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Abstract
Forecastingn time series data has been a research issue for a long Bhastyof methods
from different researcHieldshave beemproposedfor this problem Meanwhile it is known that
weather forecasting ensembles perform much better than individual forecastodgeia
Similarlyin pattern recognition problemsubstantial improvements can be obtained by
combining the outputs of multiple classifieidowever, application of forecasting ensembles in
time series forecasting in domains such as standard product ddroastock market has not
been equally successful so far.

In this project we implement a wide range of forecasting methioois) Opeaations Research,
Statistics Signal Processirand Artificial Intelligence tevaluate the performance of a large
ensembleof forecasting algorithmsThe implemented methodimcludeMoving Average models,
Exponential Smoothing models, Hltinters method, AuteRegressive models, and ANN
models.Eightdifferent data setsfrom both stock market and product demand aapplied to
these methodsThe forecasts bthe various algorithmare weighted and taken into account in
the finalensembleresult We then examine how different parameters in Levinsbarbin
algorithm and Artificial Neural Network will affect the resulVe also tst how the pararaters
in ensemble itself woulthfluencethe resuls. We propose two new ensemble structures, tree
structure and cascading structyr® fuse the forecastingesults. At the end, we design and
implement a GUI interface for the forecasting and ensemble methods to shovitteow
frameworkworks.

From analysis and experiment results, we learn #raembleof various methodsometimes
canachieve a better resuthan any indvidual method Parameters in the forecasting methods
and ensemble itselfio have impacten forecasting results, but usually nist amonotonicway.
The structured ensemble (especially tree structure ensemble) cartdeatbetter result than
normal enserble.
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1. Introduction
Time series data forecastimgs been a research issue for a long tjii8]. Prediction on stock
market data, sales argLipply chaircould be ausefulreferenceto daily businesdn this chapter,
we willfirst give the definition of time series datand thenintroduce several weknown
forecasting methodsve implementin this pioject At the endwe will give the definition of
severalaccuracy measures we are using to evaluate our forecastsgts.

Time Series Data

Atime series is a sequence of data points, measured typically at successivepaued at
uniform timeintervals[4]. Time series data can come from different soureeg,stock market,
environment observation, business transaction, sensor network and sim ¢inis project, our
model for tme series data is the following:

Foran infinite time sequenc€Y pE , we useQ to denote the observed data point at time

If thereisanunderlying direction (an upward or downward tendency) and rate of change in a
time seriedata, we say this data set has a trend component.

If the time series data showseriodic fluctuationswe say this data set has a seasonal
component.

Forecasting Metho ds

Time series datdorecasting methods have beeavell studiedin the literature. The main idea is
to use the historyand presento predict the future.In thissection, ve will introduce some of
the methodswe are going tamplementin our experimentskor each method, & will first
introduce the idea, thenathematicaldefinition of it,andthen pros and consHere are some
symbols we may use for our description.

'Q, the original data point at time
"Q the value we forecast fd@
Q, the forecasting errofQ  'Q  "O

5
5

5

Moving Average

The MovingAveragemethodis based on the arithmetic average of a given number of past data
points.It is considered as the most wéthown andestablished forecasting methd@]. The

Moving Average method with paramet®f computes the next value as the mean of the Iisist

data points. The description is the following.
. B Q
O —_—
0

This methdl is easy to understand and easy to implement, with a reasonable acciitaynain
problem is when the initial time series data has a trend compondim¢ method wilkeep



underestimatingor overestimatinghe data.Another problem is that it gives alié¢ previous
points the same weight when compute tinextpoint.

Double Moving Average (DMA)

Double Moving Averagd®MA)is animprovement of theMovingAverage methodTheconcept
is tocatch the trend inside the datso that it will overcome the drawbacko achieve this goal
the method does moving averaggainon the moving average of the datsgthat the method
will seeif the data is increasing or decreasewgd makecompensatiorfor that. The description
of DMAis the followingwherel is the moving averagef data — is the moving averageff , ris
the window size.

wn =8 MR, m 2
%—29'/7
h=-2( -0
g1t
1= i tzr
g = irqt
bd, t<r
1r1

h__a. g toer

This method needwvice computation poweras the Moving Average method do€som the
example we see that DMA doeatch the trend better than MAMADMA.m) The example
generates a data sequence from 1 to 50, added with uniformly distributed noise-&aoon3.
We see the MA igsuallybelow real data plot, while DMAoesnot have this problem.

50 T T T T
Data
MA
40} DMA ||
301- /\/j .
20 \/w/v\/ :
10 w 1
N
o/ 1
10 10 20 30 40 50

Figurel MA and DMA Comparison



The remaining problem of DMA is thahen it calculates the mean valuegives the same

weights to all theprevious pointswithin the window In most of the cases, the recent value is
more importantthan the othersthis will not be goodlf we assume tht the more recent the

data point is, the more relative it is to the predicted value, we should use a weighted version of
the Moving Average method.

Single Exponential Smoothing (SES)

While the Moving Average method gives to the previous data points egeights the Single
Exponential Smoothing (SES) metlaadigns exponentially decreasing weights as the
observation get olderThe ideaof SESs tointroducefeedbackdo the methodon previous
predictions.The description is the followingvhereaisa user input factor

I:t+1 = I:t -aq ! a (011)

Another way to calculatéis the following.
"O O p OQ p ®w O

The main drawback of this method is thathenuserwants to use this method, he/shgas to
giveanarbitrary parametera to the systemAlso SES does not catch the trend component in the
data set(like MA)

Double Exponential Smoothing (DES)

Double Exponential Smoothing (DESh extension of SEShe idea ido apply SES on the
result of SES, so to get a smoother restitis method can get rid of the noise from the data.
The description is the following.

F=aRi, 1 3R

Fi,=ad «1 aF
F,=Fj <,a (0,1

DES still depends on user input parameteBylsing the same dattasMADMAmM), we
compare SES and DE&ure2 shows the comparison, from whiete see DE&an geta
smootherresultthan SESvhereaisset as0.5for both SES and DESis is good for the
forecasting when there are a lot of random noises in A&&SDES.m)
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Figure2 SES and DES Comparison

Obviously, DES needs more computation power than &ti®oth of them do not catch the
trend componentDESstill requiresan arbitrary userinput parameter.

Adaptive Response Rate Single Exponential Smoothing (ARRSE$

The main problem oB8ES and DEsSthat theinput parameterais defined by theiser, which is
anarbitrary choice.Adaptive Response Rate Single Exponential Smoothing (ARRSES)iS
designedo target this problemThe goalof ARRSES is let the system automatically choose

the parameter according tdifferent situation;therefore the performance is not relied on the
parameter anymorelnside the method, the idea is thath&n the data is highlffuctuating,
ARRSES will assiglaera for the algorithm. When the data is steady and smoothly changing,
ARRSES will lower theralue. Theequation todescribeARRSES is as follows.

F.=ad € a)f
_|A
A
A=be €1 -DA,, t O

Mt:b|Q| 'l(l _bMt-l’ t o
A =0,M, =0,F, 86 (0,1

The only difference between ARRSES and SES is that in ARRS&8ytiemicFrom the
definition we see it changes withe error of the previousorecasting But unfortunately,
ARRSES introduces another paramgterto the system.

Levinson -Durbin (LD)

The Levinsourbin (or DurbirLevinson) algorithns an algorithm to find thecoefficients for
an autoregressive modelhe assumption is thdhe valueto be predicteds a linear
combination of thelastobservedp valuesplus a random white noiseomponent, whictcannot

4



be estimated Thereforethe prediction value can be writteas™©O B ®'Q , wherepis the
window sizeg; is the coefficient.

Then the problemeft isto find out the coefficients according to sorogteria. For LD algorithm,
the criterion isto minimizethe least square error of the followirfgrmula:

main%il(gl a’ g(i))zznlin 140" g\‘%j(i)d(i)T g

LevinsorDurbin algorithm provides an efficient way to solve this problem. The input parameter
of LD algorithm is the window sipe The complexity of LD @(p) LD algorithm is considered a
good method for forecasting neseasmal data.

Holt -Winters (HW)

Holt-Winters methodisa member of the smoothing method family]. It is designed to deal
with the seasonal component idata setsin HW, a parametesis introducedto indicate the
period of theseasonal componenthefollowing is the description of HW.

u:a;fs @ al, by
h=b(L L) @& Bh,
S=0) 4 8.

