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IX EIC Workshop

= Workshop has more than 200 participants
= Many interesting themes
= Confirmed talks:

= Oct 19 - 4pm — Pesquisa e Extensao na EIC: De onde viemos? Quem somos? Para onde
iremos? — Carmen de Queiroz, Jorge Soares, Joel Santos, Eduardo Ogasawara

= Oct 20 - 2pm — Gabriela Ruberg — BCB

= Oct 20 — 6pm — High Performance Data Science — Marta Mattoso, Alvaro Coutinho,
Fabio Porto, Daniel Oliveira , Kary Ocana, Eduardo Ogasawara

Octoher 18-22, 2021

https://eic.cefet-rj.br/ .



Brazilian

ymposium on Databases (SBBD)

ONLINE

REALIZATION
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https://sbbd.org.br/2021/
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SBBD 2021 - BRAZILIAN SYMPOSIUM ON DATABASES

The Premier Brazilian Conference on Data Science and Big Data

The annual Brazilian Symposium on Databases (SBBD) is the official event on databases of the Brazilian Computer Society (SBC). The symposium includes a technical program with

research and industrial talks, tutorials, demos, and focused workshops. It also hosts invited talks by distinguished speakers from the international research community.

Due to COVID-19 and coronavirus pandemic, all activities of the 36th edition of the SBBD will happen online only, October 4-8, 2021 - organized by CEFET/R| (Rio de Janeiro, Brazil).
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Data Analytics Lab

Data Analytics

STMotif: Discovery of Motifs in Spatial-Time Series

Allow to identify motifs in spatial-time series. A motif is a previously unknown subseq
occurrences. For this purpose, the Combined Series Approach (CSA) is used.

X . Version 104
Sim-Evolution Depends RE210)
Imports stats, geplot2. reshape2. scales. grDevices, RColorBrewer, shiny
GPCA  Educagdo 5 . . L. Suggests: knitr, rmarkdown. testthat
o Equipe Trabalhos Artefatos Apresentagtes Tutoriais Noticias Published: 2019-08-2
Author Heraldo Borges [aut, cre] (CEFET/RI), Amin Bazaz [aut] (Polytec
~ . [aut] (University of Montpellier), Eduardo Ogasawara [aut] (CEFE
= & s ? Maintainer: Heraldo Borges <stmotif at eic.cefet-rj.br>

License: GPL-2 | GPL3
NeedsCompilation: no

Materials
CRAN checks

IEEEDataPOrt DATASETS COMPETITIONS SUBMIT A DATASET Q QIEEE Downloads:

Reference manual: STMonf pdf

T

Account

|EEE Xplore Digital L

Vignettes: Motifs discovery. in spatial-time series
Example with a sample dataset
G of candidates from a dataset
Search for Spatial-time Motifs
Package sovrce:  STMotif 104 targz
S TSPred: Functions for Benchmarking Time Series Prediction Windows binaries: r-devel: STMotif 1 0.4 zip, r-release:
Functions for time series preprocessing, decomposition, prediction and accuracy asses| OO X binaries:  r-release: STMouf 1.0.4.tez r-oldrel:

models and its vielded prediction errors can be used for benchmarking other time serid Old sources STMotif archive
of such methods. For this purpose, benchmark data from prediction competitions may be used

TMotif_10 4 zip. r-oldrel: !
TMonf 10415z

Hanafuda

Version: 40

GPCA Cart
e Depends: R(210)
L] Imports forecast, KEAS. stats, MuMIn EMD. wavelets, vars
Claudio Teixeira (& (CEFET-R)) Published: 2018-06-21
5 el comto Lucas Tavares (CEFET-R) Author: Rebecca Pontes Salles [aut, ere, cph] (CEFET/RY), Eduardo Ogasawara [ths] (CEFET/RT)
Jorge Soares (CEFET-R)) ;/laiz]zainel: i::?cca im;les Salles <rebeccap5;|_lsle; a;acm,o(g>
ugReports: s-//github com Reb ll red/issues
Ipeldes LR ) License GPL-2 | GPL-3 [expanded from: GPL (z 2)]
Glatico Amorim (CEFET-R) URL https//github comReb lles/ TSPrediwiki
Eduardo Ogasawara (CEFET-R)) NeedsCompilation: no
Claudio Teixeira Citation: TSPred citation info

