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Introduction

CECL represents a major change in the way
financial institutions estimate credit losses. It
requires an institution to estimate life-of-loan credit
losses at the inception of the loan. The calculation
can be made in a variety of ways, including
discounted cash flow, loss rates, roll-rates, and
probability of default analyses.

We believe the best analysis technique depends on
the type of loan. For example, a financial institution
could individually analyze its largest CRE loans
based on its knowledge of the borrower and
current and forecasted economic conditions.

Wilary Winn believes the sheer volume of
residential real estate and consumer loans in a
portfolio preclude loan-by-loan analyses and are
best analyzed using statistical techniques. We use
robust discounted cash flow models to produce loss
estimates for these types of loans.

Wilary Winn offers comprehensive CECL
calculations as well as capital stress testing,
concentration risk analyses, and estimates of
real return.

Since 2003, Wilary Winn has provided
independent, objective, fee-based advice to
financial institutions and now serves more than
600 clients across the country.

> ASSET LIABILITY MANAGEMENT (ALM)

> CURRENT EXPECTED CREDIT LOSS (CECL)
> MERGERS & ACQUISITIONS (M&A)
> VALUATION OF LOAN SERVICING

> FAIR VALUE DETERMINATIONS
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Implementing CECL

ASU 2016-13 Measurement of Credit Losses on Financial Instruments was issued on June 16, 2016.
The ASC creates ASC 326. Subtopic 326-20 applies to financial assets measured amortized cost - the
CECL methodology. The new accounting is effective in 2020 for financial institutions that are SEC filers.
It is effective in 2021 for all others. Early adoption is permitted in 2019.

What is CECL?

CECL is the acronym for the Current Expected Credit Loss Model. In essence, it requires companies to
record estimated lifetime credit losses for debt instruments, leases, and loan commitments. The big
change here is that the probability threshold used to determine the allowance for loan and lease losses
is removed and FASB expects lifetime losses to be recorded on day one. While CECL affects all
companies and financial instruments carried at amortized cost, this white paper focuses on residential
real estate and consumer loans because Wilary Winn works solely with financial institutions, and we
believe these types of loans are best modeled using statistical approaches.

CECL requires a financial institution to recognize an allowance for expected credit losses. Expected
credit losses are a current estimate of all contractual cash flows not expected to be collected. That
seemingly simple statement begs further explanation. Let’s begin with the contractual cash flows - the
amount of principal and interest a financial institution would receive if the borrower made every
payment required under the loan agreement. FASB indicates that contractual cash flows should be
adjusted for expected prepayments in addition to the expected losses. It further notes that contractual
cash flows should not be adjusted for extensions, renewals, or modifications unless a TDR is
reasonably expected.

CECL represents a significant change in the way financial institutions currently estimate credit losses.
The standard allows financial institution to calculate the allowance in a variety of ways including
discounted cash flow, loss rates, roll-rates, and probability of default analyses. Whatever methodology
is used, the standard requires that the loss estimate be based on current and forecasted economic
conditions. When using a discounted flow technique, the discount rate to be used is the loan’s effective
interest rate - the note rate adjusted for discounts and premiums.

What Can the Financial Institutions Industry Learn from Other Industries?

While CECL represents a significant change in the way financial institutions currently estimate credit
losses, the underlying financial techniques have been used for decades in other industries. We believe
the best analysis technique to be used depends on the type of loan. For example, a financial institution
could analyze its commercial real estate loans by re-underwriting its largest loans based on its
knowledge of the borrower and current and forecasted economic conditions. It could combine this
with an historical migration analysis - how many of risk rating ones migrated to lower ratings over
time. The focus of this white paper is on residential real estate and consumer loans where the sheer
number of loans a financial institution holds precludes a detailed loan-by-loan analysis. Wilary Winn
believes that unlike the relatively heterogeneous commercial real estate loans, the relatively
homogenous residential real estate and consumer loans can be analyzed using statistical techniques
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and that financial institutions can benefit from techniques used in other industries. We commence
with the asset-backed securities marketplace. Examples would include Collateralized Mortgage
Obligations issued by Fannie Mae and Freddie Mac, or securities issued by one of the large auto finance
companies.

The issuer of an asset-backed security forms a pool of loans, estimates the cash flow that will arise
from the pool and sells securities that have differing rights to the cash flow. For example, an issuer
groups a $100 million pool of prime credit auto loans. It then sells three securities: a $65 million senior
bond, a $25 million mezzanine bond and a $10 million junior bond. The cash flows arising from the
pool of auto loans are allocated first to the senior bond, next to the mezzanine bond, and finally to the
junior bond as available. In this way, the senior bond enjoys the most protection from credit losses and
receives the lowest yield, while the converse is true for the junior bond.

The fair value of an asset-backed security is equal to the present value of the cash flow expected to be
received adjusted for prepayments and expected losses. To derive expected cash flows, a valuation
firm will adjust the contractual cash flows for:

o Voluntary prepayments, which is called the conditional repayment rate - (“CRR”)
e Involuntary prepayments or defaults, which is called the conditional default rate - (“CDR”)
o Loss severity or loss given default, which is the loss that will be incurred (“loss severity”)

We note that CRR plus CDR is equal to the overall prepayment rate - the so-called conditional
prepayment rate or “CPR”.

The valuation technique can be easily adapted to meet the CECL requirements - the only difference is
the discount rate used. In the case of determining fair value, the interest rate used is equal to the
market rate an investor would require, whereas in the case of CECL it is the effective rate of interest on
the loan. A second major advantage to the use of this technique is that it relies on the use of the same
credit indicators financial institutions now use to underwrite loans and manage their loan portfolios,
including FICO, loan term, and loan-to-value percentage.

The exposure draft allows for the use of other methods, including loss rates, roll-rates, and probability
of default methods, which “implicitly” include the time value of money.

The insurance industry has long been required to forecast expected lifetime losses, and their work can
also provide insights into CECL. One way that insurers have estimated losses is through analysis of loss
rates by year of origination. In this case, an insurer compares the loss rate incurred for one vintage
year to the loss rate per another vintage year to estimate life-time losses. Following is a highly
simplified example. Let’s say we have a group of auto insurance policies with a four-year life.

Policy year 2011 experienced the following loss rates:

0.5% for 2012 - year 1
1.0% for 2013 - year 2
1.5% for 2014 - year 3
2.0% for 2015 - year 4
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Policy year 2012 is performing worse and has the following loss rates:

1.0% for 2013 - year 1
2.0% for 2014 - year 2
3.0% for 2015 - year 3

Because the loss run rate for policy year 2012 is twice that of 2011, the estimated losses for policy year
2012 in 2016 would be 4% - two times the year 4 run rate of the 2011 pool. See the table shown

below.
Actual Cumulative Losses Projected Cumulative Losses
Vintage by Years Since Origination by Year Since Origination
Year 1 2 3 4 1 2 3 4
2011 0.5% 1.0% 1.5% 2.0% 0.5% 1.0% 15% 2.0%
2012 1.0% 2.0% 3.0% 1.0% 2.0% 3.0% 4.0%
2013 0.0% 1.0% 0.0% 1.0% 15% 2.0%
2014 | 0.5% 0.5% 1.0% 15% 2.0%
Average| 0.5% 1.3% 23% 2.0% 0.5% 13% 19% 2.5%

A more complex example of a vintage analysis on 24-month term auto loans is shown below.

New Vehicle - Direct - 24 month original term
Cumulative Loss Summary

Actual Cumulative Losses by Months Since Origination Projected Cumulative Losses by Months Since Origination
Vintage 3 6 9 12 15 18 21 24 3 6 9 12 15 18 21 24
Q12012 0.0% 0.1% 059% 19% 2.0% 2.5% 2.5% 2.6% 0.0% 0.1% 0.9% 1.9% 2.0% 2.5% 25% 2.6%
Q22012 0.0% 1.3% 1.5% 3.3% 3.7% 4.7% 4.8% 4.9% 0.0% 1.3% 1.5% 3.3% 3.7% 4.7% 4.8% 4.9%
Q32012 0.0% 0.8% 0.8% 3.2% 68% 7.2% 7.3% 7.3% 0.0% 0.8% 0.8% 3.2% 6.8% 7.2% 7.3% 7.3%
Q42012 0.1% 1.3% 1.7% 25% 26% 3.7% 3.8% 3.9% 0.1% 1.3% 1.7% 2.5% 2.6% 3.7% 3.8% 3.9%
Q12013 0.0% 0.1% 03% 05% 05% 1.1% 1.1% 1.3% 0.0% 0.1% 0.3% 05% 0.5% 1.1% 1.1% 1.3%
Q22013 0.0% 0.3% 0.6% 07% 19% 2.5% 2.6% 2.6% 0.0% 0.3% 0.6% 0.7% 1.9% 25% 26% 2.6%
Q32013 0.0% 0.0% 0.1% 0.7% 19% 2.9% 2.9% 3.0% 0.0% 0.0% 0.1% 0.7% 1.9% 29% 29% 3.0%
Q42013 0.0% 0.1% 04% 10% 22% 3.2% 3.2% 3.3% 0.0% 0.1% 04% 1.0% 2.2% 3.2% 3.2% 3.3%
Q12014 0.0% 0.0% 03% 04% 1.0% 2.2% 2.2% 2.3% 0.0% 0.0% 0.3% 0.4% 1.0% 2.2% 2.2% 2.3%

Q22014 | 0.1% 0.1% 0.1% 0.2% 11% 1.2% 1.2% 0.1% 0.1% 0.1% 0.2% 1.1% 1.2% 1.2% 1.5%
Q32014 | 0.0% 0.7% 0.9% 0.59% 1L1% 1.1% 0.0% 0.7% 0.9% 0.9% 1.1% 1.1% 13% 1.6%
Q42014 | 0.0% 0.2% 0.3% 0.5% 15% 0.0% 0.2% 0.3% 0.5% 1.5% 2.3% 25% 2.8%
Q12015 | 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.0% 1.7% 2.0% 2.2%
Q22015 | 0.0% 0.3% 1.2% 0.0% 0.3% 1.2% 1.8% 2.8% 3.5% 3.7% 4.0%
Q32015 | 0.0% 0.3% 0.0% 0.3% 0.5% 1.1% 2.1% 2.8% 3.1% 3.3%
Q42015 | 0.0% 0.0% 0.3% 0.6% 1.2% 2.2% 2.9% 3.2% 3.4%

Average 0.0% 0.4% 0.6% 1.2% 2.2% 2.9% 3.2% 3.4% 0.0% 0.4% 0.6% 1.2% 2.1% 2.8% 3.0% 3.1%

A strong caution when using roll rate analyses is that the standard requires a financial institution to
adjust for current conditions and for reasonable and supportable forecasts. These requirements can be
difficult to apply when using this modeling technique. For example, if a financial institution at the end
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of 2008 believed housing prices would drop precipitously in 2009 and 2010, then by how much would
it upwardly adjust its roll rate analysis? A second difficulty with roll rate analyses is that voluntary
prepayments can have a dramatic effect on the remaining balance making it more difficult to compare
one year’s results to another. Wilary Winn believes the economic adjustment requirements and the
effect of prepayments are much more easily satisfied using a discounted cash flow analysis as
described in detail later in this white paper. Another advantage of using discounted cash flow
techniques is that the resulting cash flows can be used to estimate fair value, whereas this is not the
case for roll rate analyses.

How Should a Financial Institution Accumulate the Data?

First, we believe that a financial institution should group loans based on similar characteristics and
based on its knowledge of the factors that most strongly affect credit performance. For example, we
believe a financial institution should analyze first lien residential mortgage loans separately from
second lien mortgages and that the first lien group be further subdivided between fixed and variable
rate mortgages. As another example, we believe that auto loans should be divided into four major
categories because new versus used car loans perform differently, as do loans originated by the
financial institution versus those obtained through a dealer:

e New direct

e New indirect

e Used direct

e Used indirect

We note that the formation of the loan groupings can be strongly informed by a thorough
concentration analysis. As we indicate further on in the white paper, these are only the major
groupings for data accumulation and the expected future performance of the loans should be based
on even finer strata. In fact, we model residential real estate loans at the loan level.

Wilary Winn believes financial institutions should go back in time at least 10 years in order to include
results prior to and in the midst of the financial downturn. The information should include
macroeconomic indicators, both at the national level and within the financial institution’s geographic
footprint including:

e Unemployment rate

¢ Real median income

e Changes in GDP

e Change in housing prices

e Change in used auto prices

It should also track interest rates both short- and long-term.

A financial institution should also accumulate specific information regarding the performance of the
loan portfolio including:

¢ Delinquency rates by loan grouping by quarter

e Balance of the defaulted loan and the date of the default

e Proceeds from liquidation of the defaulted loan
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e FICO and combined LTV of the loan at the time of default
e Balance of a prepaid loan and date of the prepayment

The approach a financial institution plans to use to calculate lifetime losses thus affects the way it
accumulates the data. If a financial institution plans to use a discounted cash flow analysis it should
accumulate the information by the loan groups it has identified. We encourage financial institutions to
ensure they thoroughly “scrub their data” to avoid the risk of being whipsawed on CECL estimates due
to changes in loan attributes or credit indicators.

If the financial institution plans to use a roll rate methodology, then it should further divide its loan
groupings by year of origination.

We recognize that other experts are recommending that financial institutions go back only as far as the
expected life of the loan. For example, perform a 3-year lookback for an auto loan with an expected 3-
year life. Wilary Winn strongly counsels against this shortcut because the financial conditions an
organization is currently facing or expecting to face could be quite different than the most recent few
time periods. To accurately predict loan performance, a financial institution must understand how its
loans will perform in “good times and bad.” It thus must have data that includes a significant downturn
in the economy. We believe that the more information a financial institution has, the more defensible
its position to its regulators and external auditors. We believe the more precise the model, the less
pressure a financial institution will have to cushion its allowance for potential modeling error.

How Should a Financial Institution Model Expected Credit Performance?

Wilary Winn believes a financial institution should begin its credit analysis with the factors it believes
are predictive and divide the portfolio accordingly. As we indicated earlier, residential real estate loans
should be divided between first lien and second lien and further divided between fixed rate and
variable rate. HELOC'’s should be modeled separately from closed-end seconds. Loans with balloons
should be modeled separately from those with full amortization. Similarly, auto loans should be
divided between new and used, and further subdivided by direct versus indirect.

In addition, the modeling should be based on the inputs most highly correlated to expected losses. For
example, our research has shown that the performance of residential real estate loans is highly
correlated to FICO and combined LTV. Neither factor alone is nearly as predictive as the two
combined. This makes intuitive sense. For example, a first lien residential real estate loan with a FICO
of 720 and an LTV of 80% would have a very small chance of default. On the other hand, a loan with a
FICO of 720 and an LTV of 150% would have a higher chance of default and a higher loss severity.
Similarly, a loan with a FICO of 550 and an LTV of 150% would have a high chance of default and a high
loss severity whereas a loan with a FICO of 550 and an LTV of 50% would have a much lower chance of
default. Moreover, if it defaulted would have a smaller percentage loss or perhaps no loss at all. The
graph below shows how defaults increased post-recession as FICOs decreased and LTVs increased and
confirms these relationships.
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Average 12 month CDR% by LTV% and FICO
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An example of a CECL calculation for a portfolio of residential real estate loans is attached as Appendix
A. Wilary Winn notes that we run the analysis at the loan level and aggregate the FICO and LTV bands
for ease of presentation only.

As another example, our research has shown that FICO and loan term are predictive of the credit
performance of auto loans. A loan with a FICO of 660 and a term of 84 months will likely perform
worse than a loan with a term of 48 months. Again, this makes intuitive sense, if a borrower is
stretching to buy a car by accepting a longer term in return for a lower monthly payment, their chance
of defaulting is ultimately higher. Moreover, the longer loan term heightens the risk of required
expensive repairs to both used and new cars. In addition, the longer loan term will generally exceed
the drivetrain warranty for a new car. The chart below shows the industry average term at origination
by credit worthiness of borrower.

Average new term

Super prime —%E]ll m Q32014

Prime mQ3 2015
Nonprime
Subprime
Deep subprime
48 60 72 84

~ Source: Experian 3Q2015
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The task of identifying predictive credit factors can seem daunting. Wilary Winn believes that financial
institutions can benefit from the work performed by other industries. For example, we have found
research performed by the major ratings agencies to be quite informative. The rating agencies have
white papers that detail their approach to rating various types of asset-backed securities including
auto loans, commercial and industrial loans, and residential real estate loans. The credit reporting
agencies also offer insights into expected credit performance including quarterly updates. The
advantage that these national organizations have is that they can base their research on extremely
large loan pools.

Using these types of studies as a starting point, we believe the best way to identify predictive credit
factors is to run regression analyses in order to determine correlation rates. Informed by the research
performed by others, Wilary Winn has spent years accumulating loan performance information. We
have run regression analyses and back-tested predicted performance to actual performance.

As an example, when we first started performing our annual analyses of loan portfolios as of December
31, 2008, we projected the average annual loss on first mortgages to be 0.85%. At the time, many of
our clients viewed our estimate as too conservative given that their loss rates in recent previous years
averaged well under this rate. Our clients experienced actual losses of 0.92% in 2009. As shown in the
graph, our predictions for the following two years were nearly identical to the actual results our clients
experienced and far in excess of their annual loss rates prior to 2009. We note that for 2012, we
predicted a loss rate of 1.31% while our clients’ actual losses were 0.76%. Similarly, we forecast a loss
rate of 1.09% in 2013 and the actual loss rate was 0.38%. Our estimate for 2012 was too high because
we did not incorporate the dramatic forecasted increases in home prices into our model in an effort to
avoid whipsawing our results if the increases did not come to fruition. We also capped our housing
price appreciation assumption for 2013 which contributed to forecast again coming in too high. Based
on our back testing, we also recognized that we needed to improve our models in order to better
account for the rapid changes in housing prices. We thus adjusted our models to vector our base
default rate monthly for the life of the loan based on housing price appreciation and loan amortization.
This improvement in our modeling brought our forecasted results much closer to the actuals in 2014

and 2015.
1st Mortgages

1.50%
1.25% M Expected

Annual Loss
1.00% %
0.75%

W Actual

0.50% Annual Loss

%
0.25%
0.00% -

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
Year
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This begs two questions for an individual financial institution that plans to do its own research:
1. How many units have to be in the loan pool in order to be considered statistically valid?

2. If after dividing my loans into predictive categories, | am left with too few loans to be
statistically significant, then how do I adjust the industry wide inputs to reflect my institution’s
specific performance?

How Large Must a Pool be in Order to be Statistically Valid?

To help us answer the first question, we turned to Professor Edward W. Frees, the Hickman Larson
Chair of Actuarial Science at the University of Wisconsin — Madison. (For the sake of relative simplicity,
we will focus on loan defaults only and omit loss given default or loss severity.) The risk of a loan
defaulting is binary - it either does or does not default. In order to determine a required sample size a
financial institution needs to determine the margin of error that it can tolerate and the amount of
confidence it must have in the results.! For illustrative purposes, let us assume we can tolerate a
sampling error of 3% with a 95% confidence level.

Margin for
Error (M) 3%
Confidence
Level (1-ct) 95%
Required Required
Proportion Sample Size Sample Size
0.00 0 1,200
0.05 203
0.10 384
0.15 544 1.000
0.20 683
0.25 300 800
0.30 896
0.35 971 €00
0.40 1,024
0.45 1,056
0.50 1,067 400
0.55 1,056
0.60 1,024 200
0.65 971
0.70 896 0 :
0.75 200 0.00 0.20 0.40 0.60 0.80 1.00
0.80 683 Proportion
0.85 544
0.20 384
0.95 203
1.00 0

1 For readers interested in the statistical math, n equals the required sample size, pi is the probability of default,
M s the tolerance level with a confidence level of 95%. The formulaisn ~ z ,,; n(;_zn)

percentile from the standard normal distribution given the required confidence level.

,where z,, is a
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As the reader can see, the required sample sizes are relatively small when the probability of default
nears highly certain or highly uncertain (1 or 0, respectively).

We can build on this idea by considering binary risks that are grouped into categories. In this next
example, we divide loans into FICO buckets assigning default probabilities from our previous
industrywide research - loans with FICOs of 780 and above have a .03% chance of default while loans
with FICOs below 500 have a 23.06% chance of default.

