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Stylized Facts of Daily Asset Return:
SET50 Daily Data from 2002-2016

SET50 Total Return Index

1000 ¢ r r
500 MW“MW
WW
f‘“\r—"_/MjW
Jan0O Julo2 Jan05 Julo7 Jan10 Jul12 Jan15 Jul17
Date
Return
0.2 ¢ r r
0 i .“\r.vv.l_h‘vumll‘dlmvyll‘" e e .|\’||..|' i ‘.Uu”Iu.n.l‘m. il ,nnr e cm e ’m‘..,‘llt.‘“ [t A
-0.1 1
\/ \/

-0.2¢ c . . c c c 3

Jan00 Julo2 Jan05 Julo7 ﬁmo Jul12 Jan15 Jul17

Date

Volatility

Clustering

Autocorrelation

Partial autocorrelation

Stylized Facts of Daily Asset Return:
SET50 Daily Data from 2002-2016
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Stylized Facts of Daily Asset Return:
SET50 Daily Data from 2002-2016

Histogram of SET50 Daily Return QQ Plot of SET50 Daily Return
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Stylized Facts of Volatility:
SET50 Daily Data from 2002-2016
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ARCH Test:
[h pValue stat cValue] = [1 0 380.59 3.84]
LBQ Test
[h pValue stat cValue] = [10979.73 31.41]




Stylized Facts of Volatility:
SET50 Daily Data from 2002-2016

SET50 Rolling Volatility
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Volatility is time varying, clustering, and
heteroscedasticity

Review GARCH Model

ARCH (Autoregressive Conditional Heteroskedasticity) proposed
by Robert Engle in 1982

Engle and Clive Granger receive d Nobel Price in 2003
“for methods of analyzing economic time series
with time-varying volatility (ARCH)”




Review GARCH Model

* GARCH(P,Q) Process:

u =o,&,& ~ N,

tt?

Variance is predicted to be weight average of Long run average
variance, current variance, and the news (today’s square return)

Review GARCH Model

* GARCH Parameter Estimation: Maximum Likelihood Estimator
(MLE)

* |f error are not normal, the estimator is Quasi Maximum
Likelihood Estimator (QMLE)

MATLAB: GARCHFIT to estimate ARMAX/GARCH model
parameters




Review GARCH Model

Bollerslev (2008)

e “Glossary to ARCH (GARCH)” encyclopedic reference guide to
the long list of ARCH acronyms

e |dentified over 150 model extension of ARCH

* Example: GJR-GARCH, AGARCH, EGARCH, FIGARCH, IGARCH,
TARCH

Portfolio Strategy: Risk Control Index

Why Risk Control Works? 1000 SRR Tl
* Negative relationship between ) B M
volatility and asset return e Www@f/ ”
* |dea: dynamic asset allocation F T T
between underlying index and e
cash "
* If the volatility is above the S 9 (]
target, money is shifted to cash ’ W yix
0
* If the volatility is below the AR

target, leverage is taken.




Portfolio Strategy: Risk Control Index

Target specific level of Risk

Varying weight of underlying asset and cash

— Lower realized volatility than target, Increase weight of underlying
asset

— Higher realized volatility than target, decrease weight of underlying
asset
Realized Volatility calculate as max(Short term Volatility , Long
Term Volatility)

Weight of underlying Asset = Min(Max leverage, Target
Volatility/Realized Volatility)

Portfolio Strategy: Risk Control Index

Compare realized volatility estimate by simple estimate and
GARCH estimate

Period: 2006 — 2016

Underlying Asset: SET50

Cash: ZRR6M Index

Target Risk 10%

Max leverage 1.5x

Short term volatility 20 Day, Long term volatility 60 Day




Cumulative Return

Portfolio Strategy: Risk Control Index

Risk Control Index Performance
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Both method show similar
result, Max drawdown for

Risk Control Index is less
than original index

Multivariate Problem

Asset Allocation and Risk Management problems require to
estimate large covariance matrices

Extension from univariate GARCH to multivariate GARCH is

not simple.

