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Economic Volatility
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Annual Corporate Default Rates have Risen

Default Rate (Historical)
10 yearly cohorts (each 1 year long), not withdrawal adjusted
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Forward-looking Default Risk is Going up in Many Industries
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Median market-based default probability for US Industries
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Banks are Pulling Back on Credit

» For the first time since 2010 banks’ increased their downgrades

» Upgrades at lowest level since 2010
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Challenges in Credit Risk

Management
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What credit risk challenge(s) keeps you up at night?

R B
uality
Availability Systematic

Framework
Different Comprehensive
Approaches Assessment
Standardized Strong Cc:)hrglzlanization
Process Model ghz?]%iss =
Ongoing
Monitoring Iy Global Risk
Challenges
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Assessing Counterparty Credit Risk

Typical Analysis

&ﬁ& 202 A|:,~/ : e

Evaluate
potential Perform sector Determine Set credit limits Monitor
customer analysis credit score and terms exposures
Common Challenges
Absence of a Insufficient data on Lack of peer, industry Ineffective risk
standardized process public & private firms and regional insight monitoring system
Mooby’s o
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Where are the risks associated with counterparties?

Risk

Limit Setting Deterioration

Counterparty Risk

Underwriting

Risk Vendor Risk

Risk-based
Pricing
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What are the consequences of credit risk?

Miscalculation of Unforeseen
Capital Reserves Damages
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Key Requirements for an Effective
Credit Risk Framework

Risk Models

» Consistency Risk Analysis
» EﬁICIency AP(?er_
nalysis
» Transparency carly
Warning
Monitoring

» Accuracy

Reporting

MOODY’S 12
ANALYTICS



Challenges in Corporate Credit Risk Management

Data Quality &

Availability

v
~ N\

What is the data
quality?

 Limited up to date
data and ongoing
availability

« Data captured at
origination may not
be complete for
ongoing data analysis

« Data management is
important for
historical and forward
looking analysis

Standardized
Processes

How to minimize
errors?

Storing data in a single
system of record for
consistency
Improving operational
controls by
standardizing credit
policies

Setting up workflow
processes to ensure
systematic origination
processes

Credit Risk
Models

] ‘oluo‘o. ]
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What are the most
effective credit risk
tools?

 Using the best model
not just any model

 Improve credit
decisions with
accurate and
predictive risk models

» Leveraging risk
models for
underwriting and
ongoing monitoring of
counterparty risk

Ongoing
Monitoring

How to manage
counter-party risk?

 Early warning indictor
of risk deteriorations

» Dashboard reports
showing borrower risk
migration

 Setting limits and
pricing based on risk
levels

Other Risk

Drivers

What other factors
should be taken into
consideration?

» Understand
unexpected shifts that
provide additional
transparency

* Incorporate qualitative
factors for a
comprehensive
analysis
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What does a comprehensive credit risk model do?

It helps measure what you stand to lose
with default and recovery risk measures.

EL=PD xLGD x EAD

Expected Loss Probability of Loss Given Exposure at
Default Default Default

which means:

ﬂNhen I lend you money,\ / \ /

... how much am | likely
the amount of money | . ;
. ... how likely you are to to lose once you go into
could potentially lose

depends on three things go info default default

e N

... and what you're still
going to owe me when
you go into default

i i
$45K 3% 30¢ | $5MM

likelihood on the dollar of the $10MM

kﬁ k k k | originally lent you
Expected Loss Probability of Loss Given Exposure at
Default Default Default
p
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ldentifying a good credit risk model
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Common types of credit risk models available

Typical Analysis

® I e
i9s v A%
T Ly
Evaluate

potential Perform sector Determine Set credit limits Monitor
customer analysis credit score and terms exposures

Common Challenges

Absence of a Insufficient data on Lack of peer, industry Ineffective risk
standardized process public & private firms and regional insight monitoring

Counterparty Credit Risk Models
Credit Agency Ratings Financial statement-driven Market-driven
(through the cycle) (pointin time)

