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Summary
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e Forecasting inflation, government bond yields and AA corporate bond yields is
useful for making forecasts of local benefit obligations and liability positions in
international accounting.

e In order to explain the projected results to the Board of Trustees and to obtain
their confirmation, it is worthwhile to visualize these results and to forecast tests
and approaches:

— Visualization would be very useful on the home page
v With our examples would be shown
e Sometimes it would be important to present as a "second opinion” a comparison
of the results produced by other consultancies

» Even though the prediction approach and the "second opinion" analysis are very
complicated, it would be useful to find a simple, well-understood approach to
confirm your results.

- The Threshold Portfolio Return calculated based on the annual accounts report
for pension fund helps to produce exacter forecasting
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Governance Budget of the supreme body
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S e Environment of Swiss pension fund

Business partners of the supreme body (board of trustees)

[ Pension Fund

.OAK-BV.admin.ch
The supreme body - OREETadmine

‘\J
‘ authority

« SKPE expert and auditor prepare reports for the supervisory

Management (team) authority
- Investment advisors prepare analyses for the supreme body
of the pen5|on fund IT companies support management and implementation of

dlgltallzatlon

Certified Pensions
Actuary (in Swiss
Chamber, SKPE)

Investment Adwsers &
Investment Managers

Administration (separate firm or
team in pension fund)

The supreme body is responsible for choosing the business partners and is supported by consulting firms
in all relevant issues.
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e Many pension funds (Swiss as well) are cash balance plans for active
membership:

— Only high interest credits (IC) help active members to reach high
level of saving capital at retirement;
e Interest credit level depends on the funding ratio and portfolio performance:
— If the funding ratio < 100% the interest credit on the lowest level (could be
even zero)

- In Switzerland for registered pension funds (with mandatory benefits) it is
prohibited to use “negative” interest credits like in "Defined Contribution”
plans (based on negative portfolio return).

o Inflation level impacts practically all parameters (Portfolio return, Liability
Return, Assumptions Parameters for International Accounting

— Inflation as a Liability Risk has a strong impact on the benefit level
of active membership and pensioners
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e Many pension funds (Swiss as well) are cash balance plans for active
membership:

- Only high interest credits (IC) help active members to reach high level of
saving capital at retirement;

e Interest credit level depends on the funding ratio and portfolio performance:

— If the funding ratio < 100% the interest credit on the lowest level (could be even
Zero)

— In Switzerland for registered pension funds (with mandatory benefits) it is prohibited
to use “"negative” interest credits like in “"Defined Contribution” plans (based on
negative portfolio return).

e The BVG/LPP guaranteed Interest Credit over the last years is 1% (2017-2023)
on the mandatory saving capital (ca. 40%-55% of the individual total saving
capital)

— Now for year 2024 the mandatory level could be 1.25%

o Inflation as a Liability Risk has a strong impact on the benefit level of active
membership and pensioners

o Inflation impacts Liability Return
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e Tasks of the supreme body of the pension scheme

Legal Requirements

e The supreme body of the pension fund is responsible for the overall management
of the pension fund (Art. 51a para. 1 BVG/LPP)

e The supreme body of the pension fund is responsible for the overall management
of the pension fund (Art. 51a para. 1 BVG/LPP)

— Two of these tasks:
e Setting of the financing system and

» Determination of the objectives and principles of asset management

as well as the implementation and monitoring of the investment
process

e The management responsibility of the supreme body with regards to the
investment of assets

— The supreme body comprehensibly designs, monitors and controls the
management of assets in a manner that is appropriate to earnings and risks
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K actuarial Asset Management Process

o Internal governance

« Manager monitoring and

evaluation o Investment objectives

« Compliance and style o Investment policy

L Mission
monitoring and
Risk budgetin
« Performance reporting erformance GoVernance ¢ 9 9

and Risk —

o Asset-liability risk monitoring Monitoring

o Design and analysis of
(overlay-) strategies

o Implementation of hedge

o Custodian selection strategies

_ Strategic
« Manager searches selection CEE « Monitoring and evaluation of

allocation
. overlay-) hedges
e Transition ( y-) 9
management o Asset/liability modeling
Manager
structure Benchmark

design

e Custom benchmarks

Asset management process helps to » Manager structure

understand if plan benefits could be
financed or should be reduced

e Asset allocation funds
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Risk budgeting looks only at investment risks

Total risk

m \/L Beta diversity ] m
Life Equit Skill
expectancy quity
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Could be
Could not be fully insured insured

in Switzerland:
No Buy-in/ No Buy-out
No Longevity Swaps
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5, CEETE] Governance Budget of the supreme body

» The governance budget *) is the capacity of the decision-making

supreme bodies to manage all issues related to risk
management

e Membership in the supreme body is not a full-time job

- However, the scope of duties is enormous: the fulfiiment of the

legal requirement (Art. 51a BVG/LPP) requires a lot of time and
expertise.

o Evaluation of the governance budget based on 3 parameters:
- Time, Expertise and Organizational Structure

~ Training & Further Education for supreme body members legally
requested
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e Visualize risk figures defined and declared by the supervision
authorities (OPSC/ OAK BV) as minimum standard -> FRP4

Guidelines and FRP5 Guidelines

- FRP4 Guidelines annually defines the Upper Limit for the technical interest
rate based on monthly historical data of the 10-year government bond yield
per September 30, 20XX over last 12 months

- FRP5 Guidelines request that the pension fund expert gives a feedback to
the pension fund Threshold Portfolio Return (TPR) that should be lower
compared to the expected portfolio return

o Threshold Portfolio Return depends on the Liability Return
(liability growth rate) and pension fund cash flows (all kind of
payments, administration costs and contributions)



"% european

X zctuara Definition of Threshold Portfolio Return, TPR (R'"F)

academy

What does it mean «Threshold Portfolio Return»?

The formular to valuate RTR Threshold Portfolio Return

Definition
RTPR o RLiab - CF %(A) , * According to SKPE guidelines (FRP 5),
the threshold portfolio return
« RUa Ljability Return corresponds to the portfolio return
~ It means liability growth rate that the pension fund must achieve to
« CF %) Cash Flows in % of pension fund maintain a constant funding ratio
assets to begin of the financial year compared to the last year

o If CF %(A) ~ (0 -> RTPR ny Rliab

- It means that all aggregated out-payments
are equal to the contributions & in-

* Analysis & Forecast of Liability Return
are very important and depend on

payments the Liability Risk
) , B
— In this case the threshold portfolio return o | mm
equals to the liability increase or liability .. e -

decrease over year )
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|_| 31.12.2018 'IEZ-EISh Flow (CF) 31.12.2019 |_|
Financial statement Middle of the year Financial
2018 statement 2019
I | | | | |
A, — Assets PR f—ﬂ A, — Assets
V, — Total Liability Mﬂmﬁm:ﬂ!l . V; — Total Liability
me are in

per 31.12.2018 Lﬁﬁdlenfﬂlemr ) per 31.12.2019
FR, = A, /V, FR; = A, [V,

To ensure that the funding ratio (FR) over one year stay constant (i.e. FR; = FR; ) it is
necessary that the asset value at the year end (A3) amounts to A, = Ay *(V, /V1)

Ay = A; * (V, /V;) = A; * (1 + Rliab)
= A; * (1+RTPR) + CF * (1+ RTPR /2 )

CF = Cash-In - Cash-out; CF *(Al) = CF/A; (i.e. Cash flow divided by the asset value at the former year)
RTPR —= Threshold Portfolio Return; Rlab - = Total liability cﬁange rate = V3 /v;- 1

RTPR =~z RLiah - CF % (A1) 2 oo

® TPR is a portfolio return necessary to keep the funding ratio on the same level like at the last
Measurement Date (MD): here Dec 31, 2019, vs. Dec 31, 2018.

— Funding ratio = Assets/ Total Liability

Based on cash flow and liability positions in the annual accounts it is possible to analyse TPR components

How Visualization and Computer Science (AI) Could Support Pension Funds | 09 Oct 2023 | Page 17
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Increase (or decrease) of the funding
RTPR a2z RLiab - CF %(A1) 4 __. ratio between two measurement dates
(EoY and BoY)

Portfolio return - RTPR x FR (EoY)/FR (BoY) -1
(Portfolio return - RTPR ) * FR(BoY) = FR (EoY) - FR (BoY)

« If the funding ratio at the beginning of the year FR(BoY) is ca. 100%
then the change of the funding ratio over the year is ca. the difference

between the portfolio performance and the TPR for this year
« If the FR(BoY) < 100% (>100%) then the funding ratio change is
smallerr (bigger) than the difference between the portfolio return and

TPR

= The difference between the portfolio return and the Threshold Portfolio Return explains the increase
(or decrease) of the funding ratio over the year
= The dynamic funding ratio forecasting could be implemented with the future TPR

Comments/ Explanations:
BoY - Begin of the Year, EoY - End of the Year, RYab — [jability Return (Increase or reduction rate of the total liability between two measure-

ment dates), CF % (A1) —total cash flow over the year (between EoY and BoY) % of the asset value of the first measurement date (BoY).
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Threshold Portfolio Return vs. Interest Funding Ratio (FR) & Interest rates and credits

Portfolio-Performance rate/ credit FR %

over 2011-2020 4% 120%
10% 10%

8% 8% 3%, 110%
G-RTPR = 3.35% @-R = 4.37%
= o
6% 2 6%
| 2% 100%
4% ? 4%
1% 90%
2% 2%
III 0% 80%
0% 0%

2012
2013
2014
2015
2016
2017
2018
2019
2020

- o m < n © N ’ ()} o
bl L) - - - - - Ll o
1<) ) ) ) ) o o 1<) )
N N N N 3] ] N N N
-20%, -2%
s Interest credits (actives Interest rate (pensions
Threshold Portfolio Return (TPR) ( ) r )
s Portfolio-Performance Minimum interest credit (BVG) —&— Funding Ratio (FR)

-= «= Average TPR (2011-2020)
== «= Average Portfolio Performance (2011-2020)

The analysis is based on financial statements (of existing pension fund) over the period 2011-2020
®* The average Threshold Portfolio Return: @-RTPR = 3,359% // The average portfolio-performance: @-R = 4.37%
®* Funding ratio (FR) increased from 97% to 107% over 10 years (i.e. @-(R-RTPR) = 19 multiplied by 10 years)
® Portfolio-Volatility, o(R ) = 3.12%; TE(R-RTPR) = 3.35% // LSR = 32.7% // LIR = 30.5%
®* The interest credits for actives were relatively low, i.e., 1.47% on average per annum over period 2011-2020
®* Supreme body decision on interest credit depends as a rule on the FR-level and the portfolio-performance
How Visualization and Computer Science (AI) Could Support Pension Funds | 09 Oct 2023 | Page 19
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Attribution Threshold Portfolio Return (% assets) Attribution Balance (gains) & losses (% assets)
50/, 5%, 1.2% 1.2%
O
4% O 4% 0.8% 0.8%
U O
3% o '3%\
! \ 0.4% 0.4%
1 “
29 | 2% ;
i 1
i \ 0.0% 0 o8 0.0%
‘ ° = °
1% 1% !
1 1
1 1
! ! -0.4% ' -0.4%
0% I| 0% 1
\
\}
\ 1 - 0, / - o,
-1% \-19% 0.8% "~ N ™ < n © N © o 0 0.8%
z & =8 § = & 5 = 2 g g ¥ g g & & & &8 &8 8§ & 12
o o 1] o o o o o o o ® P N N N N N & N N 3 3
[} N N [} N 3] [} N 3] N > / 1
) - °
Interest credits for actives ®Interest rate for pensions B Reserving & Administration W Risk gains (death & disability actives) B Residual (gains) & /osses
B Pension losses (at retirement) ¢ Balance (gains) & losses

B Keep Funding Ratio over 100% B Balance (gains) & losses ¢ Threshold Portfolio Return

®* On average (@) total costs of interest rates and inte):e’sfcredits = 1.9% per annum over period 2011-2020
Reserving (decrease interest rate from 3.5% to 175% & change to generational tables since 2014) = 1.4% per annum
® Pension liability ratio compared to the total,lréblllty was growing from 39% to 46% over this period due to interest rate

decreasing step-by-step /
¢ Pension losses were substantial (1°/o of assets in 2018) because of decreasing interest rates; due to definitive reduction of
the conversion rate in 2019 these losses got smaller (and were fully “financed” by the and residual

gains: it means that, generational mortality tables more conservative compared to the pension fund life expectancy

development)
How Visualization and Computer Science (AI) Could Support Pension Funds | 09 Oct 2023 | Page 20
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They fit into "ex-post" and "ex-ante" risk management

. - = L|ab|I|ty Sharpe Ratio (LSR)
Lia blhty Sharpe RatIO, LSR corresponds to the difference between the portfolio return and the

threshold portfolio return (TPR) divided by the portfolio volatility
= shows the increase (or decrease if RTPR > R) of the funding ratio

TPR normalised by portfolio volatility
R - R = The larger the LSR is, the faster the funding ratio can increase.
LSR = " For the same difference (R-R7PR), the pension fund's ability to
o implement the re-development measures in case of

underfunding will be lower with greater volatility, o

Liability Information Ratio, LIR, over Threshold Portfolio Return (TPR)

= Liability Information Ratio (LIR)
equals the difference between the
portfolio return and the threshold
_pTPR _pTPR portfolio return divided by the volatility
LIR (R — RTPR) — R—-R — R—-R of the difference between the portfolio
TE(R—RTPR) O-(R_RTPR) return and threshold portfolio return (i.e.

