed operational losses incurred by a BHC in a given quarter. Ctrls represents a
vector of control variables described in Section 4.3. f3; represents BHC fixed effects, which
absorb potentially different levels of systemic risk contribution and operational losses at
BHCs. f; represents time (year and seasonal) fixed effects, which broadly capture period-
specific and seasonal shocks common across companies. We cluster standard errors at the
BHC and quarter levels to account for within-bank and within-quarter correlation of the

error terms. Table 4, Panel A presents the results for our main measure of systemic risk —

5Due to space limitations in the table, we do not report correlations with tail and nontail operational
risk measures using the 99.5'" quantile definition. We note, however, that the correlation coefficients are
directionally and statistically consistent with those of the tail and nontail measures using the 99.0*" and
99.9*" quantile definitions.
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Systemic Risk (PC).
[Insert Table 4 about here]

Column (1) starts with a pooled regression specification with no fixed effects. The coeffi-
cient on Ln(OpLoss) is positive and statistically significant at the 1% level, suggesting that
institutions with higher operational losses contribute more to systemic risk. Columns (2)-(4)
further suggest that the positive association in Column (1) is robust to the introduction of
both BHC and time fixed effects. Based on the specification in Column (4) with both BHC
and time fixed effects, a one standard deviation increase in Ln(OpLoss) is associated with a
0.14 standard deviation increase in Systemic Risk (PC) (= (0.067%0.294)/0.141). Given the
heavy-tailed nature of operational risk, a plausible 100% increase of quarterly operational
losses is associated with a 0.067 increase in Systemic Risk (PC) or 0.48 standard deviations
(=0.067/0.141).

Table 4, Panel B, Columns (1)-(3) show the relation between operational risk and systemic
risk is robust across all three measures from which Systemic Risk (PC) is derived — SRISK,
ACoVaR, and SES. The coefficient of Ln(OpLoss) is positive and significant at least at the
5% level in all cases. In Columns (4) and (5), we also separately examine the two components
of SES, LVG and M ES, in order to distinguish between the sets of channels through which
operational risk affects systemic risk: the reduction in an affected BHC’s market value
and the increase in its market leverage (the “LV G” channel) versus spillovers to the market
values of related institutions (the “M ES” channel), that increase other institutions’ leverage.
Ln(OpLoss) is significantly positively related to both LV G and M ES. We interpret this as

evidence supporting both groups of channels.

5.2. Operational Risk Event Types and Business Lines

As noted above, operational risk is an amalgamation of various types of subcomponent

risks (Chernobai et al. (2012)). The significant relation between operational losses and

18



BHC systemic risk contributions established thus far ignores the potential heterogeneity of
operational risk in the different categories and essentially embodies the assumption that op-
erational risks from all event types and business lines have similar systemic risk implications.

Here, we re-estimate the relation between systemic risk contribution and operational
losses at the individual event type and business line category levels. Specifically, we re-
estimate Eq. (10) for each event type and business line separately as well as jointly. Ex
ante, we do not have a clear expectation of which particular subcategories of operational
losses should be more correlated with BHC systemic risk contribution. We thus examine
the specific event type and business line drivers of the previously documented association

between operational losses and systemic risk contributions. Table 5 presents the results.
[Insert Table 5 about here]

Table 5, Panel A presents the results for operational losses categorized by event type. The
coefficient of Ln(OpLoss) is significant in three cases — for Internal Fraud (IF) in Column
(1); for Clients, Products and Business Practices (CPBP) in Column (4); and for Execution,
Delivery, and Process Management (EDPM) in Column (7). Column (8) further shows
that operational losses from these three event types remain significantly positively related
to systemic risk when included jointly in the same regression specification. As presented in
Table 1, Panel B, IF captures losses from “[a]cts of a type intended to defraud, misappropriate
property or circumvent regulations, which involves at least one internal party”; CPBP — from
“la]n unintentional or negligent failure to meet a professional obligation to specific clients, or
from the nature or design of a product”; and EDPM — from “[f]ailed transaction processing
or process management, from relations with trade counterparties and vendors.” Importantly,
Figure 1 shows that CPBP and EDPM are the two operational risk event types accounting
for the largest portions of losses, representing respectively 78% and 14% of total losses in

our sample.
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Table 5, Panel B presents results for operational losses categorized by business line. The
coefficient of Ln(OpLoss) is significant in two specifications — for Retail Banking (RB) in
Column (3); and for Corporate Other (CO) in Column (9). Column (10) confirms operational
losses from the two business line categories both remain significantly positively correlated
with systemic risk when estimated in the same regression specification. According to Table
1, Panel C, RB captures losses related to “[r]etail and private lending and deposits, banking
services, trust and estates, investment advice, merchant/commercial /corporate cards, pri-
vate labels and retail”, while CO captures “[lJosses originating from a corporate/ firm-wide
function that cannot be linked to a specific business line.” As noted above, RB and CO
are the two business lines that account for the largest portions of operational losses in our
sample — 47% and 18%, respectively.

The above findings suggest that the link between systemic and operational risk is largely
driven by the event types and business lines that contain most operational dollar losses in
our sample. Given that operational risk is heavy-tailed and few catastrophic losses account
for the majority of dollar losses, our findings here might indicate that the relation between
systemic risk contribution and operational losses is driven primarily by the event types and
business lines with most severe operational loss events. We explicitly focus on high-severity

operational losses and examine their effects on systemic risk in more detail next.

5.3. Tail versus Nontail Operational Risk

We next examine whether observed effects of operational losses on systemic risk contri-
butions are particularly driven by tail versus nontail operational losses. This distinction is
important. High but stable operational losses have adverse implications for banking orga-
nizations’ profitability and performance. However, such losses are easy to anticipate, and
therefore should not be a first-order concern in terms of an organization’s stability and

systemic risk contibutions. In contrast, tail risk is difficult to anticipate, often results in
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a serious unexpected shock to a financial institution. Overall, tail events should be more
likely to destabilize a financial intermediary, and subsequently the financial system through
cascading effects, than nontail events.

As discussed in Section 4.1.2, to focus on the relation between tail and nontail operational
risk events and systemic risk contribution, we construct two sets of variables. First, we
calculate the number of tail and nontail events incurred by a BHC in a given quarter, where
we use three different distribution thresholds to identify tail and nontail events — above
and below the 99" 99.5'" and 99.9" percentile. Second, following the definition of tail
and nontail events in each case, we sum all the losses defined as tail and nontail events in a
quarter to obtain aggregate amounts of tail and nontail losses for each BHC. Table 6 presents
regression results of systemic risk contribution on our different tail and nontail operational

loss measures.
[Insert Table 6 about here]

Table 6, Panel A presents results for the frequency-based tail and nontail measures.
Columns (1), (4), and (7) show that the frequency of tail events is positively related to
systemic risk contribution. The coefficients are significant at least at the 5% level. Columns
(2), (5) and (8) suggest that systemic risk contribution is not impacted by the frequency of
nontail events. Lastly, Columns (3), (6) and (9) show that the results are unchanged when
the frequency of tail and nontail losses are pooled in the same specification.

Table 6, Panel B presents results for dollar-based tail and nontail measures. Columns
(1), (4), and (7) show that the dollar amount of tail events is positively related to systemic
risk contribution. The coefficients are statistically significant at the 1% level. Columns (2)
and (5) suggest that systemic risk contribution is not impacted by the loss amounts of events
below the tail threshold. Column (8) shows that the total loss amount of events below the

99.9"" quantile is positively and significantly related to systemic risk contribution, which is
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particularly driven by the very high quantile used to define tail risk. In combination with
the insignificant results for nontail operational risk in Columns (2) and (5), the significant
results in Column (8) further suggest the existence of material losses between the 99.5" and
99.9"" quantiles of the loss distributions that are of systemic importance. Lastly, Columns
(3), (6) and (9) show that the results are unchanged when the amounts of tail and nontail
losses are in the same specification. Overall, the results in Table 6 suggest that operational

risk contributes to BHC systemic risk primarily through tail operational losses.

5.4. Systemically Important BHCs

Certain banking organizations are so central to the U.S. and global financial systems
that their failure could cause devastating damage, both to financial markets and the larger
economy. These institutions are often referred to as “Global Systemically Important Banks”
or G-SIBs. A number of institutions in our sample are designated as G-SIBs. In light of our
findings that operational losses at large U.S. BHCs increase systemic risk, this motivates us to
examine if “systemic importance” serves as an amplifying channel for the association between
operational and systemic risks. It may be expected that operational losses at systemically
important banks should have more pronounced effects and contribute more to systemic risk.

To investigate this amplifying channel, we use a G-SIB score methodology developed by
the Basel Committee on Banking Supervision, and subsequently adopted in the U.S., for des-
ignating global banks as systemically important.® As discussed in Federal Reserve System
(2015), the G-SIB score aggregates 12 indicators across several conceptual categories: the
size of the financial institutions, their interconnectedness, the lack of readily available sub-

stitutes for the services they provide, their complexity, and their global (cross-jurisdictional)

6The Federal Reserve System implemented a G-SIB capital surcharge subsequent to a recommendation
from the Basel Committee on Banking Supervision (Federal Reserve System (2015)). As part of this U.S.
regulation, Form FR Y-15 collects from BHCs of $50 billion or more the information needed to construct
the G-SIB score.
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activities. Firms having a score above a specified threshold are designated as G-SIBs. As of
2016:Q4, there are 8 U.S. G-SIBS: JPMorgan Chase, Citigroup, Bank of America, Goldman
Sachs, Morgan Stanley, Wells Fargo, Bank of New York Mellon, and State Street, all of
which are in our sample.

In our analysis, we use both a binary indicator identifying which BHCs are considered
systemically important according to the Federal Reserve (G-SIB Indicator) as well as a
continuous score measuring the systemic importance of BHCs (G-SIB Score). Because mea-
surements are only available for the last several quarters in our sample, we use variables
constructed as of 2016:Q4, the last quarter in our sample. We then estimate models similar
to Eq. (10), but include interaction terms between Ln(OpLoss) and the measures of BHC
systemic importance, G-SIB Indicator and G-SIB Score. Due to the inclusion of BHC fixed
effects, we are unable to identify the coefficients on the time-invariant G-SIB Indicator and

G-SIB Score. Table 7 presents these results.
[Insert Table 7 about here]

Both Columns (1) and (2) suggest that the systemic effects of operational risk occur
through operational losses incurred by systemically important BHCs. The coefficients on G-
SIB Indicator*Ln(OpLoss) and G-SIB Score*Ln(OpLoss) are both positive and significant
at least at the 5% level. In contrast, the coefficient of Ln(OpLoss) is indistinguishable from 0
in both specifications. The results thus suggest that the systemic consequences of operational
risk flow through destabilization of banking organizations central to the U.S. financial system

stability.

5.5. BHC Distance to Default

Higher operational losses are associated with higher systemic risk contribution at BHCs.
Further, financial firms’ contribution to systemic risk increases with their probability of de-

fault (Huang et al. (2012)). Because the impending failure of large institutions threatens to
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impose significant losses on other institutions in the financial system, destabilizing opera-
tional losses could have more pronounced systemic risk effects when institutions are close to
distress. We focus on this issue in the current section. Specifically, we investigate whether
BHC distance to default serves as an amplifying channel for the relation between operational
losses and systemic risk contribution.

We construct two measures of distance to default — Inv Z-Score and PD. Inv Z-Score is
defined as the sum of a BHC’s mean return on assets and mean capitalization ratio divided
by the standard deviation of return on assets, where the averages and the standard deviations
are calculated over the prior 12 quarters. For presentation purposes, we multiply the variable
by -1 so that higher values reflect higher likelihood of distress. PD is the probability of default
of a BHC based on the Black-Scholes-Merton option-pricing model following Hillegeist et al.
(2004). To mitigate concerns that operational risk is driving the distress measures, we lag
Inv Z-Score and PD by one period. We then estimate models similar to Eq. (10), but
include interaction terms between Ln(OpLoss) and Inv Z-Score (or PD). Table 8 presents

the results.
[Insert Table 8 about here]

The results in Column (1) suggests that Inv Z-Score is not significantly related to systemic
risk contribution. The findings in Column (3), however, confirm the findings in Huang
et al. (2012) that systemic risk contribution is positively related to BHC probability of
default. Columns (2) and (4) show that the relation between systemic risk contribution and
operational risk is more pronounced for BHCs that are closer to distress. The coefficients
on Inv Z-Score*Ln(OpLoss) and PD*Ln(OpLoss) are both positive and significant at least
at the 5% level. Overall, the results in Table 8 suggest that an additional channel of the
operational risk effects on systemic risk is through further destabilization of financially weak

institutions.
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5.6. Financial and Economic Environment

BHCs’ contributions to systemic risk in adverse financial conditions are potentially mag-
nified by their interconnections and correlated risk taking. Additionally, operational losses
are more likely to surface during financial and economic downturns (Abdymomunov et al.
(2019)). In this section, we examine whether financial and economic stress serves as an am-
plifying channel for the relation between operational losses and systemic risk contribution,
which we previously documented.

To investigate this issue empirically, we follow Berger and Bouwman (2013) and define
a financial crisis indicator variable, Financial Crisis, which equals 1 for quarters during
the period [2007:Q3-2009:Q4], and 0 otherwise. Additionally, we adopt the financial and
economic conditions measure used in Abdymomunov et al. (2019), ME Index. ME Index is
defined as the first principal component of the year-over-year U.S. real GDP growth rate,
the year-over-year growth rate in the U.S. CoreLogic House Price Index, the year-over-
year growth rate in the U.S. Commercial Real Estate Price Index, the CBOE U.S. Market
Volatility Index, and the spread between the U.S. 10-year BBB-rated corporate bond yield
and the 10-year U.S. Treasury bond yield. Higher values denote worse financial and economic
environment.

We estimate models similar to Eq. (10), where we additionally include interaction terms
between Ln(OpLoss) and Financial Crisis (or ME Index). We do not include time fixed
effects to accommodate the purely time-series nature of Financial Crisis and MFE Index.

Table 9 presents the results.
[Insert Table 9 about here]

Columns (1) and (3) suggest that BHC systemic risk contribution is higher during adverse
financial and economic conditions. Column (2) shows that the effects of operational losses

on systemic risk contribution are especially pronounced during the 2008 financial crisis.
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The coefficient on Financial Crisis*Ln(OpLoss) is positive and significant at the 1% level.
Column (4) further confirms that operational losses contribute to systemic risk particularly
during economic downturns. The coefficient on ME Index*Ln(OpLoss) is also positive and
significant at the 1% level. Overall, these results highlight that the destabilizing effects
of operational risk on the financial system are more pronounced at times of financial and

economic stress.

6. Robustness Checks: Instrumental Variable Regressions

Two identification concerns may confound the interpretation of our results. First, there
may be reverse causation, in which there are feedback loops from systemic risk contribu-
tion to operational risk. For example, system-wide shocks may generate operational losses
across a number of institutions as employees and managers may be distracted or desperate
during systemic events. To address this issue, we estimate instrumental variable regressions.
We focus on using BHC-specific variables as instruments that affect BHC operational risk
exposures, but should have limited effect on the systemic risk contributions of a BHC con-
ditional on model controls. These include BHC cost efficiency and outstanding operational
risk supervisory examination findings.

