MoobDyY’s

ANALYTICS

- v

WHITEPAPER

Prepared by

Sohini Chowdhury

Sohini.Chowdhury@moodys.com

Director

Cristian deRitis

Cristian.deRitis@moodys.com

Senior Director

Contact Us

Email
help@economy.com

U.S./Canada
+1.866.275.3266

EMEA
+44.20.7772.5454 (London)
+420.224.222.929 (Prague)

Asia/Pacific
+852.3551.3077

All Others
+1.610.235.5299

Web
Www.economy.com
www.moodysanalytics.com

Beyond Theory: A Practical Guide to Using
Economic Forecasts for CECL Estimates

Introduction

Starting in 2020, the Current Expected Credit Loss, or CECL, accounting standard will require
financial institutions to reserve for estimated lifetime losses on loans and leases as soon

as they are originated. CECL will require institutions to take into account reasonable and
supportable forecasts as well as information from past events and current conditions. This
requirement is a significant departure from the current “incurred loss” generally accepted
accounting principles approach, which requires firms to wait until loans reach a probable
threshold of loss before adding to their loss reserves. In short, CECL will require institutions to
incorporate macroeconomic forecasts formally into their loss allowance estimates for the first
time. There are a number of ways in which this can be achieved, as the CECL guidelines do not
specify one particular approach. In this paper, we discuss some of the options that institutions
have for incorporating economic forecasts into their expected loan loss reserve calculations.
We discuss the benefits and costs of each approach and provide practical recommendations
based on institution size and complexity.
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Beyond Theory: A Practical Guide to Using
Economic Forecasts for CECL Estimates

BY SOHINI CHOWDHURY AND CRISTIAN DERITIS

tarting in 2020, the Current Expected Credit Loss, or CECL, accounting standard will require financial

institutions to reserve for estimated lifetime losses on loans and leases as soon as they are originated. CECL

will require institutions to take into account reasonable and supportable forecasts as well as information
from past events and current conditions. This requirement is a significant departure from the current “incurred
loss” generally accepted accounting principles approach, which requires firms to wait until loans reach a probable
threshold of loss before adding to their loss reserves.

In short, CECL will require institutions
to incorporate macroeconomic forecasts
formally into their loss allowance estimates
for the first time. There are a number of ways
in which this can be achieved, as the CECL
guidelines do not specify one particular ap-
proach. In this paper, we discuss some of the
options that institutions have for incorporat-
ing economic forecasts into their expected
loan loss reserve calculations. We discuss
the benefits and costs of each approach and
provide practical recommendations based on
institution size and portfolio complexity.

Reasonable economic forecasts

CECL guidelines require that the eco-
nomic forecasts that institutions use to esti-
mate lifetime losses are not only consistent
with internal managements’ forward-looking
views but also supportable with sound,
quantitative data and methods®.

An institution can use economic forecasts
generated by internal teams or by research
agencies or professional forecasters, as long
as the forecasts are defensible and consistent

1 See “Economic Scenarios: What’s Reasonable and Sup-
portable?” by Cristian deRitis, Moody’s Analytics white
paper (2017) for what constitutes a reasonable and sup-
portable forecast.

with the institution’s own views. Consistent
with these requirements, Moody's Analytics
produces a baseline and alternative forecasts
of the global economy? every month using a
rigorously validated structural econometric
model (see Box 1 for a list of these sce-
narios). The scenarios and their associated
probabilities are derived from a simulation of
thousands of possible economic outcomes.
The distribution of these simulations pro-
vides a quantitative foundation to the pro-
jection of possible economic outcomes that
institutions will use in their CECL processes.
For example, Chart 1 shows the forecast of
U.S. real GDP growth
under some of these
alternative scenarios.
Top-down subna-

levels, ensuring consistency between the
national and subnational forecasts. Monthly
updates capture the latest historical data
and incorporate the latest risks facing the
economy to ensure that forecasts are timely
and reflect current conditions. Every forecast
has an underlying narrative that allows non-
economists to understand both the rationale
and assumptions behind each scenario.

Incorporating forecasts into loss
estimates

Broadly speaking, an institution can ac-
count for the forward-looking view of the

Chart 1: Scenarios Cover Range of Outcomes
Real GDP, % change yr ago
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Chart 2: Diverse Economic Performance

Unemployment rate, %, SA, Jul 2018

Sources: BLS, Moody’s Analytics

economy in its credit loss estimates in any
one of the following ways, ranked from
simple to complex.