TE, tracking error)

= If the difference between the portfolio return and the target return is relatively stable, then their
volatility is smaller compared to pension funds with more volatile differences
= The larger this ratio is, the faster the funding ratio (FR) can increase

TE - Tracking Error, i.e., the volatility of the difference between portfolio return and threshold portfolio return

How Visualization and Computer Science (AI) Could Support Pension Funds | 09 Oct 2023 | Page 21
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Example: Threshold Portfolio Return - 1

For forecast TPR it is necessary to forecast 10-year bond yield (upper level for technical interest rate)

Treshold Portfolio Return

T ——

/

TPR estimated based only

on technical interest rates

2017 2018 2019 2020 2021 2022 2023

Up to Year End

Liability Return

2017 2018 2019 2020 2021 2022 2023

Up to Year End

Portfolio Return

\/&-

2007 2018 2019 2020 2021 2022 2023

Up to Year End

Cash Flow % Assets

/*—_——

\ /
\

2017 2018 2019 2020 2021 2022 2023

Up to Year End

= Example: Results over period 2020-2023:

The median of the TPR is 3.31% and the expected
value 3.35%, StDev = 0.60%
» = Liability Return — CF % Assets + ...
(slide 5)
TPR’s bandwidth (5% +95%) is ca. ( )
The median of portfolio return 3.68% and its
expected value 4.0%, StDev = 7.52%
Portfolio return bandwidth (5% +95%) is ca.
(-7.5%+16.5%)
As a rule, the estimate of the TPR by pension fund
board of trustees is done based on the technical
interest rate (here 1.5%) and the expected interest
credits (here 1.0%) plus administration costs
» here it would be ca. 1.05%-1.1% (red line on
TPR figure)

= The highest level (95%) of liability development
(Liability Return) of ca. 6.0%
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Liability Shape Ratio - this parameter helps to estimate financing
* Liability Shape Ratio (LSR)

Treshold Portfolio Return Portfolio Return R — (POI‘thliO Return — TPR)/O_
° 1 20 — o - Portfolio volatility
i f 5 | * The higher the LSR value, the faster the funding
i e ————— 0 - ratio grows
L e s | — The median of the difference (Portfolio Return -
2 / L TPR) over 2020-2023 is 0.33%
1 Ll » i.e. it is positive but 'small that is why the
- - funding ratio could only slowly grow
Can e wm wm wm o an mm m am wm wm — The portfolio volatility o over 2020-2023 is
Up to Year End Up to Year End 7' 520/0 ////
—_The median LSR = 4.4% (i.e. very low)
Liability Shape Ratio Difference: Return - TPR --~"'— The-volatility of the difference (Portfolio Return -
200 |- 20 [ ,/TPR) is 7.55%
- : -~ ¥ i.e., slightly higher than o
< ol /\-_- - It is useful to reduce the volatility of this
S —-—— difference (Portfolio return — TPR) vs. portfolio
o a0 | volatility
- : * It means the benefits should be improved and
200 e 2 L additional actuarial provisions increased if the
2017 2018 2019 2020 2021 2022 2023 2017 2018 2019 2020 2021 2022 2023 portfolio return would be enough h|gh

Up to Year End Up to Year End
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e Swiss pension funds over last 8 years adjusted their liability structure based on the
FRP4 & FRP5 Guidelines:

— Due to the very low level (even negative) of the 10-year government bond yield the Upper
Limit of technical interest rate was ca. 2.0% with generational and 1.7% with periodical
mortality tables

— Based on technical interest rates below 2.0% the conversion rate (to define the retirement
pension) was reduced from 6%-7% to ca. 4%-5% by many pension funds

e The interest credit for saving accounts has a guaranteed BVG-minimum interest credit
value annually confirmed by the LPP/BVG-Commission

— It is to be guaranteed only for the mandatory saving account, ca. 30%-60%

- 1% in the period 2017 - 2023; but it was 4% over 1985-2002 and reduced over 2003-
2016

- In 2008 the BVG-minimum interest credit value was 2.75% (vs. Inflation ca. 2.8%-3.0%)

e The board of trustees annually decides the interest credit level for saving accounts based
on the funding ratio level and the actual portfolio return

e The forecasting of government bond yields and inflation is very important
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Correct forecasting of If the expected threshold
deteI&?nseusprlaean;:dbgg‘GegaI liability development to portfolio return is t_esgimated to
requiremen'ts the strategic verify the exps—:cted be too high, the_n it is usqally
objectives and principles of thrt::shold portfolio return suggested reducing benefits to

the pension fund (neither to I_ow and nor to decrease t_he future threshold
high) portfolio return as well

Gives a chance to improve
benefits for actives and
pensioners

Finances them better via
the third contribution
payer (portfolio strategie
and its performance)

Active membership is very
affected in this case

How Visualization and Computer Science (AI) Could Support Pension Funds | 09 Oct 2023 | Page 25
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Analysis & Visualisation Inflation Development

How Visualization and Computer Science (AI) Could Support Pension Funds | 09 Oct 2023 | Page 26
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Important to provide some clarity of thought on the issue of inflation

o Inflation relates to assets and liabilities as well as affects the benefits (esp. for
pensions in payment without COLA, cost of living adjustment).

e Impact on assets:
— In general, when inflation falls relative to the prior period, assets perform well

- Should inflation start to rise, it is necessary to expect
* Asset returns to be adversely affected
— Historical experience/analysis of asset returns vs. inflation development helps
to prepare expectations concerning asset returns based on forecasted inflation
- The direction of inflation determines the direction of interest rates

e In turn, the direction of interest rates has a big influence on the pricing of assets
that are sold on the basis of their projected cash flows (bonds, equities and real
estate)

* The interest rates used to discount the cash flows change faster that the cash
flows can adjust (if at all) thereby changing the net present value of those flows.




x

* %
« x european

A el Impact Inflation Rate on Portfolio Returns

academy

Pictet LPP/ BVG Indices 2005 25+, 2005 40+ and 2005 60+

Return Swiss Pictet Indices up to Aug 31, 2023: BVG 2005 25+, BVG 2005 40+ and BVG 2005 60+

The current situation:

Inflation increased and
portfolio returns decreased

| But the 10-year Bond Yield

[l Inflation || | 10-year Bond Yield [ | BVG 2005 40+ =--- BVG 2005 25+ — BVG 2005 60+ |

30

Finance i
3 covinit increased as well

Dotcom

Crisis ;'.
Bubble ]

10
Inflation values:

Monthly values valuated
over last 12 months (via
inflation index)

Retum %

[=]

-

Portfolio return values:
Monthly values valuated
over last 12 months (via
portfolio return index)

|
=
[=]

-20 Finance Crisis 2008:

Inflation increased and 10-year Bond Yield:
portfolio returns decreased Monthly values

|
(2]
[=]

2000 2005 2010 2015 2020
year
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Inflation rates vs. 10-year Government Bond Yields (over last 25 years)

10-year Bond Yield vs. Headline Inflation

| o
A Dotcom Finance [] 10-year Bond Yield | &
] — Inflation |

ubble Crisis

A o

Return %

1 1 1 1 1
2000 2005 2010 2015 2020
year
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e Correlation Portfolio Return vs. Inflation and vs. 10-year Bond Yield

read Pictet_data[param_list].head().round{2)

# Correlation / . .
Headline CP1 10-year Bond Yield R 200525+ R 200540+ R 2005 60+

pictet_plus_corr = read_Pictet_data[param_list].corr().round(2)
pictet_plus_corr

Datum
Headline CPl 10-year Bond Yield R 200525+ R 200540+ R 200560+ 1998-12-30 017 2.67 6.75 7.7 7.93

Headline CPI 1.00 0.41 0.36 022 0.12 1999-01-30 0.07 252 6.64 7.24 8.20
10-year Bond Yield 0.41 1.00 -0.07 -0.09 -0.10 1999-02-28 0.29 252 4.19 3.96 3.68

R 2005 25+ -0.36 -0.07 1.00 0.96 0.90 1999-03-30 0.47 257 410 3.54 275

R 2005 40+ -0.22 -0.09 086 1.00 069 1999.04-30 059 2 R0 7.43 205 368

R 2005 60+ -0.13 -0.10 0.90 0.89 1.00
print(pictet_plus_corr.to_markdoun(tablefmt - “grid")) ® Positive correlation between inflation rate
A R e pTECEEEELEEEEEE Ty I T e s T e e X and 10-year bond yield

Headline CPI 1@-year Bond Yie R 2885 25+ R 2885 48+ R 2885 6B+ . : : . :

S E | SO A Inflation and bond yields are increasing
| Headline CPI 1 8.41 || -8.36 | -8.22 | -8.13 | together
e T e Hp=mmmmmmm e m oo R e T e Fommmmm e + P . . .
| 1-year Bond vield o a1 1| C0.07 | C0.00 | o1 | Negative co_rrelafuon between portfolio
R fromm e e fpom oo #ommoosooooas #ommmommomoooee + return and inflation rate
| Roees s | IS IR ksl L el 0! — The lower the equity allocation and higher
| R 20085 40+ -8.22 -6.09 || .96 | 1 .99 | the bond allocation the impact on
e T e Hp=mmmmmmm e m oo R e T e T Fommmmm e + . .
| R 2005 6o 6.1 o1 | 0.0 | 0.99 | : negative return is stronger (R 2005 25+)
e e R e e T T +
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Important to provide some clarity of thought on the issue of inflation

o Impact on liabilities:
— Should inflation start to rise, it is expected that liability values would fall as well
v For local liabilities: it depends on plan rules and guidelines in each country
v In International Accounting: the liability would fall if the discount rate increases (i.e., AA-
Yield increasing together with inflation).
- In Switzerland:

v the discount rate/ technical interest rate depends on the average value of 10-year
government bond yield over the last year (for example per Sept 30, 2022, for the period
October 1, 2022 - Sept 30, 2023) plus 2.5% (but never higher than 4.5%) - As a rule: it is
not suggested to increase the technical interest rate, but it is possible always to decrease the
technical interest rate

v The interest credit for savings accounts depends on the funding ratio and the portfolio return
(the higher the funding ratio and the higher the portfolio return - the higher the interest
credit)

— The mandatory interest credit is 1.0% (for 2024 suggested now 1.25%)
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;g actuarial Inflation and Government Bond Yield affect the AA-Yield curve

academy

IAS19 Discount rate is a AA-Yield based on Liability duration (DBO-Duration)