Cost efficiency refers to the abilities of bank managers to monitor and control their
expenses (Berger and Mester (1997)). Outstanding supervisory examination findings refer to
Matters Requiring Immediate Attention (MRIAs) and Matters Requiring Attention (MRAs).
MRIAs arising from an examination, inspection, or any other supervisory activity that are of
significant importance and urgency. The Federal Reserve requires that banking organizations
address these immediately. Similarly, MRAs constitute matters that are important and
that the Federal Reserve is expecting a banking organization to address over a reasonable

period of time, but not necessarily “immediately.”” We use only MRIAs and MRAs that are

"More information regarding MRIAs and MRAs can be found at: https://www.federalreserve.gov/
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specifically related to operational risk issues.

Second, there may be omitted variables related to both operational risk and systemic risk,
thus raising the possibility that our analyses are not capturing the relation between systemic
risk contribution and operational risk. To address this issue, we again estimate instrumen-
tal variable regressions using industry operational losses (but excluding the institution of
interest) as an instrument. While overall industry operational losses should be relevant to
the operational losses experienced by specific institutions (e.g., through common cross-BHC
operational risk exposures due to, for example, offering similar products and services and
engaging in similar business practices), operational losses at the industry level should not
reflect bank-specific characteristics. Table 10 presents the instrumental variable regression

results.
[Insert Table 10 about here]

Table 10, Panel A presents first-stage results. Column (1) shows that the cost efficiency
of an institution is inversely related to operational losses (i.e. a more cost efficient institution
suffers less operational losses). Columns (2) and (3) show that the number of outstanding
operational risk supervisory findings is positively related to operational losses. Finally, Col-
umn (4) shows that operational losses are positively correlated across institutions. In all
cases, the instruments are statistically significant at conventional levels and the adjusted R?
of the regressions are reasonably high. Further, the F-statistics exceed 20, well above the
threshold of 10 prescribed by Stock et al. (2002). Such evidence suggests we do not suffer
from weak instrumental variable issues.

Table 10, Panel B presents second-stage results. Across all specifications, the estimated

coefficient of Ln(OpLoss) retains its positive sign and is statistically significant at least at

supervisionreg/srletters/sri1313al.pdf. Data on MRIAs and MRAs are collected and maintained by
the Federal Reserve System.
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the 10% level. Overall, our IV analysis mitigates concerns regarding reverse causality and
omitted BHC-level variable problems that could be biasing the estimated relation between

operational losses and systemic risk contribution.

7. Conclusion

Can a largely idiosyncratic risk become systemic in nature? The evidence in this study
suggests that it can. We find a statistically and economically significant positive relation
between operational losses at large bank holding companies (BHCs) in the U.S. and the
systemic risk contributions of these BHCs. The relation is driven by high-severity operational
risk tail events of certain types and business lines, and is more pronounced for systemically
important BHCs, for BHCs that are closer to distress, and during adverse financial and
economic environments. Our findings are especially important in light of recent dramatic
and well-known operational risk events in the global financial system, and the high economic
and social costs of systemic crises.

The literatures on operational risk and systemic risk have mostly focused on describing
and understanding the general nature of these two types of risk. However, the possible
relation between operational risk and financial system distress has not been addressed. We
add to these literatures by exploring the systemic implications of operational risk.

Our research also has potential policy implications. The Standardized Measurement
Approach (SMA) in Basel III requires banks to calculate operational risk capital based on
pre-defined income activities. Our results can help to better inform the weights placed on
each of the income activities for the calculation of operational risk-based capital. Specifi-
cally, our results suggest that relatively larger weights be applied to the income components
generated by business lines such as retail banking. Conversely, our results suggest that op-
erational losses from activities like commercial banking, agency services and retail brokerage

do not pose as much of a systemic threat and thus their weights may be relatively smaller.
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Our findings also support the convex weighting of large past operational losses in the SMA,
since high-severity tail operational risk events contribute proportionally more to systemic

risk compared to nontail events.
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Figure 1: Operational Losses by Event Type

This figure presents the allocation of operational loss amounts (percentage of total losses and U.S. dollar
loss amounts in billions) by event type. The sample includes 290,872 operational loss events incurred by
26 large U.S. bank holding companies over the period [2002:Q1-2016:Q4]. The nomenclature for event
types is as follows: Internal Fraud (IF), External Fraud (EF), Employment Practices and Workplace Safety
(EPWS), Clients, Products and Business Practices (CPBP), Damage to Physical Assets (DPA), Business
Disruption and System Failures (BDSF), and Execution, Delivery and Process Management (EDPM). Event
type definitions are provided in Table 1, Panel B.

34



RK

AM

AS
PS
CB

Figure 2: Operational Losses by Business Line

This figure presents the allocation of operational loss amounts (percentage of total losses and U.S. dollar loss
amounts in billions) by business line. The sample includes 290,872 operational loss events incurred by 26
large U.S. bank holding companies over the period [2002:Q1-2016:Q4]. The nomenclature for business lines
is as follows: Corporate Finance (CF), Trading and Sales (TS), Retail Banking (RB), Commercial Banking
(CB), Payment and Settlement (PS), Agency Services (AS), Asset Management (AM), Retail Brokerage

CO

RB

CF

[CICF (11.0%,$30.3B)
TS (13.0%,$36B)
[ IRB (47.2%,$130.6B)
[IICB (1.0%,$2.7B)
[ 1PS (0.4%,$1.2B)
I AS (2.9%,$7.9B)
[ ]AM (2.0%,$5.6B)
I RK (4.1%,$11.4B)

[ ]CO (18.3%,$50.6B)

(RK), Corporate Level (CO). Business line definitions are provided in Table 1, Panel C.
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Figure 3: The Heavy Tails of Operational Losses

This figure presents the percentage of total operational losses with severities below a given percentile of the
unconditional distribution of loss severities. The sample includes 290,872 operational loss events incurred by
26 large bank holding companies operating in U.S. over the period [2002:Q1-2016:Q4].
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Table 1: Definitions

This table presents variable definitions in Panel A, operational loss event type definitions according to Basel
Committee on Banking Supervision (2006) in Panel B, and operational loss business line definitions according
to Federal Reserve System (2017) in Panel C.

Panel A: Variables

Dependent Variables: Systemic Risk Measures

SRISK The expected capital shortfall of a BHC conditional on a crisis (Acharya et al.
(2012), Brownlees and Engle (2017)). We derive a quarterly level measure by
averaging daily values within a quarter.

ACoVaR The change in the value at risk of the financial system conditional on a BHC
being in distress relative to the BHC’s median state (Adrian and Brunnermeier
(2016)).

SES The systemic expected shortfall of a BHC, which measures the BHC’s propen-

sity to be undercapitalized when the system as a whole is undercapitalized
(Acharya et al. (2017)).

LVG The market leverage of a BHC (Acharya et al. (2017)).

MES The marginal expected shortfall of a BHC, which measures the BHC’s average
return on days when the market as a whole is in the tail of its return distribution
(Acharya et al. (2017)).

Systemic Risk (PC) The first principal component of SES, SRISK, and ACoVar (higher values
denote higher systemic risk).

Key Independent Variables: Operational Risk Measures

OpLoss The financial impact sum of operational loss events incurred by a BHC over a
calendar quarter in billions of U.S. Dollars.

Ln(OpLoss) A natural log transformation of OpLoss, defined as Ln(1+OpLoss).

N Tail Evt The number of loss events incurred by a BHC over a calendar quarter that have
a ratio of loss amount to BHC assets higher than the 99.0t", 99.5*% or 99.9th
quantile of the unconditional distribution of the ratio.

N NonTail Evt The number of loss events incurred by a BHC over a calendar quarter that have
a ratio of loss amount to BHC assets lower than the 99.0t", 99.5t" or 99.9th
quantile of the unconditional distribution of the ratio.

Tail OpLoss The financial impact sum (in billions of U.S. Dollars) of loss events incurred
by a BHC over a calendar quarter that have a ratio of loss amount to BHC
assets higher than the 99.0t", 99.5'" or 99.9*" quantile of the unconditional
distribution of the ratio.

Ln(Tail OpLoss) A natural log transformation of Tail OpLoss, defined as Ln(1+Tail OpLoss).
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Table Continued...

