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A REAL STORY

0 Goldman Sachs predicted in March 2008 that the crude
%l O%rlce would be over USS 200 per Barrel by the end of

0 Our team forecasted in a press conference on March 14,
2008 that the crude oil price would drop below USS 80
er Barrel by the end of 2008 (the price on that day was
SS 109 per’Barrel).

O The price of crude oil on the last transaction day of 2008
was USS 35.82 per Barrel!

0 All other institutions predicted that the price would be
up (not down)

O Some good comments, such as “the unique institution in
the world made a correct prediction of crude oil [)rlce”
appeared in some newspapers, including The Wall Street
Journal, Financial Times, etc.




IMPLICATIONS

O

O

The methodology is the most important in
economic forecasting;

Quantitiative Modeling is extremely crucial
in any good methodology applied to economic
forecasting and analysis, but a “good”
methodology might be more important;

Our main advantage in comparing with those
top economic forecasting institutions (such as
World Bank, Goldman Sachs, Lancaster Center
for Forecasting) is that we have a number of
outstanding scientists in the several fields of
mathematics, economics, computer science,
management and systems science in our Center.
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Official think-tank sees China 2010 GDP up

10 pet

BEIING, Feb 7 (Reuters) - An official think tank has S 20t
forecast China's gross domestic product (GDP) wil

expand around 10 percent in 2010, driven by

investment and domestic consumption, the official

Xinhua agency reported on Sunday.

Strong first-quarter growth of 11 percent il slow slightly for the rest of the year, with the pace of
expansion dipping just below 10 percent in the second half, the Center for Forecasting Science at

ihe Chinese Academy of Sciences said in the report, uhich was issued at he weekend.

Growth in the third and fourth quarters wilbe 9.5 percent and 9.8 percent respectively, it said

Foreign trade wil rebound as the global economy improves, but overall net exports will be & drag
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EMPIRICAL MODE DECOMPOSITION (EMD)

Empirical Mode Decomposition (EMD) is an empirical,
intuitive, direct and self-adaptive data processing method
which is proposed especially for nonlinear and non-
stationary data. (Huang et al, 1998)
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THE PRINCIPLE OF EMD

@ EMD assumes that the data, depending on its
complexity, may have many different coexisting
modes of oscillations at the same time.

® EMD can extract these intrinsic modes from the
original time series, based on the local
characteristic scale of data itself, and represent
each intrinsic mode as an intrinsic mode
function (IMF), which meets the following two
conditions:

have the same numbers of extrema and zero-
crossings or differ at most by one;
are symmetric with respect to local zero mean.

@ An IMF is a nearly periodic function and the
mean is set to zero. IMF is a harmonic-like
function, but with variable amplitude and
frequency at different times.




EMD ALGORITHM

1)

2)

3

4)

5

5)

Identify all the maxima and minima of time series x(#);

X(t)

Generate its upper and lower envelopes, (e (f) and e (f)), with cubic spline
interpolation.

Calculate the point-by-point mean (#2(¢) ) from upper and lower envelopes:

ME) = (B () + € (£)) 1 2 (1)
Extract the mean from the time series and define the difference of x(f) and m(f) as
2(t)]

2(t)= x(t)—mlt) )
Check the properties of & (#):
® If it is an IMF, dencted(t) as the ith IMF and replace x(f) with the residual

r(t)=x(t)—d(t), Thed)is oftendenotedas ¢, (f),

® Ifitisnot replace x(t) with d(¢);

Fepeat steps 13-5) until the residual satisfies some stopping criterion.
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COMPARISONS BETWEEN FOURIER,

WAVELET AND EMD

Tahle 1.

Comparnsons between Fourter, Wavelst and Hilbert-
Huang Transform in Data analy=sis.

Fourner Wavelet HHT
basis a priovi a priovi adaptive
frequency donveluton: denvelution: differentnanon:

global, reginal. local, certamty
uncertainty uncertainty
presentation ENEeIgy - energy-tme- energy-tmme-
frequency frequency frequency
nonlinear 1o no Ves
non-stafionary 1o no Ves
featurs no discrete: no ves
exiraction CONNNUoNS:
Ves
thecoretical complete complete empincal

base




ADVANTAGES OF EMD

® EMD can reduce any data, from non-stationary
and nonlinear processes, into simple
independent intrinsic mode functions;

® Since the decomposition is based on the local
characteristic time scale of the data and only
extrema are used in the sifting process, it is
local, self-adaptive, concretely implicational and
highly efficient;

® The IMFs have a clear definition of instantaneous
frequency as the derivative of the phase
function, so Hilbert transformation can be
applied to the IMFs, allowing us to analyze the
data in a time-frequency space.