— Estimation should be flexible

— It should allow for covariance spillovers

— Conditional covariance matrix should be positive definite

2 approaches: model covariance or model volatility and

correlation




Correlation Effect

Correlation between asset as key driver for portfolio volatility

Consider portfolio of equally weight with 10 uncorrelated assets
with volatility of 10%, portfolio volatility is 3.16%

* When volatility jump from 10% to 20% portfolio volatility
move to 6.32%

* When pairwise correlation increase from 0 to 1, portfolio
volatility change from 3.16 to 20%

Portfolio Volatility
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Multivariate GARCH Model

e Extension from a univariate GARCH model to multivariate
GARCH Model

u =H"g, g ~N(0,I)

p q
VeCh(H, ) =C+ Z AiveCh(uz—iutT—i )+ Z ijeCh(Ht—j )
i=1

*

. . Too many parameter to estimate
Covariance matrix should be : P
o . Curse of dimensionality ~o(n”4)
positive definite




Multivariate GARCH-BEKK Model

 BEKK (Baba, Engle, Kraft and Kroner) GARCH

 Extension from a univariate GARCH model to multivariate
GARCH Model

u =H"g, g ~N(0]I)

H, Cﬁ+ZAuulf+ZBH”]

i t—i =it
i=1

Multivariate GARCH-DCC Model

e Conditional covariance can expressed as follows:
Ht - DthDt’
e 2 Step approach

— Estimate GARCH for each conditional volatility
— Then the standardized residual can be estimated as follows:

v,=D'u V,~N(O,Rt)

Q,=R+) au,_u ”+Zb Q.

i=1




Exponentially Weighted Moving Average (EWMA)

e Riskmetrics
* Lambda: 0.94 for daily data, 0.97 for monthly data

u =H"g, g ~N(0]I)

12>t

H=H _ +(1-Aju,_u’,, 0<i<l

-1°

Multivariate GARCH and Asset Allocation

Study the following Portfolio Strategy

* Minimum Volatility Portfolio

* Risk Parity Portfolio

* Max Sharpe Ratio Portfolio

With respect to different covariance estimator
* Simple Estimate

* VAR with Multivariate GARCH

* VAR with EWMA




Vector Autoregressive Model (VAR)

e Extension from univariate AR model to multivariate time
series model

* Vector Autoregressive (VAR)

Y. = c+q)1Yt—1 +(D2yt—2 +"'+q)pyt—p +u,,where

D, is k x k matrix

Methodology: VAR+GARCH/EWMA

Multivariate
Time Series VAR model GARCH/EWMA

Objective

Min Vol oL
Risk Parity Optimization Constraint

Max Sharpe

$

Portfolio
Weight




Portfolio Strategy: Minimum Volatility

Rationale

Black, Jensen, Scholes (1972) portfolio long low beta stocks and short
high beta stocks generated positive return

Fund manager chase higher risk stocks to achieve returns, bidding up
the prices in process, on the other hand less demand in lower risk
stock increase upside potential

Behavior biases: investor looking to make big bet in riskier, more
expensive stock

Bear market, more volatile, beta more disperse, low beta stock forms
a buffer against falling market, Bull market, beta spread is tight, high
beta stock outperformance is limited

Portfolio Strategy: Minimum Volatility

 Methodology: construct minimum volatility portfolio by
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Portfolio Strategy: Minimum Volatility

Comparison among minimum volatility using different Covariance
Estimator

* Period: Monthly Data from 2008 -2016

* Stock Universe: PTT SCC SCB ADVANC BDMS
* No leverage

* Monthly Rebalance

* Minimum volatility based on optimization

 Comparison among 3 strategy: Simple Estimate, VAR with
GARCH, VAR with EWMA

Portfolio Strategy: Minimum Volatility

Minimum Volatility Portfolio Performance
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Portfolio Strategy: Risk Parity

Comparison among minimum volatility using different Covariance
Estimator

Period: Monthly Data from 2002 -2016
Asset: SET, TBMA Gov. Bond, Commodity
Cash: ZRR6M

Method: Minimum Volatility

Monthly Rebalance

Comparison among 3 strategy: Simple Estimate, VAR with
GARCH, VAR with EWMA

Portfolio Strategy: Minimum Volatility

Performance Minimum Volatility Portfolio
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Minimum Volatility Portfolio
Performance |Baseline Simple GARCH EWMA