Discount Rates and DBO-Durations are
determined based on the forecasted AA Yield Curve
per measurement date (MD):

o b | | oL ®* Examples (®) from IAS19 Disclosures

fe TN | ¢ . TN A — Per Dec 31, 2020, and per Dec 31, 2021

Discount Rate (%) Interest Credit (%)

2.0 - i i 20 -

1 1 i
16 - i i 18 |-
o 1 1

00 |- T 00 |- S ®* The forecast of Discount rates, DBO-Durations
PR SN S SO N S 05 b e and Interest Credits depends on the Model used
2017 2018 2019 2020 2021 2022 2017 2018 2019 2020 2021 2022 for AA Yield Curve Forecasting
Vieasrement Dete Visasurement bete — Earlier we used an affine model, and the
DBO-Duration Interest Credit as assumption bandwidths of forecasted assumptions were
. . . . wider:
EN | | for International Pension _
o | L Accounting v For example, per 2021 the bandwidth
Y \/“ = max(Discount Rate, mandatory was [-1.0%,2.0%] between 5% and
s L0 e Interest Credit) 95% percentiles (i.e., 3% vs. 1.75%
e L — Mangagory Interest Cr_(%dlit = 1% * based on NNAR)
L i i andatory saving capita .
T e Y 9 cap — The forecast approach used now is NNAR

2017 2018 2019 2020 2021 2022 (here 1% * 25% = 0.25%)

Measurement Date

(Neural Network Autoregression)



{y/ Suropean Analysis of Historical Inflation data is very useful to

Y actuarial

academy understand its forecasting

Important to provide some clarity of thought on the issue of inflation

e Pension funds should be run in a holistic manner:

— Considering both assets and liabilities together — and verify if benefits could
be reduced

e That is why that risk budgeting framework is particulary useful in this regard
e The analysis of inflation historical data is very important:

— To prepare the forecasting and

- Understand its impact on pension fund liabilities and

— The impact on the benefit level

o Inflation historical data could be found on home page international banks as well
as World Bank and International Monetary Fund (IMF)
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AL e Use Python for Visualisation

academy

Why it is useful to program with Python (Anaconda)
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A el Why to use Python for Data Visualisation?

academy

e Python has a lot of libraries for data visualization - free of charge and
with a lot of examples

* Anaconda with Jupiter and Spyder helps to prepare any kind of
Visualizations fast

» Visualizations Libraries “"Matplotlib”, "Bokeh” and “Plotly” are constantly
developed and updated

- They have different arts of visualization

o Esp. "Bokeh” helps to produce graphs as a HTML-file that can be
uploaded to your firm’s home page without problems
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;‘g actuarial Visualisation with hvPlot & HoloViews -> Bokeh

academy

hvPlot

A familiar and high-level API for data exploration and visualization

Data libraries Intermediate
| /ﬁ“ .plot() API Representation Plotting output
7y el " g

| [f GeoPandas I:EI \Pv ? WP
' DASK pﬂﬁdﬂS_ - > . ‘ Bokeh
INTAKE . W hvPlot matpl- tlib
. Vixarray VFLO ‘ \

NetworkX | ’ m

e Datashader plotly

.hvplot() is a powerful and interactive Pandas-like .plot() API
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;’7 actuarial Link to HoloViews Library (Python)

academy

Introduction in Software Library HoloViews (Python)

QO B &= httpsi/holoviews.org/findex.html

@D VTE ' RisikoAnalyse & Login | KnowledgeTree dj DjangoTutorial (€ one luxury suites belgr.. @) One Luxury Suites  * Neuer Tab.

“® Erste Schritte  TU Vertec Web App Login @3 Verwaltung @ 1AS Tool

?I-IoloViews Home Getting Started User Guide Gallery Reference Gallery More ~

Home _ ¥ HoloViews

Getting Started

User Guide ~ . L.
Stop plotting your data - annotate your data and let it visualize itself.

Gallery
HoloViews is an open-source Python library designed to make data analysis and visualization seamless and simple. With HoloViews, you

Reference Gallery ~
el can usually express what you want to do in very few lines of code, letting you focus on what you are trying to explore and convey, not
eleases
on the process of plotting.
AP ~
FAQ For examples, check out the thumbnails below and the other items in the Gallery of demos and apps and the Reference Gallery that
Roadmap shows every HoloViews component. Be sure to look at the code, not just the pictures, to appreciate how easy it is to create such plots
yourself!
About

The Getting-Started guide explains the basic concepts and how to start using HoloViews, and is the recommended way to understand

how everything works.

The User Guide goes more deeply into key concepts from HoloViews, when you are ready for further study.

H O I ovi ews Li b ra ry offe rs e n O rm O u s Iy m a ny The API is the definitive guide to each HoloViews object, but the same information is available more conveniently via the Avhelp()

command and tab completion in the Jupyter notebook.

examples to prepare visualisation graphs s have any fsues or wish to comtbite code, you can viit ur Gt site or e a topic on the Holoviz Discourse
https://holoviews.orq/index.html

. ° |G
i 4
LI | s o - 3
& 7 |
it S € -
a -1 g s
F | & &
8
- e e
. = o
- ad i Swodon
Unitd Kingdom
L o el United States
- b it West Germany s
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actuarial Examples with World Bank data for CPI and others

academy

Bl [ f | 2016

World
Data Source Development

e World Bank data could

2
s |
4 Country Name Country Code  Indicator Name Indicator Code 1960 1961 962 963 "1964 "1965 "1966 1967 1968 "1969 970 b e d OW n | O a d e d fro m
5 |Aruba ABW Inflation, consumer prices (annual %) FP.CPL.TOTL.ZG
6 |Africa Eastern and Southern AFE Inflation, consumer prices (annual %) FP.CPL.TOTL.ZG
7 |Afghanistan AFG Inflation, consumer prices (annual %) FP.CPL.TOTL.ZG h m W I d B k
8 |Africa Western and Central AFW Inflation, consumer prices (annual %) FP.CPL.TOTL.ZG O e p a g e 0 r a n
9 |Angola AGO Inflation, consumer prices (annual ) JFP.CPLTOTLZG. . . " " " " i i i i
10 |Albania ALB Inflation, consume H *
11 |Andorra AND Inflation, consume Worksheet Order Variable Name  Indicator Type Series a S E Xce | - fl I e ( 0 r C SV)
12 |Arab World ARB Inflation, consume "
13 |United Arab Emirates ARE Inflation, consume 1 HCPI_M Index Headline consumer price index, monthly |
14 |Argentina ARG Inflation, cansume 2 HCPI_Q Index Headline consumer price index, quarterly | h tt p - / / I d b k q /
i Armenia ARM Inflation, consume 3 HCPI_A inflation rates Headline consumer price inflation, annual | S 2 WWW = Wo r a n 2 o r
16 |American Samoa ASM Inflation, consume | / h / b - f/ - fI t-
17 |Antigua and Barbuda ATG Inflation, consume -
18 Aust?alia AUS Inflation, consume 4 FCPILMm Index Food price index, monthly | e n resea rC r I e I n a I o n
19 |Austria AUT Inflation, consume 5 FCPI_a Index Food price index, quarterly ]
20 |Azerbaijan AZE Inflation, consume 6 FCPI_A inflation rates Food price inflation, annual d a ta b a Se
21 |Burundi BDI Inflation, consume I -0.199
22 Belgium BEL Inflation, consume 7 ECPI_M Index Energy price index, monthly
23 |Benin BEN Inflation, consume 3 ECPI_Q Index Energy price index, quarterly |
24 |Burkina Faso BFA Inflation, consume B ~ o N I 1.7726
. 9 ECPI_A inflation rates Energy price inflation, annual |
25 |Bangladesh BGD Inflation, consume
26 |Bulgaria BGR Inflation, consume n
27 |Bahrain BHR Inflation, consume 10 CCPI_M Index Official core consumer price index, monthly | 1.6289 . H O I OVI e W S h a S m a n
28 | Bahamas, The BHS Inflation, consume 11 CCPL_Q Index Official core consumer price index, quarterly i 6.1520 y
12 CCPI_A inflation rates Official core consumer price inflation, annual .
13 PPLM Index Producer price index, monthly eXa I I l p I e S W I t h S u C h
14 PPI_Q Index Producer price index, gquarterly
15 PPLA inflation rates Producer price inflation, annual d a ta
16 DEF_Q Index GDP deflator index, quarterly
17 DEF_A inflation rates GDP deflator growth rate, annual
18 CCPI_Q_E inflation rates Estimated core consumer price inflation, quarterly
19 CCPI_A_E inflation rates Estimated core consumer price inflation, annual
20 HCPIL_Q T inflation rates Estimated trend component of headline CPI inflation, quarterly
21 HCPI_Q C inflation rates Estimated transitory (cyclical) component of headline CPI inflation, quarterly
22 AGGREGATE inflation rates Aggregate annual average inflation, by inflation measures, country groups

and EMDE regions, based on median, average, and GDP-weighted average.

* all the inflation rates are based on changes in annual averages unless specified otherwise
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;‘g actuarial World Bank Data: CPI Worldwide - Visualisation with Bokeh

academy

o CPI Development in USA, European countries (EUU) & Switzerland (CHE)
- Graphs prepared with «bokeh» can be scrolled, increased or decreased (saved as *.html/)

df_var.hvplot.area().opts(..., bgcolor = «snow», ...)

[ cHE [ EVU[] USA e Example to compare
= headline inflation (CPI)
1 . for 2-3 countries

- i.e., to compare only
one variable (here

10 ‘
\ CPI)
\ Average EUU
\ Average USA CPI 4.48 % e CPI World Bank data:
CP13.76 % Average CHE ~ Annual inflation rates
CP12.37 % (CPI) over the period
e , 1960-2022
S /\A A — For all countries

- as well as for different
regions (like OECD,
World, Europe, etc.)

Inflation Rate % over period 1960-2022 (World Bank Data)

T T T T Ll T T T Ll T T Ll T T T L] | T L] T T T Ll T T 1
1960 1870 1980 1950 2000 2010 2020
year
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;‘g actuarial World Bank Data: CPI Worldwide - Visualisation with Bokeh

academy

Example to produce such graph with «bokeh» Python

13 +

hv.VSpan()\

hvplot.area()

f / hv.HSpan()
___::;jf'- Early

10—+

[ | Switzerland

- coman Bokeh Python
programming on
the next slide

]
| i Dotcom  Finance e |
/i \ Eities ot 3 |
r \ Bubble -y |
> T Recess:\un e |
A /.‘I
| . !
- | AN |
s, _'/ ‘\ N *,
0 : V‘;
T T T T t T T T T t T T T T t t 1
1970 1930 1990 2000 2010 2020

year
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X actuarial World Bank Data: CPI Worldwide - Visualisation with Bokeh

academy

key dimensions = [('year', 'Year'), ('Country Name', 'Country'}]
value_dimensions = [('GDP", 'GDP Growth'), ('CPI', 'Inflation Rate'),

macro.to.curve( "¥Year', "Inflation Rate’)

con_name = ‘Switzerland’': con_name2 = "Germany ; cO ‘France” ('EPI_GDPdEf', 'GDp Deflatnr'),

year = macro.select{Country = con_name)[  Year"] ( real GOP : Real GDP Groith }’
('Unempl’, ‘Unemployment')]

test 1 = macro.select{Country = con_name)[ Inflation Rate’]

test_2 = macro.select{Country = con_name2)[ "Inflation Rate’] , . , ,

test_2 - macro.select(Country - con_name3)[ Inflation Rate’ ] macro = hv.Table(macro_df, key dimensions, value dimensions)

#test 2 = macro.select{Country = ‘Switzerland®)[ "'Real GDP Growth'].mean().round{2)

test _df = pd.DataFrame{{ year ': year , con_name : test 1, con_name2 : test_ 2, con_name3 : test 3},

columns =["year’, con_name, con_name2, con_name3])
test_df.index = test_df[ "year ]
test_df[con_name] .hvplot.area{alpha = &.8)

hspan_1 = hv.HSpan{2, 4).opts{(fill color = "lime”, alpha = 8.1&)

hspan_2 = hv.HSpan{@&, 2).opts({fill_color = "gold", alpha = 8.18)