ADVANTAGES OF EMD

® EMD can reduce any data, from non-stationary
and nonlinear processes, into simple
independent intrinsic mode functions;

® Since the decomposition is based on the local
characteristic time scale of the data and only
extrema are used in the sifting process, it is
local, self-adaptive, concretely implicational and
highly efficient;

® The IMFs have a clear definition of instantaneous
frequency as the derivative of the phase
function, so Hilbert transformation can be
applied to the IMFs, allowing us to analyze the
data in a time-frequency space.
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@A New Approach for Crude Oil Price
Analysis Based on Empirical Mode
Decomposition

Xun Zhang, Shouyang Wang and
K.K. Lai

Energy Economics, Vol 29 (2008)
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APPLICATIONS OF EmD IN SOCIAL
SCIENCE BEFORE 2005

@® Limited to natural and @ Only two significant
engineering fields applications in social

® Non-destructive evaluation sciences
for structural health @ Financial market data
monitoring analysis

@ Vibration, speech, and examine the changeability
acoustic signal analyses g{ t{\z%&?rkets by Huang et

@ Earthquake engineering ' '

@ Epidemics transmission

© Blo-medlc.al appllc.atl(.)ns show the existence of a
© Cosmological gravitational spatial-temporal traveling
wave and planets hunting wave in the incidence of

dengue hemorrhagic fever in
Thailand




DATA: WTI OIL PRICE
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Figure 1 The observed time series of WTI oil price from Jan.1946 to May, 2006




DATA SETS

® Three data sets are used.

@ Data set 1:WTI spot oil price, monthly data, 1946.1—
2006.5

@ Data set 2:WTI spot oil price, monthly data, 2000.7—
2006.5

@ Data set 3:WTI spot oil price, weekly data, 2000.7—
2006.5

@ For brevity, | will only present the results for data set
1 in details today.

@ In fact, the results derived from the three data sets
are very consistent. Except for that the high
frequency data cover more information about high
frequency fluctuations in the original time series,
whereas the data with longer range enable
components with much longer periods be extracted.




wTl OIL PRICE DECOMPOSITION

Empirical Mode Decomposition for WTI Monthly Data (1946:01----2006:05)
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DECOMPOSITION

Empirical Mode Decomposition of WTI Monthly Data (2000:7---2006:5)
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Empirical Mode Decomposition of WTI Weekly Data (2000:7---2006:5)
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IMF STATISTICS

Variance
0
Mean Pearson Kendall Varian Variance as a assf 4
Period(Mon | Correlatio Correlat © % of
. € (XIMFs
th) n ion Observed :
+residua
l)
Observed 181.40
IMF1 5.41 0.10%* 0.06** 0.54 0.30% 0.26%
IMFE2 11.51 0.07 0.06** 0.65 0.36% 0.32%
IMF3 20.71 0.17%* 0.08** 0.79 0.44% 0.39%
IMF4 42.65 0.15%* -0.01 2.21 1.22% 1.08%
IMF5 80.56 0.25%* 0.10** 3.17 1.75% 1.55%
IMF6 241.67 0.24%* 0.04 7.38 4.07% 3.62%
IMF7 362.50 0.32%* -0.03 39.08 21.55% 19.16%
Residue 0.87** 0.75%* 150.18 82.79% 73.61%
Sum 112.47% 100.00%




IMF STATISTICS

Empirical Mode Decomposition of WT| Monthly Data (2000:7—2006:5)

g i Varianc | Variance
0 . Pearso Kendal e as as a %
; n 1 a% of
c Mean Cor Cor of (ZIMF
£ Per relat relat | Varianc Obse s+resi
i iod ion ion e rved dual)
g /\/\W\W Observed 143.24
i IMF1 3.94 0.2 0.16 3.76 2.62% 2.43%
E IMF2 8.88 -0.07 -0.33 2.44 1.70% 1.58%
N IMF3 14.2 0.23 0.23%* 8.08 5.64% 5.22%
85 T T T T T
§ Residue 71 0.96%** 0.66** 140.3 97.95% 90.76%
20007 200‘101 20001 20031 200‘401 200‘501 200‘601 2085 107.91
Sum % 100.00%
. Empirical Mode Decomposition of WTI Weekly Data (2000:7—2006:5)
f M Observed 143.65
€ WWNMMMWWMWW&/\/\WW“’WW IMF1 3.5 0.09 0.076* 0.93 0.65% 0.68%
E
jﬁ IMF2 8.32 0.12 0.059 1.78 1.24% 1.30%
i W\MA/W\AM/\/MM
SGFWV\/\A/WV\/V\/\/\M IMF3 19.25 -0.04 0.091% 3.87 2.70% 2.83%
E
° IMF4 44 0.12% 0.066 1.56 1.09% 1.14%
N
B * 102.6 0.355*
¢ || s 7 | 0.45% * 7.88 | 5.48% 5.76%
5
65 T T T T % 0.794*
B o o T ’/;00‘401 v o as  Residue 0.95%* * 120.74 84.05% 88.28%
T [ QI Ok 7210/, 1000 OO/,




FEATURES

® The dominant mode of the observed data is not
any IMF but the residue.