NonTail OpLoss

Ln(NonTail OpLoss)

The financial impact sum (in billions of U.S. Dollars) of loss events incurred by
a BHC over a calendar quarter that have a ratio of loss amount to BHC assets
lower than the 99.0%", 99.5*" or 99.9t" quantile of the unconditional distribution
of the ratio.

A natural log transformation of NonTail OpLoss, defined as Ln(1+NonTail
OpLoss).

Independent Variables: BHC Characteristics and Other Variables

Size
Ln(Size)
M-to-B

NII-to-II
RoA
Risk Mgmt

Leverage

NPL-to-TL

LCR

Maturity Gap

G-SIB Indicator

G-SIB Score

Inv Z-Score

BHC total assets (in billions of U.S. dollars).
A natural log transformation of Size, defined as Ln(Size).

The ratio of BHC market value of equity to book value of equity.

The ratio of BHC non-interest income to interest income.
BHC return on total assets.

BHC risk management indicator variable equal to 1 if the risk management
rating assigned by the Federal Reserve System to a given BHC is greater than
3 (the rating scale is [1, 5], with higher values denoting weaker risk management
practices).

BHC total assets divided by book value of equity.

The ratio of BHC non-performing loans (90 days past due or more, and nonac-
crual) to total loans.

BHC liquidity coverage ratio, defined as the ratio of high-quality liquid assets
to total net cash outflows over a 30-day stress period.

BHC maturity gap, defined as the difference between all assets that either
reprice or mature within a year and all the liabilities that reprice or mature
within a year.

An indicator variable equal to 1 if a BHC is deemed systemically important
by the Federal Reserve, 0 otherwise (Federal Reserve System (2015)). As of
2016:Q4, the following BHCs in our sample are considered G-SIBs: JPMorgan
Chase, Citigroup, Bank of America, Goldman Sachs, Morgan Stanley, Wells
Fargo, Bank of New York Mellon, and State Street.

A continuous measure of bank systemic importance based on size, interconnect-
edness, cross-jurisdictional activity, substitutability, and complexity (Federal
Reserve System (2015)). The score is calculated as of 2016:Q4.

BHC risk measure, defined as the sum of a BHC’s mean return on assets and
mean capitalization ratio divided by the standard deviation of return on assets,
where the averages and the standard deviations are evaluated over the prior 12
quarters. The variable is multiplied by -1 so that higher values denote higher
probability of distress.
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Table Continued...

PD

Financial Crisis

ME

The probability of default of a BHC based on the Black-Scholes-Merton option-
pricing model (Hillegeist et al. (2004)).

An indicator variable equal to 1 if the quarter is within the subprime lending
crisis during [2007:Q3-2009:Q4] as defined in Berger and Bouwman (2013), 0
otherwise.

U.S. financial and economic environment measure, defined as the first principal
component of GDP Growth, HPI Growth, CREPI Growth, VIX, and BBB-
T10Yr Sprd. GDP Growth is the year-over-year U.S. real GDP growth rate.
HPI Growth is the year-over-year growth rate in the U.S. CoreLogic House
Price Index. CREPI Growth is the year-over-year growth rate in the U.S.
Commercial Real Estate Price Index. VIX is the CBOE U.S. Market Volatility
Index, converted to a quarterly frequency by using the maximum close-of-day
value in any quarter. BBB-T'10Yr Sprd is the spread between the U.S. 10-year
BBB-rated corporate bond yield and the 10-year U.S. Treasury bond yield.
Higher values denote worse conditions.

Independent Variables: Operational Risk Instruments

Cost Efficiency

OpRisk MR(I)A

Ln(OpRisk MR(I)A)

Mgmt MR(T)A

Ln(Mgmt MR(I)A)

IndOpLoss

Ln(IndOpLoss)

The cost efficiency of a BHC, measured with the Fourier-flexible form in the
spirit of Berger and Mester (1997)

The number of outstanding operational risk supervisory examination findings
at a BHC as of a given quarter. Examination findings include Matters Requir-
ing Immediate Attention and Matters Requiring Attention.

A natural log transformation of OpRisk MR(I)A, defined as Ln(1+OpRisk
MR(1)A)

The number of outstanding operational risk supervisory examination findings,
specifically regarding management practices, at a BHC as of a given quar-
ter. Examination findings include Matters Requiring Immediate Attention,
and Matters Requiring Attention.

A natural log transformation of Mgmt MR(I)A, defined as Ln(1+Mgmt
MR(1)A)

The asset weighted average of operational dollar losses for all the institutions
in our sample, with the exclusion of the one of interest, over a calendar quarter,
in billions of U.S. Dollars.

A natural log transformation of IndOpLoss, defined as Ln(1+IndOpLoss).
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Table 2: Descriptive Statistics

This table presents descriptive statistics. The sample includes 1,070 quarterly observations of 26 large bank
holding companies over the period [2002:Q1-2016:Q4] for which requisite data are available. Panel A reports
descriptive statistics on operational risk measures. Panel B reports descriptive statistics on systemic risk
measures. Panel C reports descriptive statistics on other variables used in our analyses. Variables definitions
are reported in Table 1, Panel A.

Panel A: Operational Risk Measures

N Mean Std P25 P50 P75
OpLoss 1,070 0.230 1.322 0.005 0.016 0.109
Ln(OpLoss) 1,070 0.118 0.294 0.005 0.016 0.103
N Tail Evt 99.0 1,070 1.963 2.183 1.000 2.000 3.000
N NonTail Evt 99.0 1,070 239.625 366.824 29.000 72.000 232.000
N Tail Evt 99.5 1,070 0.968 1.331 0.000 1.000 1.000
N NonTail Evt 99.5 1,070 240.620 367.042 30.000 73.000 234.000
N Tail Evt 99.9 1,070 0.207 0.531 0.000 0.000 0.000
N NonTail Evt 99.9 1,070 241.381 367.240 31.000 73.500 235.000
Tail OpLoss 99.0 1,070 0.194 1.301 0.000 0.007 0.049
Ln(Tail OpLoss 99.0) 1,070 0.092 0.284 0.000 0.007 0.047
NonTail OpLoss 99.0 1,070 0.035 0.064 0.003 0.007 0.031
Ln(NonTail OpLoss 99.0) 1,070 0.033 0.056 0.003 0.007 0.031
Tail OpLoss 99.5 1,070 0.186 1.296 0.000 0.003 0.038
Ln(Tail OpLoss 99.5) 1,070 0.086 0.282 0.000 0.003 0.037
NonTail OpLoss 99.5 1,070 0.043 0.082 0.003 0.009 0.040
Ln(NonTail OpLoss 99.5) 1,070 0.040 0.068 0.003 0.009 0.040
Tail OpLoss 99.9 1,070 0.161 1.279 0.000 0.000 0.000
Ln(Tail OpLoss 99.9) 1,070 0.067 0.274 0.000 0.000 0.000
NonTail OpLoss 99.9 1,070 0.068 0.145 0.004 0.013 0.065
Ln(NonTail OpLoss 99.9) 1,070 0.060 0.104 0.004 0.013 0.063

Panel B: Systemic Risk Measures

N Mean Std P25 P50 P75
SRISK 1,070 0.006 0.029 -0.004 -0.000 0.006
ACoVaR 1,070 0.010 0.007 0.006 0.008 0.011
SES 1,070 0.389 0.298 0.243 0.325 0.447
LVG 1,070 10.107 7.402 6.477 8.518 11.558
MES 1,070 0.033 0.020 0.020 0.027 0.038
Systemic Risk (PC) 1,070 0.003 0.141 -0.076 -0.034 0.037
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Panel C: BHC Controls and Other Variables