PROS: CONS: PROS: CONS: PROS: CONS:
-thorough -lagging indicator -transparent -backward looking  -Forward looking  -Volatile
-widely -labor intensive -consistent -updated only with  -Very reactive -requires external
understood -subjective -intuitive new statements -Very predictive data
-long track record  -for rated firms -Wide coverage
Mooby’s 16

ANALYTICS



A good counterparty credit risk solutions utilizes the
best aspects of all available approaches

Typical Analysis

® J 00 i A
igs a2
~
ate
'erform sector et credit limits

Common Challeng

data on Lack of
ate firms and regi

Counterparty credit Risk Models

Credit Agency Ratings Financial statement-driven Market-driven
(through the cycle) (pointin time)
PROS: CONS: PROS: CONS:
-thorough -lagging indicator -Forward looking  -Volatile
-widely -labor intensive th  -Very reactive -requires external
understood -subjective -Very predictive data

-long track record  -for rated firms -Wide coverage
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Actual default rates versus rating types for test portfolio

6% -
4% -
2%
0% - : : : : : : : : : : : : : :
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013
Observed Default — Average Market- —a— Average Financial Stmt-
Rate Based Rating Based Rating

» Financial statement-based ratings offer a stable underwriting metric

» Market-based model predicts default very well
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Case Study: Sabine and Forest Oil merger

THE WALL STREET JOURNAL. ';
?f;;)ine Oil & Gas Files for' Bankruptcy ;
Houston-based company hopes to reach deal with its creditors on plan to restructure balance sheet ?

What we knew in 2014.. e

Sabine Oil and Gas L, ﬂmwf;ﬂww“MW*M\‘MWWXr_w\ J»‘;

» Privately held (market-driven model won't work)

Forest OiIl

» Publically traded [NYSE:FST] (market-based model available)

Merger announced in May 2014

» New Company to be called “Sabine Oil & Gas Corporation”

» Traded under [NYSE: SABO]

Then...

Sabine Oil & Gas Corp files for bankruptcy in July 2015

Mooby’s 19
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Sabine Oil
financial statement assessment
benchmark to agency rating

SABINE OIL & GAS CORP (Sector mining)

Statement Date 12/01/2013
Current Date 03/01/2014

EDF Mode FSO

* EDF

1-Year
Expected Default Frequency
(EDF) B.46%
Bond Default Rate Mapping Ca.dyn
Percentile 92.86%
Credit Opinion: Sabine Oil & Gas LLC
Global Credit Regearch - 13 May 2014
SABIME OIL & GAS CORP (Sector mining)
Houstan, Texas, United States
Statement Date 12/01/2014
Current Date 03/01/2015
EDF Mode FSO Ratings
* EDF Category Moody's Rating
Cutlook Rating(s) Under Review
1-Year Corporate Family Rating *B3
Sr Sec Bank Credit Facility *Caal/LGD4
Expected Default Frequency Senior Unsecured *Caa2/LGDE
(EDF) Lo Speculative Grade Liquidity SGL-3
Bond Default Rate Mappi C.d ) .
ond Derault rate Happing ) * Placed under review for possible upgrade on May &6, 2014
Fercentile 95.75%

b}
Mﬂﬂg‘(s Source: RiskCalc and Moody’s.com 20



Forest Oil
market-based model has quick reaction to credit risk
a leading indicator of downgrades and default
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Checking the boxes for a good Credit Risk Model

Characteristics of Good Candidate Risk Factors

Able to distinguish defaulters from non-defaulters (i.e., “action” in the underlying
data sample)

Clear, objective, and uniformly understood

Capable of being assessed in a reasonable timeframe using accessible,
consistently available data

Possessing unique information value (i.e., non-duplicative, non-correlated)

Supported by intuition and general business sense

Measurable and verifiable (using historical data at some point in future)

Mooby’s
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Putting a credit model into practice
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How are credit risk scores used?

