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The Analytics Boutique (TAB) is a risk analytics software company that builds user
friendly analytics solutions to uplift the risk capability of your institution

Enable user friendly and transparent analytical

processes
Bring in industry standards and best practices
We believe that analytics in analytics
teams, rather than designing
and developing code, should Provide full model governance with audit trail,
be focused on value added user control and thorough reporting features
tasks, being assisted by user
friendly tools with full model Minimise model errors as a result of the
governance, integrity of data elimination of manual processes
flows between analytical Red d d di d
processes and mechanised educe .epel} encle on coding experdts p ue ftlo
report generation automation of analytic processes and data flow
Deliver full model validation features
Our Analytics delivers the money value of risk

allowing a “monetary value based” management

We help organisations move from data to action
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Award winning TAB’s Operational and Conduct Risk offering represents a
breakthrough addressing most burning issues in judgment based risk assessments

Cognitive biases
mitigation

risk measurement &
mitigation jointly

Money value of risk

Scientific validation of
expert judgment

Efficiency features
and for engaging your
organization

Correlation approach

Robust and stable
capital calculation

Analytics available to
1st line of defence

Strong governance

Fully flexible

Z\

Structured Scenario Analysis is designed to mitigation multiple biases: need for closure, herding or group thinking,
confirmation biases, anchoring biases, authority biases and other

In Structured Scenario Analysis, risk mitigation is evaluated together with risk evaluation, using a scientific method
based on calculating the money value of risk

By on-the-fly Monte Carlo simulation, it calculates the cost of assuming risks and compares it with the savings of
hedging/controlling such risk providing the NPV of mitigation actions

Structured Scenario Analysis implements performance based expert judgment which allows to validate responding
experts based on limited available information

It enables a workflow, email sending system, expert responding progress page, reminders, answers automated
aggregation, extensive reporting, and more

Structured Scenario Analysis provides a solid cross-scenario correlation approach based on expert judgment
Correlations are very transparent, intuitive and easy to justify

Structured Scenario Analysis integrates different sources of data (ILD, ED and BEICFs) to compute a more stable
capital charge, adding information of the distribution tails, reducing the volatility of capital estimates

Structured Scenario Analysis provides, to the first line of defence, the cost of risk, saving from mitigation and NPV of
action plans required investing, encapsulating all modelling complexities thanks to Al algorithms

User control, audit trail, roles and activities differentiated by user and other

Flexible forms, user defined number of loss collection processes, indicators, configurable workflow, etc.
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The Analytics Boutique’s covers the widest GRC Analytics spectrum

Risk types

Operational Risk

Conduct Risk

Model Risk

IT Risk FAIR

Brand Risk

Business Risk

EWRM

Banking

Z\

Elements

Internal loss
data collection

External loss
data storage

Risk and control
self assessment

Scenario analysis

Op and conduct
risk indicators
KRI, KPI, KPC,...

Action plan
management

Insurance

GRC Analytics

A. Loss modelling
Internal and external data using EVT

B. Scenario analysis modelling
Expert judgment modelling

B. Bayesian networks for scenarios
Detailed modelling of scenario analysis

C. VaR
OpVaR, Brand VaR, IT VaR

D. Correlations
Loss based and expert elicitated

E. Stress testing modelling
Macroeconomic, KRI, KPI...

F. Al predictive models
Event probabilities and impact

G. GRC Analytics scientific validation
Loss based and expert elicitated models

Asset managers

Risk “monetary value based”
management

H. Capital requirements
Capital allocation

H. Risk appetite metrics

I. Loss forecasting
Expected losses under business scenarios

I. Stress testing analysis
Loss under extreme scenarios

J. Mitigation actions & controls NPV
Action plans and insurance evaluation

K. Reporting incl. regulatory approval
LDA, SA, simulation and stress testing

M. Integration into financial
planning and strategy evaluation

Risk models and scenarios integration into
financial planning in IFRM (Integrated
Financial Resource Management)

Non financial
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We are well recognised in the GRC industry for our award wining offerings in the
op risk management, measurement and stress testing space

2016/17 industry award recognition with 5 awards...and 5 awards in 2018/19

OperationalRisk = IRESIK The Analytics LnsuranceE RM LnsuranceERM
tique
Technology 20Ut |
Awards Op risk modelling ‘N 4 ‘N 72
B e o year 2018Winner vendor of the year Al drl
2016/17 2018/19
M The Analytics Best analytics Best analytics
OperationalRisk Technology Boutique solution solution
Awards Op risk scenarios e e in
Best risk analytics tool 2018 Winner Product of the year nsuranceE InsuranceER

Awar Awards

OberationalRisk HSK &%ﬁgﬁéﬁics 2016/17 2018/19
. /Ts\eﬁg%oslogy Op risk modelling

Best operational risk
Best stress testing product 2019Winner vendor of the year

Best stress scenario '
software solution

By Risk.Net (Risk Magazine) By InsuranceERM
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Thanks to our capital modelling technology we are the leader of the Enterprise
solution in the GRC Analytics (broad) category

Best of breed Category leaders

©) Chartis

kralependent bightul Actioncble.

Enterprise GRC Solutions, 2019
Market Update and Vendor Landscape

Ll o

Chartis RiskTech Quadrant® for I IBM We 'irel the
GRC analytics solutions, 2019 = capita,
= . modelling and
'5 BWise (SAl Global) ® scenario
o ® MetricStream ana[ysis
Chase Cooper ::The A prOVider Of
1 category
: leaders
1
1
1
BitSight » |
1
1
1
1
1
1
1
1
Point solutions I{nterprise solutions

/

Sourca: Chartis Resaarch
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We are thought leaders in the risk industry and have made significant
contributions to the advancement of the GRC Analytics industry

"l found the quantitative methods presented in “Operational Risk Capital Models” to be not only rigorous, but also understandable and actually useable
and useful, which can be said of shockingly few books treating operational risk. Amidst a wasteland of operational risk management pie charts and
unactionable and subjective heat maps, books like this are an oasis of practical, applied solutions for capital estimation and stress testing. If your
objective is to directly and measurably mitigate and manage operational risk using scientifically defensible, objective methodology, as opposed to red-

amber-green traffic ‘analyses,’ the methods herein are the kind you need."

RiskBooks, Incisive Media

Edtar ningraphy | | Table of contents | | Testimanials

Enok details

Bonk desaription

uimal of Operaticeal Risk

School of Bus: ditor-in-Chief, Ja

Oper(]ﬁon(jl Marcelo Cruz, Morgan Stanley

Average CUSISMer reviews for Operational RISk Capital Models,

Risk Capital B

Meeting the theoretical with the practical

The baok pravides an excellent view inta how to praciically model aperatianal risk, shawing altemative methods that have all
S s hing pragmatic
O e sro able 1o I alas and axpert judgemer
il ran cdsler

Review by AnArew Morgan - QUANNItatve RISk Analyst, Old MUTUal pic , 260102075

EDITED BY

RAFAEL CAVESTANY SANZ-BRIZ, A very practical and implementable approach to operational risk modelling

BRENDA BOULTWOOD AND The book includes interesting and innovative topics such s siructured acenaro snalysis, tachniques for determining optimal
levsl of gran modalling. methods for quslit sorme madsling of coral wmen

LAUREANO ESCUDERO can actices

frequency an The cuiputs of proposed qu
and performance measures. making the book very relevant for modem

financial instittions.