In statistical parlance, these differing probabilities of default are called proportions. Because we have
differing proportions, we will vary our margins of error in order to derive realistic required sample
sizes.

To help us determine the margins of error by FICO band, we turn the idea of financial statement
materiality. Let us say we have a financial institution with a $500 million of total assets. For the sake of
simplicity, we will assume it has $200 million of fixed rate mortgages and an allowance for loan losses
of 0.25% or $500,000. Using a fifteen percent materiality threshold for the allowance we need to
produce a loan loss estimate that is reliable to plus or minus $75,000. Let us assume an average loss
severity of 23 percent - the rate for FNMA and FHLMC prior to recent financial downturn. We can then
set our margin of error tolerances based on the dollar amount of loans in each FICO bucket, the
number of probable defaults, and the average loss severity.

Materiality Example

500,000,000 AssetSke
200,000,000 Fixed Rate Mortgages
250,000 Average Loan Seze
800 Numberof Loans in Portfolio

75,000 Materialty Threshold
mMargin tor

Erroras a Estimated #
Number of Proportion / Estimated  Materiality Confidence Proportion Margin for Required of defaulted
FICO Balance Balance % Loans CDR% Severity Loss Amount Threshold Level (1-a) (M=) Error (M) Sample Size loans
780+ 99,397,279 49.70% 398 0.03% 23% 6,858 12,002 0.95 1750 0.05% 4,180 1
720-779 63,208,279 31.60%' 253 0.10% 23% 14,685 14,685 0.95 1.000 0.10% 3,799 4
660 - 719 24,670,661 12.34%- 99 0.64% 23% 36,587 14,635 0.95 0.400 0.26% 3,700 24
620 - 659 5,852,054 2.93%- 23 451% 23% 60,687 12,137 0.95 0.200 0.90% 2,034 92
500 - 619 6,541,771 3.2?%' 26 13.73% 23% 206,648 19,632 0.95 0.095 1.30% 2,673 367
under 500 329,957 D.lﬁ%' 1 23.06% 23% 17,498 1,750 0.95 0.100 2.31% 1,282 296
200,000,000 100.00% 800 0.75% 23% 342,964 74,841 0.95 0.16% 17,668 783
250,000 Estimated Average Balance 75,000 Materiality Threshold
800 Estimated Count of Loans

17,668 Required Sample Size

In this case, we can see that the financial institution has an insufficient number of loans in its portfolio
to be able to derive a statistically valid result. The required sample size is 17,668 loans in order for our
expected credit loss estimate for the portfolio to be within $75,000 and the financial institution has
just 800 loans. As a result, it will need to rely on information derived from larger pools. We can also
see that our example financial institution does not have sufficient information in the lower risk FICO
groupings - the areas with the greatest potential risk. For example, to be statistically accurate a
financial institution would need 3,700 loans in the 660-719 group for which we would expect 24
defaults. Our sample financial institution has just 99 loans in this cohort. We believe that this data
shortfall for lower quality loans will continue as we continue to move forward into the future from the
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financial downturn. Nevertheless, we want to incorporate the financial institution’s actual
performance into our loss estimates.

Before we show how that can be done, we note that this table is highly simplified and that a minimum
we would want to have historical performance data based on FICO and combined LTV, similar to
Appendix A. This reinforces the need for larger data pools because slicing the groupings again
obviously results in fewer loans per predictive indicator.

How Do | Incorporate My Financial Institution’s Performance?

To help us with the second question of incorporating a financial institution’s actual results, we again
turned to Professor Frees and we can again learn from another industry. The insurance industry
addresses the issue with a concept called “credibility theory”. The idea is to blend a financial
institution’s loss rates with industry-wide loss experience. There are many varieties of credibility
theory that can be used depending on company expertise and data availability. One variety is
"Bayesian credibility theory" that employs statistical Bayesian concepts in order to utilize a company’s
understanding of its business and its own experience.

We will use the 500-619 FICO group for our example. Assuming the average loan size for this cohort is
also $250,000, we have 26 loans in the group. To estimate our sample size, we used an industry
average default rate of 13.73% for the group and our required sample size was 2,673 loans. We
assume that 367 of the 2,673 loans in the group will default. To continue our example, let us assume
that the financial institution’s actual recent default experience was 49.68% for this FICO cohort. While
it first appears that the financial institution’s default probability is worse than the industry average,
this could also be due to chance variability. To avoid this potential outcome, we want to incorporate
the financial institution’s actual performance into our CDR estimate in a statistically valid way. To do
this, we want to be 95% confident that our estimate is within 9.5% of the true default probability,
consistent with our required sample size inputs.

Credibility estimators take on the form:
New Estimator = Z x Company Estimator + (1 - Z) x Prior (Industry) Estimator

Although there are many variations of this estimator, most experts express the credibility factor in the
form:

Z =n/(n+k)

for some quantity k and company sample size n. The idea is that as the company sample size n
becomes larger, the credibility factor becomes closer to 1 and so the company estimator becomes an
important in determining the final “new estimator.” In contrast, if the company has only a small sample
n, then the credibility factor is close to 0 and the external information is the more relevant
determinant of the final “new estimator.”