Both Pearson and Kendall coefficients: more than
0.75 in Table 1, 0.66 in Table 2 and 0.79 in Table 3.

Variances of the residue: account for more than 73%
of the total variability. The highest one is even more
than 90%.

® Although the increasing trends are very similar
for the three residues, their values may differ at
the same points of time due to different ranges
of the original data series.

® One difference between weekly and monthly
data




WHY COMPOSITION?

@Scale-mixing in Decomposition

@Help focus on components of different
characteristics




EMD WITH INTERMISSION(1):
ORIGINAL SIGNAL
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EMD WITH INTERMISSION(2):
DECOMPOSITION RESULTS
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COMPOSITION ALGORITHM=- EMD
BASED FILTER

® EMD can be used as a filter to separate high
frequency (fluctuating process) and low
frequency (slowing varying component)
modes.

® Algorithm:

Computing the mean of the sum of ¢, to ¢; for each
component (except for the residue);

Using t-test to identify for which i the mean
significantly departs from zero;

Once i is identified as a significant change point,
partial reconstruction with IMFs from this to the end,
is identified as the slow-varying mode and the partial
reconstruction with other IMFs is identified as the
fluctuating process.
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Figure 5: The mean of the fine-fo-coarse reconstruction as a function of index K. The vertical dash-line

at K = 4 mdicates that the mean departs significantly from zero (p < 0.01).




THREE COMPONENTS
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TREND: DETERMINISTIC FORCE IN THE
LONG RUN

® The deterministic force for oil
price evolution in the long run.

holds a high correlation with
the original price

accounts for more than 70%
percent of variability,

@ The long term trend of crude
oil price may be determined

by global economic
Figure World GDP and the trends in oil price. The solid line
development is the annual world GDP measured by constant 2000 US$

: ; : : from 1960 to 2005. The data is from the World Economic
The Contmumg 1ncreasmg trend Indicators Database. The dotted line is the trend from 1960 to

is consistent with the economic 2005. The yearly trend value is defined as the average of
devel_opment of the world. monthly residue in the same year

05 1 1 1 1 0
1960 1670 1980 1990 2000




TREND: IS THERE A SUDDEN
STRUCTURE CHANGE IN 19737

@ The trend line can be fitted accurately with a quadratic function. But
it will drift while changing the sample range due to the end effect in
decomposition. This finding is similar to what Pindyck (1999) found for
real crude oil price.

@ The long term trend of oil price changes continuously with time.
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EFFECTS OF SIGNIFICANT EVENTS: THE CAUSES
OF LARGE FLUCTUATIONS IN MEDIUMm TERM

@ Described by IMF4 to IMF7

The mean periods range from 3.5 years to 30 years

The amplitudes at some data points could be more than $10 or even higher, suggesting
the effects of some significant events on oil price may be very serious. .
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NORMAL MARKET DISEQUILIBRIUM:
FOR SHORT TERM FORECASTING

IMPORTANT

® Have no serious impact on oil price -generally within S5.

@ But these events are becoming more and more frequent and
have become the fundamental impetus for oil prices going up

recently.
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ASSUMING CRUDE OIL PRICE IS COMPOSEDD OF
THE THREE COMPONENTS IS REASONABLIE

the price of
$70.84/bar

: It is also described as the “trend” In :
"residue >EMD, could represent the major E%IOgI_May

trend of oil price in the long run.

a trend price

=low - It can be treated as the effect of ($36.26)+
frequency significant events. It is the main reason g significant

for the dramatic oil price variability in event price
component the medium term. ($32.63)+
=high - It should be explained as normal d norr_nal
frequency market fluctuations or events which fluctuation

only bring a short term impact to crude of $1.21.
component oil price.




A NEW THEORY OF CRUDE OIL PRICING

=Composition

=a long term
trend price
Crude Oil =a shock from
. significant
Price
events

=a short term
fluctuation

=The features of crude oil price in different terms

Oil price in the long run is basically
determined by the trend, which changes

continuously and keeps around the long
term mean.