They are used in a common and consistent
language across the firm — a Master Rating

5 3%
C -
2 0% suppliers |—
©
> 0 I
c 2% B wholesale
(2]
8 20% _
o B retail
S 15%
T 10%
et
) 5%
a
0% :
Aaa Aa A Baa Ba B Caa Ca C D
Rating Scale

A Master Rating Scale helps ensure the interpretation of risk is consistent
»> Across the firm (front to back office) globally
»> Across segments (portfolios)
»> Qver time as underwriters and analysts change
» Provides a good distribution for credit risk

Mooby’s 04
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Credit Scores have many uses

»

»

»

»

»

»

»

»

Pre-qualification

Deal approval

Exposure loss estimation
Risk-based pricing

Limit Setting

Reserve estimation

Risk monitoring

Peer Comparison

Underwriting Pricing Limit Setting

Zero Limits
Ca

Low Limits

Caa

Ba

Baa

Aa

Aaa

MoobDy’s
ANALYTICS
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Credit Risk Management Best Practices

» Granularity | » Extensive sample pool of data

Increases the power to diversify the risk
between similar credits

Ongoing Monitoring & Early Warning
Signal

Detects credit deterioration by combining
relevant data and rank orders risk well

Assessment of Risk Drivers

Relative contributions and sensitivity
measures provide an understanding of the
risk drivers by providing transparency

Benchmarking

Benchmark an obligor to the sample pool
and/or other firms in the portfolio or peer
groups by industry and asset size

Comprehensiveness

All encompassing qualitative, probability of
default, recovery analytics solution that can
be accessed across your organization

Comprehensive asset class data
including financial statements and
defaults from Moody’s Analytics Credit
Research Database

Transparency

Documented approach, clear
methodology, consistent inputs and
outputs

Empirically Validated

Sufficient data to separate development,
validation samples and ongoing model
performance

Accuracy Importance
Model has good “power”, high quality of
credit ratings differentiation

Forward Looking
Accounts for effects of Credit Cycle by
Industry and Market Performance

Mooby’s
ANALYTICS
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Building a scorecard from scratch
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Desired end-state: a scorecard which blends
empirically-derived risk measures with expert judgment

Example Quantitative Factors Example Qualitative Factors

Quantitative Model Qualitative Overlay

Liquidity Market Share
Profitability Diversification
Debt Service Coverage Mgmt Experience
Leverage Supplier Pressure
......... L Qualitative Score
Quantitative PD% (0-100)
v
Total Score
A 4
= Borrower
- 1 0.08%
%— Ratin g ?
2 0.30%
@)
T 3 0.67%
= Rating- 4 0.98%
LL .
Implied PD 5 1.58%
b)
Mooby’s 28
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First step: appropriately segment your portfolios for risk
measurement purposes

General considerations for The portfolio should be divided

segmentation include: into segments that share
common risk characteristics

» Sector
» Size (i.e., total assets or net sales)

» Ownership type (private vs. public
ownership)

» (Geography (country)
» Segment materiality A

N A \A
» Data availability N QA‘A-

MOODY’S 29
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Once the portfolio has been segmented, there are
fundamental decisions to be made about the scorecards

1. How many scorecards?

m

Accuracy, Efficiency/
Stability and Maintenance
Consistency

Flexible, Easy to
Manage, Cost Effective

2. How customized? High Cost Effective, Quick

Delivery, Easy to Deploy

\/

Degree of
Customization

Low
Standardized, Leveraged Fully
ngf the Shelf and Tailored Customizeq
. Statistically driven
3. MOdelmg ApproaCh Expert opinion input
Purely Judgmental v Purely Empirical
EXPERT HYBRID QUANTITATIVE
Mooby’s 30
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Once you have decided on the approach: you must
Identify quantitative and qualitative factors to evaluate

Subject Matter Existing Rating Agency : .
. Brainstorming
Experts Precedents Methodologies
» Lenders » Vended models » Sector-focused » White-boarding
» Underwriters » Documented me_thodolc_)glf_es and Sessions
. ratings criteria

| ¢ academic models, » Surveys

> Investors frameworks,

» Loan file reviews

» Credit checklists,
Administrators policies, etc. » Workshops
» Loan Reviewers » Existing model