1
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For our example, using some standard statistical assumptions, one can show that:
k=4/(L"2 * Prior Estimator)

Here, "L" is the proportion desired (9.5% in our example, margin for error as a proportion or M/ in
our prior example notation). Our prior estimate for defaults (“CDR” or proportion) for this band was
13.73%.

To continue, this is k= 4/(L"2 * Prior Estimator) = 4/(9.5"2 * 0.1373) = 3,228. With this, we have the
credibility factor Z = 26 /(26 + 3,228) = 0.80%

Our final CDR estimate for the 500 to 619 FICO band is equal to our company input (49.68% * 0.80%)
+(1-0.80%) *13.73% or 14.02%. We have thus incorporated the financial institution’s performance
in this loan category into our CDR estimate in a statistically valid way deriving a lower estimate than if
had we the institution’s actual results only.

How Does a Financial Institution Incorporate Current Economic Conditions -
Which is Required by the Standard?

This can be done in many ways. If a financial institution is using static pool analyses, it can compare
today’s economic conditions to past time periods when conditions were similar. The largest constraint
here is to ensure that underwriting conditions and other factors are similar.

Wilary Winn believes the discounted cash flow estimate offers a better and more reliable alternative.
Many financial institutions are already obtaining refreshed FICO scores and updated estimated
appraised values (AVMs) as part of their loan portfolio monitoring and managing processes. Wilary
Winn believes these updated inputs are very good indicators of current economic conditions and are
predictive of future performance.

How Does a Financial Institution Include Forecasted Changesin
Macroeconomic Conditions — Again Required by the Standard?

This can also be done in several different ways. Those using static pools could adjust their loss rates
using techniques similar to the environmental and qualitative processes used today. A financial
institution is essentially making a top-down adjustment.

Wilary Winn believes the use of a discounted cash flow analysis allows for a bottom-up and therefore
more reliable approach. For example, when we are modeling the performance of residential real estate
loans, we begin with an updated combined LTV based on a recent AVM. To include short-term changes
in housing prices, we utilize forecasts by MSA. Longer term, we incorporate the forecasted change in
national housing prices. In this way, we incorporate short-term changes with which we have more
certainty with a national forecast that is driven by forecasted economic conditions and historic
performance. We use these estimates to change our loss severity estimates. Our models also include a
dynamic default vector that is tied to forecasted changes in housing prices. We change our rate of
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default based on changes to the estimated LTV given normal amortization, curtailments, and changes
in housing prices. In this way, we are adjusting our loss estimates based on macroeconomic forecasts.

Another example of a bottom-up approach is the modeling of auto loans. Our research shows that the
performance of auto loans is highly correlated with changes in the unemployment rate. We can thus
dynamically change our base default vector based on the short-term forecasted unemployment rate in
our client’s geographic footprint. We combine this with the forecasted change in the national
unemployment rate given less certainty as our estimates go further into the future.

These are two examples of many possibilities a financial institution could utilize depending on what it
learns from its correlation research. Because actual and expected changes in macroeconomic
conditions must be include in the CECL determination, we encourage financial institutions to carefully
consider how they will incorporate these factors in order to avoid whipsaws in loss estimates.

Can | Use the CECL Information to Better Manage My Financial Institution?

Many would argue that these bottom-up approaches, while more predictive, are more work than more
simplified vintage analyses to generate estimates for the allowance.

Wilary Winn heartily agrees and believes that that the more robust analyses make sense only when a
financial institution plans to use them to better manage its business. For example, we believe that a
thorough understanding of credit indicators and conditions can lead to more sophisticated risk-based
pricing and greater profitability. We further believe the knowledge gained through these analyses can
be used to develop robust stress tests for capital resulting in better and safer capital allocations. We
note that if a financial institution plans to incorporate its CECL analyses and into risk-based pricing
and capital stress testing, that it consider lowering the error thresholds and increase its sample sizes,
thus relying on more industrywide inputs.”

How Can Wilary Winn Help Me With CECL?

We can help you ready your institution in several ways.

At a minimum, we can estimate the effect that CECL will have on your Allowance for Loan and Lease
Losses, based on the FICO and LTV information you have available, using the discounted cash flow and
statistical techniques we have described in this paper.

We currently provide our ongoing ALM clients with a CECL compliant estimate of loan losses each time
we run their analyses.
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Wilary Winn has recently been engaged by several of our clients to combine our life-of-loan credit and
prepayment forecasts with concentration risk and capital stress testing analyses. We believe these
engagements represent the most powerful use of our analytical models.

Wilary Winn believes that excessive concentrations in type of assets or liabilities can lead to credit,
interest rate and liquidity risk. Most concentration risk policies that we have seen address interest rate
risk. Wilary Winn believes that while interest rate risk related to concentration is important, we
believe credit risk is the most critical because excessive concentrations of credit have been key factors
in banking crises and failure. As we analyze loan portfolios, we are not addressing the traditional
concentration risk arising from large loans to a few borrowers. We are instead addressing the risk that
“pools of individual transactions could perform similarly because of a common characteristic or
common sensitivity to economic, financial or business developments.”?2

We first perform data mining to identify concentrations in investments, loans, and deposits
recognizing that the risk can arise from different areas and can be interrelated. For example, a financial
institution could have an indirect auto loan portfolio sourced from a limited number of dealers.
Understanding the percentage of the portfolio arising from each dealer and their relative credit
performance (FICO and delinquency) would be important in understanding and managing credit risk.
As another example, a financial institution could have a geographic concentration of residential real
estate loans making it vulnerable to a downturn in real estate prices in a particular area. An example of
interrelated risks would be an institution with a concentration of long-term residential real estate
loans and a relatively large portfolio of agency mortgage-backed securities. It would have credit risk
from the loans, and heightened interest rate risk from the combination of the loans and the securities.