» Qualitative Overlay Approach

» Single Scenario Approach

»  Shadow Scenario Approach

»  Probability-Weighted Multiple

Scenario Approach

» Simulation Approach

We describe each of these approaches
including their respective costs and benefits
in the sections that follow.

Qualitative Overlay Approach. In the
simplest of approaches, institutions can use
forward-looking information to adjust quali-
tatively their historical loss rates to obtain
an estimate for lifetime expected loss. For
example, an institution could simply qualita-
tively increase its historical vintage loss rates
to account for higher expected unemploy-
ment rates during the remaining life of the
loans on its books. While the obvious benefit

Chart 4: ECL Under Moody’s Baseline

Expected credit loss rate, %
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Chart 3: Not All Regional Outlooks Are Similar
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of this approach is its ease of implementa-
tion, the qualitative overlays will need to be
defended before regulators and auditors.
For institutions with a narrow geographic
footprint, basing the qualitative overlays on
the local, state or metropolitan area, rather
than the national economic outlook, will
capture the geography-specific risks and
will make this approach more defensible.
Chart 2 shows that the unemployment rate
is currently ranging from 1.8% in Ames |A to
18.2% in El Centro CA. Clearly the default
risk facing banks in each of these local com-
munities varies considerably.

To further emphasize this point, Chart 3
highlights the heterogeneity in the forward-
looking forecasts of the unemployment rate
in two different metropolitan areas in Texas
versus the forecasts at the state and national
levels. Given the deviations, a small commu-
nity bank based in Amarillo will find it more
appropriate to tie its expected loss estimates
to the future outlook
of Amarillo, rather
than that of the U.S.
or Texas as a whole.
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economic outlook—a
baseline forecast. The
process here would

T T

16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48

involve the use of a mathematical equation
or loss model that explicitly takes economic
forecasts as inputs. A very simple example

of such a model would be one in which the
expected loss in a given month is the product
of the probability of default, the loss given de-
fault, and the exposure at default correspond-
ing to that month. Mathematically,

ECL(t) = PD(t) * LGD(t) * EAD (¢)

PD may be correlated positively with
unemployment rate and inversely with GDP
growth. The relationship with each of these
variables is typically nonlinear such that a
small increase in the unemployment rate
leads to a large increase in losses but a small
decline in the unemployment rate would
have a small impact.

The lifetime expected loss correspond-
ing to a scenario ‘s’ is then the sum of the
expected loss in each period during the life
of the loan. Mathematically this may be
expressed as:

T
ECL(s) = ) PD(tls)  LGD(cls) » EAD (tls)
t

Chart 4 shows the expected loss rates
calculated from this model for the Moody’s
Analytics baseline scenario, assuming
zero recoveries.

Although this approach allows information
about the economy’s future to be incorpo-
rated into loss reserves formally through a
mathematical model, the use of a single sce-
nario may create complications. First, the use
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Chart 5: ECL Under Baseline and Stress
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Chart 6: Lifetime ECL Rate
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of a single scenario assumes perfect foresight
in predicting the future state of the economy
and does not recognize forecast uncertainty.
Second, if indeed the realized path of the
economy deviates from the prediction, the
baseline outlook will change, causing quarter-
to-quarter volatility in loss provisions. Finally,
because the single scenario drives the entirety
of the expected loss estimate, the choice of
the scenario will have to be rigorously de-
fended with auditors and regulators.
Shadow Scenario Approach. One way
to formally recognize the aforementioned
forecast uncertainty is to estimate losses
based on a range of future paths of the
economy, including the baseline most likely
path. However, since additional scenarios
often require additional documentation and
may be difficult to manage internally across
multiple stakeholders, institutions may
choose to adopt a hybrid approach between
running a single scenario and running mul-
tiple scenarios. Institutions may designate
and use one official CECL scenario, but use
the loss estimates corresponding to one or
more alternative scenarios—that is, “shadow
scenarios"—to assess the sensitivity of the
losses to varying economic conditions.
Based on these sensitivities, firms can
then quantitatively adjust the losses from
their official scenario to account for forecast
uncertainty. As an example, Chart 5 shows
the expected loss rates calculated from the
Moody’s Analytics 50th percentile baseline
scenario (BL) and the 90th percentile down-
side scenario (S3) using the illustrative ex-
pected loss model defined earlier. The extent

BL

Source: Moody’s Analytics

by which losses in the downside scenario are
higher reflects the sensitivity of the institu-
tion's expected credit losses to the unem-
ployment rate and GDP growth forecasts.
The institution could then adjust upward its
CECL estimate from the baseline scenario
based on these sensitivities.