#hspan _vert 1 = hv.Vspan(2888, 2882).opts(fill_color = ‘red’, alpha = 8.15); text 1 = hv.Text(2881,6, "Dotcom\nbubble™);

test_greyl = "#B83283832° ; test_grey2 = "#B50888° ; test_greyd = "#282828"; test_grey2z = "#515151°

hspan_vert_4 = hv.VSpan{l1l981.9,1982.7).opts{fill color = ‘"grey’, alpha = 8.35)

text_4 = _ function_produce_text({x = 1981, y = &6, name_text = "Early\nEities“WnRecession"”, text_col = test_grey2,
font_style = "bold’, font_sirze = "15pt’, font_typ = "Tenorite’', my_angle = 8)

hspan_wvert_1 = hv.VSpan{2888,2882).opts{fill_color = "cyan’, alpha = B8.35)

text_ 1 = _ function_produce_text(x = 2881, ¥y = 6, name_text = "DotcominBubble", text_col = test_grey2, \
font_style = "bold’', font_size = "15pt°, fTont_typ = "Century Gothic’, my_angle = 8)

hspan_vert_2 = hv.VSpan{2ees, 28689%).opts({(fill color = ‘wioclet’, alpha = 8.15); #text 2 = hv.Text{2888,6, "Finance\nCrisis")

text_2 = _ function_produce_text{x = 2888, ¥ = 6, name_text = "Finance\nCrisis", text_col = test_grey2, \
font_style = "bold’', font_sirze = "15px°", font_typ = "Century Gothic’, my_angle = @)

hspan_wvert_32 = hv.VSpan{2819.5, 2821).opts{fill color = ‘purple’, alpha = 8.25); #text 2 = hv.Text{2e19,6, "COVID-19")

text_ 3 =  function_produce_ text(x = 2812.75, ¥y = 6, name_text = "COVID-19", text col = test_grey2, \
font_style = "bold®, font_size = "15px', font_typ = "Century Gothic®", my_angle = -9&)

extra_Text = hspan_1*hspan_2*hspan_vert_1*text_1*hspan_vert_2*text_2*hspan_vert_3*text_3I*hspan_vert_4%text_4

{(test_df[con_name].hvplot.area(alpha = 8.8) * test_df[con_name2].hvplot.area(alpha = 8.35)*%
test_df[con_namex].hvplot.area{alpha = @.325)).opts{opts.Area(alpha = @.25)) * \
{extra_Text)).opts{width = 888, height = 5S588)
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{{ Suropean Analysis bandwidth of historical inflation data for 18 countries
academy as well as their median()

Historical Inflation data (World Bank data) over 1990-2022 ( () graph)

Inflation Rate: Median % over period 1990-2022:
5 maximum: ESP =3.04% . USA =2.61% . PRT =2.57% , IRL =2.31% , NOR =2.29% : .
5 minimum: JPN =0.14% _ CHE =0.73% , FIN =1.19% , DEU =1.58% , FRA =1.68% ° < » bandwidth

corresponds to 50%
(i.e., between
percentiles 25 to 75)

e Theline in « »
bandwidth is a median

On this graph the
lowest median level is
in Japan (JPN)

e The median level of all
medians is in Italy
(ITA) - blue line level

 The highest level of
median is in Spain
(ESP) _._._

Inflation Rale: %

AUT CHE DEU GER ma FRA MLD HOR DMK SWE JPH ESP PRT FIM LUK BEL IRL Usa
Country Code
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{ european Analysis bandwidth of historical Unemployment data for 18

¢ actuarial

academy countries as well as their median()

Unemployment Rate (World Bank data) over 1990-2022 ( () graph)

Unemployment Rate: Median % over period 1990-2022:

5 maximum: ESP =16.57% , ITA =10.02% , FRA =9.07% , FIN =8.65% , BEL =7.61% : e As a rule: the
- . — - 1] — = = .
5 minimum: JPN =3.74% , NOR =3.91% , CHE =4.12% , LUX =4.59% , AUT =4.86% Unemployment rate is
- 7 RN I N I B .

[=2]

1

£

EEEEEEEEEN L The highoat
The highest level of
... .... . inflation median over
— - period 1990-2022 was in
. . Spain (ESP)
N —_l The heist median level of
- . Unemployment Rate over

the same period was in
——I = Spain as well
- e The lowest inflation and

unemployment rate

medians are in Japan
AUT CHE DEY GER ma FRA MLD MOR DMK (JPN)

Gc:unfry Code

12

lower for countries with
. | ..I lower and less volatile
1
I .
[ ]

Unemployment Rate: %

=]

£
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The highest Life Expectancy is in Japan (JPN) and Switzerland (CHE)

Life Expectancy over 1960-2021
71 === CHE JPN s [UX = [TA — IRL — FRA Llfe EXpeCtanCy in
85 1 === DEU === AUT == NOR — ESP — SWE — USA Norwegian (NOR)I
] Sweden (SWE),
France (FRA), Italy (ITA),
Ireland (IRL), Spain (ESP)
is nearly on the same level and
high

The Life Expectancy in Japan
developed based on its inflation

After COVID-19 the Life
Expectancy again increased

Many of these countries have
low level of inflation over this
period 1960-2021

1960 1970 1980 1990 2000 2010 2020

Year
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Analysis Correlation Inflation rate in 18 countries

Correlation: Inflation historical data 1990-2022 (annually average)

Correlation: Inflation over period 1990-2022

Country| AUT
AUT 1.0
CHE 0.69
DEU 0.96
GBR 0.92
A 0.9
> | FRA 0.39
MLD 0.5z
MOR 0.57
DN 0.9
5 | SWE 0.9
JPN 0.43
ESP 0.35
PRT 0.3
FIN 0.9
LU 0.5
5 | BEL 0.96
IRL 0.66
LUSA 0.39

CHE

0.69

1.0

063

075

0.82

0.62

0.73

0.72

0.28

0.85

0.7

0.7

0.8

0.75

0.82

DEU

0.95

0.72

0.9

0.9

0.89

0.85

0.57

0.87

0.9

0.48

0.87

0.78

0.83

0.85

0.592

0.69

0.92

GBR

0.5z

0.63

0.9

1.0

024

0.83

0.81

0.53

0.86

0.86

0.45

077

068

0.84

0.83

0.9

0.46

0.8

T4

0.91

0.75

0.9

0.284

1.0

0.95

0.89

0.45

0.597

0.86

0.26

0.95

0.592

0.85

0.95

0.91

0.76

0.85

0.95

0.88

0.84

0.54

0.591

0.76

0.89

0.84

0.82

0.85

0.653

078

0.44

0.37

0.55

0.44

0.62

0.32

0.57

0.9

0.87

0.91

0.53

0.92

0.7

0.82

0.82

0.82

0.86

0.84

0.5

0.65

0.54

FIM LUX BEL IRL usa
0.9 0.9 0.96 0.65 0.29
0.7 0.8 0.75 0.74 082
0.83 0.29 0.92 0.69 0.52
0.84 0.83 09 0.45 0.8

0.83 0.85 0.91 0.75 0.85
0.84 0.54 0.91 0.76 0.69
0.64 0.82 0.865 0.65 0.78
0.55 0.44 0.62 0.32 0.57
0.91 0.593 0.52 0.7 0.82

0.86 0.54 0.91 0.69 0.84

corr_matrix 1998 = help CPI_1998.corr().round{2)
table title = "Correlation: Inflation over period 1996-2622"
corr_matrix Table = \
hv.Table{corr_matrix 1998.reset _index()).\
opts({width = 28@&, height = 558, title = table title)

heatmap 1998 2022 = corr_matrix_1998.hvplot.heatmap(cmap = "coolwarm’).}
opts{width = 868, height = 458, title = table title)

0.4 0.91 0.79 0.54 0.91 0.89 0.73 1.0
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A B I Analysis Correlation Inflation rate in 18 countries

academy

Correlation: Inflation historical data 1960-2022 (annually average)

Correlation: Inflation over period 1990-2022

! * Sometimes it is difficult to
analyse data in a big

09 matrix (here: correlation
values in matrix for 18
108 countries)

e Such visualisation with the

function hvplot.heatmap()
helps like here to understand

108 that

- Japan (JPN) and
1092 Norwegian (NOR) have
lower correlations with

H 0.4 other countries

e The level of correlation
0.3 visualised with the color
variable

“cmap” = “coolwarm”

AUT CHE DB GEBR NMA FRA MDD HNOR DMK SWE JPMN ESP PRT FN LUX BE IRL USA
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A5 Eai] Curves Visualisation for many countries together

academy

CPI, annual Inflation rate, % in 18 countries over 1960-2022

countries table = hv.Table{country names CPI.reset index()).\
opts({width = width_table, height = height table)

# | Country Code; Country Name mean CPI median CPl | std CPI e | || —
0 AUT Austria 3.3 238 2.1 o AUT = GBR = NLD -~ SWE PRT— BEL Country_names_CPI is
|| CHE Switzerland 2.4 17 24 e CHE === [TA —— NOR -~ JPN ~—— FIN = IRL the «variable» (a table)
i analysed for their historical
SR o Hn i inflation rates over the
4 MA taly 5.7 4.0 5.5 period 1960-2022, i.e.,
S| FRA France 4.1 286 37 over 63 years.
& NLD Netherlands 3.4 25 26 . .
. Based on inflation
i bl i A 28 &2 correlation analysis for
8 | DNK Denmark 4.4 2.9 3.5 these countries, their
5 SWE Swadanl 45 30 37 inflation development very
10 | JPN Japan 29 1.8 4.1 AL
; ¢ : : : To understand better the
11| ESP Spain 6.3 47 5.6 individual development per
12| PRT Portugal 79 42 8.0 country compared to other
el = ST o = i cou_ntrles as well with other
variables it would be useful
14| LUX Luxembourg 3.3 27 26 to implement “DI‘OdeWI‘I
15 | BEL Belgium 35 25 23 Economic” HoloViews
16| RL ireland 53 23 55 example -> next slide
17| USA United States 3.8 3.0 238 1960 1970 1930 1990 2000 2010 2020
year
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academy

(Python)

Plot

gdp_curves = macro.to.curve(’Year', 'GDP Growth')

gdp_unem_scatter = macro.to.scatter('Year', ['GDP Growth', 'Unemployment'])

annotations = hv.Arrow(1973, 8, '0il Crisis', 'v') * hv.Arrow(1975, 6, 'Stagflation', 'v') *\
hv.Arrow(1979, 8, 'Energy Crisis’, 'v') * hv.Arrow(1981.9, 5, 'Early Eighties\n Recession’, 'v')

(gdp_curves * gdp_unem_scatter® annotations).opts(
opts.Curve(color="k"),
opts.Scatter(cmap="Blues’, color="Unemployment’,
line_color="k"', size=dim({'Unemployment'}*1.5},
opts.Text(text_font_size="13px"),
opts.0Overlay(height=488, show frame=False, width=788))

Country: Austria

Qil Crisis Energy Crisis &
104 Stagflation Early Eighties | &
: Recession -
B |
51 Country
% Austria
0 4
_5 -
—t———t——————
1970 1975 1880 1985 1980
Year

?HO'.OVieWS Home Getting Started User Guide Gallery Reference Gall

Home

Getting Started

User Guide

Gallery
Applications
Demos

Bokeh

# > Gallery > = > Bokeh > Dropdown Economic

* Dropdown Economic

~  Download this notebook from GitHub (right-click to download).