Based on the concentrations we identify, we perform credit, interest rate and liquidity stress testing in
order to help our client refine its existing concentration risk thresholds. The updated concentration
thresholds are based in large part on the effect these stress tests have on the financial institution’s
level of capital. We believe that an additional benefit of this work relates to risk-based pricing and
more efficient use of capital.

2 0CC Comptrollers Handbook - Concentrations of Credit
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Gross Gross
Principal # of Avg Avg Avg Loss Future Principal Discount CECL
Balance Loans FICO LTV* WAC Age WAM Life CPR% CRR% CDR% Severity% Loss % Losses Rate Amount

Fixed Rate Mortgage Current 780+ under 50% 29,871,351 119 816 34% 52% 111 178 3.4 15.41%  15.38% 0.03% 0.00% 0.0% - 5.2% -

Fixed Rate Mortgage Current 780+ 50% - 75% 28,592,097 114 814 62% 52% 101 240 5.0 14.77%  14.74% 0.03% 10.16% 0.0% (4,379) 5.2% (3,200)
Fixed Rate Mortgage Current 780+ 75% - 100% 25,890,546 104 811 85% 59% 99 252 4.2 17.57%  17.53% 0.04% 15.02% 0.0% (7,215) 5.9% (5,452)
Fixed Rate Mortgage Current 780+ 100% - 120% 9,048,963 36 799  105% 51% 74 339 7.7 10.74%  10.67% 0.07% 15.58% 0.1% (7,194) 5.1% (5,509)
Fixed Rate Mortgage Current 780+ 120% - 150% 3,695,130 15 817  124% 4.0% 85 245 10.7 5.32% 5.21% 0.11% 20.87% 0.2% (8,782) 4.0% (7,274)
Fixed Rate Mortgage Current 780+ over 150% 2,299,192 9 824 174% 3.5% 75 285 9.7 4.24% 4.00% 0.24% 36.44% 0.8% (19,431) 3.5% (16,747)
Fixed Rate Mortgage Current 780+ 99,397,279 398 813 68% 5.3% 100 235 4.9 14.73%  14.69% 0.04% 17.80% 0.0% (47,001) 5.3% (38,181)
Fixed Rate Mortgage Current 720 - 779 under 50% 15,651,961 63 745 37% 57% 110 194 3.7 16.66%  16.61% 0.05% 0.00% 0.0% - 5.7% -

Fixed Rate Mortgage Current 720 - 779 50% - 75% 9,899,672 40 748 61% 53% 96 249 4.7 15.42%  15.37% 0.05% 10.00% 0.0% (2,529) 5.3% (1,895)
Fixed Rate Mortgage Current 720 - 779 75% - 100% 28,360,902 113 756 87% 5.6% 102 265 5.0 16.07%  15.96% 0.11% 14.76% 0.1% (21,220) 5.6% (16,112)
Fixed Rate Mortgage Current 720 - 779 100% - 120% 5,920,856 24 745  104% 53% 67 356 7.1 11.58%  11.42% 0.16% 15.38% 0.2% (10,173) 5.3% (7,810)
Fixed Rate Mortgage Current 720 - 779 120% - 150% 1,776,257 7 738  131% 43% 96 264 115 4.50% 4.24% 0.25% 21.76% 0.6% (11,232) 4.2% (9,126)
Fixed Rate Mortgage Current 720 - 779 over 150% 1,598,631 6 734 168% 4.4% 54 306 6.9 4.72% 4.00% 0.72% 39.03% 1.9% (30,369) 4.4% (26,119)
Fixed Rate Mortgage Current 720 - 779 63,208,279 253 750 75% 55% 98 255 5.0 15.08%  14.97% 0.11% 19.24% 0.1% (75,523) 5.5% (61,062)
Fixed Rate Mortgage Current 660 - 719 under 50% 3,358,794 13 686 3% 5.6% 107 166 4.4 12.73%  12.52% 0.21% 0.00% 0.0% - 5.6% -

Fixed Rate Mortgage Current 660 - 719 50% - 75% 7,647,288 31 695 60% 52% 94 252 48 11.77%  11.56% 0.21% 10.00% 0.1% (7,834) 5.2% (5,589)
Fixed Rate Mortgage Current 660 - 719 75% - 100% 7,030,527 28 704 88% 5.5% 107 246 6.1 11.77%  11.30% 0.47% 14.87% 0.4% (29,623) 5.5% (22,802)
Fixed Rate Mortgage Current 660 - 719 100% - 120% 4,431,182 18 687  113% 5.8% 102 271 6.4 1227%  11.10% 1.17% 16.84% 1.2% (54,578) 5.8% (42,195)
Fixed Rate Mortgage Current 660 - 719 120% - 150% 1,163,980 5 710 125% 4.4% 107 253 9.9 5.23% 4.08% 1.15% 20.06% 2.3% (26,256) 4.4% (21,343)
Fixed Rate Mortgage Current 660 - 719 over 150% 1,038,890 4 694  165% 5.0% 101 259 10.6 6.49% 4.00% 2.49% 29.13% 7.4% (76,956) 5.0% (60,702)
Fixed Rate Mortgage Current 660 - 719 24,670,661 99 696 82% 5.4% 102 242 5.9 11.46%  10.86% 0.60% 19.01% 0.8% (195,248) 5.4% (152,632)
Fixed Rate Mortgage Current 620 - 659 under 50% 146,022 1 648 34% 4.8% 110 168 5.1 11.14%  10.14% 1.00% 0.00% 0.0% - 4.8% -