The benefits of this approach are that
even though the CECL estimates are based
on a single scenario, they capture to some
extent the uncertainty in macro forecasts
and include overlays that are less subjective
and therefore more defendable than pure
qualitative overlays. The downside is that
the approach still involves on-the-top ad-
justments or overlays, as the forecasts from
the multiple scenarios are not incorporated
mathematically into the loss estimates.

Probability-Weighted Multiple Scenario
Approach. To quantitatively incorporate
multiple scenarios in expected loss estimates,
institutions may weigh the losses estimated
under different economic scenarios by the
likelihood of each of the scenarios occurring.
The weighted average of these losses would
constitute a mathematically determined CECL
estimate that incorporates a formal measure
of forecast uncertainty. This is the approach
that institutions adhering to the International
Financial Reporting Standard 9 “IFRS9"—
CECL's international counterpart—are
required to follow. For institutions also subject
to IFRS 9, this is the most sensible approach
for CECL, as they can leverage their existing
IFRS 9 loss estimation infrastructure.

The biggest advantage of using multiple
scenarios is that it controls for the uncer-

30% wgt

S3

S1 Wgt avg

tainty associated with a single forecast and
mitigates quarter-to-quarter volatility in
loss estimates and reserves. However, it also
introduces additional complexity. First, run-
ning multiple scenarios every quarter-end to
estimate loss reserves is considerably more
resource-intensive than running a single sce-
nario. Second, institutions will be required to
defend the choice of the scenarios and the
assigned probability weights since these will
have a significant impact on loss provisions.
IFRS 9 requires that institutions use a
set of unbiased scenarios, that is, equally
weighted upside and downside scenarios.
Moody'’s Analytics produces four scenarios
that are equidistant from the baseline sce-
nario that meet the requirements of this
rule. These include two upside scenarios
(the 4th and 10th percentile) and two sym-
metric downside scenarios (the 96th and
90th percentile). For institutions using the
baseline scenario, and the 10th and 90th
percentile scenarios, we recommend a 40-
30-30 weighing scheme based on the mar-
ginal probabilities of these scenarios and the
midpoint between adjacent scenarios® (See
Box 1 for more information on the derivation
of these scenario weights). Chart 6 shows
the lifetime expected loss rates calculated
from these three scenarios using the same
expected loss model defined earlier.

3 “IFRS 9 Probability-Weighted Scenarios” by Martin Janicko,
Kamil Kovar, Petr Zemcik, Moody’s Analytics white paper
(October 2017) describes the method we propose for
going from scenario cumulative probabilities to marginal
probabilities.
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Box 1: Probability Weighted Scenarios

To assist firms with their forecasting exercises and provide a
range of possible paths, Moody's Analytics produces a variety of
alternative economic scenarios every month. Thousands of simu-
lations are run on an annual basis to calibrate the probabilities
for each of the six standard scenarios that are stored in our data-
bases—commonly referred to as Baseline, SO, S1, S2, S3 and S4. The
scenarios are selected so as to correspond to a fixed probability of

occurrence as shown below.
Scenario Description
Scenario 0 (SO)
Scenario 1 (S1)
Baseline (BL)
Scenario 2 (S2)
Scenario 3 (S3)  Moderate Recession

Scenario 4 (S4)  Protracted Slump

Baseline

Very Strong Near-Term Growth
Stronger Near-Term Growth

Slower Near-Term Growth

Chart 10: Assigning Prob. Wgts to Scenarios

GDP growth %, annualized avg, 10k simulations over a 5-yr period
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Note that the reported scenario probabilities are cumulative.
That is, they measure the likelihood of the economy performing bet-
ter or worse than the given scenario (that is, cumulative probabilities
to the left or to right of the distribution). For users who need to run
a discrete number of scenarios (for example, three) and then weight
the results from each scenario to derive a weighted average, we pro-
pose the following method, shown in Chart 10, for computing prob-

Suppose we wish to run three scenarios (S1, BL, S3). We find the

intermediate point between two adjacent scenarios as follows:

Probability of ST=Cumulative Probability to Left of S1+ (Distance

Between Baseline and S1) / 2 =10% + (50% - 10%) / 2 = 30%.

Probability of S3 = Cumulative Probability to Right of S3 + (Dis-

tance Between Baseline and S3) / 2 =10% + (90% - 50%) / 2 = 30%.

The Baseline gets the residual probability of 100%-30%-30% or

abilities for a set of scenarios.

One key assumption baked into this
approach is that the scenario weights are
derived from a rank ordering of scenario
severity that is based on a single variable—
the unemployment rate in this case. This
is necessary, as it is impossible to rank the
severity of scenarios based on the full joint
distribution of multiple variables. We must
choose a single metric to line up the sce-
narios from best to worst. Although the use
of the unemployment rate is a reasonable
and fully justifiable approach, this single
metric might not necessarily represent or
correlate perfectly with an institution’s
losses for a particular asset class. For ex-
ample, for an institution with a dispropor-
tionate exposure to residential mortgage
lending, assigning probability weights to
scenarios based on the distribution of house
prices may be more appropriate than as-
signing weights based on GDP growth or
unemployment rate.

For most asset classes, we find that the
correlation between the unemployment rate

40%, ensuring that the discrete probabilities add to 100%.

and other key economic drivers driving credit
losses is sufficiently strong to be both rea-
sonable and supportable. Nonetheless, it is
a topic worthy of consideration. Institutions
may decide to weight the results from alter-
native scenarios differently based on their
own unique portfolio characteristics.
Simulation Approach. While the mul-
tiple scenario approach is much more robust
relative to the single
scenario approach, it
still only considers a

0,
handful of possible %

economy for every macroeconomic vari-
able in the model. Theoretically, the average
losses resulting from a calculation on each
of these simulated macroeconomic forecasts
will be the theoretically most accurate esti-
mate of expected losses.

To illustrate this point, we generated a set
of 1000 simulations using a simplified mac-
roeconomic model. Chart 7 shows 25 of the

Chart 7: Simulated Unemp. Rates, 25 of 1,000

future paths of the

economy and weighs
them based on some
likelihood of occur-
rence. A simulation
of the macroeco-

nomic model, on

the other hand, will

|

X-axis: Qtrs from start of forecast

theoretically gener- 0 ——t—t
ate thousands of 1
future paths of the
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Sources: BLS, Moody’s Analytics
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Chart 8: Cumulative ECL Rate

Across simulations

Chart 9: Comparing Lifetime ECL Rates

Expected credit loss rates under different scenarios/simulations
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Source: Moody’s Analytics

1,000 simulated unemployment rate paths
from this exercise.

Chart 8 shows the cumulative expected
credit loss rates across all 1,000 paths®.
Given nonlinearities in the response of losses
to economy, we can see how the expected
losses computed across all of the simulated
paths differ from the baseline scenario.

The other area where this approach scores
over the multiple scenario approach is that
it recognizes losses far out into the future,
beyond the immediate next business cycle.
Scenarios that are based on hypothetical as-
sumptions, rather than simulations, attempt
to produce a view of the economy only over
the near term. Since it is extremely hard to
make assumptions about the turning points
in the economy beyond the immediate busi-
ness cycle, the forecasts from these assump-
tion-based scenarios will revert to their long-
term trends in the long run®. This could result
in lower expected credit loss estimates in
the far-out future. The simulation approach
solves this problem because the forecasts
are purely model-driven rather than being
dependent on scenario assumptions.

Unfortunately, this very feature—the lack
of a narrative underlying the forecasts—
makes it hard to interpret the forecasts.

This approach is also the most time- and

4 We've assigned a floor of 1% to the unemployment rate.

5 The timing and speed of mean reversion depends on the
variable in question. In the Moody’s Analytics scenarios,
for example, U.S. GDP annualized growth rates revert to
the historical average of 2% under all the probabilistic
scenarios. GDP levels, however, do not converge across
the scenarios because of the assumption of hysteresis in
output following a shock to the economy.

Source: Moody’s Analytics

resource-intensive of all the approaches dis-
cussed here, severely limiting its adoption to
only the largest institutions. Given require-
ments around forecast disclosures and the
myriad of procedures to be implemented
prior to the 2020 adoption date, we expect
very few—if any—institutions will choose

to implement a simulation-based approach
to CECL initially. As the process matures
and institutions grow confident in their
processes, it will be natural for risk manag-
ers, auditors and other stakeholders to ask
for an increasing number of scenarios to be
run. Eventually the process may adopt a full
simulation framework.

Chart 9 compares the lifetime expected
loss rates estimated from a probability-
weighted multiple scenarios approach and
the simulated scenario approach using the
expected loss rate model described earlier.

Federal Reserve Supervisory Scenarios

Since 2011, the Federal Reserve Board
has been publishing a set of hypothetical
economic scenarios every year as part of its
annual health check of the nation’s bank-
ing system. These scenarios are used in the
Dodd-Frank Act Stress Tests and Capital
Planning®. While the baseline scenario is
similar to the consensus projection from the
Blue Chip Economic Indicators survey, the
downside scenarios describe an immediate
worsening of economic conditions and are
designed to assess the strength of the bank-

6 https://www.federalreserve.gov/supervisionreg/files/
bcreg20180201a1.pdf

avg

ing industry and its resilience to adverse
economic environments. Moody’s Analytics
does not recommend the use of the super-
visory Fed scenarios to estimate CECL for
several reasons.

First, the Fed scenario assumptions are
limited to a handful of variables (16 U.S. and
12 international). These variables might not
represent the risks to an institution’s specific
investment portfolio. Since the assump-
tions are at the national level, they also do
not recognize the heterogeneity in regional
economic performance. To be defendable
as CECL scenarios, the Fed scenarios need
to be expanded to a larger set of variables
and other regions, including subnational.
Moody's Analytics does this expansion us-
ing a theoretically sound and validated
econometric model.

Second, the Fed scenarios go out only 13
quarters. The forecasts would have to be ex-
trapolated over many quarters to be used for
estimating lifetime losses and the extrapola-
tion approach will need to be defended with
auditors and regulators.

Third, the scenarios are published in the
first quarter of every year and are not up-
dated during the rest of the year. This makes
the scenarios stale when used for estimating
CECL during the latter half of the year since
they no longer capture the current risks fac-
ing the economy. Although these risks are
recognized in a new set of scenarios released
in the first quarter of the following year, it
also means that the scenarios can change
significantly from year to year. For example,
in recent years the Fed has experimented

5 AUGUST 2018
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Table 1: Pros and Cons of Different Options

Approach Pros

Qualitative Overlay  Easiest to explain

Easiest to implement

Single Scenario

scenarios
Easy to explain

Shadow Scenarios Less subjective overlays

Captures forecast uncertainty

Easier to implement than multiple

Cons

Hardest to defend
Hardest to quantify

compared with multiple scenarios

Likely to produce more volatile expected loss estimates

Recommended firm size
(by asset size)

Smallest

Small/medium

Requires documentation to support scenario selection

Involves overlays

compared with single scenario

Probability-Weighted

Multiple Scenarios  than single scenario

Simulated Scenarios

Recognize future business cycles

Source: Moody’s Analytics

Produces more stable ECL estimates

Produces most accurate ECL estimates

Medium

Does not incorporate multiple scenarios mathematically

Operationally more complex to implement than single scenario Medium/large

Requires additional documentation to support scenario choice

and probability weights

Hardest to explain

Operationally most complex and time- and resource-intensive

Largest

with the interest rates assumptions in its
adverse scenario—a scenario describing a
moderate downturn in the global economy.
This means that an institution using the Fed
scenarios to estimate CECL every quarter will
run the risk of volatile loss reserves at the
beginning of every year, while also failing to
capture current economic conditions during
the rest of the year.

Finally, institutions using the Fed baseline
and adverse scenarios to calculate average
loss estimates in a probability-weighted ap-
proach will invariably end up with conserva-

tive estimates unless they also include an
upside scenario in the mix to counter the
impact of the downside scenario and to pro-
vide a more unbiased forward-looking view
of the economy.

Summary and recommendations

Although there is no single, ideal CECL
solution, institutions should select an ap-
proach for leveraging economic scenarios
that takes into consideration their overall
size and portfolio complexity. Table T sum-
marizes the pros and cons of the different

options discussed. Qualitative overlays
might be sufficient for smaller firms, but
they will likely not pass regulatory muster
for the large ones. Institutions also need to
consider the size and materiality of their
individual portfolios. There is no require-
ment that the same approach be adopted
for all portfolios. So a large institution
may be able to defend its choice to use
qualitative overlays in the forecasting of
their smallest nonmaterial portfolios while
adopting a more rigorous process for their
largest portfolios.

Request More Information on Moody's Analytics Forecasts & Alternative Scenarios for CECL

6 AUGUST 2018


https://www.moodysanalytics.com/landing/2018/scenarios

MOODY'S ANALYTICS

About the Authors

Sohini Chowdhury is a director at Moody's Analytics. She specializes in macroeconomic modeling and forecasting, scenario design, market risk instruments and CECL
solutions. She has overseen many client projects related to stress-testing and other regulatory requirements. She holds a PhD in economics from Purdue University and a
master’s in applied statistics from West Chester University.

Before joining Moody's Analytics, Sohini taught at the University of Cincinnati.

Cristian deRitis is a senior director at Moody's Analytics, where he leads a team of economic analysts and develops econometric models for a wide variety of clients.

His regular analysis and commentary on consumer credit, policy and the broader economy appear on the firm’'s Economy.com web site and in other publications. He is
regularly quoted in publications such as the Wall Street Journal for his views on the economy and consumer credit markets. Currently he is spearheading efforts to develop
alternative sources of data to measure economic activity more accurately than traditional sources of data.

Before joining Moody's Analytics, Cristian worked for Fannie Mae and taught at Johns Hopkins University. He received his PhD in economics from Johns Hopkins University
and is named on two U.S. patents for credit modeling techniques.



MOODY'S ANALYTICS

About Moody's Analytics

Moody's Analytics provides financial intelligence and analytical tools supporting our clients’ growth, efficiency
and risk management objectives. The combination of our unparalleled expertise in risk, expansive information
resources, and innovative application of technology helps today's business leaders confidently navigate an
evolving marketplace. We are recognized for our industry-leading solutions, comprising research, data, software
and professional services, assembled to deliver a seamless customer experience. Thousands of organizations
worldwide have made us their trusted partner because of our uncompromising commitment to quality, client
service, and integrity.

Concise and timely economic research by Moody's Analytics supports firms and policymakers in strategic planning, product
and sales forecasting, credit risk and sensitivity management, and investment research. Our economic research publications
provide in-depth analysis of the global economy, including the U.S. and all of its state and metropolitan areas, all European
countries and their subnational areas, Asia, and the Americas. We track and forecast economic growth and cover specialized
topics such as labor markets, housing, consumer spending and credit, output and income, mortgage activity, demographics,
central bank behavior, and prices. We also provide real-time monitoring of macroeconomic indicators and analysis on timely
topics such as monetary policy and sovereign risk. Our clients include multinational corporations, governments at all levels,
central banks, financial regulators, retailers, mutual funds, financial institutions, utilities, residential and commercial real
estate firms, insurance companies, and professional investors.

Moody's Analytics added the economic forecasting firm Economy.com to its portfolio in 2005. This unit is based in West Chester
PA, a suburb of Philadelphia, with offices in London, Prague and Sydney. More information is available at www.economy.com.

Moody's Analytics is a subsidiary of Moody's Corporation (NYSE: MCO). Further information is available at
www.moodysanalytics.com.

DISCLAIMER: Moody’s Analytics, a unit of Moody's Corporation, provides economic analysis, credit risk data and insight,

as well as risk management solutions. Research authored by Moody's Analytics does not reflect the opinions of Moody'’s
Investors Service, the credit rating agency. To avoid confusion, please use the full company name “Moody’s Analytics”, when
citing views from Moody'’s Analytics.

About Moody's Corporation

Moody's Analytics is a subsidiary of Moody's Corporation (NYSE: MCO). MCO reported revenue of $4.2 billion in 2017,
employs approximately 11,900 people worldwide and maintains a presence in 41 countries. Further information about
Moody’s Analytics is available at www.moodysanalytics.com.



© 2018 Moody's Corporation, Moody's Investors Service, Inc., Moody's Analytics, Inc. and/or their licensors and affiliates (collectively, “MOODY'S"). All
rights reserved.

CREDIT RATINGS ISSUED BY MOODY'S INVESTORS SERVICE, INC. AND ITS RATINGS AFFILIATES (“MIS") ARE MOODY'S CURRENT OPIN-
IONS OF THE RELATIVE FUTURE CREDIT RISK OF ENTITIES, CREDIT COMMITMENTS, OR DEBT OR DEBT-LIKE SECURITIES, AND MOODY'S
PUBLICATIONS MAY INCLUDE MOODY'S CURRENT OPINIONS OF THE RELATIVE FUTURE CREDIT RISK OF ENTITIES, CREDIT COMMIT-
MENTS, OR DEBT OR DEBT-LIKE SECURITIES. MOODY'S DEFINES CREDIT RISK AS THE RISK THAT AN ENTITY MAY NOT MEET ITS CONTRAC-
TUAL, FINANCIAL OBLIGATIONS AS THEY COME DUE AND ANY ESTIMATED FINANCIAL LOSS IN THE EVENT OF DEFAULT. CREDIT RATINGS
DO NOT ADDRESS ANY OTHER RISK, INCLUDING BUT NOT LIMITED TO: LIQUIDITY RISK, MARKET VALUE RISK, OR PRICE VOLATILITY.
CREDIT RATINGS AND MOODY'S OPINIONS INCLUDED IN MOODY'S PUBLICATIONS ARE NOT STATEMENTS OF CURRENT OR HISTORICAL
FACT. MOODY'S PUBLICATIONS MAY ALSO INCLUDE QUANTITATIVE MODEL-BASED ESTIMATES OF CREDIT RISK AND RELATED OPINIONS
OR COMMENTARY PUBLISHED BY MOODY'S ANALYTICS, INC. CREDIT RATINGS AND MOODY'S PUBLICATIONS DO NOT CONSTITUTE OR
PROVIDE INVESTMENT OR FINANCIAL ADVICE, AND CREDIT RATINGS AND MOODY'S PUBLICATIONS ARE NOT AND DO NOT PROVIDE
RECOMMENDATIONS TO PURCHASE, SELL, OR HOLD PARTICULAR SECURITIES. NEITHER CREDIT RATINGS NOR MOODY'S PUBLICATIONS
COMMENT ON THE SUITABILITY OF AN INVESTMENT FOR ANY PARTICULAR INVESTOR. MOODY'S ISSUES ITS CREDIT RATINGS AND PUB-
LISHES MOODY'S PUBLICATIONS WITH THE EXPECTATION AND UNDERSTANDING THAT EACH INVESTOR WILL, WITH DUE CARE, MAKE
ITS OWN STUDY AND EVALUATION OF EACH SECURITY THAT IS UNDER CONSIDERATION FOR PURCHASE, HOLDING, OR SALE.

MOODY'S CREDIT RATINGS AND MOODY'S PUBLICATIONS ARE NOT INTENDED FOR USE BY RETAIL INVESTORS AND IT WOULD BE RECKLESS
AND INAPPROPRIATE FOR RETAIL INVESTORS TO USE MOODY'S CREDIT RATINGS OR MOODY'S PUBLICATIONS WHEN MAKING AN INVESTMENT
DECISION. IF IN DOUBT YOU SHOULD CONTACT YOUR FINANCIAL OR OTHER PROFESSIONAL ADVISER.

ALL INFORMATION CONTAINED HEREIN IS PROTECTED BY LAW, INCLUDING BUT NOT LIMITED TO, COPYRIGHT LAW, AND NONE OF SUCH IN-
FORMATION MAY BE COPIED OR OTHERWISE REPRODUCED, REPACKAGED, FURTHER TRANSMITTED, TRANSFERRED, DISSEMINATED, REDISTRIB-
UTED OR RESOLD, OR STORED FOR SUBSEQUENT USE FOR ANY SUCH PURPOSE, IN WHOLE OR IN PART, IN ANY FORM OR MANNER OR BY ANY
MEANS WHATSOEVER, BY ANY PERSON WITHOUT MOODY'S PRIOR WRITTEN CONSENT.

All information contained herein is obtained by MOODY'S from sources believed by it to be accurate and reliable. Because of the possibility of human
or mechanical error as well as other factors, however, all information contained herein is provided “AS IS” without warranty of any kind. MOODY'S
adopts all necessary measures so that the information it uses in assigning a credit rating is of sufficient quality and from sources MOODY'S considers to
be reliable including, when appropriate, independent third-party sources. However, MOODY'S is not an auditor and cannot in every instance indepen-
dently verify or validate information received in the rating process or in preparing the Moody's publications.

To the extent permitted by law, MOODY'S and its directors, officers, employees, agents, representatives, licensors and suppliers disclaim liability to any
person or entity for any indirect, special, consequential, or incidental losses or damages whatsoever arising from or in connection with the information
contained herein or the use of or inability to use any such information, even if MOODY'S or any of its directors, officers, employees, agents, representatives,
licensors or suppliers is advised in advance of the possibility of such losses or damages, including but not limited to: (a) any loss of present or prospective
profits or (b) any loss or damage arising where the relevant financial instrument is not the subject of a particular credit rating assigned by MOODY'S.