Fom=(L, ®MS ., t Zm12
a, b, g( 0,1

Boe =0 -dLiecd Sise ¢g:$é.7=1 d

HW performswell for trend component and seasonal componeBut as we seeniHWuser has
to give4 parametersas the input| i i i . Computatiorof HWis more complex than SES and
DES.

Figure3is an example to show theehaviorof HW(HW_testm). In this example we use a
combination ofsinusoid linear increasingunctionand random noise as the data set, and use
SES, DES and HW to do forecagiimthis data Theparameter of SES and DES are &8, for
HW the parametes are| 1@fi 1®h 71&H  v. We see that HW performs vewellin
this casejit catches both tle trend and seasonal component inside dathile for SES and DES,
the performance are not promisingpeither the trend component nathe seasonal component
is captured properly.
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Figure3 HW, SES and DES Comparison

Artificial Ne ural Networks (ANN)

Apart from statistical methods, Artificial Intelligen@®) methods can also be applied to
forecast timeseries data. In Al fieldrtificial Neural Networks (ANNkavegrownrapidlyin
popularity since the early 9Q. RecentlyANNs are considered as the most popular methods f
time series data forecasting, especially for financial dagj. There is a family of different ANN
modelsfor forecasting. In this project, we focus teed-forward, multilayer perceptron models
(MLP)

Theidea of ANN is to build a black box to generate the target vector according to the input. By
using ANN we can do classification, prediction and so on. Formiaky, input vectoXand

target vectorT, ANN model is considered as a functi@jd© @suchthat the sum of squared
errorsis minimized betweelY and the targefl. ANN try to achieve the minimum result by

tuning the configuration of the hidden layer nod&sis is done by training and validating.
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In this project, we use the laptobserved values as the input vector, and the next value as the
target. The schema is &gyureb; if we setp to be 3,[d; d, d3] will be the input vector of target
ds. As we will see latetthe window sizeanaffect the forecasting result.

[y
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w
=
s
w

Figure5 Example of ANN Forecasting

The good thing about ANN is that itsigitable for both linear and nonlinearstgms, so that it
could learn nonlinear patterns from dat&rom the upcoming experiments we will see, ANN
usually has the best forecasting result among all the meth&tfgiency is the main concern for
ANN<gmethods, thoughthe computing power growsxponentiallythese daysit is still a time
consumingob for computers to train/simulate a very long tirseries data.

Linear Network s (LN)
Studied arlierthan ANN, LineaNetworks(LN)is another way to ddime seriesdata forecasting
[9, 10]. Please note that Li¢ similarto but not perceptron they are single layer netwodith



lineartransfer functionrather than hardlimiting (asperceptrondoes) whichallows ther
outputs to take on any valu®ne example of linear networks is showrFigure6.

Input Linear Neuron with Vector Input

P,

P

Ps
R=number of
elements in
input vector

Pr

Figure6 A Linear Neuron with RInputs

Like ANN, linear networks try to use theset of given input vectots produces outputs of
corresponding target vectorsvhereas the output vector is a linear combination of the input
vector. Thevalues for the network weights and biagegunedsuch that the sum of the squares

of the errors is minimized or below a specific value. This problem is manageable because linear
systems have a single error minimuim this project, v@ use the last p pots as the input vector

to predict the future data point. A feedback is given to the network after every prediction.

Our LN method is modified from the demo in MATLAB Neural Network To@Mataptive Linear
Prediction (applinZ) In applin2, a linear netwdris trained incrementally with adapt to predict

a time series. Because the linear network is trained incrementally, it can respond to changes in
the relationship between past and future values of the sighhE execution steps are the
following:

. Create he network and initialize it.
Train the networkncrementally
Generate the forecasting results and compare with the original data.