) override reasons
» Equity Analysts

MoobDy’s
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Moody'’s follows a well-established process when
developing a risk rating scorecard

Quantitative

Component

DEE
Preparation

Single
Factor
Analysis

Multi-Factor
Analysis

Financial
Model
Selection

Preliminary

Identify
Candidate
Qualitative

Gather
Expert
Feedback

Collect
Qualitative
Factor Data

Analysis
and
Selection of
Qualitative

Scorecard Validation

Calibration

Qualitative
Component

Factors Factors (=T

Scorecard

MoobDy’s 32
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Example of Single Factor Analysis — Probability of
Default

Liquidity Ratio Leverage
High High
O
(] - °
T ©
3 3
£ D
S ©
- o
3 2
< 5
8 0
Q0
o]
o) O
Low Low
Low Percentile High Low Percentile High

Each level of aratio is associated with a different default rate, and their weights are chosen to
maximize the fit between predicted default rate and observed default rate in the database

Example: If the Liquidity ratio for a firm is in the 70t percentile that means that 70% of the sample had a lower
Liquidity ratio than that firm

MOODY’S 33
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Once a scorecard is developed, it is important to test its
accuracy and stability through validation

» Validation is the process of rendering a statistically derived
conclusion about the usefulness and reliability of a scorecard

Wh_at df)eS » Validation makes use of historical data to determine whether
validation or not the scorecard is robust

' ? : : . .
involve® » Validation answers important questions about the accuracy

and stability of the scorecard as a decision making tool

» Validation ensures that the scorecards are at least as good as
an industry benchmark

Why is

validation continue and expand to more and more industries
Important?

» Regulators increasingly expect it — this trend is expected to

» Validation can also help ensure that strong borrowers are not
turned away — and weak borrowers are not extended credit

MOODY’S 34
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Use the most accurate model,
not a model that is “good enough”

1. Accuracy - Measures the likelihood of an expected outcome

2. Power- A accurate model should rank order risk correctly by using
meaningful and predictive inputs

3. Validation - Measuring Model Performance

Assume 100 companies were rated one year ago and ten of those
companies defaulted.

How good is your model? How much did you or could you lose?

Measuring Power — A Good Model
Companies That Defaulted

Measuring Power — A Random Model (bad)

Companies That Defaulted

Companies in Rank Order Companies in Rank Order

MoobDy’s
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]
Measuring Power - a“Power Curve”

4—— Modd underoonddsraion

d——Fandam mods

Ferce nl o [0 e faullers Excld e

Bocuracy Ratio= BJ [+ B]

e 1M e L e Sk i T s e 1Tt
PerEnloT sample exduded
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There is no “one-size-fits-all” approach for effective ratings,
but there are common attributes

Attributes of Deficient Ratings Attributes of “Best Practice” Ratings
» Too few risk grades and / or excessive » Universal, consistent and uniformly
concentration in just a few risk grades applied risk grades serving as common

_ _ _ language across institution (e.g., EL)
» Lack of consistent risk grading

approach across portfolios (e.g., a “4” in » Risk grades mapped to quantified
CRE does not present the same risk as a absolute risk parameters (e.g., PD)
“4” in C&l)

» Sufficient granularity across the master
» Inconsistent interpretation or unclear rating scale

definition across internal risk grades _
» Calibrated to observed or benchmarked

» Lack of clear written policies describing experience

what each risk grade actually means _ o
» Grades assigned based on objective

» Failure to decompose risk into key (measurable) versus subjective criteria
drivers — separating borrower risk from _ _ _
facility risk » Actionable and applicable to other credit-

related activities
» Lack of independence across those who
assign ratings and those who use ratings

MOODY,S 37
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APPENDIX

Examples of Risk Rating Models
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RiskCalc — Financial Statement Driven Model with
Forward Looking Credit Cycle Adjustment