- The sharp downs or ups in oil prices are
triggered by unpredictable and significant
events, the impact of which may endure for
several years.

- The small fluctuations in the short term are
mainly driven by normal market activities
or some small events which can not have a
serious influence on oil markets.




A PROPOSED FRAMEWORK FOR CRUDE OIL
PRICE PREDICTION BASED ON EMD

Oil price time EMD IMFs and W Significant
series data Residue J test

—| Residue(Trend) |—®  Trend-model ¢

Forecast Series
{Event Attack)—» Expert System |—» under different
senarios

Small ) Non-linear T
: ( Fluctuation Prediction Model
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ESTIMATING THE IMPACT OF EXTREME
EVENTS ON CRUDE OIL PRICE: AN
EMD-BASED EVENT ANALYSIS METHOD

Xun Zhang, Lean Yu and Shouyang Wang
Energy Economics, Vol. 31 (2009)
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INTRODUCTION

® The forecasting of future prices is one of
the most fundamental one among many
issues related to crude oil markets.

® However, practical performances of most
crude oil price forecasting models did not
show significant improvements over the
simple random walk model according to
forecast evaluations.




INTRODUCTION

® Previous studies have summarized some
reasons that lead to failures of predictions.

® An important issue is the evident impacts of
extreme and irregular events on crude oil
markets.

® Some studies suggested to incorporate an
event evaluation mechanism in forecasting
models to improve the performance of
forecasting. (Wang et al. (2005), Yu et al.
(2007a, 2007b) and Zhang et al. (2008)).




INTRODUCTION

® Traditional event evaluation methods
Event study
Intervention analysis

® Both the two traditional methods consider a time
series as the sum of a normal evolution part and
an exceptional shock, and then they implement
the “divide and conquer” strategy to separately
modeling the two components.

® But as addressed by Huang et al. (1998), although
a complex time series can be treated as sums of
several simple oscillation patterns, generally the
number of these patterns is more than two.




INTRODUCTION

® Furthermore, an extreme event, as an
exceptional shock, may make different types
of impulses to these patterns.

® Therefore, a feasible decomposition method
which can extract the inherent oscillations
from the time series will be more useful for
exploring extreme event’s impact.

®We apply a competitive decomposition
algorithm, empirical mode decomposition
(EMD, Huang et al., 1998), to event analysis
and formulate an innovative EMD-based
extreme event analysis approach.




OUTLINE

Introduction

Methodology Formulation

Case Study

Discussions and conclusions




EMD

rit=uit)

@ A promising nonlinear, non-
stationary data processing method A
proposed by Huang et al. (1998). 40
@ It considers the real time series as
fast oscillations superimposed on Focal maruna aud minm [deanfication
slow oscillations. Those oscillations - mmm‘;_ﬂm o
in data are extracted based on the fill cpline imerpolation i
principle of local scale separation, t i I
and are approximated by Compute the mean envelope m()
“intrinsic mode functions” (IMF). . y :
sil £}-m
@ Only extrema are needed in the i jj )
sifting process, so it is local and TT omBE fa
adaptive; —
® The inductive basis is posterior - M_:[H .
rather than prior and, therefore, it o S
is physically meaningful. '
® An improvement of EMD--- el
Ensemble EMD is used in this study. Y

Hﬁﬁ;m;ﬁh 3T End A

Fiz. 2 Shifting Process of EMD




EMD-BASED EVENT ANALYSIS

@ Decompose the original series into some
independent modes, and then identify the
fluctuations in the modes, which represent the
effect of the event of interest.

@ The mode, after getting rid of noises and trends,
is used to approximate the pattern and degree of
the impact caused by the event.

@ Other modes provide useful information about
changes triggered by the event at different time
scales, such as volatilities differences between
high and low frequency modes.

® Advantages: precise, multi-scale, objective




EMD-BASED EVENT ANALYSIS
APPROACH

Identifying the
event of interest

Determining data
»  frequencyand ———p
analysis window

Examining data
by graphics

Mode Measure
IMF1 Identification &
o\ Total Effect
Composition
Analyzed > EMD/ | |

time series EEMD IME

n Hilbert Spectrum & Measure

Statistical Methods Detailed

Residue Analysis Effects

v

Testing Whether the Impact is Economic Analysis &
Permanent or Tempary Comclusion




OUTLINE

Introduction

Methodology Formulation

Case Study

Discussions and conclusions




CASE I: THE PERSIAN GULF WAR IN 1991

® The event window: from August 2, 1990 to February 28, 1991.

® The estimation window: three months before and after the war: from
April 30, 1990 to August 1, 1990 and from March 1, 1991 to May 31,
1991.