CRAN checks: TSPred results

Winnel’ Downloads:
ch Reference manual: TSPred pdf
009 Package source:  ISPred 40 tar gz
Computer VS Player Windows binaries: r-devel: TSPred_4.0.zip, r-release: TSPred_4.0.zip, r-oldrel: TSPred_40zip
OS X binaries: r-release: TSPred 4 0toz r-oldrel: TSPred 4 0toz
0ld sources: TSPred archive
conine

https://eic.cefet-rj.br/~dal/
http://dgp.cnpg.br/dgp/espelhogrupo/9806930220192669
https://www.youtube.com/channel/UCmn4Kh8fgl7VSM8X9tegWmA



YouTube channel
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Eduardo Ogasawara

251 inscritos

INicIO VIDEOS PLAYLISTS CANAIS DISCUSSAO SOBRE )]

Envios que fazem sucesso  p REPRODUZIR TODOS

3

mmm. __sgum@. Edusrdo - 6:38 i

Tutorial do Hanafuda Mineragao de Dados - Introducdo ao R - parte 1 Metodologia Cientifica -
1,8 mil visualizagoes * ha 1 ano Intwducao 312 visualizagOes  ha 10 meses Ierducao
490 visualizagoes * ha 10 meses 204 visualizagbes * ha 10 meses

Playlists criadas

Casos de sucesso - impaj

Y3
R Mineragdo de Dados Metodologia Cientifica Apresentacoes
VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA

https://eic.cefet-rj.br/~eogasawara/

https://www.youtube.com/channel/UCAMThAXWEQYJfXz4EzzBhVg




Research Themes

Classification

Prediction Regression

Concept-drift

. . (Frequentpattern)
fime series

analysis ( Fattern f??fk}fjf;'_g’) ( Sequential pattern )
( Motif discovery )

[ Data preprocessing ]

[f vent a’e!efrfi::'ff]




Let's start



Time series

= A time series is a sequence of observations of a phenomenon of interest
collected over time

"y =< Y1, V2, «+» VYn :>,|)/| =n

chicken

60 70 80 90 100

2005 2010 2015

install. packages("astsa")
Tibrary(astsa)
plot(chicken)

[1 R.H. Shumway and D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. Springer.




Linear regression

" Ve = Po + Pixe + wy
= Capture linear trend
= X, can also be a time variable

summary(fit =- Im{chicken~time{chicken), na.action=NULL})

Estimate std. Error tT.value
(Intercept) -7131.02 162.41 -43.91
time{chicken) 3.59 .08 44 .43

3k 3 23k Gk

Residual standard error: 4.696 on 178 degrees of freedom

plot{chicken)
abline(fit)

100
|

chicken

yt = _7131 ar 3.59Xt

| | |
2005 2010 2015

[1 R.H. Shumway and D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. Springer.
] RJ. Larsen and M.L. Marx, 2017, An Introduction to Mathematical Statistics and Its Applications. Pearson Education.
1 D.N. Gujarati and D.C. Porter, 2008, Basic Econometrics. McGraw-Hill Publishing.

60 70 B0 90

2
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Polynomial regression

" Ve = Po + Pixe + Boxe® + o+ Buxe + w0y
= Capture other degree components

x =- time{chicken)

Residual standard error: 3.933 on 177 degrees of freedom
plot(chicken)
Tines(fit2ifitted. values)

K2 <- XAZ

summary(fit2 <- Im{chicken~x+x2, na.action=NULL))
= Estimate 5td. Error t.value

= (Intercept) -611100 70560 8. 661

= X -611.9 F0.25 -8.711

= XZ 0.1532 0.02 B.762

100
I

chicken

60 Y0 80 90

2005 2010 2015

[1 R.H. Shumway and D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. Springer.
] RJ. Larsen and M.L. Marx, 2017, An Introduction to Mathematical Statistics and Its Applications. Pearson Education.
1 D.N. Gujarati and D.C. Porter, 2008, Basic Econometrics. McGraw-Hill Publishing.
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Increasing the complexity

= Theory is important to support other degrees

= anova(fit, fit2)
analysis of variance Table

Model 1: chicken ~ x
Model 2: chicken ~ x + x2
Res.DF rRss DF sum of =g F Fr{=F)
1 178 3925.9
2 177 2738.2 1 1187.7 76.773 1.527e-15 ==

signif. codes: 0O "#*#%' 0.001 ***=' 0.01 **" 0.05 “.” 0.1 * "1

chicken
|
chicken

60 70 80 90 100
60 70 80 90 100

2005 2010 2015 2005 2010 2015

A detailed video explaining how to choose models is coming soon

[11 R.H. Shumway and D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. Springer.