Most examples work across multiple plotting backends, this example is also available for:

» Matplotlib - dropdown_economic

e Qur Visualisation Inflation World Bank data
based on:

— Dropdown Economic

https://holoviews.org/gallery/demos
/bokeh/dropdown_economic.html
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X actuarial Visualization based on World Bank data (to compare with France)

academy

g d LS ST GDP Growth Austria
1 D France

Inflation rate Austria:
The country could be changed

E Qil Energy
154  Crisis Crisis Ei;:‘r:iy; = dotcom
[Recession olise Headline Inflation France

(before 1986 already below 4%)

10 4

Finaise CovVID-19

This graph is HTML-File prepared with
- . y «bokeh» library and all curves can be
| A N | moved on home page (increased or
’ " : ' " decreases to understand results)

Inflation Rate ,% ( GDP Growth in scatters )

Crey area like "shadow” is GDP Growth 's development to explain its scatter positions

Such graphs could be verified in the
] allea home page:
)R T B NN A A R A A e https://allea.ch/inflation/

1970 1980 1990 2000 2010 2020

allea Lid. prepared for EAA Workshop, October 9, 2023

vear

Examples to find: https://allea.ch/de/inflation de/ Publications: https://allea.ch/blog/


https://allea.ch/blog/
https://allea.ch/de/inflation_de/
https://allea.ch/blog/
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Energy CPI ,% ( Headline CP! in scalters )
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. Country: Austria
50 —_

40
| Qil Energy
Crisig crisis  Early
||| Eighties
Recession

Dotcom
Bubble

5 i

20 + | |

II
IIII
Finance I
! Crisiz covi
10 |
L
-‘P‘\VJ I
O [
| /
-10 I
|
Grey area like "shadow” is Headline CPI 's development o explain its scatter posifions
] alleq Lid. prepared for EAA Workshop, October 2, 2023
=20 T T T T T T T T T T T T T T T T T T T T T
1970 1980 1990 2000 2010 2020

year

Visualization based on World Bank data (to compare with France)

Headline CPI (Inflation) Austria

Energy CPI (Inflation) Austria
The country could be changed

nergy Inflation France

This graph is HTML-File prepared with
«bokeh» liability and all curves can be
moved (increased or decreases to
understand results)

Such graphs could be verified in the
allea home page:
https://allea.ch/inflation/
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Introduction: NNAR Forecasting Approach (AI)
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X actuarial Visualisation Inflation Forecasting with R-project ,,fanplot”

Bank of England (BoE): CPI Inflation Forecast (August, 2023)
e This graph on Page 20 of this report:

e https://www.bankofengland.co.uk/-/media/boe/files/monetary-policy-
report/2023/august/monetary-policy-report-august-2023.pdf

T Initially: it was used 5% as a percentile step (scientific)
B Now: the band widths are 30% - 60% and 90%
It is much easier to understand // /s

Monetary Policy Report

Chart 1.3: CPI inflation projection based on market interest rate expectations, other / ’

; / ’
policy measures as announced .
Monetary Policy Committee

7
August 2023 s CPlinflation projection (wide bands)® /CPI mﬂ;ﬁon projection (narrow bands)®
Percentage increase in prices on a year earlier s 4 .
12

10

e m e —————

-<——— Projection ———»

23 24 25 26

Examples: https://cran.r-project.org/web/packages/fanplot/fanplot.pdf
https://journal.r-project.org/archive/2015-1/abel.pdf



https://cran.r-project.org/web/packages/fanplot/fanplot.pdf
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A B I Examples Visualisation with «fanplot>» R-project

academy

R-project: https://journal.r-project.org/archive/2015-1/abel.pdf
Nd\w will Python as well: https://pypi.org/project/ fanchart/\

.
e The fan function illustrates the distribution of all the forecasts available; and it has the option to display the
17 historical values for reference.
16

CPl Inflation Projection

45

16 16
. A
\ N 14
\ 4
12-
3 10-
i
2 6
’ 4
0 0
2 =2
-1 Projection
4 =i
2018 2019 2020 2021 2022 2023 2024 2025
-2
2008 2009 2010 2011 2012 2013 2014 2015 2018 ¢ The fan_single function illustrates the pdf/cdf of one forecast distribution

Figure 4: Fan chart, in the Bank of England style, for the MPC Q1 2013 forecast of the percentage

1 L 1
increase in prices on year earlier. 2012 2014 2016

Figure 5: Alternative fan chart for the MPC Q1 2013 CPI forecast.

e Approach and Programms with R-project to find in the link above
(Produced by Guy J. Abel)
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2 Forecasting Approach NNAR vs. ARIMA

Input Hidden Hidden Output
layer layer 1 layer 2 layer
ARIMA(p,d,q)
7 d >~

N

AR (p) MA ()

] ]
ANN. A schematic artificial neural network (ANN) with two hidden layers and a single neuron output Box & Jenkins (1976) introduced the Concept of

® The forecast based on the affine model (like A_‘UtORegreS‘S'Ve Moving Average (ARIMA)
ARIMA) produces higher bandwidth of inflation time series models.
rates and 10-year government bond yields This is a linear (affine), stationary AR(p) and MA(q)

® That is why much wider bandwidths for other model. The ARIMA-Variance and -Mean increase linearly
parameters forecasted based on inflation and/ or (NNAR is not linearly).
10-year bond yields. ) )
—  Our analysis of the forecasting was made based on <* NNAR-Approach without ,Hidden layers® formally

the affine model and presented in AFIR Paris 2020 corresponds to the ARIMA(p,0,0)-Approach (i.e., AR(p))

Colloquium and published initially in EXPERT
FOCUS (Dec 2020) for International Accounting
Forecasting.
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AL e NNAR Forecasting Approach (prepared with R-project)
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® Neural Network Auto-Regressive (NNAR) |
} 10- Year Bond Yield
Approach (AI) used for forecasting. Forecast per July 1, 2019 with NNAR-Method

® Scientific publications showed that
forecasts for inflation, exchange rates,
spot interest rates and other yields using 2
this (AI) method produce very good
predictions

* Example:

— Comparison of the historical development
(red line on the figure) shows that the 0 oo
forecasted 10-year government bond
yield per July 1, 2019, complies with the
historical development between July I T i e li |
2019, and January 2023. e

— Very Strong increase Of 10_year bond 2009 2011 2013 2015 2017 2019 2021 2023

yield in 2022 is within the forecasted End of Year
bandwidth.

Historic Data to January 31, 2023

Yield, %

_______
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K actuarial NNAR Forecasting Approach vs. ARIMA (R-project
. . Corresponds
Swiss Inflation Rate Swiss Inflation Rate to CPI density
Forecast per January 1, 2017 with NNAR-Method Forecast per January 1, 2017 with ARIMA-Method
| A
= = | |
@ 4 Historical Data to EeﬁlmamZﬁM%
o -.{E i i
4 ¥ .
5 0 E 0 YY" m
© o
= =
: v
_‘1[] _||||||||||||||||||||||||||||||||||||||||||||||||||||||i||||||||||||||||||||||||i|||||||| _1[] i|||||||||||||||||||||||||||||||||||||||||||||||||||||i||||||||||||||||||||||||E||||||||||
2003 2006 2009 2012 2015 2018 2021 2024 2003 2006 2009 2012 2015 2018 2021 2024
End of Year End of Year

® Inflation rate forecast produced with NNAR (left) vs. ARIMA (right) per January 1, 2017, shows

that the volatility (bandwidth of forecasted values) with ARIMA is much higher compared to
the NNAR approach.

— Especially the forecasted negative inflation rates were not observed (next two slides).

®* The forecasted inflation rate with the NNAR approach per January 1, 2017, corresponds better
to its historical values.
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Example: Inflation Densities based on World Bank historical data since 1960

Density: Inflation in Germany (kde() graph) Density: Inflation in Japan
- Over 63 years, - Over 63 years,
- Over 43, 33 and 23 years. - Over 43, 33 and 23 years.
Density: German Inflation over periods 1960 - 2022, 1980-2022, 1990-2022 and 2000-2022 Density: Japanese Inflation over periods 1960 - 2022, 1980-2022, 1990-2022 and 2000-2022
047 @ 19602022 [ 1960-2022
[ 1980-2022 [ 1980-2022
1990-2022 1990-2022
|| 2000-2022 || 2000-2022
Mean
Median Median
Mode
Symmetrical Negative
Distribution Skew

Inflation % Inflation %
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;‘g actuarial Inflation density is not symmetric (NNAR reflects such layout)
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Example: Inflation Densities based on World Bank historical data since 1960

Density: Inflation in Spain Density: Inflation in France
- Over 63 years, - Over 63 years,
- Over 43, 33 and 23 years. - Over 43, 33 and 23 years.
Density: Spanish Inflation over periods 1960 - 2022, 1980-2022, 1990-2022 and 2000-2022 Density: France Inflation over periods 1960 - 2022, 1980-2022, 1990-2022 and 2000-2022
] [ 1960-2022 [0 1960-2022
1 [0 19802022 1 [0 19802022
0.2 1950-2022 0.4 1990-2022
[ 20002022 1 [7] 20002022
u_15:
& &
0.1+ P
0.05
0 - —— T ———

-5 0 5 10 15 20 25 30 0 5 10 15
Inflation % Inflation %
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~) academy Presented at ICA 2023

Forecast inflation rate previous year's month: as of March 1, 2023

Fi - r,& |
6 |- I
z SN |
% .l wh ' j,/n" \
g ¥ Ao ’\{ . nEiid
e *_"3,\;["_% _WW_ _\h(frl?ﬂv_‘l\.\v;p:_ _______
-2 i FUUPY PO U PUUPY UYL Y PPY PR P FPY (PR P FOU (PR PN UUN FOY P HUVU PPOPY P DUV Y YT FUY Y YT FUUY Y TR FUUPY U [0 Y R L0 PR P e

1991 1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027

Year Begin

® It is useful to compared results as a “second opinion” with the forecasts prepared by the IMF
(International Monetary Fund)

IMF: Switzerland 2023: 2.4% 2024: 1.6% 2025: 1.3% 2026: 1% 2027: 1% 2028: 1%
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Forecasted inflation rate previous year's month: as of March 1, 2023

The «fanplot» library was initially
developed for the Bank of England to
show the forecasted inflation rate.

In Switzerland strong increase inflation
--------- started in 2020 (COVID-19).

1R YL Y N Y PO TOY PO UV UYL PO PN Y Y PUOY PO PPOY PO PR Y PYUY PN PO PP PO PN PP POV PN O L PO PP ° In August 2022 up to Fet) 2023 the
1991 1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 inflation rate had even Slightly higher
level compared to year 2008.

Forecasted inflation rate previous year's month: as of August 1, 2023 OU I Presentathn at ICA 2023 (AU Stra I |a) .

e The median of the forecasted inflation
rate per March 1, 2023, showed that it is
to expect that the inflation rate would
soon decrease:

________ _| — Per July 31, 2023, the inflation rate is
] 1.6%,

N Wbk OO N ®
1T T 1T 17T 1T T°71

Inflation Rate (%)

o

|
N
I

|
N

Year

- N WO N ®
| 11 1 1 1 1 1

Inflation Rate (%)

o

I
N
T

|
N

1991 1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030 - Compared to the Inflatlon rate 3'370/0
vear per February 28, 2023.
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CPI: Switzerland Country
Forecast per January 1, 2021 with NNAR-Method

CPI: Switzerland Country
Forecast per January 1, 2022 with NNAR-Method

{istorical Data qpt July 31, 2023
I 3 T

Inflation Rate, %

.I...I...Iu.l...l..‘I...I...I..{.I...I...I...l.nl...l...l...l...l

W Mmﬂ ki

CPI: Switzerland Country
Forecast per January 1, 2023 with NNAR-Method

5 2018 2021 2024 2027 2030

2018 2021 2024 2027 2030

Zg' s | ! * It is useful to verify inflation forecasting with
< such visualisation for explanation to the
= m; board of trustees if the forecasting approach
N Historical Data up 19 Ul 31, 2023 can reflect the historical development
e
2 T I...I...l...I...I...I...lml...I...I...I...lmI...I...I...I..|I...I...I...I...I...I...I...I...I...l“.I...I...I...Iml...I...I...I...I.ui..i.I...I...I...l...I...I...I...l...I

1988 1991 1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030

Year
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X actuarial NNAR Forecasting Approach for monthly Inflation Rate

CPI: Germany Country
Forecast per January 1, 2023 with NNAR-Method

CPI: Germany Country
Forecast per August 1, 2023 with NNAR-Method

|
|
|
|
|
i
|

* |

< 2009 2012 2015 2018 2021 2024 2027 2030

= I

o |

u‘—é : Year

Histoji ta upto July 31,
__________________________________________________________________________________ .}1________________________
B T ket T oaiorbil et e il Uil L sotlionbte el | asthn e b Listbi e | ol vl ool fosebisebin Tl
1988 1991 1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
Year
)

Forecast Inflation for Germany per January 1, 2023, and per August 1, 2023, based on NNAR-Approach.

IMF: Germany 2023: 6.2% 2024: 3.1% 2025: 2.3% 2026: 2.1% 2027: 2% 2028: 2%
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X actuarial NNAR Forecasting Approach for monthly Inflation Rate

CPI: France Country
Forecast per August 1, 2023 with NNAR-Method

Eon Rate, %
[o-]
T

CPI: Netherland Country
Forecast per April 1, 2023 with NNAR-Method

Z —

o 1988 1991 1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
§ B Year
[ o=

o

kS

=

2 I,..I“.I“.I“.I.uI...I.“I.“I...l...l...l|..h..[...l‘..I...I“.I“.I.“I...I.“I...l.“h..l...l“.I,..I“.l.‘.l...l.ul.nl.“l..‘I...ll.i.l...l.nl“.l,..lu.l...lmln.l
1988 1991 1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
Year
[ J

Forecast Inflation for Netherland & France per August 1, 2023, based on NNAR-Approach.
IMF: Netherland 2022: 11.6% 2023: 3.9% 2024: 4.2% 2025: 2.1% 2026: 2.0% 2027: 2.0% 2028: 2.0%
IMF: France 2022: 5.9%  2023: 5.0% 2024: 2.5% 2025: 2.1% 2026: 1.7% 2027: 1.6% 2028: 1.6%
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Yield Curve Visualisation
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hvPlot

A familiar and high-level API for data exploration and visualization

Data libraries Intermediate
| SRS .plot() API Representation Plotting output
o {*3 ".I. ~_ > e
| [f GeoPandas Ili _ \' / WP
- DASK pandas: HoloViews > Bokeh
| E pf tlib
'-'_HTAKE ] xlrarray hvPlot )
NetwurkK e | ’
o Datashader plotly

.hvplot() is a powerful and interactive Pandas-like .plot() API
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* Daily bond yields with maturity lower than 5 years are more volatile compared to bond yields
with maturity higher than 10 years. (Prepared with «Matplotlib» Python Anaconda Jupiter)

Swiss yield curves: short maturity view Swiss Yield Curve: long maturity view

4 ¥
I /

-

2000 %

Dajy 2005 & ; -1
Y oy, r Periy. 2010 - L 10
ioq/ W
S Jan 1' 199 2015 >3 —~ 5
~Apr 3 2020 0
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Nominal Swiss Yield Curve on average over 1 quarter up to June 2023 Real Swiss Yield Curve on average over 1 quarter up to June 2023

Yield (%)
Yield (%)
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o Inflation impact on nominal yield curves is strong (esp. with maturity lower than 5 years)
* Real yield curves (graph rights) are flatter compared to nominal ones (graph lefts)

Swiss Yield Curve on average over 1 year Real Swiss Yield Curve on average over 1 years

Only here the
real yield curves
are negative
due to the level
of inflation
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A sl Nominal and real yield curves over Jan 1988 — Dec 2022
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o Inflation impact on nominal yield curves is strong (esp. with maturity lower than 5 years)
» Real yield curves (graph rights) are flatter compared to nominal ones (graph lefts)

Swiss Yield Curve on average over 3 years Real Swiss Yield Curve on average over 3 years

& -
1985 o ~ 1985
1990 1995 " 2 a 1990 oo
=~ 10 2
2000 — R 2000

Year Year

* Analysis Inflation rate on average over 3-5 years is used for bonus annuity or Cost-of-Living Adjustment
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L PICTET

Asset Management

Pictet Swiss Pension Fund Indices:
LPP/BVG 2000, 2005 and 2015

https://am.pictet/en/switzerland/articles/lIpp-indices#overview

BVG - Bundesgesetz iiber die berufliche Alters-, Hinterlassenen- und Invalidenvorsorge
LPP - 2éme pilier: caisse de pension
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hvPlot

A familiar and high-level API for data exploration and visualization

Data libraries Intermediate
/ﬁ“ e .plot() API Representation Flotting output

| ff GéoPandas I'il \;\, ? . WP

__ andas
DzKR Apmg e > I-Inln\'iews Bokeh
“‘*‘tmatpf tlib
'-l_NTAKE__ xarrgy hVPlﬂt
NetwurkX |

BT . . Datashader Dlotly

.hvplot() is a powerful and interactive Pandas-like .plot() API
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Pictet LPP/ BVG 2000 - only Bonds & Equities: daily and monthly

Indices Pictet LPP/ BVG 2000

LPP/BVG 25 LPP/BVG 40 LPP/BVG 60

®P

Python text next slide

Swiss Bonds
World Equities
Euro Bonds
Swiss Equities
World Bonds

A A
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Asset Allocation Pictet LPP/ BVG 2000 25, 40 and 60 (with Plotly Python)

import plotly.graph objects as go
from plotly.subplots import make_subplots

colors [ 'dodgerblue', 'turquoise’', 'blueviclet', 'tomato’', 'indianred®]

labels ['Swiss Bonds', 'Euro Bonds', 'World Bonds', 'Swiss Equities', 'World Equities']

tig = make subplots{rows=1, cols=3, specs=[[{ 'type’: 'domain'}, { 'type’: 'domain’}, { 'type’': 'domain’'}]],
subplot_titles=['LPP/BVG 25', 'LPP/BVG 48°', 'LPP/BVG 68'])

fig.add trace(go.Pie(labels=1abels, walues=[68,16,5,18,15], name="Pictet BVG 2888 25" , pull=[8, ©.8]), 1, 1)

fig.add trace({go.Pie(labels=1labels, values=[45,18,5,15,25], name="Pictet BVG 2860 48", pull=[@, ©.8]), 1, 2)
fig.add trace{go.Pie(labels=1abels, wvalues=[25,18,5,28,48], name="Pictet BVG 28088 68", pull=[@, ©.8]), 1, 3)

fig.update traces{hoverinfo="label+percent’, textinfo='percent’, textfont size=15, textposition = 'inside’,
marker=dict{colors=colors, line=dict(color="snow', width=1.5) ))

fig.update layout({title text = "Indices Pictet LPP/ BVWG 2888" )

fig.show()
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Asset Allocation Pictet LPP/ BVG 2000 25, 40 and 60 (with Plotly Python)

Composition of the Pictet LPP 2000 Indices
The table below shows the weightings of the three indices

INVESTMENT INDICES LPP-25 LPP-40 LPP-60
CATEGORIES 2000 2000 2000
BONDS 75 60 40
Swiss Swiss Bond Index AAA-BBB 60 45 25
EUR Bloomberg Euro Aggregate 10 10 10
World Bloomberg Global Aggregate 5 5 5
EQUITIES 25 40 60
Switzerland Swiss Performance Index 10 15 20
World MSCI AC World 15 25 40
Currency exposure 30 40 55

Source: Pictet Asset Management
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Asset Allocation Pictet LPP/ BVG 2005 plus Indices

Indices Pictet LPP/ BVG 2005 plus

LPP/BVG 25+ LPP/BVG 40+ LPP/BVG 60+

Swiss & World Bonds

B Swiss & World Equities

B Swiss & World Real Estate
Hedge Funds & Private Equity

> 50%
65%

ool

.ée
o
~

Python text next slide
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Asset Allocation Pictet LPP/ BVG 2000 25, 40 and 60 (with Plotly Python)

import plotly.graph objects as go
from plotly.subplots import make subplots

colors ['gold’, 'mediumturquoise’, 'darkorange', 'lightgreen’]

labels ['Swiss & World Bonds', 'Swiss & World Real Estate’, 'Swiss & World Equities’, 'Hedge Funds & Private Equity']

fig = make_subplots{rows=1, cols=3, specs=[[{ type’':'domain’}, { type’':'domain’}, {"type’': 'domain’}]],
subplot titles=["LPP/BVG 25+', 'LPP/BVG 48+', 'LPP/BVG 68+'])

fig.add trace(go.Pie(labels=1abels, values=[65,18,28,5], name="Pictet BVG 2885 25+" ), 1, 1)

fig.add trace(go.Pie(labels=1abels, values=[58,18,38,18], name="Pictet BVG 2885 48+"), 1, 2)
fig.add trace{go.Pie({labels=labels, values=[386,18,45,15], name="Pictet BVG 2865 66+"), 1, 3)

fig.update_traces{hoverinfo="label+percent’, textinfo='percent’', textfont_size=15, textposition = "inside’,
marker=dict(colors=colors, line=dict(color="snow', width=3} ))

fig.update layout{title text = "Indices Pictet LPP/ BVG 2885 plus" )

fig.show()
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Asset Allocation Pictet LPP/ BVG 2000 25+, 40+ and 60+

Composition of the Pictet LPP 2005 Indices
The table below shows the weightings of the three indices

INVESTMENT INDICES LPP-25 PLUS LPP-40 PLUS LPP-s60PLUS
CATEGORIES 2005 2005 2005
BONDS 65 50 30
Swiss Swiss Bond Index AAA-BBB 40 30 15
Woarld Bloomberg Multiverse (*) 25 20 15
EQUITIES 20 30 45
Swiss Swiss Performance Index 7.5 10 15
World MSCI AC World IMI 12.5 20 30
REAL ESTATE 10 10 10
Swiss SXI Real Estate Funds 7.5 5 2.5
World Dow Jones Global Select RESI 2.5 5 7.5
HEDGE FUNDS HFRX Global Hedge Fund (*) 2.5 5 7.5
PRIVATE EQUITY LPX50 2.5 5 7.5
Currency exposure 17.5 30 45

(") hedged in CHF
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Asset Allocation Pictet LPP/ BVG 2015 Indices

Indices Pictet LPP/ BVG 2015

LPP/BVG 25 LPP/BVG 40 LPP/BVG 60

- X,
> Y "4

TIVVV VIOUUIILZULIVIIT UlIU WUILTIPULCLD JUlGlive Ml ) WUUIuU DUuppPpuI L

Bonds

Equities

Swiss Real Estate
B Absolute Return
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Composition of the Pictet LPP 2015 Indices
The table below shows the weightings of the three indices

INVESTMENT INDICES LPP-25 LPP-40 LPP-60
CATEGORIES 2015 2015 2015
BONDS 65 S50 30
Swiss Swiss Bond Index AAA-BBB 45 30 10
Developed countries FTSE World Government Bond Index (*) 10 10 10
Emerging countries Bloomberg EM LC Government Capped 5 5 5
Corporates Bloomberg Euro Aggregate Corporate (*) 5 5 5
EQUITIES 25 40 60
Swiss Swiss Performance Index 10 15 20
World MSCI AC World 15 20 30
World Small Cap MSCI World Small Cap 0 5 10
SWISS REAL ESTATE  SXI Real Estate Funds 5 5 5
ABSOLUTE RETURN HFRX Global Hedge Fund (*) 5 5 5
Currency exposure 20 30 45

(*) hedged in CHF

Source: Pictet Asset Management
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Pictet 2015 LPP/BVG-40: exact asset allocation

» Bonds positions

- “Emerging countries” and
“Corporate Bonds” in all three
indices (LPP-25, LPP-40, LPP-
60) are 5%

is 10% in all indices
* Each position “"Swiss Real Estate”
and “Absolute Return” are 5% in
all three indices Pictet 2015 (LPP- \
25, LPP-40, LPP-60)

- INGHEISRAIIEER" is 0%, 5% and

10% in LPP-25, LPP-40, LPP-60.