MOODY'S ANMALYTICS Welcome rasalesxml| | Log Out | ContactUs | Help | T
| RiskCalc v
Calculation PR Its: US 4.0-Corporat
Peer Analysis l Edit Calculation J l Qualitative Overlay ] e N ey
Batch 1-Year 5-Year il =
litative Owverl
LR Y Expected Default Frequency 2.34% 14.56% Cumulative EOF Forward EDF Term 1-Year Min/Max
(EDF) Term Structure Structure CCA EDF
Downloads Bond Default Rate Mappi Ba3.edf B2.edf
and Letault Kate Happing a-.8 = 1-Year Min/Max CCA EDF
Research Percentile 73.51% 82.87% 40% =
N . . o
Settings Organizational Rating Yellow 25% }"'\EX=1U-53“"= E
10% Caz.edf L
=]
EDF 1-Year 2-Year 3-Year 4-Year 5-Year 3% B2.edf @
2.5% L
Cumulative 2.34% 5.21% 8.26% 11.40% 14.56% . - BaZ.edf &
L 1% min:1.86% 5
Forward 2.34% 2.94% 3.22% 3.42% 3.57% w : . o
Bezedt £ .
Annualized 2.34% 2.64% 2.83% 2.98% 3.10% maledl = £
0.1% Al.edf 2
-
Statement Aaz.edf _E‘
Date n
0.01% - Aza.edf @
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
Year -
©Copyright 2013 Moody's Analytics
¥ RATIOS
Relative Contributions Relative Sensitivities
Percentile Ratios or Level
1-Year 5-Year 1-Year 5-Year
Current Liabilities / Sales 16.32% 12.04% 0.00% 0.00% 96.93% §2.235
Inventory / Sales 9.85% 13.33% 17.44% 28.27% 99.52% 45,450
Change in WC Ower Sales 1.54% 1.33% 27.88% 28.79% 88.41% 5.626
EBITDA / Interest Expense -15.78% -12.60% -22.86% -21.88% 84.07% 1,895.238
Sales Growth -2.13% -5.58% 1.93% 6.05% 51.60% 5.687
Change in ROA -9.77% -7.73% -65.62% -62.93% 47.54% -0.474 |
© 2013 Moody's Analytics, Inc, and/er its licensors and affiliates, All rights reserved,

Mooby’s
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RiskCalc data source: the Credit Research Database

south Africa 2-2015 111 849 5,749 1080-2014 375,144 1083-2015 10892015
africa 111 849 5,749 375,144
sustralia 4-2006 31577 2,715 1057-2002 102,276 1080-2002 1986-2002
china 7-2015 889,151 4,852 2003-2015 1,452,213 2000-2014 2003-2014
ndia 13-2014 20,380 - - 65,315 1090-2013 -
Japan 4-2013 320,164 25,503 1990-2012 1,762,130 1082-2012 1983-2012
paalaysia 6-2012 16,666 222 2002-2011 58,262 1030-2014 1000-2010
singapore 2-2015 5,844 127 2003-2015 37,616 1092-2014 1008-2014
South Korea 3-2007 145 237 25,883 1852-2005 541,388 1094-2005 10042005
asia Pacific 1,420,029 59,302 5,019,200
Austria 4-2015 75,845 10,025 1080-2014 202,509 1089-2014 10892014
Belgium £-2015 558,067 21,096 1842-2015 5,275,625 1091-2015 1091-2014
Danmark 1-2015 318,705 E8,797 1971-2014 1,335,168 1096-2014 1006-2014
Estonia 1-2015 113 488 7,240 2006-2014 453,217 2001-2014 2006-2014
Finland 1-2015 195,400 30,559 1904-2015 1,010,128 1096-2014 1006-2014
France 11-2015 2,315,034 229,666 1386-2015 13,854,858 1989-2015 1930-2015
Garmany 12-2015 345,774 22,458 1985-2015 1,267,057 1987-2015 1987-2014
celand 1-2015 29,578 1,624 2011-2014 111 137 2004-2013 2007-2013
taly 8-2015 1,296,840 212,017 1951-2015 £,300,954 1090-2014 1990-2014
Latvia 4-2015 109,129 6,803 2011-2015 316,089 1997-2014 1936-2014
Lithuania 1-2015 14 686 1,071 2010-2014 43 763 2002-2014 1004-2013
Metherlands 11-2015 1,154,242 61,109 1001-2015 €,773,207 1090-2015 1990-2015
Morway 1-2015 357,770 96,799 1820-2014 1,317,770 10942014 10042014
poland 13-2014 145,109 - - 611,967 1094-2013 -
Portugal 10-2015 637,525 134,483 1900-2015 3 485375 1093-2014 1993-2014
Russia 7-2015 2,250,468 100,882 2001-2015 6,984 817 1099-2014 1000-2014
Spain 10-2015 32,104,044 203,509 1953-2015 13,350,565 1087-2014 1087-2014
sweden 13-2014 493 203 108,477 1088-2014 3,220,963 1092-2014 1992-2014
switzerland 4-2009 37,845 4,495 1006-2008 227,737 1096-2008 1006-2008
Ukraine 5-2015 563,306 33 338 1007-2014 1,489,553 1099-2013 1000-2013
united Kingdom 12-2015 2,448,284 139,261 1959-2015 7,427 198 1080-2015 1980-2015
Europe 15,587,642 1,683,327 77,660,667
Brazil 3-2014 23 87 - - 50,749 1093-2012 -
canada B-2015 61,270 4,950 1983-2015 300,086 1986-2015 1931-2015
Mexico E-2008 5 685 1,859 1904-2005 16,903 1080-2007 1880-2007
United States 8-2015 345 516 50,265 1080-2015 1,995 515 1080-2015 1080-2015
) Americas 435,469 65,084 2,472,353
World 17,564,089 1,814,462 85,527,364