Muiltiple regression problem

" V¢ = Po t+ P1Xe1r + Paxez + o Brxen + @y
" X¢1,Xeo,... X are independent variables
= They were commonly theoretically established

" w; IS an intrinsic error, noise variable

[11 R.H. Shumway and D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. Springer.

[2] RJ. Larsen and M.L. Marx, 2017, An Introduction to Mathematical Statistics and Its Applications. Pearson Education.



Cardiovascular mortality in Los Angeles

Cardiovascular Mortality (C) Temperature (te) Particulates (pa)
L]
— — o
— = | A
O & -
T [ | % .
S =
o L=
=N T T T T oo T T T T T | | | i | |
1970 1972 1974 1976 1978 1980 1970 1972 1974 1976 1978 1980 1970 1972 1974 1976 1978 1980
cmort 0::
. plot({cmort, main="Cardiovascular Mortality”, xlab="", ylab="")

plot(tempr, main="Temperature"”, xlab="", ylab="")

.| plot{part, main="Particulates"”, xlab="", ylab="")
pairs(data.frame(cmort,tempr,part))

tempr

50 B0 7O BO 90 100

T
100

T
80

[1] R.H. Shumway, A.S. Azari, and Y. Pawitan, 1988, Modeling mortality fluctuations in Los Angeles as functions of pollution and weather effects, Environmental Research, v.

45, n. 2 (Apr), p. 224-241.




Model building

" MOde| 1: Ct — ﬁo + Blt + (l)t
= Model 2: ¢; = By + Bit + By (te,—te) + Bs(te,—te)* + fupas + w;

temp = tempr-mean({tempr) # center temperature
temp2 = temph2

trend = time(cmort) # time = num = length({cmort) # sample size

> ATC(fit)/num - Tog(2*pi) # AIC
[1] 5.37B46

> BIC(Fit)/mum - Tog(2%pi) # BIC
[1] 5.403443

> (AICC = Tog(sum(resid(fit)A2)/num)
+ + (num+5)/(num-5-23) # AICC

[1] 5.390601

e

= num = length(cmort) # sample size
= ATC(Fit2)/num - log(2¥*pi) # AIC
[1] 4.721732

> BIC(Fit2)/mum - Tog(2%pi) # BIC

fit = Im{cmort~ trend, na.action=NULL)
summary(fit)
summary(aov(fit))

fit2 = Tm(cmort~ trend + temp + temp? + part, na.action=NULL)
summary (fit2)
summary (aov(fit2))

anoval(fit, fit2)

= anova(fit, fit2) [1] 4.771699
Analysis of variance Table > (AICCc = Tog(sum(resid(fit2}+2)/num)
+  + (num+3)/(num-3-2}) # AICC
Model 1: cmort ~ trend [1] 4.722062
Model 2: cmort ~ trend + temp + temp2 + part
Res, Df r55 Df sum of sg F Pri=F)
1 506 40020
2 503 20508 3 19511 159.52 « 2.2e-1f ##*

A detailed video explaining how to choose models is coming soon

[11 R.H. Shumway, A.S. Azari, and Y. Pawitan, 1988, Modeling mortality fluctuations in Los Angeles as functions of pollution and weather effects, Environmental Research, v.
45, n. 2 (Apr.), p. 224-241.




Regression with lagged values

= |ndependent variables can be lagged versions of y;

" Ve = PBo + B1YVe-1+ BoYe—2 + o+ BpYin + 0
= @, IS an intrinsic error, noise variable

= Open room for data-driven models

[11 A. Ronald, R. Salles, K. Belloze, D. Pastore, and E. