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Research Motivation
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Face ldentification Accuracy

False Match Rate

5.00%

4.00%

0.20%

1 Source: NIST evaluation reports on facial recognition
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ML algorithms improve prediction accuracy over traditional statistical models
v
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Research Motivation (@
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ML algorithms are often criticized as black-box models
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This is a cat:

It has fur, whiskers, and claws
It has this feature:
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Explainable Al (XAl)
\_ Explanation -
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Agenda

1. Problem Setting

Dataset
Generalized Additive Model (GAM) vs XGBoost (XGB)

2. Global Interpretability

Feature Importance
Feature Effect
Feature Interaction

Alternate GAM Model

3. Local Interpretability
8 Local Interpretable Model-agnostic Explanation (LIME)
Shapley value

4. Take-aways & Questions
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Problem Setting

A Probability of Default Model




Problem Setting

Dataset

Category ____|Ratio Name ____IRatio Description

A03 Inventories to Sales
A08 Current Liabilities to Sales

Change in ROA

Total Assets
SECTOR 14 Sectors

PD Default flag (1=default)

A18 Change in Working Capital over Sales

Debt Coverage DCO1**
GROWO01**
GROWO04
LEV12**
Leverage
LEV13™
Liquidity LIQO5**

Profitability PFTO1**

EBITDA over Interest Expense
Sales Growth: Sales(t)/Sales(t-1) — 1

Retained Earnings to Current Liabilities
LT Debt to (LT Debt plus Net worth)

Cash and Marketable Securities to Total Assets
ROA/ Net Income to Total Assets

MOODY'S ANALYTICS

** feature of interest (to be covered later)
** important features (to be covered later)
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Problem Setting

Data Processing

Train/Test Split

Missing Imputation

L

Transformation

(LOESS / Smoothing)
S

Transformed data

MOODY'S ANALYTICS

0.04

0.03 1

0.02

0.01 1

Default Rate vs. Untransformed Ratio

S, o

0 50 100
DCO01 untransformed

Default Rate vs. Transformed Ratio

0.04 °
™
™
0.034
e ©®
0.02 1
PO
™
%0’
0.01 ﬁ...
0.5 1.0 15 2.0 2.5

DCO01 transformed
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Problem Setting @UMWT
Methodology and Results ~ 2019

GAM XGB

4 )

A generalized linear Ensemble tree
model (GLM) on methodology involving
transformed predictors both bagging and
(T; (x;)) boosting
T;(x;): Loess transformation

N /

\ J
PD = ¢(Bo + P1 T1(x1) + -+ BnTn(xy)) 6@?@ ' m et m
t 3 pts AR: 0.700 (train)
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Global Interpretability @UMWT

Feature Importance Feature Interaction

Permutation Test Friedman’s H-statistic
Feature Effects Alternate GAM model
Partial Dependence Splines
Plots (PDP) Interactions

Accumulated Local
Effects (ALE)

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 11



Global Interpretability

Feature Importance

Permutation Test

Permute feature(s)

RATIO_CASH_ASSETS RATIO_CHANGEINROA
. 8865931
. 8492434
. 0139390
. 9081427
. 9419868
2018472
. 8881080
0731902
. 8708396
. 0731902

[l . Bt = R (R R WU S I

T = o S S SR S QS

. 0090195
.1119519
.53771833
.2912324
. 3745478
. 0090195
0329275
. B441740
2912324
. 53177905

Change in AR

|l T o e T o T e Y

feature (j)

RATICO_SIZE
.1517280
. 0451281
.9044544
. 9086526
. 3041865
. 9203573
9044544
9044544
. 0192845
. 9805385 =

o B o o I - T L I B o o

2019

‘(Efi.SUNWMT

Most important

features
produce the

largest difference

Rank features LR

permuted feat (j)

RATIO_SIZE
> 0.9044544
. 3041865
. 9203573
. 9086526
0192845
. 9044544
. 9044544
. 9805385
0451281
.1517280

v
FRrOOOROOR
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Global Interpretability