@ Data: two benchmark crude oil prices - West Texas Intermediate spot

45 T T T T T T
U.N. Security Council approves U.S.-sponsored resolution
A
40 \ ‘] M |
N7 Y us. begins air attack against Iragi military targets
35| R 1 A D 7
raq invasion of Kuwait . ' \,/ ) \‘
'y Al
30} ’ I AN s 7
25| | ! -
API reports crude oil inventories dropped ‘-’ ‘
20l by more than 4MMB in the past week NP i
/.v-' - \ [ 'l\"\~¢'/
BN
A\ 1
15 | ~ AN \, -~ N -
War ends
10 | | | | | |
04/27/90 06/16/90 08/05/90 09/24/90 11/13/90 01/02/91 02/21/91 04/12/91

= The daily WTI (solid line) and Brent (dotted line) crude oil prices from Marc
30, 1990 to May 31, 1991




DECOMPOSING DATA BY ENSEMBILE EMD

signal

imf1

imf2

imf3

imf4

imf5
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MEASURES OF IMFS AND THE RESIDUE FOR THE WTI AND
BRENT DAILY CRUDE OIL PRICES IN 1991 PERSIAN GULF
WAR

WTI Brent

Correlation Variance as Mean Correlation Variance as

Mean Coefficien % of Perio Coefficien % of

Period t Observed d t Observed

IMF1 3.39 0.18 2.37 3.48 0.14 1.65

IMF2 9.66 0.39 3.58 11.45 0.34 4.44

IMF3 16.19 0.28 2.31 20.27 0.32 2.42

IMF4 31.15 0.19 3.36 33.08 0.18 2.37

IMF5 82.42 0.59 5.58 148.4 0.84 7.12

IMF6 120.83 0.89 64.72 130.16 0.92 47.37
Residu

e -0.34 0.91 -0.24 0.69




THE DOMINANT MODE DURING THE EVENT WINDOW

@ IMF6s are identified as the dominant IMFs according to statistical measures.

® The distance between the first local minima and the following local
maxima %51 (l;lsed to measure the total impact of the invasion on crude oil
prices :

17 T = ~. T T

0.9 2N N — — — Brent B
7 == WTI IMF 6
0.8 / | T Brent IMF 6

07h S AN ]

06 7 | | A \ a
i EREE
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0.2

01 _\ A /

s d

M

/

~N
I w M\~ I I 1

0
04/01/90 07/01/90 10/01/90 01/01/91 04/01/91

= Fig. The normalized prices and IMF6s derived from EEMD.




KNOWLEDGE FROM THE HIGH FREQUENCY MODES

= The high frequency fluctuations in the price series are no larger than $8.

= Most of the large and sudden jumps of the original prices are captured by IMF1s:
the markets are with the mean-reversion trend in the short-term.

= The total effects of these high frequency IMFs are near zero.

P Value

= Fig. The mean of the fine-to-coarse reconstruction as a function of index K. At K
= 6 the mean departs significantly from zero (p < 0.01). Solid line: mean of
reconstruction (WTI); Dashed line: mean of reconstruction (Brent); Solid line
with marker: P value (WTI); Dashed line with marker: P value (Brent).




DID THE EVENT AMPLIFY THE
VOLATILITIES?

At each time point, the energy is mainly distributed at low frequency.

For the high frequency region, the energy clusters in the event windows are
slightly denser than those in the estimation window.

*The energy in the event windows is higher than that in the estimation
window.

Hilbert-Huang spectrum
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— Wl
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time

Fig. The Hilbert spectrum of IMFs Fig. The marginal Hilbert spectrum for
normalized frequency range [0.5,1].




TESTING WHETHER THE IMPACT IS TEMPORARY OR
PERMANENT

® The BIC criterion detects eight structure breakpoints:

December 1973, July 1979, November 1982, December
1985, February 1989, November 1992, October 1999 and
September 2004.

After the war, Irag was prohibited to export any crude oil
until 1995, the war did result in changes in the supply
side of global crude oil markets.

Due to the lag in effect, the breakpoint didn’t
immediately appear after the end of the war.

It is reasonable to conclude that the Iraqi invasion of
Kuwait and the Persian Gulf War in early 1990s did have
serious impacts on crude oil markets in the long run.




ECONOMIC ANALY SIS

® The war had several types of impacts on crude oil
prices:
(1) high frequency fluctuations with small amplitudes;

(ii) a large shock as a delta impulse, the time span of
which is consistent with the event;

(iii) a level shift effect in the long run.

® Small fluctuations during the war do not have a long-
term effect on crude oil prices.

® The total impact of the war on crude oil prices is
like a delta impulse.