AvgReturn | . 46% 44% 4%k 43%
1L 4.9% .50%  50%  50%
Sharpe Ratio 0.95 0.89 0.96 0.86

MaxDrawDown 7.8% 3.6% 9.5% 8.6%




Portfolio Strategy: Risk Parity

Rationale

Traditional balance fund 60/40 do not offer investors true
diversification

Asset Allocation Risk Contribution

M Equity M Fixed Income BEquity M Fixed Income

» 15

* 60/40 Portfolio have too much equity risk
* Portfolio performance mainly depend on Equity return

Portfolio Strategy: Risk Parity

Observe that when equity weight move from 10% to 20%,
equity risk contribution move from 18% to 55%

Pct Risk Contribution
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Portfolio Strategy: Risk Parity

* Pioneer concept: Ray Dalio, Bridgewater Associates, The All
Weather Strategy

— “What kind of investment portfolio would you hold that would
perform well across all environments, be it a devaluation or something
completely different?’

Growth Inflation
25% OF RISK 259% OF RISK
Equities IL Bonds
Rising Commodities Commodities
Corporate Credit EM Credi
EMA Credit
MARKET
EXPECTATIONS 25 I e
Jominal Bonds Equities
Falling IL Bonds Mominal Bonds

Portfolio Strategy: Risk Parity

Portfolio volatility G(W) _ W
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Portfolio Strategy: Risk Parity

Risk Parity focus on risk " Mean Variance Frontier
diversification while minimum "
volatility focus on risk 16
reduction on portfolio level 1

which is more sensitive to
volatility and correlation input

Expected Return

may attractive in term of
diversification but expected 0 5 T
return may be too low.

6
Unlevered risk parity portfolio 4
2
0

Risk parity portfolio can be
scaled to match an investor
desired expected return.

Portfolio Strategy: Risk Parity

Cliff Asness, AQR “Risk Parity; Why We Lever”

e Asset allocation must be balanced by risk, not by dollars.

 If, and this will most commonly be the case, after your best
efforts at balancing risk across the asset classes, your expected
return is too low, leverage should be applied to this portfolio
rather than changing the allocation toward higher-return asset
classes.




Portfolio Strategy: Risk Parity

Comparison among risk parity strategy using different Covariance
Estimator

Period: Monthly Data from 2002 -2016

Asset: SET, TBMA Gov. Bond, Commodity

Cash: ZRR6M

Method: Risk Parity Portfolio with target volatility 10%
Monthly Rebalance

Comparison among 3 strategy: Simple Estimate, VAR with
GARCH, VAR with EWMA

Cumulative Return

Portfolio Strategy: Risk Parity

Performance Risk Parity Portfolio
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Portfolio Strategy: Max Sharpe Ratio

Maximum Sharpe Ratio
portfolio is portfolio that
tangent to CAL

Adjust portfolio volatility along
the CAL.

TAA based on one step
prediction of the expected
return based on VAR and the
estimate covariance with
GARCH/EWMA

Benchmark portfolio is based
on long term expected return
and covariance

Expected Return

Mean Variance Frontier

0 5 10

15 20 25
Volatility

30

Portfolio Strategy: Max Sharpe Ratio

Comparison among maximum Sharpe ratio strategy using different
Covariance Estimator

Period Monthly Data from 2002 -2016
Asset: SET, TBMA Gov. Bond, Commodity

Cash: ZRR6M

Method: Max Sharpe Ratio portfolio with target volatility 10%

Monthly Rebalance

Comparison among 3 strategy: Simple Estimate, VAR with

GARCH, VAR with EWMA




Cumulative Return

Portfolio Strategy: Max Sharpe Ratio

Performance Max Sharpe Portfolio
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VAR with GARCH/EWMA provide positive alpha with respect to

baseline model, Both model have slightly higher volatility but lower
max drawdown

Conclusion

Several estimators yield similar performance for minimum
volatility portfolio

VAR with Multivariate GARCH can improve Risk Parity
portfolio by lower portfolio max drawdown

VAR with Multivariate GARCH/EWMA provide can use to

improve portfolio construction for Tactical Asset Allocation

While Multivariate GARCH involve a lot of parameter
estimations, EWMA is easier to estimate .