Feature Importance: Permutation Test

cases

Impo

Feature

MOODY'S ANALYTICS

Permutation Test--GAM

eowor| |
LEV12 1 _
|_Ev13-{ -
A08 -
GROWO04 - .
A184 I
A03 I
sizeotq |
0.00 0.02 0.04
AR difference

2019

‘C SUMMIT

Permutation Test--XGB

-
= I
5 A08 -
> |
O LEV13

-

0.00 0.02 0.04 0.06
AR difference

*  The top 5 important features (LIQ05, DC01, GROWO01, . .) are the same
« SIZE01 becomes more important in XGB vs GAM

* More area is covered by bar chart in XGB vs GAM

Machine Learning Interpretability Techniques in Credit Risk Modeling 13



Global Interpretability /@U
Feature Effects: Partial Dependence Plot (PDP) = 20"

PDP shows the marginal/partial effect of feature(s) on the predicted outcome.

Individual Conditional Expectation(ICE) and PDP

0.100+

0.0101

Probability of Default

0.001 1

DCO01 transformed

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 14



Global Interpretability @UMWT
Feature Effects: Partial Dependence Plot (PDP) = 2

Analogous behavior (GAM and XGB)

0.025+ 0.025+
model model
== GAM == GAM
0.020+ — XGB 0.020+ — XGB
0.015+ 0.015+
0.010+1 0.010+1
0.005+ 0.005+
0.5 1.0 15 1.0 15 2.0
LIQO5 transformed LEV13 transformed

LIQO0S5, LEV13 were among the top important (also common) features for both GAM and XGB
MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 15



Global Interpretability @UMWT
Feature Effects: Partial Dependence Plot (PDP) = 2

Non-analogous behavior (GAM vs XGB)

0.0200 - 0.0200 -
model model
- GAM == GAM
0.0175- — XGB 0.0175- — XGB
0.0150 1 0.0150 1

—\

0.0125+ U/ 0.0125+

0.01001 0.01001
06 07 08 09 10 141 1.0 15 2.0 2.5
SIZEO1 transformed AO03 transformed

Size01 becomes more important in XGB, and A03 has higher AR drop from permutation test in XGB

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 16



Global Interpretability @UMWT

2019
Featu re EffeCtS : ACCU m u Iated Local EffeCt (AL E) Scatter Plot of DC01 and PFTO1, correlation=0.68

o ® oo ®o o o o @ em

°o® e e 000 @ e o o o e e o @

@ PDP ignores correlations N et Il SO Il ol
among features O O A

o®o o
®eo 0 GwAD W@ © °oe e o o

2+ @ 0eD © NI 000000 O © O

@ 0o coe® 00 © ©

PFTO1 transformed

© @eocowm @ o oo e e e

@ ALE solves this problem EEEE AT
= TLIRRRRRERE

DCO01 transformed

1. Conditional distribution 1. Marginal distribution
2. Considers correlation of features 2. Less informative if features are correlated
3. Global view of sum of local effects 3. Global view of global effects
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Global Interpretability
Feature Effects: PDP vs. ALE--XGB

0.03+

0.021

0.011

0.001

‘C SUMMIT

2019

— ALE
— PDP

PFTO1 transformed

2

PDP and ALE show different effects of average PD changes in response to changes in PFT01

MOODY'S ANALYTICS
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Global Interpretability /C\SUMM,T

. 2019
Feature Interaction

Friedman’s H-statistic

Interaction of two
variables (at a time)

LA

All Way

Interaction of one
variable with rest of
variables

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 19



Global Interpretability /C\

SUMMIT
. . ; o 2019
Feature Interaction: Friedman’s H-statistic

All-Way H-Stat (XGB) Two-Way H-Stat (XGB)
** PFTO1 ++|[s1ZE01-PFTO1
*x DCO1
*% LIQ05 PFTO1:DCOM
+% GROWO1 LIQ05:GROWO1
SECT
& aog 5 _PFT01-1005 pem—
S S
m
@ LEVIZ S LIQO5:DCO1
LEV13
S|ZED1 LEH13:GRDV‘.U1
A18 LIQO5:A08
AO3
PFT01-GROWD1