@ Crude oil prices went upward prior to the war, and fell down after
the uncertainties about future situations are cleared away. Here
the change of prices satisfies the crisis model (Looney, 2003): prior
to a crisis, oil prices generally go upward. With the advent of a
crisis, future availability of crude oil is in doubt and traders add an
uncertainty or "war premium” to the prices. The prices continued
to increase. However, the price decreased dramatically after the
situation was clear.
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CONCLUSIONS

@ A new theory of crude oil price is introduced.
@ EMD is a powerful tool for complex dada analysis.

@ In the proposed approach, the EMD method
decomposes fluctuations of crude oil price series
into different time scales, based on the local
characteristics of the series itself.

® Each mode (or the composition of a few modes) has
clearly concrete implications.

® High frequency IMFs with shorter periods correspond
to the impacts of minor events on crude oil prices,
while low frequency IMFs with longer periods
correspond to the impacts caused by extreme events,
and the final residue is the long-term trend.




CONCLUSION

® For the case of extreme events, there is a
dominant mode (one single IMF or a composition
of several IMFs) which outlines the pattern and
degree of the impact, without considering
sudden changes caused by minor events during
the event, and factors, the scales of which are
larger than the event window.

® Many traditional event analysis methods fail to
deal with the overlapping events. The EMD’s
scale separation ability solves it efficiently. The
effects of overlapping events with similar
outbreak time but different durations are
decomposed into different modes.
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THE USE OF SSA FOR PROSPERITY
INREY

Business cycle

analysis

S

SA
PCA @“@f@

CCA
PCA  |MSSA 2DSSA
Extract the Construction for  Construction for
business cycle. composite index  multi-country

composite index
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A SHORT DESCRIPTION OF THE SSA

We consider a time series Y7 = (yy,...,yr). Fix L (L < T/2), the window length, and
let K =T—-L+1.

Step 1. (Computing the trajectory matriz)

transfers a one-dimensional time series Yt into the multi-dimensional series Xk
with Xi =(yi,..., yi+L-1), K= T-L +1. 2<L <T

U Y2 Y3 oo UK
LK Y2 Y3 Ya oo YK+
ij=1 — . : . .

X = (zy)

yr Yr+1 Yrp+2 ... Yr




A SHORT DESCRIPTION OF THE SSA

Step 2. (Constructing a matriz for applying SVD): compute the matrix XX’ .

Step 3. (SVD of the matrir XXT ): compute the eigenvalues and eigenvectors of the
matrix XX and represent it in the form XX? = PAPT. Here A = diag(\i,..., L) is
the diagonal matrix of eigenvalues of XXT ordered so that Ay > Ay > ... > Ay > 0 and
P=(P,F,. .., Pp) is the corresponding orthogonal matrix of eigen-vectors of XX

Step 4. (Selection of eigen—vectors): select a group of [ (1 <[ < L) eigen-vectors
PPy, ... By

The grouping step corresponds to splitting the elementary matrices X; into several groups
and summing the matrices within each group. Let I = {i,...,i;} be a group of indices
i1,...,4. Then the matrix X corresponding to the group I is defined as X; = X, +
cee Xi;-




A SHORT DESCRIPTION OF THE SSA

Step 5. (Reconstruction of the one-dimensional series): compute the matrix X =
. l . . , " . .
|Zi5]| = Doy HkR{X as an approximation to X. Transition to the one-dimensional

series can now be achieved by averaging over the diagonals of the matrix X.




EXAMPLES-TIME SERIES
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Figure 1: Fabricated metal series in Germany




SELECTION OF THE WINDOW
LENGTH L

® the assumption that there is an annual
periodicity inthe series suggests that we
must pay attention to the frequencies k=12
(k = 1,...,12). As it is advisable to choose L
reasonably large (but smaller than T/2
which is 162 in this case), we choose L = 120.




SELECTION OF R

Choosing L = 120 and performing SVD of the trajectory matrix X, we obtain 120 eigen-
triples, ordered by their contribution (share) in the decomposition. Fig. 2 depicts the plot
of the logarithms of the 120 singular values.

7.6

1.9

-3.58

-25
1 20 40 60 80 100 120

Figure 2: Logarithms of the 120 eigenvalues.