To the extent permitted by law, MOODY'S and its directors, officers, employees, agents, representatives, licensors and suppliers disclaim liability for
any direct or compensatory losses or damages caused to any person or entity, including but not limited to by any negligence (but excluding fraud, will-
ful misconduct or any other type of liability that, for the avoidance of doubt, by law cannot be excluded) on the part of, or any contingency within or
beyond the control of, MOODY'’S or any of its directors, officers, employees, agents, representatives, licensors or suppliers, arising from or in connection
with the information contained herein or the use of or inability to use any such information.

NO WARRANTY, EXPRESS OR IMPLIED, AS TO THE ACCURACY, TIMELINESS, COMPLETENESS, MERCHANTABILITY OR FITNESS FOR ANY PARTICULAR
PURPOSE OF ANY SUCH RATING OR OTHER OPINION OR INFORMATION IS GIVEN OR MADE BY MOODY'S IN ANY FORM OR MANNER WHATSO-
EVER.

Moody's Investors Service, Inc., a wholly-owned credit rating agency subsidiary of Moody's Corporation (“MCO"), hereby discloses that most issuers

of debt securities (including corporate and municipal bonds, debentures, notes and commercial paper) and preferred stock rated by Moody's Investors
Service, Inc. have, prior to assignment of any rating, agreed to pay to Moody's Investors Service, Inc. for appraisal and rating services rendered by it fees
ranging from $1,500 to approximately $2,500,000. MCO and MIS also maintain policies and procedures to address the independence of MIS’s ratings
and rating processes. Information regarding certain affiliations that may exist between directors of MCO and rated entities, and between entities who
hold ratings from MIS and have also publicly reported to the SEC an ownership interest in MCO of more than 5%, is posted annually at www.moodys.
com under the heading “Investor Relations — Corporate Governance — Director and Shareholder Affiliation Policy."

Additional terms for Australia only: Any publication into Australia of this document is pursuant to the Australian Financial Services License of MOODY'S
affiliate, Moody’s Investors Service Pty Limited ABN 61003 399 657AFSL 336969 and/or Moody's Analytics Australia Pty Ltd ABN 94 105 136 972
AFSL 383569 (as applicable). This document is intended to be provided only to “wholesale clients” within the meaning of section 761G of the Corpora-
tions Act 2001. By continuing to access this document from within Australia, you represent to MOODY'’S that you are, or are accessing the document
as a representative of, a “wholesale client” and that neither you nor the entity you represent will directly or indirectly disseminate this document or its
contents to “retail clients” within the meaning of section 761G of the Corporations Act 2001. MOODY'S credit rating is an opinion as to the creditwor-
thiness of a debt obligation of the issuer, not on the equity securities of the issuer or any form of security that is available to retail investors. It would

be reckless and inappropriate for retail investors to use MOODY'S credit ratings or publications when making an investment decision. If in doubt you
should contact your financial or other professional adviser.

Additional terms for Japan only: Moody's Japan K.K. (“MJKK") is a wholly-owned credit rating agency subsidiary of Moody's Group Japan G.K., which is
wholly-owned by Moody's Overseas Holdings Inc., a wholly-owned subsidiary of MCO. Moody's SF Japan K.K. (“MSFJ") is a wholly-owned credit rating
agency subsidiary of MJKK. MSF] is not a Nationally Recognized Statistical Rating Organization (“NRSRO"). Therefore, credit ratings assigned by MSFJ
are Non-NRSRO Credit Ratings. Non-NRSRO Credit Ratings are assigned by an entity that is not a NRSRO and, consequently, the rated obligation will
not qualify for certain types of treatment under U.S. laws. MJKK and MSF] are credit rating agencies registered with the Japan Financial Services Agency
and their registration numbers are FSA Commissioner (Ratings) No. 2 and 3 respectively.

MJKK or MSF] (as applicable) hereby disclose that most issuers of debt securities (including corporate and municipal bonds, debentures, notes and
commercial paper) and preferred stock rated by MJKK or MSF] (as applicable) have, prior to assignment of any rating, agreed to pay to MJKK or MSF] (as
applicable) for appraisal and rating services rendered by it fees ranging from JPY200,000 to approximately JPY350,000,000.

MJKK and MSF] also maintain policies and procedures to address Japanese regulatory requirements.