Fixed Rate Mortgage Current 620 - 659 50% - 75% 570,851 2 644 58% 5.6% 105 229 5.5 1241%  11.35% 1.06% 10.00% 0.6% (3,267) 5.6% (2,310)
Fixed Rate Mortgage Current 620 - 659 75% - 100% 1,253,391 5 642 93% 6.5% 86 257 6.0 12.80% 9.53% 3.28% 15.01% 2.8% (34,878) 6.5% (25,605)
Fixed Rate Mortgage Current 620 - 659 100% - 120% 1,623,203 6 641  105% 51% 86 308 8.2 10.08% 6.34% 3.92% 15.63% 4.5% (73,482) 5.1% (55,663)
Fixed Rate Mortgage Current 620 - 659 120% - 150% 612,217 2 631  138% 4.4% 104 256 8.2 9.68% 4.00% 4.80% 23.04% 9.9% (60,578) 4.4% (49,011)
Fixed Rate Mortgage Current 620 - 659 over 150% 1,646,368 7 644  156% 5.6% 108 271 7.4 11.03% 4.00% 7.00% 27.60% 12.9% (211,913) 5.6% (163,931)
Fixed Rate Mortgage Current 620 - 659 5,852,054 23 642  114% 55% 96 270 7.2 11.14% 6.70% 4.39% 21.66% 6.6% (384,119) 5.5% (296,520)
Fixed Rate Mortgage Current 500 - 619 under 50% 376,384 2 601 34% 5.5% 136 208 4.9 12.32% 4.76% 7.55% 0.00% 0.0% - 5.5% -

Fixed Rate Mortgage Current 500 - 619 50% - 75% 519,624 2 596 63% 52% 93 245 6.4 12.69% 4.64% 8.04% 10.00% 4.6% (24,121) 5.2% (17,604)
Fixed Rate Mortgage Current 500 - 619 75% - 100% 868,579 3 590 87% 5.6% 102 238 6.3 15.20% 4.09%  11.10% 15.00% 9.0% (77,954) 5.6% (56,980)
Fixed Rate Mortgage Current 500 - 619 100% - 120% 1,499,442 6 518 113% 5.0% 99 261 6.2 17.72% 4.00%  13.72% 16.77% 11.7% (175,970) 5.0% (134,664)
Fixed Rate Mortgage Current 500 - 619 120% - 150% 1,586,299 6 596  122% 6.4% 95 265 5.7 18.12% 4.00%  14.12% 20.66% 13.8% (219,201) 6.4% (163,620)
Fixed Rate Mortgage Current 500 - 619 over 150% 1,691,443 7 590  153% 5.0% 118 242 4.9 22.97% 4.00%  18.97% 31.35% 23.0% (389,564) 5.0% (324,120)
Fixed Rate Mortgage Current 500 - 619 6,541,771 26 584 92% 55% 105 250 5.7 18.13% 411%  14.02% 16.94% 13.6% (886,810) 5.5% (696,988)
Fixed Rate Mortgage Current under 500 under 50% - - - 0% 0.0% - - - 0.00% 0.00% 0.00% 0.00% 0.0% - 0.0% -

Fixed Rate Mortgage Current under 500 50% - 75% - - - 0% 0.0% - - - 0.00% 0.00% 0.00% 0.00% 0.0% - 0.0% -

Fixed Rate Mortgage Current under 500 75% - 100% - - - 0% 0.0% - - - 0.00% 0.00% 0.00% 15.06% 0.0% - 0.0% -

Fixed Rate Mortgage Current under 500 100% - 120% 329,957 1 474 103% 56% 94 303 4.6 27.15% 4.00%  23.15% 15.91% 12.6% (41,592) 5.6% (32,485)
Fixed Rate Mortgage Current under 500 120% - 150% - - - 0% 0.0% - - - 0.00% 0.00% 0.00% 21.58% 0.0% - 0.0% -

Fixed Rate Mortgage Current under 500 over 150% - - - 0% 0.0% - - - 0.00% 0.00% 0.00% 35.02% 0.0% - 0.0% -

Fixed Rate Mortgage Current under 500 329,957 1 198 43% 56% 94 303 4.6 27.15% 4.00%  23.15% 19.42% 12.6% (41,592) 5.6% (32,485)

Total Fixed Rate Mortgage 200,000,000 800 707 82% 5.4% 100 243 5.2 14.46%  13.71% 0.76% 19.15% 0.8% (1,630,293) 5.4% (1,277,868)
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