5

The good thing about linear networks is that@n be drawn directly or trained to find a solution
that minimizes the measquare error. In addition, linear networks can be trained to be adaptive
to changes environent where the network operatelso linear networks in practice need less
computation power than ANN. One issue is that tioer-linear relationshipsetween inputsand



targets camot be represented exactly by a linear network, which may produce only a linear
approximation



Measures

To show how welbne forecastingmethod performs we needto use some accuracy measure
The followindist showssome measures which have beesmmonly usedn the literature.In
thisreport, we mainly usdlean Absolute Percentage Deviati(MAPD to measurethe
performances obur methods since MAPD isr@rmalizedmeasureand alwayshasnon-
negativevalue

t
ase
Mean Deviation MD, = 't=2 1

éi

Mean Percentage DeviatioMPD, =100 3't2—i' %

t
als|
Mean Absolute DeviatioMAD, = ':tz 1

t
aly
Mean Absolute Percentage DeviatismAPD, =100 3't2—1' %

t
ae
Mean Square ErroMSE ='t=2—1

Root Mean Square Err@aMSE =

10



2. System Architecture
The system works dSgure? illustrates Firstthe data file idoaded into main memory as a
vector. Thendifferent forecasting methods are appli¢d the data set. Afteall the methods are
executed ensemble technigues will bgésed to combine the forecasting ressltMeasures are
generated, and figures are plottexd the end.

Use
Load Data . Different .

Calculate Plot Data

Ensemble [ 2 e

Forecasting
Methods

Figure7 System Architecturddiagram

Experiment Setup
The experiments are developaad executedisng MATLAB on a laptop. The details are the
following:

Hardware LenovoThinkPadr43 Laptop, with Intel Pentium M 1.86H&CPU and 1.5G
RAM.

Software Windows 7 32bit version.MATLAB 7.9.0 (R2009jth Communicatiorand
Neural Networkoolboxes

Data Sets

We apply our forecasting methods eightdifferent data ses, including financial datasales,
production, etc The details aréhe following. By saying seasonal we mean that the data set has
a periodical presence by itself.

INTRACOMOPENDaily openingrice ofINTRACONtock,0bservedfrom 23/1/2009 to
23/3/2010

INTRACOMLOSE Daily closing price dNTRACOMtock,observedfrom 23/1/2009 to
23/3/2010

IBMCLOSEDaily closing price of IBM stock, Jan 1, 1980 to Oct. 8, Da#nload from
http://robjhyndman.com/tsdldata/korsan/dailyibm.dat

MSFT- Daily opening price of Microsoft stock, fra/l3/1986to 11/15/2010
Download from Yahoo Finance.

WINEIND(seasonal} Australian total wine sales by wine makers in bottles <= 1It. Jan
1980¢ Aug 1994. Source: AB3ownload from
http://robjhyndman.com/tsdldata/data/wineind.dat

11


http://robjhyndman.com/tsdldata/korsan/dailyibm.dat
http://robjhyndman.com/tsdldata/data/wineind.dat

HSALE&easonal} Monthly saés of rew onefamily houses sold in thUSA since 1973.
Source: Makridakis, Wheelwright and Hyndman (19B8)vnload from
http://robjhyndman.com/tsdidata/data/hsales.dat

WOOLYARIKEeasonaly Monthly production ofwoolenyarn in Australia: tonnes. Jan
1965¢ Aug 1995Download fromhttp://robjhyndman.com/tsdldata/data/woolyarn.dat
CO2(seasonal)} Monthly mean CO2 concentratioas the Mauna Loa Observatory from
1974 to 1987Download from
http://www.itl.nist.gov/div898/handbook/pmc/section4/pmc4411 .htm

In our experiments, all data sets are preprocesard saveds text filesin each file, every
singleline is a data point. This can be easily done via copy and paste when you Hawelan
compatiblefile. Also you can implement your own methodddaddata from other fileformats,
evenfrom the internet As soon as the outcome isdatavectorin the workspacethe system
will work.

How to Get Stock Data

There areamanyfree time seriesdata sets on the internet. For stock markizta, one
convenientway to get the historical data is to download it from Yahoo FinaHeee shows how
to download it step by step.

Go to YahooFinance f], type in the interested stock name, e.g. MSMic(osoff).