Indices Pictet LPP/ BVG 2015

Swiss Bonds
World Equities
Swiss Equities
Developed Countries Bonds
Emerging Countries Bonds
Corporate Bonds
B wWorld Small Cap
Swiss Real Estate
B Absolute Return

Python text next slide
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Asset Allocation Pictet LPP/ BVG 2015 40 Index (with Plotly Python)

ff e Index Pictet LPP/BVG 2015 48 ------—--—---
import plotly.graph _objects as go
from plotly.subplots import make subplots

colors [ 'dodgerblue’, 'slateblue’, "aqua’', 'thistle', 'tomato’, "hotpink®, 'fuchsia®, 'gold’, "lime’]

labels ['Swiss Bonds', 'Developed Countries Bonds®, "Emerging Countries Bonds®, 'Corporate Bonds',

'Swiss Equities’', 'World Equities’, 'World Small Cap', "Swiss Real Estate’, "Absolute Return’]
fig = make subplots{rows=1, cols=1, specs=[[{ type’: domain'}]].
subplot_titles=['Indices Pictet LPP/ BVG 2815°'])
fig.add trace(go.Pie(labels=labels, values=[3@&,16, 5, 5, 15,28, 5,5,5], name="Pictet 2815 LPP-48",

hole = @.25, pull=[@, ©.15,0.15,0.15,0,0,08,08.15,8.15]), 1, 1)

fig.update_traces({hoverinfo="label+percent’, textinfo="percent’', textfont size=15, textposition = "inside’,
marker=dict(colors=colors, line=dict(color="snow’', width=2) })

fig.show()
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The most typical asset allocations for Swiss pension funds

®* Based on daily and monthly return and index data it helps to analyse pension
fund portfolio returns

Pictet 2005 LPP/BVG-40+ Pictet 2015 LPP/BVG-40

B Swiss Bonds
B 'World Bonds
Waorld Equities
B Swiss Equities
Swiss Real Estate
World Real Estate
Hedge Funds
Private Equity
Developed Countries Bonds

Emerging Countries Bonds
Corporate Bonds

B World Small Cap

B Absolute Return

Python text next slide
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Asset Allocation Pictet LPP/ BVG 2005 40+ and LPP/ BVG 2015 40

Ff mmmmm e Pictet LPP/BVG 2085 48+ & 2015-480 - -———————————-
import plotly.graph_objects as go
from plotly.subplots import make subplots

colors = ["dodgerblue’, 'royalblue’, 'tomato’, 'plum’, ‘'gold’, ‘orange’, 'nawvy’, 'maroon’,
"dodgerblue', "slateblue’, 'aqua', 'thistle', "tomato', 'hotpink', 'fuchsia','gold’', 'lime’]
labels = ['Swiss Bonds', 'World Bonds', 'Swiss Equities', 'World Equities’,

"Swiss Real Estate’, 'World Real Estate’, 'Hedge Funds', 'Private Equity’,
"Swiss Bonds', 'Developed Countries Bonds', "Emerging Countries Bonds', 'Corporate Bonds',
"Swiss Equities’, 'World Equities’, "World Small Cap', 'Swiss Real Estate’, "Absolute Return’]

fig = make subplots{rows=1, cols=2, specs=[[{"type':'domain"}, {'type':'domain'}]],
subplot_titles=[ 'Pictet 2885 LPP/BVG-48+', 'Pictet 2815 LPP/BVG-48'"])

tig.add trace({go.Pie{labels=labels, values=[386,28, 18, 28, 5,5, 5,5,8,6,8,6,8,6,8,6,8], name="Pictet 2685

LPP-48+",
hole = 8.25, ), 1, 1}

fig.add trace(go.Pie(labels=1abels, values=[®,9,8,92,08,08,8,8,30,18, 5, 5, 15,28, 5,5,5], name="Pictet 2815 LPP-48",
hole = @.25, ), 1, 2}

fig.update traces{hoverinfo="label+percent’, textinfo='percent’, textfont size=15, textposition

= "inside",
marker=dict{colors=colors, line=dict{color="snow', width=2) )}

fig.show()
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This file type (*.html) is easy to upload to the home page

Pictet LPP 2005 40 plus

B Swiss Bonds
B World Bonds

: oviss Eauties e HoloViews uses “bokeh” as its

B Swie Roo Estete underlying engine but reduces the
B World Real Estate verbosity by having the user

B Hedge Funds declare attributes about their data
B Private Equity and allowing the visualizations to

infer themselves from the
dependent and independent
variables, referred to as value
dimensions (vdims) and key
dimensions (kdims).

Python text next slide
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Asset Allocation Pictet LPP/ BVG 2005 40+ with Bokeh Library (*.html)

# https://docs.bokeh.org/en/3.8.1/docs/user_guidestopics/pie.html

# https://docs.bokeh.orglen/2.4.2 /docs/ reference/models/glyphs/ annular_wedge. html
from math import pi

import pandas as pd

from bokeh.palettes import Category2éc

from bokeh.plotting import figure, show

from bokeh.transform import cumsum

test_Dir = "C:/EAA_90ct2823/Graphs/Jupiter”; day_today = "265ept2823"

my_dir_file name = test_Dir +"/"+ day_today +"/" + "Pictet_2885_48 plus_Pie._html"
output_file{my_dir_file name)

x = { ‘Swiss Bonds": 3@, "World Bonds®: 28, 'Swiss Equities': 18, 'World Equities': 28,
'Swiss Real Estate’: 5, "World Real Estate’: 5, 'Hedge Funds®: 5, 'Private Equity’': 5 1}

data = pd.Series{x).reset_index({name="value').rename{columns={"index': "assets'})
data[ "angle’'] = data[ 'value']/data[ ' value "].sum{) * 2*pi

my_colors = [Category28c[16][@], Category28c[16][1], Category28c[l6][4], Category2ac[l6][5].
Category28c[16][8], Category28c[l6][2], Category28c[16][12], Category28c[l6][12] ]
data[ "color’] = my_colors

p = figure{height=588, width = 688, title="Pictet LPP 2885 48 plus", toolbar_location=None,
tools="hover", tooltips="@assets: @value", X _range=(-8.5, 1.8) )

p-wedge({x=8, y=1, radius=9.4,
start_angle=cumsum{ "angle", include zero=True), end angle=cumsum{’angle’),
line color="white", fill color="color’, legend field='assets", source=data)

p.axis.axis label = None
p.axis.visible = False
p.grid.grid_line_color = MNone
show{p)
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' PICTET

7 Asset Management

Analysis Portfolio Return based on Pictet Indices
LPP/BVG 2000, 2005 and 2015

https://am.pictet/en/switzerland/articles/Ipp-indices#overview
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Bandwidths
0.4
https://en.wikipedia.org/wiki/Statistics
99.74% of the data
0.3

95,449 of the data

68,26% of the data

=

Probability Density
O
N

g
—

34.13% 3413%

0.0

' 40 30 20 -lo 0 16 20 30 4o
Standard Deviations from the Mean
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Excel-File with historical data Inflation (CPI) over 1900-2023

A
read_Pictet_data_1986 = pd.read_excel(file excel Pictet_19@8, \ ] Year
sheet name = "Return”, header = 8, index col = &) / ; 1900 7.68% 7.00% 6.25% 0,000
3 1901 7.30% 6.55% 5.63% 0,000
read Pictet data 1988 = read Pictet data 1988.rename(’ 4 1902 4.22% 4.81% 5.53% 0.000
columns = {'Year' : "year", 'LPP 25' : "R 2888 25", \ 5 1303 4.10% 3.55% 261% 0.012
"LPP 48': 'R 2000 40', \ \ ' - Loz —
"LPP 60': 'R 2080 68')) R200025 R200040 R 200060 Inflation |9.03% 0.012
6.12% 0.024
Year -5.80% 0.046
read Pictet_data_1908[ 'Inflation’].hvplot.area().\ 19, 12.06% 0.022
opts{fill color = ‘dodgerblue’, alpha = 8.5, ylabel = "%",\ 19001231 708 o o 000 j:: 22;
line color = 'blue’', bgcolor = 'linen’, \ 1901-12-31 7.30 6.55 5.63 0.00 B o051
show_grid = True, title = 'Swiss Inflation 1968-2823") * \ 19021231 492 481 5 53 0.00 2 75% 0,020
hv.HLine(4).opts{color="tomato’, line width = 2, line dash = "dashed") 2.14% 0.010
1903-12-31 410 3.55 2.61 1.20 |o52% 0,000
. . 5.91% 0.111
Swiss Inflation 1900-2023 1904-12-31 778 9.46 11.72 0.00
T 4.56% 0.157
§ -4.82% 0.247
20 3 10.75% 0.257
b 201912-31 8.84 12.36 17.05 0.40 |p.20% 0.087
10 —
1__.__. B _ ______ B ., . . eas s 202012-31 257 3.39 4.45 -0.70
7 2021-12-31 389 7.30 12.05 158
-1 202212-31 -14.16 -14.80 -15.69 280
—20 202312-31 262 4 47 5.49 240
‘19I2EI ‘19I4D ‘IQISU 19|80 ZUIUEI ZDIZD
Year
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Analysis Density Swiss Inflation Rate (CPI)

Density Parameters for Swiss Inflation over period 1900-2023 with kde()

i mean_ CPI = read Pictet data 19@8[ 'Inflation’].mean().round{1)
- CPI annual parameters L] GPIOW[199{_’_2023 std CPI = round({read_Pictet_data_196@[ 'Inflation'].std(),8)
0121 ¢ Over 1990-2023 e skew CPI = round(read Pictet data 19ee[ Inflation’].skew(),1)
o H=22% 0=50% kurt_ CPT = round(read_Pictet_data_19@@[ Inflation'].kurt(),1)
T y=13 k=87
_ v,
0.1 1 \‘\Skewness =1.3 kde CPI = ((hv.VSpan(mean_CPI-3*std CPI,mean CPI+3*std CPI).\
_ Kurtosis = 8.7 h optsgfill_color"; t'jsilver", alpha - lat.jzs) ; ::
1 . L v.VSpan(mean_CPI-2*std CPI,mean_CPI+2*std CPI).
| Normal Density = 0 opts(fill_color = 'silver’, alpha = 8.5) * \
0.08 4 hv.VSpan(mean CPI-1*std CPI,mean CPI+1*std CPI).\
% 1 opts(fill _color = 'silver’, alpha = 8.75)) * \
S ] read Pictet data 198@[ 'Inflation’].hvplot.kde(label = 'CPI over 1998-2823") * \
Q 1 _ - v.VLine(mean CPI).\
U-DB__ /,/’ opts(line_color = ‘red’, line width = 1.5) * \
- help ND CPI * help arrou) .\
7 ___opts()
0.04__ opts.Overlay(width = my width, height = my height, \
. xlim = my xlim, show grid = True, \
1 bgcolor = 'snow', xlabel = "Inflation %", ylabel = "Density” , \
] — legend position = 'top right', \
0.02 + legend cols = 1, legend opts={'background fill alpha': 8.5}, \
i fontsize = {"title':14, 'xlabel': 12, 'ylabel' :12 , \
_ - "legend':9 , 'xticks':12, 'yticks':12}))
0 =

Inflation %

[

Density of Normal Distribution (ND) with mean value 2.2% and
standard deviation 5.0%. Kurtosis and skewness for ND are zeros.

J
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https://en.wikipedia.org/wiki/Skewness# /media Fisher's moment coefficient of skewness |[-:dit |
ile:Asymmetric_Distribution_with_Zero_Skewn "
é:lj:g Sy e C_ S utio - - e o_ e e The skewness - of a random variable X is the third standardized moment [I°Y defined as:
. E 3
o X-p\*] _ms  BX-w] ok
M=y =B =R 2\3/2 32
o & EX -
Counterexample
Case of an Asymmetric Distribution with Zero Skewness Mean
10 _Boxplot G _Histogram _ . . . Median Median Median
Median =5 MOde
141 Mean = 5.0778 I Mode — | 1= Mean I Mean-: | — Mode
9r T Variance = 2.4935 I |
: 13r StandardDeviation = 1.5791 i I I |
1 Skewness =
i : L Nunparamet?ir:Skew =0.0493 |] l : :
1 1 ! : :
o - I I |
: I I |
I |
i e : I [
5 % gl 1 1 1
5 =) e 5 "
. & T Positive Symmetrical Negative
S B, Skew Distribution Skew
N i
41 16
2 | 3r 14
: n 2 12
1F 1.04
0 0 08 The mode is the value that appears
06 most often in a set of data values
04

02

00 02 04 06 08 10 12 14 16 18 20 22
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Example Kurtosis of different Distributions ([excess kurtosis\\— 3])

https://en.wikipedia.org/wiki/Kurtosis \\
1 |z — pl _ I m
0.8 x| p,b) = —exp| — flz) = - \sech| -z,
flz | p,b) 2 p b 2\ 9
0.7 where "sech" der\{)tes the hyperbolic secant function.
. 1 \
—(—p)/ s \
[ 1 T - 1 T —
0.6 fla;p, 8) = 5| flasp,s) = — |:l+|:os “ﬂ')] = —]:wc( 'u*n')
S{l +e [ ,ujl.l'.ls) 2s & E 5
0.5 1 7 \\
= 2
e ey \ - —
0.4 5((-_-'[4:—#:';[33} -+ ,g—f.r.—,u]u’{zs}}z \ flx) =) vR =z
L een? (_I _ ‘”')_ T forg < x < b,
0.3 4s 28 flz) = \
0 fﬂl‘.‘lt\fiﬂ or x > b,
0.2 « D7 Laplace distribution, also known as the double exponential distribution, red curve {t&u\o straight
0.1 lines in the log-scale plot), excess kurtosis = 3 \\
' » 3. hyperbolic secant distribution, orange curve, excess kurtosis = 2 \
0 « L logistic distribution, green curve, excess kurtosis = 1.2 \

« N: normal distribution, black curve (inverted parabola in the log-scale plot), excess kurtosis = 0

» C: raised cosine distribution, cyan curve, excess kurtosis = -0.593762...
The kurtosis is the fourth standardized moment, defined as

(1)

» W2 Wigner semicircle distribution, blue curve, excess kurtosis = -1
E[(X -] p « U: uniform distribution, magenta curve (shown for clarity as a rectangle in both images), excess

(B[(X - “}2]}? al kurtosis = -1.2.
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Pictet BVG 2000 Indices over 1900-2023 (nominal vs. real)

Nominal Pictet 2000 Indices since 1900 Real Pictet 2000 Indices since 1900
— LPP 25 Index — LPP 40 Index LPP 60 Index 1 — LPP 25 real Index — LPP 40 real Index LPP 60 real Index
1500 120 -
100 |
1000 20 -
60
500 40 =
20 —_
0+ o] — -
1 1 1 1 1 1 1 T T T 1 !
1980 1970 1930 1990 2000 2010 2020 1940 1960 19380 2000 2020

Year Year
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Skewness and Kurtosis for average annual historical data

Pictet BVG 2000 Indices over 1900-2023 (average annual return values)

Annual Return Densities of Pictet BVG/LPP 2000 Indices since year 1900 up to 2023
0.08

[[] BVG200060 = = Norm Dens 60 [_] BViG 200040 = = Nomm Dens 40 [_| BVG 2000 25 Norm Dens 25

0.06

Pictet BVG 2000 average annual values

over period 1900-2023:
"-‘ M = mean | o =sigma |y = skewness | k = kurtosis

BVG 2000 25: p=51%| o=6.1%]|

y=-003| k=12
BVG 2000 40: u=5.7%| o=8.3%]|

: y=-0.15| k=1.0
i B BVG 2000 40: p=6.7%| o=11.6%
0.02 ]

y=-02| k=0.9

40
Return %
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Pictet LPP/BVG 2000 Indices over 2000-2023 (monthly values)

Density: Pictet Indices over Jan 2001 up to Aug 31, 2023: BVG 2000 25, BVG 2000 40 and BVG 2000 60

i [ Retum 2000 25
0.08 4 [ Retum 2000 40
] "] Retum 2000 60
] 4 == Normal Density BVG 2000 60
']
4 ! =+ = Normal Density BVG 2000 25
i 4 == Normal Density BVG 2000 40
0.06
2 ]
[7]
= ]
a
0.04 4
0.02
00—

-30 -20 -10 0 10 20 30
Returmn %

25 of Pictet BVG/LPP 2000 Indices since year 1900 up to 2023

BVG 2000 60 = = Norm Dens 60 [_] BVG2000 40 = = Nomm Dens 40 [_| BVG 200025 Norm Dens 25

Pictet BVG 2000 average annual values
over period 1900-2023:
< M=mean | o= sigma |y = skewness | k = kurtosis

BVG 2000 25: u=5.1%| o=61%]|
y=-003| k=1.2

BVG 2000 40: u=5.7%| o=8.3%]|
y=-0.15| k=1.0

BVG 2000 40: p=6.7%| o=11.6%
-0.2] k=0.9

b - S MRS —————  S—— PR ————— +
T |  mean | stDev | skew | kurt |
g================4========j=========j========4========4
| Pictet 2@@@ 25 | 2.7 | 5.3 | -e.61 | .75 |
oo T —— T I —— T S T B —— +
| Pictet 2000 40 | 3.1 | 7.5 | -8.47 | -e.81 |
oo T —— T I —— T S T B —— +
| Pictet 2000 60 | 3.6 | 10.9 | -0.48 | -0.87 |
Fommmmmmmmm o TR TR T S TRRE +
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Pictet BVG 2005 Indices over 2000-2023 (monthly values)

Density: Pictet Indices over Jan 1999 up to Aug 31, 2023: BVG 2005 25+, BVG 2005 40+ and BVG 2005 60+ " Mean i
Median
1 Mode
i [ Retum 2005 25+ )
0.05 [} Retum 2005 40+
| || Retumn 2005 60+
| == Normal Density BVG 2005 25+
] == Normal Density BVG 2005 40+
: Symmetrical
. == Nommal Density BVG 2005 60 Skew Distribution Skew
0.06
0 T oo +--------- +-------- +-------- +
mean | stDev | skew | kurt |
. 4
'E ========+{=========+========+========+
3 | 3.4 | 5.5 | -8.89 | 1.22 |
0044 T oo T oo oo +
1 4 | 5.1 | -8.57 | B.64 |
T - +-------- +--------- +-------- +-------- +
1 4.8 | 11.9 | -8.5 | 8.41 |
. - +-------- +--------- +-------- ~—---- +
0.02
] T +-------- +---- - -- +------—- +------—- +
| | mean | stDev | skew | kurt |
T t================f========f=========f========f========4
] | Pictet 28@0 25 | 2.7 | 5.3 | -e.81 | .75 |
i e et +-------- +------- - +-------- +-------- +
| Pictet 20080 48 | 3.1 | 7.5 | -8.47 | -@.e1 |
0 o Fommmmmmmm e eeos TR R — R —— TR +
| Pictet 2@00 668 | 3.6 | 16.9 | -8.48 | -8.87 |
e e T +-------- e +-------- +-------- +
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e The density analysis of monthly portfolio return values is necessary for the
valuation of Cornish Fisher Value-at-Risk (CF VaR)
VaR CF VaR

VaRq = + Znormald * o CF VaRa = U + Xempirishq * g

K1 and o are valuated based on monthly portfolio returns
Znormal is Quantile o of standard normal distribution
xempirish ~add additionally the skewness and kurtosis of hisotrical
return values

— Sk , Kurtosis*
CF VaRu — VaRq - ASkewness, Kurtosis* gy

If historical portfolio return normal distributed: CF VaR = VaR

e Cornish Fisher Value-at-Risk (CF VaR) could be used

— for setting up the target value of investment fluctuation reserves for autonomous
pension funds

- and determine a desirable level for them to better ensure benefits payments during
times of volatile financial markets

v" To ensure that the funding ratio will be not lower 100%
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e Correlation Portfolio Return vs. Inflation and vs. 10-year Bond Yield

read Pictet_data[param_list].head().round{2)

# Correlation / Headline CPl 10-year Bond Yield R 200525+ R 200540+ R 200560+

pictet_plus_corr = read_Pictet_data[param_list].corr().round(2)

pictet plus_corr Datum
1998-12-30 -0A7 267 6.75 77 7.93
Headline CP1 10-year Bond Yield R 200525+ R 200540+ R 200560+
1999-01-30 0.07 252 6.64 7.24 8.20
Headline CPI 1.00 0.41 -0.36 -0.22 -013
1999-02-28 0.29 252 419 3.96 368
10-year Bond Yield 0.41 1.00 -0.07 -0.09 -0.10
1999-03-30 0.47 257 410 354 275
R 2005 25+ -0.36 -0.07 1.00 0.96 0.90
R 2005 40+ -0.22 -0.08 0.96 1.00 0.99 1993-04-30 059 250 743 8.05 8.68
R 2005 60+ -0.13 -0.10 0.90 0.99 1.00
print{pictet_plus_corr.to_markdown{tablefmt = "grid"))
e e e e $ozo-oooo oo e T e e + Fixed-
| Headline CPI || | 1@-year Bond Yield || R 2865 25+ | R 2865 48+ | R 2085 66+ | interest
e Lt e i e ] [ bonds
| Headline CPI 1 | 8.41 | -8.36 | -@.22 | __aasH—
T fe—======c====c== I [ T e Foo o mee— TR + .
| 1@-year Bond Yield 8.41 || 1 ) ———Fw] -g.80 | -8.1 | I Equities/
e e e T T e T S Real Estate SenS|t|V|ty
| R 2005 25+ -8.36 € -e.07 | 1 | 8.96 | ————@.9 | to inflati
N T Fommmmmm oo e e e T e ;—L—;———"—-’——T---+ —————————————— + Index-linked O InTiation
| R 2805 48+ -8.22 || -8.89 || ————1 g.06 | 1 | @.99 | bonds
e R e b T R Fommmmmmo oo e +
| R 2005 6B+ -6.13 [T -8.1 | 8.9 | 8.99 | 1 |
e it - L EEEE Fo--mmmmmmmm - to-mmmmm e Fo-mmmmm - +
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Return Swiss Pictet Indices up to Aug 31, 2023: BVG 2005 25+, BVG 2005 40+ and BVG 2005 60+

[l inflation [ ] 10-year Bond Yield == BVG 2005 25+ [_| BVG 2005 40+ — BVG 2005 60+

N When Inflation is
Finance(| increasing the portfolio

I
Crisis |t

COVID-19 returns are decreasing

.i
‘As soon as inflation

starts decreasing
portfolio returns goes
Over the “Finance
crisis” and the current
period the strong
increase of inflation had

a strong impact on
_ portfolio returns

Retum %

I I I I
2000 2005 2010 2015 2020
year
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Pictet BVG 2005 Indices over 1998-2023 (Correlation)

Fmmm - Fom e - Fmmm e Fmmm - Fomm - Fomm - +
| | Headline CPI | 1@-year Bond Yield | R 2885 25+ | R 2885 48+ | R 2805 68+ |
}====================t{================{======================}==============t==============t==============+
| Headline CPI | 1 | B.41 | -8.36 | -8.22 | -6.13 |
e Fommmmmmmmee oo Fommmmmmmmme oo Fommmmmm oo R TR e +
| 18-year Bond Yield | 8.41 | 1 | -8.87 | -8.89 | -8.1 |
e Fommmmmmmmee oo Fommmmmmmmme oo Fommmmmm oo R TR e +
| R 2085 25+ | -8.36 | .07 | 1 | 8.96 | 8.0 |
e Fmm - e Fmmm - Fmmm - o +
| R 2005 48+ | -8.22 | -8.09 | 8.96 | 1 | 8.99 |
e Fmm - e Fmmm - Fmmm - o +
| R 2085 658+ | -8.13 | 8.1 | 8.9 | 8.99 | 1 |
e Fmm - e Fmmm - Fmmm - o +
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