Review by Flippie Snyman, Enterprise Risk Management, FirstRand . 26/10:2015

A practical book to start building Op Capital models
fn easy Lo read buok that covers all relevant topics on how (e build operational risk capital models. s casy o pick up his
bouk and slarl dosigning and planning your mude! i ivn. The authars are praclilionges in the fild and henge e
book geta to implamentation issuss quickly with practicsl ways to solve comman challanges we face in the couraa of our
work. | racommand this hosk 10 anynne wanting to atar implementing modals

THE ANALYTICS BOUTIQUE 6

J.D. Opdyke, GE Capital

The Actuary Magazine, Society of Actuaries

STRUCTURED SCENARIO ANALYSIS

CALCULATED

USING STRUCTURED SCENARIO ANALYSIS FOR AN EFFECTIVE OPERATIONAL
RISK MANAGEMENT AND STABLE CAPITAL REQUIREMENTS DETERMINATION
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http://riskbooks.com/operational-risk-capital-models
http://riskbooks.com/operational-risk-capital-models

TAB’s GRC Analytics contains an extensive mathematical model supported by a
strong governance framework and TAB provides robust support service

T

OpCapital Analytics exhaustively provides industry
standards and best practices for OpVaR, scenario analysis
modelling, loss forecasting, stress testing and more

1.- Mathematical model

Full transparency: MatLab native functions and shared source code with client

T 7 T 7 T 7 T 7 T 7 T 7 T 7

2.- Governance framework

Audit trail
User control

Modelling flexibility
Model validation module

Model recycle bin and cloning

regulatory validation report

User friendliness and efficientcy

Support service: maintenance, how-to questions, enhancements,

3.- Support service modelling guidance, source code modification guidance and more
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Our GRC Analytics has a model risk governance and validation features: auto-
storing all modelling data, audit trail, one-click model replication, reg. reports...

Using our GRCs Analytics model risk governance module can be used for model validation and approval, review of all model
assumptions, replication of the model, reporting of the full model, in an extremely efficient manner

Regulatory approval reporting

One-click frequency fit replication Audit trail

Risk mitigation conclusions

@ e

Model recycle bin
Model cloning
Model copying e T e 2

4 Cell Vasdation

File Tools Windows

Modeling pe... Model purp... Diision | Risktype| | Scenao N... Truncation | /Weights | Insurance | IntemalL | Intenal M
4 (20982 Scensro An_ Alother 0. Clent Practi RegNonCo. OK K oK No frequen... Undefined o fre
Scenaro A VB Internal Fra. . nternal Frand OK oK oK No frequen  Undefned
Scenaro An Tradegan. Clent Practi. Market Maco. . OK oK o No frequen . Undefined
Scenario An.. Commercial . Clent Practi_ Product as . OK.
Scenaro An . Retsd Banki . Clent Practi AML oK
Scenaro An . Retsd Banki . Clent Practi Sancticn
Scenaro An . Retad Banki . Clent Fract. s Selng
Scenaro An.. Commercisl . External Fr. External Fravd
Scensro An_ Tradegan. Systers F.

Optexzace

Conv
YEREACE. | oPmONS Totk of 1

Sensitivity analysis

Frequency datriutcn
21| Frequency

?

68

Al
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Our GRC Analytics solution provides integrated specific modules for each of the
critical blocks for the risk capital, stress testing and Al models

Including Basel Capital’s AMA & Pilar 2

Op data import UoM definition Risk capital modelling

Exploratory analysis and
loss data selection

Import scenarios ==

Optimal granularity

Import internal and
external loss data

[

Extreme Value Theory
Analysis

Import KRI, KPI... ; _ PN Y = ‘
= = | AN “i‘.

Loss data modelling
| ==

Scenario analysis modelling

Stress testing

Capital instability analysis

What-if analysis

OpVaR and capital

Hybrid model construction

Correlation analysis

Monte Carlo simulation

Capital estimates analysis

-3 9

Model validation

Backtesting

Modelling archive and results
replication

Audit trail, user control, integrated data flows, workflow management, reporting and model archive and replication
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ANNEX A: GRC Analytics
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Loss modelling

Internal and external loss data modelling can be performed in great detailed and
precision

Our GRC Analytics provides multiple features for a robust modelling of loss data that includes distribution fitting, Extreme Value
Analysis, graphical and numerical goodness of fit analysis, stress testing, instability analysis and more.

Distribution fitting module (severity and frequency)

File Import Tools Export See Options Windows
OMCE.W]E]
Ranking |_Frequency § Nijictogram| CDF | Dif. by Binl| PP Plot | QQ Plot Enpiite Losses
(Y) Lognormal - Ge A Date
(R) Lognormal - Ge B
Y) Lognormal S 1 1 757.818,182 ~ Distribution 1
(£) Lognorma | T
(Z) Lognormal - Get _ 2 |379.065,622 e
(Z) Lognormal - Ger 09} - 3 [335.566,499 Distribution 2
1 i 1 EVV\\:;E | Paret 4 270618182 Generalized EV
eneral Faretg ™ 1 . N
Distributions (2) Cauchy 08} . 5 |159.233.901 Mix
(R) Cauchy . 6 139.818,183 mu
ranked by GOF (M) Cauchy 07k || 134.534 053 sigma
(M) Lognormal - Ge . [ Data i i 7 :
(W) Burr —— (X) Lognormal - Generalized EV (Mix 2) 8  129.365,791 k
(Y) Cauchy 06} i . | mu
(Y) Lognormal - Ge > Rl (Y) Weibull 9 1271212721 k
(W) Lognormal - Ge E 1 (Z) Lognormal S 10 [111.779.431 sigma
(W) Lognormal S T 05 -“— . 11 |107.650,909 v
(X) Cauchy vl 1
<Bili~" > - 04} _ Hypothetical Losses '
GOF graph]cal | T veneus o A Losses |Frequency (%) Hypothet]cal
PR Anderson-Darling v 03 3 1 |1.000.000 0,5 0
analysis: CDF, QQ, — 515 000.000 0.1 losse.s' to test
PP, etc. Truncation : 02 3 |7.000.000 0,05 [¥/] Histogram stabili ty
3.680 Inf 01k ISR A SO A EAV]a]
ok | Weibull (Weighted)
L - T E—— b E— — Quantile: 99,98  [5.658.806.78 .
N ical g“;%"ess L Quantile: 99,95  14.119.123,65 Realism of
i 0 80340¢ . I —
vmerica s o | napenamires’  pooms] A baed Quantie: 9992 _[3.479.786,14 losses via SLA
GoF A-D, K-S o M necpendent e e - b Quantile: 999 320734867

Independence test frequency/severity

11

z>
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Loss modelling

For loss modelling, TAB provides extensive functionalities permitting the precise
determination of modelling thresholds and tail type

The system provides up to 8 methods to estimate Extreme Value Theory and determine tail weight and identify an optimal
threshold permitting to separate the distribution in tail and body

EVT methods for determining tail L ESEEDTEST0

weight and modelling threshold

Lognormal Fit Analysis
Fits a LogNormal distribution and plots Mu and
Sigma.

Stability Parameter 5 ol N MR i N Fat tail distributions

Fits Pareto distribution and plots tail L] il N available for EVT
parameter.
. Heavy Tail

Tall Plot ‘ _
Plots Log (Severity) versus Log(1-F(Severity)). (R R R L [ Burr [] Generalized EV

" ’ L s (] cauchy Log Gamma
Mean Excess Plot 0 0 -
Plots the mean excess of each sample e — F Log Logistic

T [ cPD (] Pareto
T T GPD S |:| Student's T

Hill Estimator
Plots tail parameter calculated analytically

Hill Estimator Extension

Fits a horizontal line to the Hill Estimator plot I S DU - S S

to identify the point most similar to a constant P77 NSRS S S .
tail parameter and, therefore, fat tail. ‘3\:& 000 5000 wo %00 20
Capital Stability by Threshold Plot 9
Randomly resamples an x% ofthe Sub-

sample y times. Fits the selected distribution to gt R \ T e ——
random subsample with the selected fitting SRS SO s
method and plots capital charge calculated i : \,«\__AMM}/‘ i \.,,J‘\MA"M
using analytical methods. o -
GoF by Threshold Plot

Fits selected distribution and plots P-Value of
AD and KS.

6000
Humber of Excedances.
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n Scenario analysis modelling

TAB provides extensive options for the modelling of scenario analysis and
corresponding mitigation and any other expert elicitated risk evaluation

. Weight for . .
Weight for  |ntroduce the scenario prioﬁtizing Permits to introduce
Introduce distribution prioritizing analysis results for fitting target e distribution parameters
shape control statistics fitting target their modelling restrictions into the fit
4 Fit Moments afid Quantiles = o X Permits to introduce
File Tools Regforts Options Winddjvs the impact of simulate
M and g - - s i impact of control
/\ run: n a s = -
Voo e e Loss inyfa Weight] Generalized EV| General Pall || [] stress Frequency (%) effectiveness/scores.
Mode 1_[100 1 1 Parif |1 03 1 Alt tivelv, it it
Mean | 2 [325 10 2 ower] |-inf 02 ernatively, It permits
3 |600 25 2 ol ot 0.3 [ stress severty (%) to stress oprisk
Variance g PP 1
Par2g |1 1
. b . .
Skewnes Lower _I";’ :" | Split scenario
Introduce scenario =~ Kurosis = i M - based on
frequency b g | 3 I Model Biggest losses [ use only selected distributions + || frequency or
Fitting truncation  sesw—— T 1 ncaton | FRSpRe Dy, RSO I seert 9 severity
sias gma Histogram P-P Q-Q log(Hist) Log(P-P) Log(Q-Q) )
F|'tt|r!g error by m— Pt | [ O O | 1 - \ Selection of
distribution i ) 0.062 0.076 0.104 0.1 g 210 GoF graphical
H — o s = analysis
Loss estimates and Mean  |127.747 98.414 92661 93.022 931 Yy
Mariance (87654618 14180902  14,887.52 12958699  12,7}7jse > 6
moments of the md e ness 27996 4362 4036 2602 2 = Graphical
fitted distributions | [kurosis 1084327 38273 32,067 13.005 10 o4
66.67%  [100 93.81 89,622 93.702 9 zl [ goodness
96.67%  [325 364.296 368.757 372.944 E2E] § = 2 of fit
Parameters of . = = i TI
. . . . Par1 0.77 4125 0.228 83.527 06
fitted distributions Par2 15.001 0.967 71.798 0.818 138 o 0
Bl e 0 100 200 300 400 500 600 700
Severity
Stres: Spitby: ' Frequency Severity Assign: | Generalized EV Quit
SLA values Assign the scenario distribution Buttons that permit to select the distributions to
model to ORC be considered in the fit

z)
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n Scenario analysis modelling

SSA permits to model scenarios using a variety of methods including Bayesian
networks for those scenarios most sensitive to current exposures or in which
detailed analysis is heeded for a precise estimation of losses or mitigation impact

A complete and efficient modelling of scenario analysis requires the combination of modelling methods. Bayesian networks may
be used in exposure sensitive scenarios or requiring a precise loss estimation or mitigation NPV. Less critical scenarios might be
modelled using direct and less resource intensive methods such as direct estimation of losses (worst loss in 10 years...)

Pre-mitigation analysis Post-mitigation analysis
Pre-mitigation Bayesian network parametrization Post-mitigation Bayesian networl k parametrization
@ (&) @ @

[ =

¥ e __
— ¢fimeToDetection’, P
OfPosition’ "% (5izeOfPosition

:_t_lr[l_eTolZEeteﬁcE\p[l_;,. '-'_':s_i'z-é

v y y y

- (iarkeiChangs - (MarketChangs: -
(@ailyChange, ¥ (daiyChange, ¥ ]
- iosses ™ . - losses ™, cImsurancaPolicy»
occﬁrre_noe\ R ocu_.lrrgnce.
5 5
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VaR

Internal & external loss data and scenario analysis create hybrid models
incorporating all available information for risk measurement and management

Internal loss data modelling Scenario analysis modelling

T T ‘Scenaro parameters. Distributions

Moments 8ag moce. Stress nputs
s Welgut B Temceton Loss inyears | Weight Generalized EV General Par || [] swess Freauency (%)
Internal Loss Data Threshold at 1000 - T w2 |Cerw e R
3 800 5 2 Upper1 |t 03 [ stress severty (%)
Variance Parl 1 1
Skewnes | Lower2 |t 0
Kurtosis Uoper2 it ] >
< > < >
Frequency 3 Model  Biggest losses w| |+ || - | use only selected dstributions.
Fttruncation Quanties truncaton Fo | Fespkesty. | Frequency | | Severty
= Generalized EV Lognomal General Pareto]  Weibul | Gamena Hiogran || PP o votiet | Loar#) || Logtoa)
—— Plot O =] 8] O =
24 Lognorad frer 0 0.082 007 0.104 0113 i
1000 Mede |77.508 24.485 2620 1,096 0918
Mean 127.747 98414 92661 93022 93.158 Sgnomel
Voriance  B7ES4618 14100902 1688752 12958699 12797466 z g
| Skewness _27.996 %2 40% 2602 232 =
\ | Kuresis 1084327 %373 32067 13008 1087 84
Fl 10 000]:39 19% 667%  [100 9381 sa622 a2 95802 2
’ . 96ET% |15 38429 #8787 2044 man e 2
| seET% s sz saT 9919 49037
Part 077 4125 0228 sasr 0873 _-q
Par 2 15.001 0.967 .8 0 138694 0
pars 8043 0 100 200 300 400 500 600 700
A Severity
1 == == == re—
T T — -
[ —( e
Vi Oom | Internal intermal Internal Risk Risk External External
losses losses losses || | scenarios | scenurios data data
dow) | (medim) | (high) | | (mecivm) | high) JI (mesium) | migh)
Distribution 1 feemparical Lognormal  Buer ogromal  Lognormal Lognermal
External Loss Data Threshold at 10.000 Distribution £2 iodetined  Undefined  Unetes | [odetnes  Unetines Undetoes
n Mature 1 1 1 1
Pasameter 1-1 Tem 0,007 o 17,158 7M1 .
Parameter 1-2 2072 131,898 o2 0533 2012 Hybrld mOdEI
Pasameter 1-3 ° 1M Q L]
) ; B - Parametes 1-4 0 [} []
Pasameter 2-1 o ] 0 []
Ay - 10000 Pacametes 22 s o 0 s
L Parameter 2-3 o ] 0 []
\ Patametes 2-4 0 [} ] []
N Frecuency fosson Poason Possen ponscn Pomsen Possen
Pasametes F-1 Bse sa1 a2 0.1 442 4
i \ Pasametes F-2 0 [} ) o
N ol
- T
n-rlﬁh e L S
External loss data modelling
~
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VaR

Our GRC Analytics includes VaR calculation under a user defined confidence
levels and any other metrics: expected shortfall, unexpected loss and others