N Mean Std P25 P50 P75
Size 1,070 485.875 663.287 80.460 157.039 657.087
Ln(Size) 1,070 5.379 1.230 4.388 5.056 6.488
M-to-B 1,070 1.437 0.873 0.828 1.162 1.864
NII-to-II 1,070 0.972 0.980 0.419 0.607 0.979
RoA 1,070 1.289 1.234 0.905 1.345 1.830
Risk Mgmt 1,070 0.013 0.114 0.000 0.000 0.000
Leverage 1,070 9.938 2.344 8.307 9.526 11.461
NPL-to-TL 1,070 0.022 0.018 0.009 0.016 0.030
LCR 1,070 0.818 1.041 0.173 0.336 1.151
Maturity Gap 1,070 0.288 0.133 0.194 0.301 0.376
G-SIB Indicator 1,070 0.385 0.487 0.000 0.000 1.000
G-SIB Score 1,070 0.042 0.054 0.003 0.013 0.073
Inv Z-Score 1,030 -61.541 64.564 -81.502 -38.785 -19.368
PD 1,065 0.005 0.025 0.000 0.000 0.000
Financial Crisis 1,070 0.178 0.382 0.000 0.000 0.000
ME Index 1,070 9.303 12.070 1.130 5.795 12.799
Cost Efficiency 1,065 0.605 0.236 0.436 0.635 0.763
OpRisk MR(I)A 1,070 4.181 10.307 0.000 0.000 3.500
Ln(OpRisk MR(I)A) 1,070 0.807 1.110 0.000 0.000 1.498
Mgmt MR(I)A 1,070 2.658 6.582 0.000 0.000 2.000
Ln(Mgmt MR(I)A) 1,070 0.647 0.957 0.000 0.000 1.099
IndOpLoss 1,070 0.733 1.287 0.181 0.262 0.590
Ln(IndOpLoss) 1,070 0.323 0.263 0.159 0.218 0.387
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Table 3: Variable Correlations

This table presents variable correlations. The sample includes 1,070 quarterly observations of 26 large bank
holding companies over the period [2002:Q1-2016:Q4] for which requisite data are available. Panel A reports
correlations between different systemic risk measures and our main measure of operational risk. Panel B
reports correlations between our main measure of systemic risk and different operational risk measures.
Variable definitions are reported in Table 1, Panel A.

Panel A: Systemic Risk Measures

R?Sylft&ﬁré‘; SRISK  ACoVaR SES VG MES Ln(OpLoss)
Systemic Risk (PC) 1.000
SRISK 0.788 1.000
(0.000)
ACoVaR 0.777 0.375 1.000
(0.000) (0.000)
SES 0.871 0.554 0.539 1.000
(0.000) (0.000) (0.000)
VG 0.868 0.553 0.529 1.000 1.000
(0.000) (0.000) (0.000) (0.000)
MES 0.680 0.352 0.791 0.514 0.507 1.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Ln(OpLoss) 0.315 0.425 0.139 0.212 0.212 0.082 1.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.003)
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Table 4: Systemic Risk and Operational Losses

This table reports coefficients from panel regressions of systemic risk on operational losses and control
variables. The estimation sample comprises an unbalanced panel of 1,070 quarterly observations of 26 large
bank holding companies over the period [2002:Q1-2016:Q4] for which requisite data are available. Systemic
Risk (PC) measures BHC systemic risk and is defined as the first principal component of SRISK, ACoVar,
and SES. Ln(OpLoss) is a natural log transformation of operational dollar losses incurred by a BHC over
a given calendar quarter. Panel A reports regressions using Systemic Risk (PC) as the dependent variable.
In Column (1), we do not include fixed effects. In Column (2), we include BHC fixed effects. In Column
(3), we include time (year and seasonal) fixed effects. In Column (4), we include BHC and time (year and
seasonal) fixed effects. Panel B reports regressions using SRISK, ACoVar, SES, LVG or MES, respectively,
as dependent variables. All specifications in Panel B include BHC and time (year and seasonal) fixed effects.
Standard errors are clustered at the BHC and quarter levels in both panels. Variables definitions are reported
in Table 1, Panel A. T-statistics are presented in parentheses.

Panel A: Systemic Risk - Principal Component

Systemic Risk (PC)
(1) 2 3) (4)

Ln(OpLoss) 0.085*** 0.078%** 0.073*** 0.067***
(5.010) (4.862) (4.937) (4.293)
Ln(Size) —0.000 0.033 0.012* 0.027
(—0.004) (1.065) (1.870) (0.766)
M-to-B —0.058%** —0.069** —0.057%** —0.066**
(—2.765) (—2.256) (—3.317) (—2.113)
NII-to-IT —0.007 —0.040** —0.009 —0.029**
(—0.670) (—2.054) (—0.967) (—2.062)
RoA —0.030%* —0.039** —0.016* —0.019
(—1.774) (—-1.971) (—1.710) (—1.551)
Risk Mgmt 0.114 0.144 0.157 0.170
(0.777) (1.256) (1.153) (1.359)
Leverage 0.016*** 0.005 0.013*** 0.003
(3.807) (0.853) (4.620) (0.561)
NPL-to-TL 1.034 0.776 —0.156 0.529
(1.391) (0.949) (—0.161) (0.544)
LCR 0.005 —0.008 0.008 0.002
(0.434) (—0.880) (1.305) (0.264)
Maturity Gap —0.071 —0.283%** 0.018 —0.135
(—1.449) (—2.708) (0.552) (—1.130)
BHC FE No Yes No Yes
Time FE No No Yes Yes
N 1,070 1,070 1,070 1,070
Adj R? 0.404 0.481 0.562 0.599

* ) **and *** denote significance at the 10%, 5%, and 1% level
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Panel B: Systemic Risk - Individual Measures

(1) (2) (3) (4) (5)
SRISK ACoVaR SES LVG MES
Ln(OpLoss) 0.020%** 0.002*** 0.054** 1.348** 0.001***
(4.468) (2.812) (2.551) (2.545) (2.774)
Ln(Size) —0.004 0.002** 0.111%* 2.774%* 0.002
(—0.307) (1.993) (2.103) (2.104) (1.070)
M-to-B —0.014 —0.001 —0.141%*%* —3.514%** —0.005*
(—1.429) (—0.734) (—2.859) (—2.855) (—1.786)
NII-to-IT —0.009 —0.001** —0.013 —0.325 —0.003%**
(—1.426) (—2.169) (—0.754) (—0.735) (—2.748)
RoA —0.001 —0.001%* —0.061** —1.525%%* —0.003***
(—0.370) (—1.735) (—2.042) (—2.028) (—3.562)
Risk Mgmt 0.029 0.001 0.511 12.742 0.008*
(1.163) (0.702) (1.637) (1.631) (1.834)
Leverage 0.001 —0.000 0.009 0.215 —0.001%*
(0.852) (—1.083) (1.587) (1.607) (—1.649)
NPL-to-TL 0.350 —0.007 —0.453 —11.657 0.091*
(1.135) (—0.218) (—0.316) (—0.326) (1.937)
LCR 0.000 0.000 —0.007 —0.184 0.000
(0.173) (1.528) (—0.409) (—0.412) (0.400)
Maturity Gap —0.032 0.002 —0.436** —10.963** 0.016*
(—1.094) (0.396) (—2.019) (—2.034) (1.865)
BHC FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
N 1,070 1,070 1,070 1,070 1,070
Adj R? 0.561 0.585 0.475 0.470 0.855

*) %% and *** denote significance at the 10%, 5%, and 1% level

47



‘sosojuated ur pojuosold oIe so1ysIIRIS-T, ")