includes all records found in the “core CRD dotobase” as of 12/021/15. The defoults counts gre based on the most inclusive definition of defawlt.
The full renge of stotement and defawlt years is presented above. Only the lost 10 years of history are presented in the “Stotements & Defoults by Year” graphs below.
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RiskCalc Determines PD from Credit Ratios and Credit Cycle

Ratio drivers point out many weaknesses in firm’s financials

\ I 1-Year I &-Year

40
30

20

Increazed

Relative Contributions [ %]

Decreazed
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Compares borrowers against peer group for additional transparency

REkCalc Model Germany 3.2 Firs Name: Comgany 1
[Feer Benchmark Groure Sector: Mining TransUEEty Firm Sector: Unassigned
23007 23008 2200 F 2l 3-8l
LT Fae Fum e Fum e Fom Fan Fam car
T A [ Ban [t [ [ [ an m [y [
n P b Ben eax v nex (L] e an [ o s
b T ean s waw = at [T wa a e [
xgmmﬁg.mmm tma{é::ﬁmmumpawu;]m F— e pre = P = sl o~ - = .
each cument dale observalon culput from e made of % g L e e (2 L] LR aww (3 i wn
H_u Ty mam o e e i By By = -
—— Comparry 1 —— Paarn 154 Pt Fuarn Stk Fet  —— Fears 75 Pt
+ s
The EOF Driver Ratio melmr,m to e paer (I blue). The peer
= P e P P Gt (8 el Lk (50 petie] 3 Lo e
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Incorporates qualitative factors in credit assessment

Wekoma meizzi | Log Out | ContactUs | Help | Training | Support Weh

RiskCalc
Caloulation ! Qualitatve Uveriay
Pt Arists Quabtativa Ouarlay (Moody's Dafaull) v |
Batch Firm Descripton . * -
Closa )
itative Overla RiskCalc EDF:
o Y Custumer Puwer
Downloads o Customar Dewsr rafars b the influanca that the ckligar A
=3 et wpan the bliger, When amzecr
Research
* Final Score Summary
Settings
Value Standardized Score Organization Rating
Quantitative
EDF| 1.00% -0.12 Bal
Qualitative
Industry/Market 17.00
Company  38.00
Management 62.50
Balance Shest Factors 61,40
Qualitative Score 45,32 0.72
Combined PD Combined Score Organization Rating

Combined Measure 1.73% 0.21 Ba3

Quialitative factors focused on industry/market (customer power), management (experience in industry),
company (years in relationship) and balance sheet factors (audit method)

Mooby’s
ANALYTICS



- ____000___0000__]
CreditEdge — Public Firm PD Model

MOODY'S ANALYTICS | CreditEdge Name, PID, Ticker, CUSIP o
My Portfolios Chart Builder Screener Report Builder Movers Alerts | 100+ My Account ~
A T&T I N C Add To Portfolio | POF Report & Export Data -3
Company [aInEE: 33-NYS: T-UNITED STATES - TELEPHONE

Overview EDF CDS Bonds Financials  Peer Analysis  What-if  Profile = News & Research

v 06, 2014 3 Month Change As of Nov 06, 2014 3

th Change As of Jan 29, 2013

0.02% 0.00%  Aat +1 Noten A3 A- 0.06% 0.02%

f Mov 05, 2014 A5 0 v 05

i

1-¥r EDF Change Implied Rating Change Moody's Rating S&P Rating 1-¥r TTC EDF 1-¥r CD5-1 EDF

= EDF Summary
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CreditEdge determines PD Based on Forward-Looking
Market Valuations

One-Year Expected Default Frequency (EDF™) Measures
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]
CreditEdge Excel Add-in — Risk Dashboard
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‘ CreditEdge

Calculate the change in value for the "EDF - 1 Year (Annualized)" data point and compare the company "EDF - 1 Year (Annualized)" to industry group statistics.

1. Enter up to 500 company identifers in cells B14 to B514.
2. Enter a date for which to view current values in cell B8.
3. Enter a prior date to compare current values to in cell B9.

Current Date:
Previous Date

7/9/2014
6/9/2014

12 Current EDE EDF Change CURRENT RANK

13 Enter Identifiers Below: Company Name EDF Implied Fati ng Prev EDF | AEDF (bps)|Cred it-Edge P-rimary Industry since last period
14 company_name ann_edf Iyr edf lyr ir mdy |ann_edf Iyr CE_primary_industry

18 ma_id-346091 FOREST OIL CORP 24 56% Ca 24.410% 13 |OIL, GAS & COAL EXPL/PROD 4TH QRTL Improvement
19 ma_id-B9612) DYNEGY INC 7.52% Ca B.65% <113 |0IL, GAS & COAL EXPL/PROD 4TH QRTL no change
20 ma_id-N05717 QUICKSILVER RESOURCES INC 21.92% Ca 19.60% 225 |0IL, GAS & COAL EXPL/PROD 4TH QRTL no change
1 ma_id-085515 YRC WORLDWIDE INC 0.40% B3 112% 72 |TRUCKING 3RD QRTL Improvement
2 ma_id-573489 MCCLATCHY CO -CLA 7.87% Ca 8.29% 32 |PUBLISHING 4TH QRTL no change
23 ma_id-09776] BON-TON STORES INC 9.21% Ca 7.24% 197  |CONSUMER PRODUCTS RETL/WHSL no change
24 ma_id-708160 PENNEY (I C) CO 477% Caa3 5.36% 56 |CONSUMER PRODUCTS RETL/WHSL no change
25 ma_id-ND1561 CENVEQ INC 5.83% Ca 10.66% 183 |PRINTING no change
%6 ma_id-B75382 RADIOSHACK CORP 26.18% Ca 16.35% 983  |CONSUMER DURABLES RETL/WHSL no change
b¥] ma_id-B68035 SUPERVALU INC 2.10% Caa2 2.30% =28 |FOOD & BEVERAGE RETL/WHSL no change
28 ma_id-482584 SEARS HOLDINGS CORP 6.54% Ca 5.60% 85  |cONSUMER PRODUCTS RETL/WHSL

29 ma_id-253003 ALLIANCE ONE INTL INC 6.45% Ca 5.58% 87  |BUSINESS PRODUCTS WHSL
30 ma_id-N084g4 ACCURIDE CORP 5.50% Ca 475% 75 |auTomoTive