GROWD4 e

« All Way: Strong interaction of PFT01, DC01, LIQ05, GROWO01 with rest of variables

+ Two way: Pairwise SIZE01:PFT01, PFT01:DCO01, LIQ05:GROWO1. . . strong interaction observed

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 20



Global Interpretability @UMWT
Alternate GAM Model = 2019

Importance Effects

Permutation test PDP and ALE

Interactions Model Performance

H-stat GAM vs XGB

Alternate GAM model

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 21



Global Interpretability

Alternate GAM Model: Non-linearities

0.0251
0.0201
0.015+
0.0101

0.005+

Original GAM

AR:

0.579 (train)
0.575 (test)

PDP -- DCO1 transformed

model
= GAM

1

2
DCO01 transformed

MOODY'S ANALYTICS
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« 2019

Original GAM + Splines

AR: 0.589 (train)
0.584 (test) t 1 pts.

Predicted and Observed PD by DCO01

0.0304 == ACTL
= GAM
== GAM_ALT

0.0101

0.003 1

05 1.0 15 2.0 25
DCO01 transformed

Machine Learning Interpretability Techniques in Credit Risk Modeling 22



Global Interpretability @UMM.T

Alternate GAM Model: Interactions = 201

Original GAM . Original GAM + Splines §

AR: 0.579 (train) AR: 0.589 (train)

. Original GAM +
4  Splines + Interactions

' q AR: 0.594 (train) t
0.575 (test) 0.584 (test) pts. 0.589 (test) 1.5 pts.
Predicted and Observed PD by PFTO1/SIZE bucket 1 Predicted and Observed PD by PFTO1/SIZE bucket 5
0.050- 00509
0.030- 0.030-
0.010-
i 0.0101 [}
(]
0.0051 « /
0.005 {
1 2 3 1 2 3
PFTO1 transformed PFTO1 transformed
—- ACTL -~ GAM == GAM_ALT - ACTL = GAM == GAM ALT

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 23
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Local Interpretability /C\

SUMMIT
Local Interpretable Model-agnostic Explanations (LIME)

2019

« Simulate points near specific observation ¥
« Generate model predictions at these points

 Use model predictions as Y variable

Weight new observations by proximity

« Build weighted linear regression (or other interpretable model)
* Interpret the local surrogate model

s

Advantage:

0 « Conceptually Intuitive
« Easy to interpret

Disadvantage:

« Simulating “good” nearby points Molnar, C. (2018)
« Unstable results observation of interest

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 25



Local Interpretability
LIME Example

Firm Profile

Ratio Value

A03 0.85
A08 1.04
A18 1.29
DCO1 2.69
GROWO01 0.95
GROWO04 1.12
LEV12 1.86
LEV13 0.63
LIQO05 1.77
PFTO1 2.40
SIZEO1 1.05
SECTOR Business

Services

MOODY'S ANALYTICS

Features

‘C SUMMIT

2019

XGB prediction of the firm:0.031
LIME prediction of the firm:0.028

2.579 < DCO1~
1.620 < LIQO5
2.087 < PFTO1 <= 2.451

1.764 < LEV12 <= 1.934 1

-0.004 -0.002 0.000 0.002 0.004 0.006
Weights

. Decrease . Increase

Machine Learning Interpretability Techniques in Credit Risk Modeling 26



Local Interpretability /\C N
Shapley Value ="

A.L Originally from game theory to attribute the value of a team
amm,  effort to individual members

ﬁ: Unlike LIME, uses the same original model in a local space.