SELECTION OF R

Another way of grouping is to examine the matrix of the absolute values of the w-
correlations. Fig. 3 shows the w-correlations for the 120 reconstructed components in a
20-grade grey scale from white to black corresponding to the absolute values of correla-
tions from 0 to 1. Based on this information, we select the first 18 eigentriples for the
reconstruction of the original series and consider the rest as noise,

-[0.00, 0.05]
- (0.05 , 0.10]
-(0.10, 0.14]
-(0.14 , 0.19]
-(0.19 , 0.24]
- (0.24 , 0.29]
- (0.29 , 0.33]
- (0.33, 0.38]
- (0.38 , 0.43]
- (0.42 , 0.48]
-(0.48 , 0.52]
-(0.52 , 0.57]
-(0.57 , 0.62]
- (0.62 , 0.67]
- (0.67,0.71]
-(0.71, 0.76]
-(0.76 , 0.81]
- (0.81,0.86]
- (0.86 , 0.90]
- (0.90 , 0.95]
- (0.95 , 1.00]

ERRERRRENEEOOT 1T

Figure 3: Matrix of w-correlations for the 120 reconstructed components.




GROUPING

1(99.967%)

|

4{0.004%)

TR

7(0.002%)

AR

10(0.001%)

WA A M

13(0.001%)

N

16(0.000%)

—

20
46

0.5
0.5

03
-0.3

0.3
-0.2

0.3
-0.4

0.2
-0.2

0.8
-0.5

0.5
-0.4

0.4
-0.3

0.2
-0.3

0.3
-0.3

0.12
-0.12

2(0.006%)

e e

5(0.003%)

N TS

8(0.001%)

MWWV

11(0.001%)

il i

14(0.001%)

~NANS NN

17(0.000%)

RN s

0.2
-0.5

0.3
-0.3

0.3
-0.3

0.13
-0.13

3(0.004%)

AR

5(0.002%)

PR AR

9(0.0071 %)

AW

12(0.001%)

SN

15(0.001%)

—f\_/'\_/\/\/\/

18(0.000%)

ANy




GROUPING

3(0.004%) - 4{ 004%) 6(0.002%) - 7(0.002%) 8(0.001%} - S(0.001%)

—

10(0.001%) - 11{0.001%)  14(0.001%) - 15(0.001%) ‘1?{0.003%_] - 18(0.000%)

Figure 5: Scatterplots (with lines connecting consecutive points) corresponding to the
paired harmonic principal components.

The periodograms of the paired eigentriples (3-4 , 6-7, 8-9, 10-11 and 17-18) also confirm
that the eigentriples correspond to the periods of 6, 4, 12, 3, 36 and 2.4 months.




RECONSTRUCTION

® extracted trend which is obtained from the

@ eigentriples 1, 2, 5, and 12-13. It clearly
follows the main tendency in the series.
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RECONSTRUCTION

@ selected harmonic components (3,4, 6-11,
14-18)

g
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@ rest of the eigentriples components (19-120)
as noise
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THE USE OF SSA FOR PROSPERITY
INDEX

® Model based prosperity index: SSA approach
PCA’s Empirical Orthogonal Function (EOF)

Xi — iaikEik
k=1

SSA’s EOFs

MSSA’s EOFs
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THE USE OF SSA FOR PROSPERITY
INDEX

® PCA

s Extracts the

® SSA

= Removes incoherent

dominant "spatial”
patterns of the
variability.

The first EOFs
represents the
dominant, pure
“spatial” patterns of
variability, and their
associated PCs are
the coefficients that
regulate these
patterns.

Center for Forecasting Science, CAS

noise (white noise).

= Extracts regular
oscillations (with a
narrow spectral
peak).

= Coherent nonlinear
trends are identified
as the lower
frequency modes.

= Efficient on short
signal.

109




THE USE OF SSA FOR PROSPERITY
INDEX

® MSSA has the advantage of

PCA for extracting the dominant “spatial”
patterns of the variability.

The spectral filtering capabilities of SSA.

All identified modes have spatio-temporal
properties.

This advanced spatial and spectral filtering is
helpful to identify the most coherent (and more
especially oscillatory) spatio-temporal modes in
a short noisy signal.

Center for Forecasting Science, CAS 110



BASIC KNOWLEDGE ON 2D-55A

® Given a 2D data set
(L) f(1L2) ... f(LN) )
f(2,1)  f(2.2) ... f(2.N,)

(N F(NL2) . F(NN))
® Choose two window length L1 and L2

@ Construction of the trajectory matrix of the field
F by moving L1*L2 -windows

@ In the 1D case, one transforms a 1D object into a
2D matrix. In the 2D case, a 2D object will be
embed into a four-dimensional space

® SVD & reconstruction.

Center for Forecasting Science, CAS 111




THE USE OF SSA FOR PROSPERITY
INDEX

@ Data ® Choosing the
transformation window lengths.
Input data:

Input Field

(input Field

111.08 A
L
\ 4
-49.39

Center for For 112

&
111.08

-49.39




THE USE OF SSA FOR PROSPERITY
INDEX

® 2DSSA’s advantage:

Take the advantage of MSSA, which combined SSA
and PCA.

Extract common factors

Filter noise

|dentify and make good use of the interaction
among different countries

Center for Forecasting Science, CAS 113



EMPIRICAL STUDIES: COMPARE WITH X12

® Compare SSA’s
performance with | [ \
X12-ARIMA for data \;y y

filter. %\V
1) /

® The sample is
widen piece by

24

4]

0+

. 1996 1998 2000 2002 2004 2006 2008
piece.
— Industry value added (%) —— IND_200912 TC
— IND_200907_TC — IND_201002_TC
— IND_200910_TC —— IND_ALL_TC
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EMPIRICAL STUDIES: COMPARE WITIH X12

20

184

16 - 20
18-
14
16 -
12 14
12
10
10+
8- g
6 ®1
4 T Tt T T 1 1 T 7 T 1 1 T 7 L
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2008MO07 2009M01 2009MO7 2010M01 Industry value added (%) ——— IND_200912_SSA
—— IND_200907_SSA —— IND_201002_SSA
—— IND_200910_SSA —— IND_ALL_SSA
Industry value added (%) —— IND_200912_T = = D
— IND_200907_TC — IND_201002_TC
— IND_200910_TC — IND_ALL_TC
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EMPIRICAL STUDIES: 2DSSA-BASED INDEX

Fig. 2 Input data of Asian countries

® Countries from Asia:

China, Indonesia, Japan, 111

Korea, Malaysia, Singapore
and Thailand. 0

® Input data: -

economic growth, financial n
data, price, trade, industry g
and so on. 0]
2008
-50

2009

2010
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EMPIRICAL STUDIES: 2D5SA-BASED INDEX

® 2D Principal Components
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DOWNLOADS

® R-package on CRAN

® A suitable text-editor
Winedit for R
Tinn for R: single user setting (SDI)

@ Install the package signalextraction from
CRAN

® Load the package signalextraction into R
® Ready to go!




EXAMPLES

@ Based on the example-file contained in
"vignettes” (contained in package
signalextraction)

@ Level-criteria (KOF Economic Barometer)

Various settings emphasizing time series dynamics (d)
and user-preferences (i2)

@ Turning-point criterion

Various settings emphasizing
Speed
Reliability/smoothness
Risk-aversion




RUNNING THE PACKAGE

® Fit<-dfa(x,...)
"<-" means assign’ (can be replaced by =")
The optimization is launched

"Fit” is an object of class "dfa’” which contains
Filtered series
Filter characteristics: amplitude and time delay
Filter coefficients

This information can be accessed by addressing
the components through FitSname




PLOTS

® Plot(Fit):
Original and filtered data
Periodograms of original and filtered data

Filter characteristics
Amplitude
Time delay




FUNCTION-CALL AND PARAMETERS

® Fit<-dfa(x, quart = FALSE, d = 0O, tpfilter =
FALSE, lambda = 3, expweight = 1.5, pbd =
1.02,pb =1/14, sb =1/7, n.loops = 10, verbose
=1,limamp = 3, i2 = TRUE)
® X:
data: univariate time series

@ quart
FALSE: monthly data, TRUE: quarterly data




FUNCTION-CALL AND PARAMETERS
®d:

0: optimization criterion 3.7 (best for bounded
data)

1: optimization criterion 6.7 (best for
asymptotically unbounded data)

® tpfilter

FALSE: level criteria 3.7 or 6.7 (depending on d)

TRUE: TP-criterion 5.4 (irrespective of the value
of d)




FUNCTION-CALL AND PARAMETERS

® lambda:
activated for TP=TRUE only

controls the speed of the real-time filter

the weight attributed to the time delay in the pass-band in
criterion 5.4

® expweight:
activated for TP=TRUE only

controls the reliability (smoothness) of the real-time
filter

the weight attributed to the amplitude function in the
stop-band in criterion 5.4




Flgﬁ@(ﬁﬂ)@ND@ALL AND PARAME TERS
® >

a regularity-constraint ensuring stability of the
filter, see 3.20

default values are based on experience
@ pb and sb
determine the signal (ideal trend)
width of pass- and stop-bands
® n.loops
controls numerical optimization
number of loops (genetic algorithm)
the smaller n.loops the faster the optimization




FUNCTION-CALL AND PARAMETERS

® verbose

Controls output generated by numerical
optimization routine

@ limamp (>1)

regularity constraint

controls the amplitude function in the pass-band
®1i2

filter constraint

i2=TRUE: the time delay of the real time filter
vanishes in frequency zero
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