31 ma_id-171870 CINCINNATI BELL INC 3.52% Caa3 3.41% 10 |TELEPHONE 4TH QRTL ne change
32 ma_id-103304 BOYD GAMING CORP 3.79% Caa3 2.26% -a7  |ENTERTAINMENT & LEISURE 4TH QRTL no change
33 ma_id-NO0101 BEAZER HOMES USA INC 3.85% Caa3 3.74% 11 |CcONSTRUCTION 4TH QRTL no change
34 ma_id-147575 ISLE OF CAPRI CASINOS INC 1.60% Caal 3.50% 4120 |ENTERTAINMENT & LEISURE 3RD QRTL Impravement
35 ma_id-18605

36 ma_id-00337T UNITED STATES STEEL CORP 0.75% Caal 1.05% =30 |STEEL & METAL PRODUCTS 3RD QRTL no change
EY] ma_id-N03307 MERITOR INC 1.01% Caal 0.74% 28 |AUTOMOTIVE 3RD QRTL no change
38 ma_id-N07384 PEABODY ENERGY CORP 192% Caa2 1.78% 18 |0IL, GAS & COAL EXPL/PROD 3RD QRTL no change
39 ma_id-442487 HOVNANIAN ENTRPRS INC ~CL A 3.13% Caa3 3.12% 1 |consTRuUCTION 3RD QRTL no change
40 ma_id-N11286 ACCO BRANDS CORP 1.01% Caal 113% -1 |PRINTING 3RD QRTL no change
41 ma_id-638904 NAVISTAR INTERNATIONAL CORP 1.23% Caal 1.16% 7 |automoTive 4TH QRTL

4 ma_id-N13500 SANDRIDGE ENERGY INC 0.45% B3 0.73% =28 |0IL, GAS & COAL EXPL/PROD IND QRTL Improvement
43 ma_id-466313 JABILCIRCUIT INC 0.54% B3 0.61% 7 |ELEcTRONIC EQUIPMENT 3RD QRTL no change
4 ma_id-N10730 BILL BARRETT CORP 0.93% Caal 0.78% 15 |0IL, GAS & COAL EXPL/PROD 3RD QRTL no change
45 ma_id-651290 NEWFIELD EXPLORATION CO 0.20% B1 0.26% 6 |0IL, GAS & COAL EXPL/PROD 2ND QRTL no change
W 4+ M| Portfolio .~ Global EDF distribution aux ¥ nEN I
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© 2014 Moody’s Analytics, Inc. and/or its licensors and affiliates (collectively, “MOODY’S”). All rights reserved. ALL INFORMATION CONTAINED HEREIN IS PROTECTED BY
COPYRIGHT LAW AND NONE OF SUCH INFORMATION MAY BE COPIED OR OTHERWISE REPRODUCED, REPACKAGED, FURTHER TRANSMITTED, TRANSFERRED,
DISSEMINATED, REDISTRIBUTED 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. Under no circumstances shall MOODY’S have any liability to any person or entity for (a) any loss or damage in whole or in part caused by, resulting
from, or relating to, any error (negligent or otherwise) or other circumstance or contingency within or outside the control of MOODY'’S or any of its directors, officers, employees or
agents in connection with the procurement, collection, compilation, analysis, interpretation, communication, publication or delivery of any such information, or (b) any direct, indirect,
special, consequential, compensatory or incidental damages whatsoever (including without limitation, lost profits), even if MOODY'’S is advised in advance of the possibility of such
damages, resulting from the use of or inability to use, any such information. The ratings, financial reporting analysis, projections, and other observations, if any, constituting part of
the information contained herein are, and must be construed solely as, statements of opinion and not statements of fact or recommendations to purchase, sell or hold any securities.
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 WHATSOEVER. Each rating or other opinion must
be weighed solely as one factor in any investment decision made by or on behalf of any user of the information contained herein, and each such user must accordingly make its own
study and evaluation of each security and of each issuer and guarantor of, and each provider of credit support for, each security that it may consider purchasing, holding, or selling.
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