New User? Register Signin Help Trending: Mandy Moore

YaHOO!, FINANCE

Dow ¥ 0.52% Nasdag ¥ 0.59%

HOME INVESTING MNEWS & OPINION PERSONAL FINANCE MY PORTFOLIOS | | TECH TICKER

I | LT | e seo o, 2920

Microsoft Corporation (MSFT)

200:= @ menor
FEES
)

Summary
Order Book

Options Historical Prices GetH
} Historical Prices

CHARTS

Interactive Set Date Range
Basic Chart Start Date: | Mar [¥ | |13 1986 | Eg.Jan1,2010 @ Dally
Basic Tech. Analysis . ' IZ) Weekly
End Date: | Moy E| 29 2010 ) Monthly
NEWWS & INFO ) Dividends Only
Headlines

Financial Blons

Figure8 Screeshot of Yahoo Finance
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http://robjhyndman.com/tsdldata/data/hsales.dat
http://robjhyndman.com/tsdldata/data/woolyarn.dat
http://www.itl.nist.gov/div898/handbook/pmc/section4/pmc4411.htm

Then chooseéHistorical Priceison the left panel, select the date range you are interested in,
and at the bottom of the page, there idiak to download the file Hit the link, then aCS\ile is
downloadedwhichcontains very detailethformation about everyday transaction of this stock.

Aug 20,2010 24.31 24.40 24.20 2423 49,560,100 2423
Aug 19, 2010 24 62 2474 2421 24.44 54,064,600 24.44
Aug 18, 2010 24.68 2495 24.41 2482 46,818,900 2482
Aug 17, 2010 2471 24.96 24.60 2471 52,912,600 2471
Aug 17, 2010 0.13 Dividend

Aug 18, 2010 2436 24 61 24.30 24.50 40,909,700 24.37
Aug 13,2010 24.35 2467 2424 24.40 45,263,500 2427

* Close price adjusted for dividends and splits.
| | Mext | Last

i Download to Spreadsheet 4=n
Currency in USD.

Figure9 the Linkfor Downloadng Data File

If we only careabout the opening price, weanselect thespecificcolumn and copy it to a text
editor.

B1 - &  Open

LA A B C D E F G

1 |Date Open High Low Close Volume  Adj Close
2 | 11/26/2010 25.21 25.41 25.17 25.25 21356500 25.25
3 | 11/24/2010 25.2 25.46 25.16 25.37 56825900 25.37
4 | 11/23/2010 25.57 25.6 25.09 25.12 89742500 25.12
=N 11/22/2010 25.65 25.74 25.44 25.73 53097800 25.73
6 | 11/19/2010 25.8 25.83 25.6 25.69 52409700 25.69
7 11/18/2010 25.71 26.08 25.61 25.84 59514000 25.84
8 | 11/17/2010 25.9 25.91 25.55 25.57 58299700 25.57
9 11/16/2010 26.04 26.04 25.65 25.81 65339200 25.81
10 | 11/15/2010 26.33 26.5 26.17 26.2 51794600 26.04
11 | 11/12/2010 26.47 26.52 26.1 26.27 64962200 26.11
12 | 11/11/2010 26.68 26.72 26.28 26.68 62073100 26.52
13 | 11/10/2010 27.01 27.08 26.81 26.94 52277300 26.78

Figure10 Downloaded File in Excel

13



3. Ensemble Study
A very common and efficient ensemble method is to calculatenbighted averagef the
existing forecasting result&ssume that we havedifferent forecasting methodsFormethodi
(E pE,),"Odenotes the forecasting result for dagmint k The weight) on"O is the MAPD
of "O. Then the weighted average ensemble resuldisfined as

In thisproject, we use weighted average ensemble method as the default ensemble method. All
the studiesstart from it. Also when we introducéhe experimentwe will put theMATLABcript
nameat the beginningso that users can check the implementatimdrerun the exgriments

by themselves.

For seasonal data sets, apart from observattbeye isanother way to discovehe seasonal
effect, whichis to doFourierTransformon the data setFor examplefigurell showssome
results we dd-FTon our data setgffttest.m). It is clearthat when there is a peafin the x axis
(time axis) there is a seasonal componenith that period

x 10" Cco2 x10° HSALES
15
8
. 10
) /
0 / = °
-2 . L ~
5 10 15 20 -20 0 20 40
x10"°  WINEIND x10°  WOOLYARN
14
12 10 |
10 8 I
4 A 2
A 0
0 10 20 0 10 20 30

Figurel1 FFT on Seasonal Data
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Ensemble Normal

At the beginning of the experiments, vest how ensemble works on all data sets with different
forecastingmethods. Thanethodsare: HoltWinters(HW)(only for seasonal data sets), Neural
Network 10(ANN 10) Neural Network 3GANN30), Neural Network 5QANN 50) ARRSES,
LevinsorDurbin(LD) Double ExponentigDES)Double Moving Averag®MA) and Linear
Networks (LN)If the method needs a paramet, it usesthe default one set in the functiariThe
error measure method is MAPD.