[PuRd ‘T 9[qRT, Ul pajrodal oI SUOITUYSP SUI[ ssoulsng g [pued ‘T o[qe], Ul pajrodsl are suonuygep odA) JuaAf] "y [PURJ ‘T O[qR], Ul pajrodar
oIe SUONIULOP SO[qRLIRA 'S[oAS] Iojrenb pue HH oYl I8 POI9)SN[O oI SIOLID PIRPUR)S "AJIASIQ IOJ POIIIIUO OIR SOJRUII)SO JUSIOIFO0D IOY)
mq ‘pepnpout are (dvy fiprumivpy ‘YOT “TL-01-TdN ‘@bvionaT ‘Qubpy ys1yg ‘yoy ‘[[-03-TIN ‘G-01-JN ‘(921S)uT) so[qelLIeA [0IUO0)) 'S)09JJd PoXy
([euosess pue Ieak) owl) pue HHE OPN[OUL SUOIYRIYIdadSs [y "SoUl] SSouIsi( sso [euoljerodo juaIefIp I10J sjmsal sprodal ¢ [oued ‘sodA} juose
sso] Teuorye1ado JWAISPIP 10J synsal sproder y oued (D) Ao orerodio)) ‘(3[Y) o8ereyorg ey ‘(JNV) juemadeury 10ssy (Qy) $901aI0g
£ouedy ‘(gd) 1umewe[lles pue juewided ‘(g)) Sunjueq [enlewrwo)) ‘(gYy) Sumjueq [reipy ‘(SI) seres pue Surpel], ‘(D) ooueur ojeiodio))
:SMO[[0] se ore soul] ssoutsng “(NJH) YIOUIOSRUR]y SS9001J PUR AIDAIR(] ‘UoNooXH pue ‘(JSOg) sean[re] woisAg pue uolpdnisiyJ ssoursng
“(VdQ) s190ssy [eo1sAyJ 0y a8eure( ‘(JgdD) Sed10RI ssoutsng pue sjonpoid ‘syudr) ‘(SMJH) £19yeg oordyiopy pue seorjoerd juostaiorduy
“(gH) prelf Tewroxy ‘(Jq]) pnel [eUIo)U] :SMO[[O] sk ore sodA) JuoAy “19)Ienb Iepus[ed UOAIS ® I9A0 D ® AQ POLIMOUL 2UI SSOULSTQ IO
adfij Juana UAAIS ' WIOIJ $9SSO] Ie[[op Teuoljelado jo uoljeuriojsuel} 30] [eInjeU ® ST (sso7d())uT "SHS PUR UnA0)V ‘YSIYS Jo trueuoduiod
redroutid 981 oY se pouyop SI pue YSLI OTISAS DH SoINseowl () J) ysty 21uagshig -o[qelresr aIe vyep o)1smbal yorgm 101 [$0:970z-10:2007)
potrad o1 1040 sotuedmion SUIP[OY JUe(q d3Ie[ 97 JO SUOIIRAILS(O A[Io91Renb ()20 T JO [(oued peoueequn ue sestrdurod sidures UOIYRWIISS O], "OUI|
ssoursnq pue odA] juoAd Aq SO[QRLIRA [OIJUOD PUR SISSO[ [RUOIRIOAO UO YSLI OTWIISAS JO SUOISSOIF0I [ourd WOIJ SIUSIIPO0D s1I0daI 9[qe) SIYT,
soulr] ssoulsng pue sodAT, JUsaAy :G 9[qe],

48



[949] %T PUR ‘%C ‘%0T oY’ e

PouedYIuSIs 9jouep . pue ‘. ¢

k% Xk
209°0 88G°0 985°0 9860 8650 9860 985°0 6860 M ey
0201 0L0°T 0L0°T 0L0°T 020°T 0L0°T 0L0°T 0L0°T N

Sox SOx SOX Sox Sox SOx SOx Sox 1 ewWrL],
Sox SOx SOx SO X Sox SOx SOx Sox a4 OHYI
SOx SOx SOA SO SO SOx SOx SO sforpuo) DHY
(¥962) (g98'T)
+5%860°0 £90T°0 (Wdad sso1dQ)u]
(526°0) (6L7°1)
0870 18L°0 (gsag sso1dQ)ug
(16€°0—) (L6€0—)
80€°0— 96€°0— (vda sso1dO)ut
(692%) (€217%)
%G00 +5x€£90°0 (dgdp sso1dQ)u
(g0v°0) (£99°0)
¥80°0 121°0 (Smdd sso1do)urg
(0£L0—) (L20'T—)
£02°0— 8LT0— (44 sso1dQO)ug
(T78'71) (861°C)
#5%C8S°0 #x%£89°0 (41 sso1dO)ug
(8) (L) (9) (9) ) (e) (@) (1)

(Dd) sty SrweysAg

sadAJ, jueay Yy [oued

49



[0A9] %T PU® ‘%G ‘40T oY} J& 9OURIYIUSIS dj0Udp . . pUR ‘

¢

€09°0 7650 g8G°0 98G°0 985°0 g8g'0 g8g°0 6650 1860 gs8g0 M PV
0L0°T 0L0°T 0L0°T 0L0°'T 0L0°T 0L0°T 0L0°T 0L0°'T 0L0°'T 0L0°T N
SO SOx SOx SOx SO SOx SOx SOx SOx SO . owWlLT,
SO SO SOx SOx SO SOx SOx SOx SO SO a4 OHY
SO SO SOx Sox Sox SO SOx SOx Sox Sox s[oxyuo)) DHY
(6LLT) (6LL°T)
£980°0 £001°0 (0D sso1dQ)u
(£96°0—) (L¥¥0-)
€90°0— Ge0'0— 51y sso7dQ)u]
(¥L¥0) (895°0)
1500 2S00 (v sso1dQ)u]
(199°0—) (zL8'0—)
0%0°0— 9%0°0— (sv sso1dQ)ug
(81%°0—-) (0L9°0—)
650°0— 901'0— (8d sso1dO)ug
(9g0°0) (660°0—)
200°0 610°0— (gp sso1dQ)ug
(gor'g) (z8¢°¥)
+%x180°0 +5%280°0 (gy sso1dQ)u
(g8¢°1) (09%°1)
6£0°0 $50°0 (8L sso1dQ)uy
(61€°0) (881°0)
200°0 €000 (1D sso1dQ)ug
(o1) (6) (8) (L) (9) (9) ¥) (¢) (@) (1)