Explains:
l B * Individual vs. Average PD
. - Feature contribution towards the difference

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 27



Local Interpretability @UMWT
Shapley Value Example = 2019

XGB prediction of the firm:0.031
. . Average XGB predictions of all firms:0.014

Firm Profile Difference:0.017

PFTO1 -
A03 0.85
A08 1.04 HQ037
A18 1.29 LEV121
DCO1 2.69 A18 -
GROWO1 0.95 R
GROWO04 1.12 =
LEV12 1.86 & GROWOT
LEV13 0.63 A031
LIQO5 1.77 SECTH
PFTO1 2.40 GROWO04 1
SIZEO1 1.05 AOS-
SECTOR Business

Services LEVI37 . | .
-0.005 0.000 0.005
Shapley Value
- Decrease - Increase

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 28
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Take-aways 2010

SUMMIT

Interpretability techniques can help explain and predict black box
model output

Model-Agnostic methods can be applied to any model enabling a
broader range of methodologies

Interpretability techniques can help make today’s black boxes
tomorrow’s interpretable models

The tradeoff between interpretability and accuracy is real and can
only be mitigated
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Partial Dependence Plots

» The partial dependence function is defined as:

~, integrate over all x

)Ez,;(ﬂi's) (335, ifr:')wc ;r,,;-)

other features used in the model
feature(s) of interest

Accumulated Local Effects 1<

. s -5 zs .5
fzs.anE(Zs) =/ Exc xs [.f (Xs, Xe) | Xs = ﬁS] dzs :/ / (25, 2)P(zc|25)drcdzs -

/ where: f°(z,,z.) = W N
Conditional distribution ’ Differential/change
in PD

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 34
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. . 2019
H-statistic
1-dim PDPs
Two Way:
n . , , . 2 n . .
12, =Y [PDu(al),20") — PD,(a}) — PDi({)| /3 PD%(af),2l)
i=1 \ i=1
T 2-dim PDP
H-stat
(ranges from 0 to 1)
All Way:
L - 2712 e s2
i (i) () i
H2 =Y [f{:c”) — PDj(a! )_PD_j(m_j)] DA
i—1 r \ i—=1
/ 1-dim PDPs (n-1) dim PDP
prediction

| <

MOODY'S ANALYTICS Machine Learning Interpretability Techniques in Credit Risk Modeling 35



MooDY’s

ANALYTICS

Craig Peters -
Sr Dir-Resrch Model Validation
Craig.Peters@moodys.com




© 2019 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 OPINIONS 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 COMMITMENTS, OR
DEBT OR DEBT-LIKE SECURITIES. MOODY’S DEFINES CREDIT RISK AS THE RISK THAT AN ENTITY MAY NOT
MEET ITS CONTRACTUAL, 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 PUBLISHES 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 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. 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
independently 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, willful 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 ANALYTICS

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, = 2019
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.

Moody'’s Investors Service, Inc., a wholly-owned credit rating agency subsidiary of Moody’s Corporation (“MCQO”), 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 61 003 399 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 Corporations 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 creditworthiness 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 MUKK. MSFJ 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 MSFJ 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 MSFJ (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 MSFJ (as applicable) have, prior
to assignment of any rating, agreed to pay to MUKK or MSFJ (as applicable) for appraisal and rating services rendered
by it fees ranging from JPY200,000 to approximately JPY350,000,000.

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

Machine Learning Interpretability Techniques in Credit Risk Modeling 38



	Machine Learning �Interpretability Techniques in Credit Risk Modeling
	Slide Number 2
	Research Motivation
	Research Motivation
	Slide Number 5
	Slide Number 6
	Problem Setting � 
	Problem Setting
	Problem Setting 
	2
	Global Interpretability
	Global Interpretability�
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	Global Interpretability
	3
	Local Interpretability
	Local Interpretability
	Local Interpretability
	Local Interpretability
	4
	Take-aways
	Slide Number 31
	References
	Slide Number 33
	Appendix
	Appendix
	We Want to Hear From You!
	Slide Number 37
	Slide Number 38