Non-seasonal Data (all_nonseason.m)

We first plot the forecasting results compared with the original data.

ARRSES ARRSES
INTRAOPEN DES INTRACLOSE DES
DMA 22 —— DVA

22 T

LD | ‘ LD
—— ANN30
08 / )
0.6 v : 06 LA’«-@Q]

i
2 ! LN 2 . LN
18 i —— ANN10 18 S AW
Il .
N I ANN 30 i ]
16 4 | l | ANN 50 16 LT AR N ANN 50
14 | ! } \"\ Ensemble 14 | , \ - Ensemble
| \ Data Data
12 ! Y 12 .=
| f i ! W i
1 il I 1\ J 1
08
0.4 0.4
02 02

IBMCLOSE

180 T
160 |

m ARRSES
140

—— DES
120 ﬂw% l'A ad h DMA
P N LD
100 f w1 "W\\ LN
0 \| —— ANN10
'ﬁ —— ANN'30
60 % Py, ANN 50
4 Ensemble
0 Data
T
20 !
0 [
0 500 1000 1500 2000 2500 3000 3500

Figurel2 Normal Ensembléata Plot(Non-seasonal)

Then we plot the MAPD of each forecasting method.
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Figure1l3Normal Ensemble MAPBrror Plot (Non-seasonal)

At the end we compare the absolute value ensemble result with the optimal result. The optimal
result on eactpoint is the nearest prediction result df (&0 Q€O 'Q ). We see ensemble
result is always worse than the optimal one, but sometimes therlap
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The doservatimsare the following

ensemblemethod.

Figurel4 Normal Ensembléreal Error Plof{Non-seasona)

beginning will not behighlyinfluenced by any recent change.

5

Seasonal Data (all_season.m)

Ensemble method may reach a better result than any of them.

3500

There is no best forecaag method for all data setsThatis alsoone reasorfor using

For big data set®e(g.IBMstock close)the forecasting methods tend to be stablthis
is becaus¢hat the MAPD error measure, which accumulates the errors from the
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Figurel6 Normal Ensemblé/APD ErroPlot (Seasonal)
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Figurel7 Normal EnsembldrealError Plot (Seasonal)

Some observations still hold:

efficient

There is no best forecdag method for all data sets
Ensemble method may reach a better result than agyvidual one
Holt-Winters method could be a good choif® seasonal data setsjhich is stable and
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Evaluation of Levinson -Durbin Algorithm

For Levinsofurbin dgorithm, the input parameter may affect the prediction performance, so
in this sectiorwe do some experiments on different inputk our experiment,riput variable
changes from 2 to.8he other way to think about the algorithm with different parameters is to
treat them as different methods and do ensembilethem. Here still he error measure method
is MAPD.

Non-seasonal Data (levinson_test_nonseason.m)

When we apply LD algorithm on stomarket data, we see that with some parameters the
result tends to change dramatically.

INTRAOPEN INTRACLOSE
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0 i
-100 L
0 500 1000 1500 2000 2500 3000 3500

Figurel8LD Test Data Plot (Neseasonal)
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Seasonal Data (levson_test_season.m)
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Figure20LD Test Data Plo&¢asonal)
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Figure21 LD TesMAPD ErroiPlot (Seasonal)

Here are the observations

1 For those data sets which have no dramatic changes, parameter 2 or 3 can lead to the
best result.

1 For the data sets which have dramatic changes, there is no single solution.

The performanceloesnot varymonotonicallywith parameter.

1 Ensemble somaties @n lead to a better resuliespecially for seasondhta sets

=
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Evaluation of Neural Network

For ANNmethod, there are two parameters that the user can inptite hidden layer nde
numbers and the window sizén this section we evaluatthat how will thesefactorsaffect the
results

First weexaminehow hidden layer node number will affect the result. We run ANN with
different hidden layer node numbers range from 10 to 90, and do the ensemble of there.
we setthe windowsizeto 15.The experimentare run on both norseasonal and seasonal data
sets.

Non-seasonal Datéann_test _nonseason.jn
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Figure22 ANN Hidden Layer Number TeBata Plot(Non-seasonal)
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Figure23 ANN Hidden Layer Numb@arestMAPD ErroiPlot (Nonseasonal)

Seasonal Datafin_test_season.in
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Hereare the observations:

The performance isot monotonic with hidden layer numbers

For stock market data, ensemblaee likely toachievebetter resuls.

There is no single number best for sitbiations

Because of the randomness inside ANN, it is goagséoensemble on ANN.

The window size is another parameter in Afékecasting Here we try to use different window
size to see hovit will affect theresult We set the hidden layer node number t020, and test
window size from 2 to 2@br ANN The followings the plot ofMAPDvaluefor the end of every
data set Since MAPD value takes all the previeu®rsinto account, this shows how the
forecasting methods behavin the plot, he xaxis is the window siz¢he yaxis is the MAPD
error.
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Figure26 ANN Window Size and MAPD Error Trend (Nsmasonal)

We see that the MAPD value does not change too much when the window size ch&oges
peaks presented in the figure are because of the randomness of ANN calculatiois.case we
can choose the small window size when we use ANN.

Non-seasonal(ann_test_nonseason_window)m
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Seasonafann_test_season_window.m

Forour seasonal dataet, they all havehe period of 12. We want to see how the window size is
related with thisnumber12. We try window size from 2 to 24, aatsoplot the final MAPDThe
observationis: dter window size of 10 the performance is more stable, but there is no unique
solution, theperiod of 11 or 12 sometimes can achieve the best reSihits means when we use
ANN on these data sets the better way is to set the window size larger than 10
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Ensemble with Different Parameter s

Order of Data

For stock data, take first ot and second order sometimes chelp to improve the estimation
performance Assume we have data sequeri@g the first order(Y ) is the distance between the
data points, and the second ordgf ) is the same operation on the first order data.

~

y Q Q

y ¥y
Here we use two stock market data sets to test the imgidTRACOMOPEN and MSFT). We use
Linear Networks athe prediction method and draw the MAPDs of all these forecasting results

(stock_order.m) The observation is that take the order of the data sometimes can achieve a
better result.
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Figure32 Different Orders of Data on INTRACONMEN
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Figure33 Different Orders of Data oftMSFT

Ensemble Weight

For weighted average ensemble, the weight is defined as the MAPD of each forecasting method.
From the previous experiments, we see that sometimes there is a gap betiveemsemble

and the best forecasting method. This is because there are so many forecasting methods that
even each one of them has a small weight, the overall weigidrianegligble. We can use

some trick tomake the ensemble get closer to the best method, one way is to change the
definition of the weightE.qg. fiwe change theveight from0 to0 , thedifference

betweeneach forecasting method will be magnified, thenefahe ensemble result will try to

reach the best result moraggressively

The following is an example to show how the weight function will affect the ensemble result
(ensemble_weight.mAsusual we apply all forecasting methods we have on INTRAOPEN and
HSALES data sets, but when we do ensemble, we change the weight function téVe only

plot the normal ensemble and the ensemble after we change the weight, The result shows that
the weight function does improve the ensemble result.
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Window Size

As we mentioned earlier, in weighted ensemble method, the weiglt the MAPD valuef
forecasting methodht time i. According to the definition, MARBependson the calculation
from the beginninglf we do not want it to be calculated from the beginning, we dafine a
new measurement, calledlean Absolute Percentage Deviation with Window (MAPDMigre
p is the window size

- o
0 on A Q
DOULOwW pnnTD

In this case the value is only related with the previous w data poiiis change will affect the
ensemble result. Here are some experiments.

Experiment 1 (mapdw_test.m)

In this experiment wegenerate a sin curve according with time. We assume there are two
forecastingmethods One is good at the beginning, but bad at the end. The other is the opposite.
By applying both MAPD and MAPDW to the methods and do ensembles, we can see MAPDW
has a quiker response for prediction method performance changing. Here the window size is 2.
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Figure36 MAPDW Window Size Test

Experiment 2
In experiment 2, we apply MAPDW to the real data sets. The candidate forecasting methods are
LevinsorDurbin methods with different parametsfrom 2 to 10.Then we test the MAPDW
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window size froni to 10, also compared with theormal MAPD measurementhe final
measurefor all these methods is MAPD

Nonseasonal Data (ensemble_window_levinsomgeason.m)
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Figure38 MAPDW Ensemble on LIMAPD ErroPlot (Nonseasonal)
Seasonal Data (ensemble_window_levinson_season.m)
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Here are some observations:

window size 2 has the best result.

the window size to get a better/worse result.

400

Usually ensemble witMAPDIeads to the best result, but not always. E.g.@@® data,

The performancesometimesare not monotonic. We cannot just increase or decrease

The best result comes from bir window = 2 or infinity. If this holds for every data set

we can just deal with these two situations.

Experiment 3

In experiment 3, we change the ensemble candidatedifferent forecasting methods (DMA,

DES, etg. Then do the experiment again. Heme ghe observations:
Still, ensemble is not "always" the best result.
Non-seasonal Data (ensemble_window_all_nonseason.m)

Data Plot
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Seasonal Data (ensemble_window_all_season.m)
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Ensemble of Ensembles

In previous experiments, we do ensemble on all forecasting methods at once. If there are
severalcandidateforecasting methodst will be difficult for the ensembleesultto reach the
best one.n this section, we want ttry different ensemble structures on existing forecasting
methods, to see if there will be any differend¥e propose two structurg tree and cascading.

Tree
For the tree structure, the forecasting methods agitted into small groups. We do ensemble
oneach group, and do ensemhbi@ the ensemble resultdigure45illustrates the tree

ensemble framework.
l Ensemble \

] 1 1

Ensemble Ensemble 2 Ensemble

Forecasting | Forecasting | Forecasting = Forecasting | Forecasting Forecasting
Method 1 Method 2 Method 3 Method 4 Method k1 Method k

Figure45Tree Structure Ensemble

We test how different group siz€(3, 4 methodsas a groupwill affect the resultsSame as we
did in ensemble normal, we appHolt-Winters(HW)(only for seasonal data sets), Neural
Network 10(ANN 10) Neural Network 3QANN 30) Neural Network 5QANN 50) ARRSES,
LevinsorDurbin(LD) Double ExponentigDES)Double Moving Averag®MA), and Linear
Networks (LNpn thesevendata setsWe compare the result between normal ensemble and
tree ensembleThe observation is that usuallygdoup treeensenbles can reach the best result,
which is better than normal ensemble.

Non-seasonal Data (layer_ensemble_nonseason_test.m)
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For INTRACOMOPEN and INTRACOMCLOSE, 3 rf@thadga group get the best result. For
IBMCLOSE, however, the normal ensemble is the best. In this case, ihnecassaryo change
the structure for ensembleAlso notice the performance is not monotonic with group numbers.

Seasonal Data (layer_ensemble_season_test.m)
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Figure49 Tree EnsembI®APD ErroiPlot (Seaspal)

For seasonal data, three as a group achieve the best result in all dat3lsistss because for
seasonal data, the forecasting result varies from method to method. Normal ensemble result is
highly influenced by the bad ones.

Cascading

Another way tomake use of the candidates isdo cascading of themethods;the logic is like
the following.We do ensemble of two methods. The at each step, we introduce one new
forecasting method to the result, ensemble the ensemble from last step with this method.

Forecasting
Method 1
.
Ensemble < | Forecasting
Ensemble Forecasting

Forecasting Method 3

Method 4

Figure50 Cascading Structure Ensemble
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The experiment setting is the same as tree ensenilihe. order of the cascading methods is:
ARRSE®ESDMA LD,HW (only for seasonal data\NN 10, ANIS0, and ANN50. The
observationis the following.

1 Cascading caalwaysachieve a better resuthan normal ensemble
1 More levels of cascading not always leads to a better result
1 Performance is not monotonic with cascading level

Nonseasonal Datécascade_ensembl@onseason_tesim)

Figure51 Cascading Ensemble Data Plot (Negasonal)
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