(Dd) sty drweysg

soulr] ssoulsng :g [oued

50



‘sosoyjuared ur pajueserd ore sonsIyRIS-T, Y [dURJ ‘T O[QR],
ur pe3Ioded oIe SUOIHIUYEP SI[RLIRA S[oAS] IojIenb pue HHY oY) IR PoIojsn[d Ik SIOLI® PIRPUR)S "AIADI( I0J POJIITUO OIR SIRUIISO JUSIOJO0D
II0YY N ‘popnpoul oxe (dvy fApangvpy ‘YT “TL-03-TdN ‘@0vio0dT ‘Qubpy 351y ‘oY ‘[1-01-IIN ‘G-01-J¥ ‘(9715)uT) so[qeliea [0IUO)) ‘SI00]d
poxT (Teuoseas pue Ieak) awry pue D OPN[OUT SUoyesynads [y 'sonseatt si [euorjerodo [req paseq-Ie[op 13 Sursn suoryesyoads sprodax
q Pued ‘seinseaw IsUI [euoljeiodo [re} paseq-Lousnboiy o) Sursn suoryeoymwoads sjroder y [oued -OI3el 9y} JO UOINLISIP [RUOTIIPUOIUN SY[)
Jo aruenb ,6'66 10 4,566 ‘y30'66 YUY UL} IPMO] s3asse Y 0) JUNOUR SSO[ JO OIJel B AR JRY} I9jrenb repuafed € 10A0 D © A parmout
SJUeA® SSO[ JO wns j0vdwll [RIDURUY 9] JO UOIJRULIOJSURI) S0] [RINJeU © ST ($507d() POLUON)UT "Olpel oY) JO UOHNLIISID [RUOIIIPUOIUN 8} JO
o[uenb 16°66 10 (,G'66 ¢;0°66 OUI UL} IYSIY sjosse HH O} JUNOUTre SSO[ JO OIYel © AR Jel[} I9)Ienb repusyed € 10A0 DHY © Aq parmout
SJU0AS SSO[ JO WS jordull [RIDURUY 0} JO UOIJRULIOJSURI) 30| [RINJRU 8} S8 pauyep suI [euorjetado [Ie) JO 9INseaUl Paseq-IR[[OpP ® ST (sso7d()
0L )u] -Oryel 9y} JO UOINLIISIP [RUOIIIPUOOUN O} JO S[IPURND 1,666 10 4G 66 yy0°66 OU URYY IoMO[ Sjosse D¢ O} Junowe ssof jo onjer e
aART JR() Iojrenb Iepuo[ed € IoA0 DHY © AQ POIINOUL SHUOAS SSO[ JO IoqUINU oY) ST 744 NIOLUON N -Olpel o) JO UOINJLIJSIP [eUOIIpuodun
oY Jo ornuenb .6°66 10 (,G'66 ‘;0'66 U URY} IYSIY sjosse D 0) JUnouwe SSo[ JO OIjel ® dARY Jey) Iojrenb repudfed e 10a0 DHY © Aq
PALIMOUI SIUSAD SSO[ JO ISQUINU S} SB Pauyap YSUI [euorjerado [Ie} JO ainseawl paseq-Aduenboly e st 5 10 N 'SHS Pue UnAo)vy ‘SIS
jo quouodmwod pedoutid 1SI o) Se POUYLP ST PUR YSLI JIUIOISAS DI SoIMSeOW (Hg) Sty 21uagshig -o[qe[lesr ore ejep 9)smbol yoiym 10§
[70:9102-10:¢00g] pottad o) 1aao setueduiod Surpjoy yueq #31e] 9z Jo suoljealasqo A[1e)renb ()01 Jo [pued paouefequn ue sostrduod ojdures
UOIRWI)SO O [, "SO[RLIRA [OIJUOD PUR JSLI [RUOIIRIDAO JO SOLIOW [IR) UO YSLI OIWIO)SAS JO SUOISSoISol [otred WOIJ SHUSIOFO0D $1I0doI 9[qe) ST,

MSIY [euorjerad() [IRIUON SNSISA [IR], :9 9[qR],

51



[0A9] %T PU® ‘%G ‘40T OU} Y& 90URIYIUSIS dj0Udp .. PUR ‘.

7650 065°0 065°0 7650 06S°0 88G°0 16570 065°0 1860 4 Py
0L0°T 0L0°'T 0L0°'T 0L0°T 0L0°T 0L0°'T 0L0°'T 0L0°T 0L0°T N
SOx SOx SO SOx SOx SOx SOx SO SOx o oW,
SOx SOx SO SO SO SOx SOx SO SOx a4 OHY
SOx SOx Sox SO SO SOx Sox Sox SO sjorpuo) DHY
(819°'1—) (6,6'T—)
600°0— 600°0— 666 ¥AH [RLUON N
(12€°2) (L62°T)
++6€0°C #5661 666 1H BT, N
(re9'1-) (r8¢'1-)
600°0— 600°0— G'66 ¥AH [RLUON N
(g56'2) (929°2)
#%3L99°0 +%699°0 G666 M [ N
(€29'1-) (88¢'1—)
600°0— 600°0— 0°66 3AH [RLUON N
(¥122) (z00T)
£%292°0 +x16C°0 066 ¥ 'L N

(6) (8) (L) (9) (9) ) (¢) (@) (1)

(Dd) Asry orweysAg

serdouanboaig ssor [1e], 3sIY [euoryeradQ :y [Puedg

52



[0A9] %T PU®R ‘%G ‘Y01 OU} J& 9OURDYIUSIS dj0Udp . . pUR ‘

109°0 16S°0 L6S°0 665°0 1860 6650 66S°0 9860 6650 4 PV
0L0°'T 0L0°T 0L0°T 0L0°'T 0L0°'T 0L0°T 0L0°T 0L0°T 0L0°'T N
m®> m®> m®> m®> m®> m®> m®> m®> mw\ﬁ mm wQ\:,H_
w®> mm_> m@;W mw\ﬂ w®> w®> mw.% w@;W m®> mm Omm
m®> ww> w®> w®> m@xﬁ mw> ww;% m@;W w®\ﬂ m~O.~wCOO omm
(805°%) (0g8'%)
+%x£9T°0 +%x£02°0 (6°66 sso1dO TreLUON)UT
(180°9) (689°%)
#57G0°0 #xx680°0 (6'66 sso1dQ reL)uT
(o¥T'T) (eg9'T)
8210 612°0 (g'66 sso1dQ [rBLUON)UT
(9L7'7) (695°%)
+5%890°0 +%790°0 (g'66 sso1dQ [reL)u]
(62¥°0) (LoT'1)
7,00 602°0 (066 ss0TdO [rRLUON)UT
(062°%) (187'%)
#%%5890°0 +x990°0 (0°66 sso1dQ IreL)u]
(6) (8) (L) (9) (q) ) (e) (2) (1)

(D) ST o1we3sAg

sjunowry ssor] [ref, 3siy [euorjeradQ :g [oued

53



Table 7: Interactions with BHC Systemic Importance

This table reports coefficients from panel regressions of systemic risk on operational losses, bank systemic
importance measures, and control variables. The estimation sample comprises an unbalanced panel of
1,070 quarterly observations of 26 large bank holding companies over the period [2002:Q1-2016:Q4] for
which requisite data are available. Systemic Risk (PC) measures BHC systemic risk and is defined as the
first principal component of SRISK, ACoVar, and SES. Ln(OpLoss) is a natural log transformation of
operational dollar losses incurred by a BHC over a given calendar quarter. G-SIB Indicator is an indicator
variable equal to 1 if a BHC is deemed systemically important by the Federal Reserve, 0 otherwise. G-SIB
Score is a continuous measure of bank systemic importance. Both measures are calculated as of 2016:Q4 and
capture the size of the financial institutions, their interconnectedness, lack of readily available substitutes
for the services they provide, their complexity, and their global activities. All specifications include BHC
and time (year and seasonal) fixed effects. Control variables (Ln(Size), M-to-B, NII-to-II, RoA, Risk Mgmt,
Leverage, NPL-to-TL, LCR, Maturity Gap) are included, but their coefficient estimates are omitted for
brevity. Standard errors are clustered at the BHC and quarter levels. Variables definitions are reported in
Table 1, Panel A. T-statistics are presented in parentheses.

Systemic Risk (PC)

(1) (2)
Ln(OpLoss) —0.080 —0.007
(—1.386) (—0.196)
G-SIB Indicator * Ln(OpLoss) 0.150***
(2.705)
G-SIB Score * Ln(OpLoss) 0.573%**
(2.699)
BHC Controls Yes Yes
BHC FE Yes Yes
Time FE Yes Yes
N 1,070 1,070
Adj R2 0.600 0.600

* ¥ and *** denote significance at the 10%, 5%, and 1% level
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Table 8: Interactions with BHC Distance to Default

This table reports coefficients from panel regressions of systemic risk on operational losses, distance to default
measures, and control variables. The estimation sample comprises an unbalanced panel of 1,070 quarterly
observations of 26 large bank holding companies over the period [2002:Q1-2016:Q4] for which requisite data
are available. Systemic Risk (PC) measures BHC systemic risk and is defined as the first principal component
of SRISK, ACoVar, and SES. Ln(OpLoss) is a natural log transformation of operational dollar losses incurred
by a BHC over a given calendar quarter. Inv Z-Score measures BHC risk and is defined as the sum of a
BHC’s mean return on assets and mean capitalization ratio divided by the standard deviation of return
on assets, where the averages and the standard deviations are evaluated over the prior 12 quarters. The
variable is multiplied by -1 so that higher values denote higher probability of distress. PD measures a BHC’s
probability of default based on the Black-Scholes-Merton option-pricing model. All specifications include
BHC and time (year and seasonal) fixed effects. Control variables (Ln(Size), M-to-B, NII-to-II, RoA, Risk
Mgmt, Leverage, NPL-to-TL, LCR, Maturity Gap) are included, but their coefficient estimates are omitted
for brevity. Standard errors are clustered at the BHC and quarter levels. Variables definitions are reported
in Table 1, Panel A. T-statistics are presented in parentheses.

Systemic Risk (PC)
(1) (2) 3) (4)

Ln(OpLoss) 0.065*** 0.115*** 0.069*** 0.036***
(4.061) (4.231) (4.022) (3.120)
Inv Z-Score 0.000 —0.000
(0.571) (—0.121)
Inv Z-Score * Ln(OpLoss) 0.002**
(2.109)
PD 1.892%** 1.594%**
(2.994) (2.890)
PD * Ln(OpLoss) 2.627FF*
(2.890)
BHC Controls Yes Yes Yes Yes
BHC FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
N 1,030 1,030 1,065 1,065
Adj R? 0.602 0.610 0.650 0.679

*** and *** denote significance at the 10%, 5%, and 1% level
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Table 9: Interactions with Financial and Economic Environment

This table reports coefficients from panel regressions of systemic risk on operational losses, the financial
and economic environment, and control variables. The estimation sample comprises an unbalanced panel
of 1,070 quarterly observations of 26 large bank holding companies over the period [2002:Q1-2016:Q4] for
which requisite data are available. Systemic Risk (PC) measures BHC systemic risk and is defined as the first
principal component of SRISK, ACoVar, and SES. Ln(OpLoss) is a natural log transformation of operational
dollar losses incurred by a BHC over a given calendar quarter. Financial Crisis is an indicator variable equal
to 1 if a given quarter is within the subprime lending crisis period during [2007:Q3-2009:Q4], 0 otherwise.
ME Index is a continuous measure of the U.S. financial and economic environment. Higher values denote
worse conditions. All specifications include BHC fixed effects. Control variables (Ln(Size), M-to-B, NII-to-
II, RoA, Risk Mgmt, Leverage, NPL-to-TL, LCR, Maturity Gap) are included, but their coefficient estimates
are omitted for brevity. Standard errors are clustered at the BHC and quarter levels. Variables definitions
are reported in Table 1, Panel A. T-statistics are presented in parentheses.

Systemic Risk (PC)
(1) (2) ®3) (4)

Ln(OpLoss) 0.070%** 0.031** 0.062%** —0.026
(4.780) (2.553) (7.617) (—1.159)
Financial Crisis 0.134%** 0.123%**
(3.398) (3.387)
Financial Crisis * Ln(OpLoss) 0.084%**
(3.330)
ME Index 0.006*** 0.006***
(6.196) (5.510)
ME Index * Ln(OpLoss) 0.004***
(3.223)
BHC Controls Yes Yes Yes Yes
BHC FE Yes Yes Yes Yes
N 1,070 1,070 1,070 1,070
Adj R? 0.569 0.576 0.645 0.668

* ) **and *** denote significance at the 10%, 5%, and 1% level
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Table 10: Instrumental Variables

This table reports coefficients from instrumental variable regressions of systemic risk on operational losses,
and control variables. The estimation sample comprises an unbalanced panel of 1,070 quarterly observations
of 26 large bank holding companies over the period [2002:Q1-2016:Q4] for which requisite data are available.
Systemic Risk (PC) measures BHC systemic risk and is defined as the first principal component of SRISK,
ACoVar, and SES. Ln(OpLoss) is a natural log transformation of operational dollar losses incurred by a BHC
over a given calendar quarter. Cost Efficiency measures a BHC’s cost efficiency. Ln(OpRisk MR(I)A) is a
natural log transformation of the number of outstanding operational risk supervisory examination matters at
a BHC as of a given quarter. Ln(Mgmt MR(I)A) is a natural log transformation of the number of outstanding
operational risk supervisory examination matters, specifically regarding management practices, at a BHC as
of a given quarter. Ln(IndOpLoss) is a natural log transformation of the asset-weighted average of operational
dollar losses for all the institutions in our sample, with the exclusion of the one of interest, over a calendar
quarter. Panel A reports the first stage regressions of operational losses on instrumental variables and control
variables. Panel B reports the second stage regressions of systemic risk on instrumented operational losses.
In both panels, Columns (1)-(3) include time (year and seasonal) fixed effects, but not BHC fixed effects. In
both panels, Column (4) includes BHC fixed effects, but not time fixed effects. Standard errors are clustered
at the BHC and quarter levels in all specifications. Variables definitions are reported in Table 1, Panel A.
T-statistics are presented in parentheses.
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Panel A: First Stage

Ln(OpLoss)
(1) (2) 3) 4)
Cost Efficiency —0.084**
(—2.223)
Ln(OpRisk MR(I)A) 0.034%**
(2.946)
Ln(Mgmt MR(I)A) 0.025*
(1.932)
Ln(IndOpLoss) 0.095%**
(3.013)
Ln(Size) 0.126*** 0.121%** 0.125*** 0.109***
(13.556) (12.636) (13.280) (3.101)
M-to-B —0.019 —0.008 —0.008 0.025
(—0.819) (—0.347) (—0.363) (0.971)
NII-to-IT —0.046%** —0.062%** —0.057*** —0.046**
(—3.554) (—4.795) (—4.458) (—1.982)
RoA —0.023** —0.023%* —0.022%* —-0.015
(—2.314) (—2.336) (—2.184) (—1.416)
Risk Mgmt —0.234%** —0.221%** —0.221%** —0.295%**
(—3.197) (—3.051) (—3.041) (—3.842)
Leverage 0.012** 0.012** 0.012** 0.010
(2.326) (2.350) (2.329) (1.465)
NPL-to-TL 0.847 0.999 0.947 1.469**
(1.122) (1.335) (1.260) (2.098)
LCR 0.018 0.025** 0.025** —0.018
(1.356) (2.147) (2.116) (—1.175)
Maturity Gap 0.130* 0.089 0.090 —0.073
(1.704) (1.187) (1.198) (—0.626)
Time FE Yes Yes Yes No
BHC FE No No No Yes
N 1,065 1,070 1,070 1,070
Adj R? 0.345 0.347 0.344 0.359
F-Statistic 21.743 22.005 21.719 21.752

* ¥ and *** denote significance at the 10%, 5%, and 1% level
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Panel B: Second Stage

Systemic Risk (PC)

1 (2 ®3) (4)
Ln(OpLoss) 0.289* 0.670*** 0.868*** 1.560%*
(1.666) (5.162) (4.382) (1.888)
Ln(Size) —0.016 —0.066*** —0.092%** —0.125
(—0.740) (—3.826) (—3.526) (—1.325)
M-to-B —0.054%** —0.047%** —0.044%** —0.105**
(—3.395) (—5.222) (—4.685) (—2.293)
NII-to-II 0.001 0.020** 0.030%*** 0.040
(0.072) (2.546) (2.762) (0.894)
RoA —0.011* —0.003 0.002 —0.015
(—1.649) (—0.548) (0.314) (—0.713)
Risk Mgmt 0.204 0.285%** 0.327%** 0.579
(1.110) (7.280) (6.469) (1.493)
Leverage 0.010** 0.006** 0.003 —0.011
(2.242) (2.305) (1.086) (—0.713)
NPL-to-TL —0.381 —0.614™* —0.766** —1.749
(—0.346) (—2.038) (—2.369) (—1.173)
LCR 0.004 —0.007 —0.012%* 0.025
(0.543) (—1.234) (—1.760) (1.102)
Maturity Gap —0.003 —0.043 —0.063* —0.093
(—0.073) (—1.352) (—1.788) (—0.524)
Time FE Yes Yes Yes No
BHC FE No No No Yes
N 1,065 1,070 1,070 1,070
Adj R? 0.549 0.557 0.554 0.527

*** and *** denote significance at the 10%, 5%, and 1% level
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