Target | Confidence | Annual Default
Rating Interval Probability
Statistes 2 1 \ I 1 AAA 0.9998 0.0002
Minimum 99,301,138
Maximum 361,671,030 E/)l(pECtEd LOSS AA 09995 00005
vtz | 10000000 — A+ 0.9993 0.0003
- | BBB : :
=] ? 99,75% A 0.9990 0.0010
— Moments A i '
verage. [132.563,168.9 99.90% | |BBB 0.9975 0.0025
StDev  |15,:854,359.69 '
Skewnes 2791 % 15 |
Kurtosis 25.484 g A+
- 99,93%
— Percertiles °
9975 | 222,897,615 g
999|| 200022985 | 2 | AA -
99.93|| 294,504,085 = 99,95% AAA
99.95 | 208,213,555 99,98%
9998 344 467,705
— Log Analysis- 05 -
Mu 18.696 -
Sigma 0.109
— Histogram
Amourt | 182690315.00 _I_ — | | |
CDP p.se g B 8.1 82 8.3 84 8.5
- Simulacion in 10*
¢ A 4
Expected < A+ >
Loss » AA <
| e
[aan |
< AAA g
A~
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KN or

Our GRC Analytics are flexible and can be applied across other GRC Risk
categories such as BrandRisk and obtain Brand VaR or IT Risk

Scenario name Status

[Da

Creation date

Completion date

Actions

VIEWS

DASHBOARD

REPORTS

USER SCENARIO

VARIABLES

USERS

CONFIGURATION

Innovation, technology & — .
Bision PREPARATION 2018-10-30 n
Adaptation to char PREPA 2018-10-3¢ n
Portfoll SEsaRa >018-10-3 i
o) PREPARATION 2018-10-30 R e Net income Total value of brands
’ - i SALES PRICE INCREASE BRAND 1 C 200 o
Distribution/ Channel Risk 2018:10-30 1500 4s0
1,000 400
0 500 - . 350
Commercial Risk 2018-10-30 I N - ™ 300
- B4
o w W | 2
] Brand Pricing & Margin Risk PREPARATION 2018-10-30 DIRECT SALES EXPENSES C' 1000 &%
1500 100
o 2000 s
entiment Risk PREPARATION 2018-10-30 Acdd pi
o 0 o ° ° ° 2020 201 2022 2023 2024 2025 2026 2020 2020 2022 2023 2024 2025 2026
0
Brand Conversion Risk (Funnel) 2018-10-30 TRADITIONAL MEDIA C @ ooecose (@ Variaron Q Busecose Q) variation
Brand Image Risk 2018-10 0
B R A N D I ; R I S |< " RISK SCORE POR TIPO RIESGO BRAND VaR, pre-mitigation plans
- 40 Brand value
Brand rating as;
Brand score 228 30
RISK SCORE POR TTPO RIESGO Brand value 236,1 million EUR § 25 ccc A AA
A eanaenn Risk appetit
P I I I 1 I Brand budget 31,7 million EUR i .
i i 15
5 | | | | | 200 Branfi rating (potentlél) .
- | | | | | Contigency brand capital
— s
Bizel | | | 1 600 Brand Value at Risk 226,7 million EUR .
Vg Al | | | Brand VaR/Brand Value 96.1% ndusry | Compettor | WY Sustainabilty  Posiion ToTAL
g i | 400) Brand VaR/Brand budget wRiskscore 39 2 5 10 15 28 S
10
: - . 24 CONCENTRACION POR RESPONSABLE ; CONCENTRACION POR TIPOLOGIA DE RIESGOS . CONCENTRACION DE RIESGOS POR IMPACTO
o Competitor Sustainabilty ) & 1
Industry Brand govemance Position } g a | § a !
@ 5 5 5 7 s 2 1
TOP RISK BY TYPE = g ‘g, | Y g, "
| E | @ N o O
rogré
2 @ Adtora 5 H s 6 2
Ca 2 H
Cambio de £t Brand &t
rrupcion de u e negocio nue sustainability 2 1
Caida de demanda general. Menor consumo per cipita 0 0
1 2 3 4 s 6 0 1 2 3 4 5 6 o 2 3 4 5
Severidad Impacto financiero S ppucta TouRciing; Severidad Impacto Financiero
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n Correlations

TAB provides extensive functionalities for the determination of correlations
based on loss data permitting easy comparison, selection and storage

Place selected distribution on the left grid for applying it into Monte Carlo ==

Last calculated correlation and correlation
matrix to be applied in = Other previously calculated correlation =

the Monte Carlo run

Selection of previously
calculated correlation

Time grouping for

correlation calculation \ Calculation options Correlation Matrix Previoffs Matrix (1) Original Data v [:j

Data element to be used Sy d 32 id 34 id 35 id 37 id 86 id 81 id 32 id 34 id 35 id 37 id 86 id81 |

. . id32 ) 0.202 0038 0136 0.118 0.002 dk 0.05 0009 0033 0.028 0,001

in the calculation of correl \ Data origin id34 (0202 1 0477 03 0.037 0,342 ialk  loos 1 0.469 0.31 0,021 0,35
‘ Internal id35 0038 0477 1 0.398 0054 0,958 id35 0009 0469 1 0.382 0043 0946

Initial and final date Intial daqe id37  [0.136 03 0.398 1 0.117 0354 || id37 003 0.31 0.382 1 0.099 0.324
id86  0.118 0,037 0054 0117 1 0,138 id86 0.028 0.021 0043 0099 1 0,136

of loss data ids1  [0,002 0,342 0,958 0.354 0,138 1 | ids1  |0.001 0.35 0,946 0,324 0,136 1
observation period s da'e

Calculation method:
Kendal Tau, Spearman _‘ Kendalltau

. . < m » < m »
Ro, multivariant
. Calculate
Gsussian copula and t- : : A 7 ‘
Student copula partment Risk Scenario Regio Modelling Date | Project Number
32 |Ret@l Banking External Fraud A
Launch correl 34 |Ret§l Banking  Execution, Delivery & Process Management
calculation | 35 Retail Banking  Damage to Physical Assets

Retail Banking  Intemal Fraud
ORGCs selected for the Qelall Banking  Business Disruption and System Failures
Monte Carlo 8‘1 Relall Banking  Clients, Products & Business Practices

simulation A [ Agely Cancel

Validate: if activated, the correl is Not PSD AN p————— Set the selected correlation matrix
by clicking, the correl gets transformed into PSD into the Monte Carlo window
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n Correlations

When enough relevant loss data is not available for correlation calculation, our
GRC Analytics permits the determination of correlations through expert elicitation

= Experts provide their estimate on the influence of the different environment factors that impact crystallisation of risks.

These estimates are later weighted by the seed questions performance score obtained by each expert
= The final risk scenarios correlation matrix is calculated with the correlations across the environment factors and the weight

of each factor in the risk scenario

Dependency factors

Definition of risk factor to guide SMEs

SMEs provide their estimates on the influence of the risk drivers in the scenario

Risk factor name
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n Correlations

TAB provides methods for determining risk dependencies using expert elicitation
methods, being fully integrated into the tool s calculations

Sensitivity to common environment factors is used to determine correlations. A high correlation can be tracked to sensitivities
to the same environment factors. Independent scenarios derive from sensitivity to different environment factors

4 Qualitative Correlations — O Y

File Edit Windows

Uol
Sensitivity Result
~
Major system failure . - - .
Data management Business complexity Employees and work environment| Fraud environment| Internal control environment Regulatory and legal Technology et
Experts estimates on info and cyber securty 3V o1 0 0 02 0 01
. . Reg non complance Major system failure 0 01 0 0.1 o 83
the influence of risk internal fraud 5 0 o o o1 . 0s
Market misconduct ata management g h h \
drlveI’S into the r]SkS Product management v Info and cyber security 0 o 03 02 0 02
g . Reg non compliance 02 01 0 0.2 0.2 0
scenarios Intemal fraud 0 02 02 02 02 [}
Factor Sensitivity Market misconduct 0 02 02 0.2 0 0
Product mznagement = L 0 0 0 0
Employees and work environms AML 0 02 02 0,2 02 0
Fraud environment Sanction 0 02 02 02 02 0
Internal control environment
Regulatory and legal External fraud 0 0 04 0,2 0 0.2
Technology environment Anti bribery and corruption 0 02 02 0,2 0 0
\fandnre and avtarnaie v
- >
4 Qualitative Correlations i
File Edit Windows Export Extt
UoM
Sensitivity Result
Major system failure
Data management 3PV Major system failure Data management|Info and cyber security| Reg non compliance Internal fraud| Market misconduct| Produ¢
info and cyber security 3PV 1,00 57 38 23 28 18 18 .09
Reg nen compfance Major system failure 57 1,00 62 35 16 20 20 10
Internal fraud
Market misconduct Data management 38 62 1,00 46 s 29 29 10
Product management v Info and cyber security 23 35 46 1,00 18 44 44 00 A
T Reg non compliance 28 18 5 18 1,00 3 42 %2 ReSUltmg
Internal fraud 18 ,20 29 44 53 1,00 60 20 correlat]ons from
Factor Sensitivity Market misconduct 18 20 29 A4 42 60 1,00 40 th t .t f
Business complexi A Product management .09 0 10 .00 42 20 40 1,00 € sensitivi y (o)
Employees and work environms AML 18 20 29 44 53 80 60 20 risk drivers
r:““d e‘“"i“t’“';”e“l . Sanction 18 20 29 44 53 20 60 20
internal control environmen
Regulatory and legal External fraud 22 34 48 74 18 &1 51 00
Technology environment Anti briberyand corruption 15 AT 24 a7 27 51 51 a7
Vendors and externals v - -
< >
+ Minimum correlation Exit
o~
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H Stress testing modelling

TAB creates directly from the OpRisk database, loss time series for stress testing
purposes: time series of total losses, frequencies, tail values or any other metric

Our GRC Analytics automates the creation of times series of los data creating a seamless link with stress testing analysis of
macroeconomic variables or other indicators such as KCI, KPI, KRI...

Date field required in AXis X  e————————Select a loss amount field or “Events”, in Axis Y

4 Data Filterin| - a X

Ejle  Tools eports  Wihdows

Axis X  Lossbate ~ |[] Axis X Log  Minimum auto Plot v
AxisY  GrossLoss ~ Maximum auto GLM Model Stochastic Scenario
New Ctrl+N Axis Z All AT 5| Bins X 15 Join Restore Undo Fitter Target Scale
New with data Analysis | Gross Loss -
i Open Ctrl+Q
Statisitcs Percentiles '] T T T T T T T T T T T T T T
Save Ctrl+S
Save Filtered Data Minimum 400.072 10 454 464
Load Filters Maximum |3,883,636.364 25 579.495
Save Filters Events 15,160 50 874.058
Add Filtered Data to File Uniques 12782 75 1.707.609
Add All to File @
Sum 4.29957e+07 90 3,779.538 -
Export Filtered to Excel ]
Export All to Excel Moments Log Analysis E
A I rt |
Click to send data to mport Exce Average 2,836.126| || Mu 7.032 £
. Import text i g
the forecasting E——— StDev 35,003.715| || Sigma 0.923 8
model module and to Backtesting I | SR 93.082 | treng Analysis @
. Clustering Analisis >| Kurtosis 10,040.149 '
create the loss time T Eimeton Model |inear v [
- - y =-6.3e+08 +8.7e+02 *t
serie >
Bn e Sene Evaluatio
Database Projection
Export table
Quit Ctrd+Q

06/09 10/09 01/10 04/10 07/10 10/10 02/11 05/11 08/11 11/11 02/12 06/12 09/12 12/12 03/13
Loss Date in moth

»
?
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Stress testing modelling

Loss times series are regressed against macroeconomic factors, KRIs, KCls and
other metrics to create loss forecasting macroeconomic models

The models created provide the loss expectation under any type of scenario: base case, stress scenario, severely adverse...
permitting its integration into the global stress testing exercise

Time Series

|34 JBAR y-y change ~

Gold price $ y-y change

Gold price R y-y change

M3 money supply y-y change

Mortgage advances Total y-y change
Nominal House prices y-y change

Oil price $ y-y change

Oil price R y-y change

Prime rate y-y change

Private business enterprises y-y change
Production price index y-y change

Repo rate y-y change

Total Insolvencies y-y change

Total bank credit extended y-y change
Total capital formation y-y change
USDZAR y-y change

3M JBAR

Credit extended to h-h y-y change v

ARIMA Variable

ARMA Variable
Commercial GBP
ARMAX Parameters
AR
SAR

[ 0o not use constant

FromDate | 01-Jan-2002

D Presample

Constant
AR@2)
_ECBPR L211
LUKPNFCs_I
UK Nominal GDP_L2
Variance

Independent

variable statistics

ARMAX Variables
| A
LUKPNFCs_I
UK Nominal GOP_L2
<
<«
v
N2 Univariant VF
2|0 0 MA
Seasonalty 0 SMA
Advanced mode
to [01-0ct-2014 [ Automatic
][ stepwie
Value  |Standard Error| t-Statistic p-Value
-2.4298e+09 §.3353e-04 -4.5541e+12 0
-0.2152 0.0813 -26477 0.0108
-1.0353e+09 1.0643e-05 -9.7277e+13 0
| -49374e+07  66032e-05 -7.4773e+11 0
| 8.4934e+03 193.902! 438026  1.4983e-41
| 7.9459e+16 8.6785e-1 9.1558e+28 0

Resuts | LogRetumns Residuals ResidualsH  Q-Q Piot ACF PACF
<10° Commercial, GBP
25 T T T T T T
Dits Graphical
Forecast .
2~ | =~ ~Confidence 1 representation
of the
1 goodness of fit
&
Q -
s
e
£ -
S
o
051 -
4 1 1 I I 1 I
01/01/2002 01/01/2004 01/01/2006 01/01/2008 01/01/2010 01/012012 01/012014 01/01/201
Date
Adjusted R-square | 06431 A~
Anderson-Darling (p-value) [R] | 42123e-04
Anderson-Darling [R] | 15713
Augmented Dickey Fuller (p-value) [R] | 1.0000e-03
g d Dickey Fuller [R] -5.5289 Cor
et wnVon [ e 1 ene Otatistics of the overall model GoF
Cramer von Mises [R] 0.2690
Durbin-Watson 15253 F . t
Durbin-Watson (p-value) 0.0699 or 1nser ]ng
F taisi 2 model into the
KPSS (p-value) [R] 0.1000 .
KPSS [R] 00770 modelling
KalmanacmeSmimo: (naacals) [B1 Q5544018 X,

pes——mm— archive
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H Stress testing modelling

TAB’s GRC Analytics supports a champion multi-challenger approach for
identifying forecasting model performing most robust predictions

Our solutions provide extensive out-of-sample model validation to confirm the true causality found in the risk factors allowing

for a robust and credible projection

4 Out of sample validation
Forecast evaluation
Sl Base model A
Challenger_1
» |Challerger_2
Challenger_3
<
<<
v
Forecast options
Minimum data length for fitting a model
Evaluation horizont 4
[Z Fixed training window 4
[] omit NaN Median v Evaluate
1 2 3 \
Base model {0,001 0,001 0,001 0,
Challenger 1 |0,001 0,001 0,001 0,
Nalienger.’ |
Challerger_2 |0,001 0,001 0,001 0,
Challenger_3 (0,001 0,001 0,001 0|
< > |

- O X
RMS mean RMS median RMS dispersion
<1073

16} p

141 1

12 " s 1
N 1r i =
= S ——
24 o —— =
S o8 S
(s Base model
= —— Challenger

06 Challerger,

Challenger, Challenger 1 out performs
04t current base model
02t
0 " e 'S A ' A
1 15 2 25 3 35 4
Predictions

[ initialize axis y in 0
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Al predictive modelling

TAB provide Machine Learning techniques to predict large losses as different risk
indicators change, such as staff turnover IT incidents and other

Using machine learning the user may develop models to identify those business units, processes, risk types where is more likely

to experience a deterioration of the control environment

Different risk indicators
are automatically
modelled to select most
predictive combination
of variables

THE ANALYTICS BOUTIQUE

Input data Used data Power ROC  Histogram  Model Bads

RCSA Scores | A [>>] [Near Misses A

Internal Audit Scores Loss_Freq_3month e =
= _S}_gﬁ Tumover —~ T
e Bt ' 3
<< ® i
i) s
@©
v o o
Max Colineality g //"
V| Near Misses 99,06% £ A
Fit models ] 2 4 ——— Aleatory model
Models Data model S 7 Ideal model

'Logit £01 Al Lineal #04 ,";/'// LFneaI #04
,L,?g::%g? Near Misses A 4 L"]eal #04 :
Reciprocal #03 IT Incidents -

Logit #03 Staff Tumover Niber of

Composed log #03 Activity Growth umber of cases

Log #03

Log-log #03 Table content Fit Options
Ljneal #04 = rE
Lineal £02 || Coefficient p-value Standard error| t stadistic
Lineal #05 v M 1 (Independent 0,5194 0 1,219E-8 42613.25
Sort models by  Gini index v Cross Valida 28 Near Misses-8,987E-7 0 9,37E-14 -9.591.281
— Stadistics 3 |([Tincidents -1458E-6 0 8,764E-14 -16.637.24

Area under the curve | 79.5% | | 4 |Staff Tum.. -2937E6 0 6.254E-14 4696282

Kolmogorov-Smimov | 60.7% | | 5 |Activity Gr... 2,047E4 0 4607E-12 4443459

Kendall's tau [ 76.8% [ |

Pearson’s linear [ 91.8% | |

Spearman'’s tho [ 85.8% [ |
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GRC Analytics scientific validation

Special focus is given to scientific validation of Analytics both for those data
based models as well as expert elicitated models

Difference by bin plot Probability-probability (PP) plot Quantile-quantile (QQ) plot, log scale Quantile-quantile (QQ) plot, linear scale
Histogram COF Diff. by Bin PP Piot QQ Pt Histogram coF Diff. by Bin PP Piot Q0 Piot Histogram COF Diff. by Bin PP Piot Qa Pot Histogram COF Diff_ by Bin PP Piot. QQ Pt
1 it v : . . - - : - .
——— Reference Reference N
0.35 Z i [ , ] Reference 35 4
—(ze]rtngnnrmals $s {Z) Lognormal S o ©  (Z)Lognormal S o ©  (2) Lognormal S
03 (2) Weibull 1 08 (@) Waibul / ] (2) Weibull (@) Weibull
025 (¥) Lognormal ] o (¥) Lognormal . ] & (Y) Lognormal 5 (¥) Lognormal 1
N
2 02 1 5 25 a 4
: ‘ ) g 06F S -l o
ElRH] - { 2 3 o
< | 1 = 051 1 > 2
E R ~ . i £ o <
3 ; # £ g4} 0 | &
S 0o05f| 4 7 A
T \ a el 03 g
B ; .
o) |~ [ . ] 02 ]
Q1f pd - L ]
) \ y 7 , ) ol . . . . . . . . y \
95 10 105 11 15 12 o 01 02 03 04 05 06 07 08 08 1 1 12 14 16 18 2

Input P-Value

Histogram

COF | Diff.byBn | PPPRt QQ Piot

Hstogram | COF | Dtbysn | PPt | oapot

File Import
1 - - - - - - %, 5, M .
LS O s Reference
08 _—— O (Z) Lognormal S
Rank
— '(:;nu'v‘ﬁmsw:m“"w Diff. by Bin || PP Plot QaPiot . § 04 (2) Weibull 1
g8 (2) Lognormal ate ‘ O (Y) Lognormal
0X) Burr 1 [38838 ~
= 07 n B8 03 4
E ?ZV’G'"' Ll p— T 2 [smisiers
306 [ Empirical COF Cauchy Il Data 3 |on,182226 2., |
S s P —— (7) Lognormal S (Z) Lognormal - Genera — (M) General Pareto | 4 |6os2s45es § 8
3 (2) Weibull o osnormal s 08 (M) Lognormal 1 5 |s00.550.4 =
= (.
£ 04 — (¥) Lognormal ﬁm v L | — (M) Weibull 6 [303,252.657 =
2 e y < > (M) Lognormal S 7 _|300,801.758
y [ Various Distrbutons E‘ 06 (W) Lognormal - General Pareto (Mix 1) R 3 |2s9.318.182
02 /4 e 9 [268,453.199
andersonDaring v 8 |10 [261,236.388
o assn | [Compare| 2 04T T 1 [ 11 [248.970934
0 = 12 [236,318.804
95 1 105 1 15 12 i [ 13 l216.494 545 v
Severity L ] L - |
1.234E5 Inf 02 \\ Probabities
CPF pIOt # [ intial 0 [JendsLa
- = . Emprical  TotalDis  TruncDis
0 = .
Goodness of ft 9 10 1 12 13 14 15 16 L
Central P
. SigAD 0. ] Severity
AD and KS P-Values, from the fit ee—— P Right
0795734 [A Histogram [ Minimum | 124971 [] Maximum 3 88364 15, All Log Qun
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GRC Analytics scientific validation

Expert judgment requires solid validation and our GRC Analytics use Structured
Expert Judgment to validate the quality of the expert based risk evaluations

Seed questions are embedded into the questionnaire to assess the SMEs’ skills in evaluating risk events and to weight SME
answers accordingly. Seed questions are questions whose answers are known. The performance of experts in seed questions is
used to evaluate the skills/knowledge of experts in predicting uncertain events calculating a performance score per
participating expert. Such score is used to aggregate the individual answers into an aggregated answer per risk scenario

Definition of seed questions into the scenario
questionnaire

Distribution shape estimates
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GRC Analytics scientific validation

The SMEs’ answers are aggregated based on their seed questions performance
and the aggregated answer is used for the modelling

SME answers are aggregated based on seed questions performance

Weight assignation to experts

The weight from the seed question performance can be overridden

Participant Expert performance score Score override Expert answer weight Override justification
peterJnius 0.846 1 0.6666666666666666
john.smith 0.134

0.3333333333333333

Aggregated pre-mitigation loss estimates Aggregated post-mitigation loss estimates

In years Losses Overwrite

In years Losses Overwrite
2 100.00 100 2 50.00 50
5 200.00 200 0.0 15(
7 400.00 400 7 200.00 20(
25 600.00 600 25 500.00 500
Annual frequency 5.00 5 Annual frequency 2.00 2

Rational for overwrite Rational for overwrite
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GRC Analytics scientific validation

Validation and backtesting

Finally, our solution provides the means to perform validation and backtesting on scenario analysis. The analysis can be done ex-
ante, by validating the expert risk assessments against internal or external losses before the capital calculation. It can also be
done ex-post, and backtest the capital against the losses materialized in the subsequent periods after the capital requirements

calculations.

Axig v Histogram CDF Diference P-P Q-Q

Log Scale

4) New Losses 2013 [En A
1) Madel Event Data [E

x10°

5) Event Data Before 20*
Event Data 2011 [Emy
2) Total Event Data Avail
8) Event Data 2012 [Em

Axis
Total Event Data Availabl A
Model Event Data
Event Data 2012
Event Data 2011

Reference
(1) Model Event Data |{
(7) Event Data 2011
(8) Event Data 2012 {
(6) Event Data 2010

Backtesting of severity:

= Distribution used to calculate capital compared
to new losses

= New losses compared to the losses used to
construct the capital model

Event Data 2010
Event Data Before 2010
Mew Losses 2013

: Backtesting of frequencies:
' ‘ ' ' ! ' »= Violation ratio using UoMs observations

05 1 1.5 2 25 3
Fits values
4 .
< > _ New Losses 2013 Backtesting of total losses:
e p—— (4) New Losses 2013 [Empirical] MNal| . . ! . .
R a— (1) Model Event Data [Empirical] 1 * Vijolation ratio using UoMs observations
Truncation 500 to Inf (5) Event Data Before 2010 [Empirical] 1
Fit Type : Empirical (7) Event Data 2011 [Empirical] 0.6609
(2) Total Event Data Available [Empirical] 02672
{8) Event Data 2012 [Empirical] 01095
(3) Burr [Manual] 0.0568
(6) Event Data 2010 [Empirical] 0
Sort by
Anderson-Darling W < >
~
28 o o



ANNEX B: Risk “monetary value based”
management
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n Capital requirements and risk appetite metrics

TAB provides extensive analysis of capital requirements (Basel, Solvency...) and
risk appetite metrics under user defined number of confidence levels

Includes risk
appetite metrics

Metrics derived from the
total loss distribution

Economic Capital

Expected Loss
Expected Shortfall
Non diversified UL
Unexpected Loss
Scorecard

Capitalization levels
or solvency standards

Regulatory

A-

BBB+

BBB

BBB-

Extreme Losses
BB+

BB

Strong Losses
BB-

B+

CCAR Severe Ad
B

B_ -

m
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4 Simulation Results

File Tools Reports

Capital
Captal
Economic Capital
Euler + Expected Loss
Solvency standard

Simulation
Simulation
2015H1
User
MetricStream for SCB
Date

Comment

Stress Testing under the
Modified LDA

Simulations

Options

~

Graphical representation
off the values from the
metrics selected

Windows
Levels
O Country (AN)
O Region (AN

(@® CCAR, Comprehens... |(A)
[ Group by leveis

Convergence
Criteria

Bar

WA

Simulations

8

8

Economic Captal, ULC in theusand

8

g

g

| O Business Department | (A1)

2016 H1 21612

Simuistions.

v | O Modeling Date

NA | Error

_ASEAN (K)
Africa - East Africa (K)
Africa - Sourthern Africa (K)

12015H1 (EUR) 2015H2 (EUR) 2016H1 (EUR) 2016H2 (EUR), Mean (EUR)

2,03
4,981
1,351

FM - FM Operations (K)
FM - Global Research (K)
FM - Group Market Risk (K)
FM - Middle Office (K)

41.762,381
22854 895
28381172
43,469,591

FM - Product Control (K)

_FM - Traded Credit Risk Management (K)
FM - Financial Markets - All (K)
Total
e

23,527,168
|17.766,684
|32.363,395
[210.133.428

2815
5,855
1,503
40.597,512
38.453,657
30.801,765
24.457,277
37.17985
19.717,857
40.111,016
231.328,907

9,712
4,607
1318
33.349,401
31.197,581
31.367,596
24625819
§3.367,338
27404283
68.226,679
269.554,333

2,929
4515
1,802
37.745513
30.634,702
50.956,371
23.401,802
31.394,977
29431248
30.226,474
233.800,332

43N

4,989

1,494

38.363,702
30.785,159
35.376,726
28.988,622
36.367,283
23.580,013
42.731,891
236.204,25

Various runs
represented in report
window

Click here to delete a simulation from the result visualization

30

Click here to add a simulation results selecting its .att file

WA

—\/23|ues from the metrics selected
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n Loss forecasting and stress testing analysis

Our stress testing modelling permits to forecast losses under stress or base case
scenarios as required

Variables | Batch Forecast e Resuts | LogReturns Resiluals | ResidualsH  Q-Q Piot ACF PACF
Purpose Business line Risk type |
. | Variables | | e ~ | S - | 9 Commercial Banking
PrO]eCted T 'erwl_ Retail Banking 3 %10 , .
macro variables 20 [EcePRTl 2) 25t
X 3 |LUKPNFCs_t :
for a recession 4 |UK Nominal. . o ; o
scenario I | ;E; sk
LT s 4l Projection of
Pﬂ‘?f 2017 H1 > Integrated stress testing > Commercial Banking 5 Operational
Variable Commercial GBP E 05 l d
| variable | value | Avaliable | 2 of 1 0ss un. era
1 |Constant -2,686,508,3.. =] ~ -y o=’ Data recession
78,402,463 4... M 05+ PR Forecast 4 .
0.319 O ’ = = = Confidence scenario
-1 L L
L1005, = ~ 01/01/2000 01/01/2005 01/01/2010 01/01/2015 01/01/2020
Forecasting Journal [] see Ancels Date
Reprocess Clone Save Simulation Add Batch | RunBaich  See Results || Cancel
Variables | Batch || Forecast Mods! Resuts | Log Returns| Residuals | Residuals H | 0- Piot ACF PACF
Purpose Business line Risk type |
T T Integrated stress testin ~ -
. Variables <10° Commercial Banking
Projected macro —eommercil,.. Fetai Bankng 3 . -
: 2 |ECBPR_L2NM
variables for an T 25
expansion 4 UK Nominal . P N M . o L
scenario A [ | E 15F Projection of
pescrpton T 4 operational
Path > Integr r ing > r n 4
a 2017 H1 > Integrated stress testing > Commercial Banking g loss under an
Variable Commercial GBP E 05 A
[ Variable [ Value [ Avaliable [ 8 ot 4 eXpan'?‘lon
1 [Constant -2,686,508,3.. 1 A -\ e - Data scenario
2 |Variance 78,402,463,4 [} 05 ;- Forecast g
3 |AR3 -0.319 0 ’ = = = Confidence
. - . .
L il et = 01/01/2000 01/01/2005 01/01/2010 01/01/2015 01/01/2020
Audit Trail Forecasting Journal [] see alCels Date
Reprocess Cione Save Simulation AddBatch  RunBaich | See Resuls Cancel

THE ANALYTICS BOUTIQUE 3 Analytics made friendly



NPV of mitigation actions & controls

TAB’s GRC Analytics integrates measurement and management showing risk
profile before and after new mitigation plans and controls

Risk monetary value based management permits to translate risk levels assumed into monetary values generating intuitive risk
metrics which facilitate internal decisions and buy-in

Pre-mitigation loss

Ex

Post-mitigation loss distribution histogram Post-mitigation loss distribution histogram

12,000 35,000

Events

10,000
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NPV of mitigation actions & controls

The difference in risk profiles is used, together with controls implementation
costs and potential insurance to determine the NPV of mitigation actions

Economic metrics such as NPV (net present value) or capital requirements and better understood by upper management
permitting an effective integration of the Risk management program into the daily management of the institution/company

NPV and loss analysis applying insurance only NPV and loss analysis with insurance in the mitigation plan

o) NV analysis o
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n Reporting incl. regulatory approval

Our GRC Analytics provides full reporting functionalities generating an exhaustive
regulatory approval report derived from the audit trail with the push of a button

If the regulatory validation report is given to an external analyst such analyst would be able to exactly replicate the model results

Simulation report

Chapter 1. Simulation results p
Table 1-1. Simulation Options.
Chapter 1. 2016 H2 > Pillar 2 > Retail Banking > Process Management 3 .
Simulation Options S l t
cenario analysis repor
Date 24-Jan-2017
Number of replications 2,000,000 " P
Random seed 31316785 O R' k l f t . t
Currency EUR Chapter 5. 2017 H1|> Scenario Analysis > All P 1S 0SS Torecas ]ng repor
[nswance Hot med L] other ORCs > Info and Cyber
Simulation ID RAXOIIET . i ch 1 Ti Seri fit It
i PR apter 1. Time Series fit results
Table 1.2. Capital Options L ORC description P
Capital Options 8 Table 2-1. Basic cell information Table 1-1. Fit recults
Meric and allocation method Economic Cf cell 2016 H2 Parameter Value Standard Error | Plots
Expect=d 1§ ORCs > E 7
Constant -0.0073 0.0016 - -
— 50 %, erations: 50, Quantile: $9.500, Percentage of — Figure 1-1. Results
Solvency standard 99.950% cample: 80, Use bootstrappisg: flsa Cumrency usD 10-YBond-Yisld | 02464 00158
‘Table 1-3. Correlation Lower truncation o RepoRate [A3] | 0.0726 0.000% SoNT - N —
Correlation Losses Medinm truncation o HHDisplne Debt- | -0.0224 0.0049 1 o M Contaenca] |
Corrclation t Student Fable 12 Daca fiker Mascimum losses 2,012,755, Y ! L
"~ Variance 3.2655e-06 1.2605e-06 1
2 " 003
Degrees of e 123 Variable Condition Value Table 2-2 Data clement weights [
INumber of replications (copula) 2,000,000 Gross_Loss Greater than or equal | 2000 Internal Data (%) | Rigk scel +f+|Table 1-2. Statistica oo ‘
- Table 1.5, Capital Results to Medium lossas 0 100 Statistical Value )
BIET Contains "Procass” N s tsted Resquare |
Cell Modelling Model Business Risk typ| Data elements weights | This box is fillad out with the mfonm Adjusted R-sqn 0.354 002 \\/,\r/
D | period purpose | line B2BL Contain "Retsil Bat tool that the user is supposed to Sl & derscn-Dasling (p-value) [R] 0.808
126 2017H1 Pillar 2 . Dats_Reported Greater than 2010121 . - - i v "
L | - Risk scenarios (medium) Iugmasntsd Dickeey Fuller (5-valus) [R] 0001
_ Date_Reported Lower than 2017/01/0] N 1ed Dickey Falles [R] 42 -
127 |2007HL Pilr2 | Tradingand | Systems . - Table 2-6. Inputs to severity fit = - 012000 010172005 01012010 ow012015 01012020
Sales Failure Distributtion fitting Cramer von Mises (p-value) [R] 0.746 Date
Moment Value & s [R] 08
128 [2017HL Pillar2. Trading and | Pr ramer von Mises X S 1-2. Log Retr
Saies ittt severty Erzquency 591 oz Returnz
26 . Durbin-Watzon 0385
130 |2017HL Pillar 2 Corporate | Process Trancation Limit Min 89,147.83 Skeumess 76 DruebinWateon (poealm) N
Ttems Managent Kurtosis 812 e
Truncation Limit Max Iaf F statistic 189.819
Table 2-7. Percentile Determination Method: Worat loszes by KPSS (p-value) [R] o1
‘ Distribution | Lognormal Loss in years KPSS [R] 0072
‘ = | ALE 121,200,000 10 (p-value) [R] o ¢
718,000,000 50 imov [R] 0498 3
. . 5
2,412,500,000 2,500 Leybourme MeCabe (p-vahue) [R] 001 g
No filters have been applisd to the data Leyboume-hcCabe [R] 046
MAE 0.001
MAPE 0.071
MSE 0
03 —
610172000 010172005 0110122010 01012015 0110172020
Log Retums
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n Reporting incl. regulatory approval

Risk management and measurement data is stored in TAB’s GRC Analytics
database and can be reported as desired using pivot tables and dashboards

INFETITERGR 5 G2 amse) (5 Pull information from database and create Graphs are AR
users or produced by GRC . . . dashboards
. . tables and charts as required using grouped into
Analytics forms and stored in a . . can be
integrated reporting module dashboards
database created

=

Count vs Province by Party

Horizontal Stacked Bar Chart v

Table

Table Barchart

Heatmap

Row Heatmap

Col Heatmap

Multiple options

available for

representation

Multiple Pie Chart

THE ANALYTICS BOUTIQUE 35 Analytics made friendly



Integration into financial planning and strategy evaluation

The created risk analytics models can be integrated into the financial planning of
the company using IFRM for projecting P&L, BS and CF under any risk scenario

IFRM (Integrated Financial Resource Management TAB’s stress testing and financial planning tool) integrates all risk Analytics
such as as models, capital estimation process, stress testing..., into the financial planning process providing a consistent view
of financial planning, strategy evaluation and risk measurement

THE AﬁALYTICS BOUTIQUE

Analytics made friendly
a True North Partners company

IFRM

VIEWS VARIABLES REPORTS USER SCENARIO USERS CONFIGURATION
Balance sheet
All amounts in thousand British pounds, except for growth rates
SCENARIO

i all]

MACROECONOMIC VARIABLES

2017.7 2017YE 2018 2019 2020 2021

Asset side
NET % SBS MORTGAGE GROWTH

PERCENTAGE INCREASE IN RETAIL LENDING

b a1 B n b

o 1200

BASE CASE FORECAST- DEPOSIT WITH BOE o0
- 0oL
ks |z |z |es  |ps ks 20000

200001

PERCENTAGE OF B/S GROWTH FUNDED BY
RETAIL DEPOSITS

a0 0 30 a0 [ 0

SPREAD OVER SOMIA - RESIDENTIAL - 2 YEAR
FIXED

Retail PBT

N 2017VE a8 018 2000 2021 2022
[ ]

Retail risk adjustment

Retail deposits

Retail lending

Brand value

C
Branaa
& Royaty revene, Brand A
Post tax royalty revenue, Brand A
NPV Brand A
Brands
& Royalty revenue, Brand B
4 ¢ Posttax royaty revenue, Brand B
£ WPVBrandB
Brandc
Royalty revenue, Brand C
Post tax royalty revenue. Brand C
eV Brand ¢
Total brand value

P Total vakue of brands.
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+¢” Mortgage assets
13
E:}E;]E:}E;]E:} +¢ SBSliquidity assets 26479 | masecase
% OF GROWTH TO BE FUNDED BY +¢7  SBSotherassets s0.00 050 5151
SAVINGS USER SCENARIO
¢ SlLmorgage assets 10000 10200 10404
31 B[ ][ & B & +¢” SlLotherassets GROWTH/FORECAST
2 YEAR SONIA SHAP RATE ¢’ Amber mortgage assets 100.00 101.00 102.02
e MACROECONOMIC VARIABLES
o 4> Otherassets 30.00 30.60 31.21
¢ 30.00 3060 3 A
Bid=1 Eti={|Bt=] B BT}
#  North Yorkshire mortgage assets 10000 10100
3 YEAR SONIA SWAP RATE ] ) ° 0 0
+¢”  North Yorkshire other assets 200 2 0.9
sssssssssssssssssss
Wl Wl Wl Wiy e 5
FEFSFsFsfs] +o o
5 YEAR SONIA SWAP RATE Liability side
= +¢” Savings 170000 181125 184975 1 ~
v TRADITIONAL MEDIA
- - - - -
E0] B O O B
¢ SLfunding 100.00 101.00
M ¢’  Other liabilities 100.00 101.00 103.02 'cs.t;e ;c7.‘g ﬂ:g}.ﬂ r
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Thank you.

The information contained herein is proprietary, confidential and may be legally privileged. Please do not distribute this presentation without
the prior written consent of The Analytics Boutique Ltd or its authorised affiliates.

© 2019 The Analytics Boutique Ltd
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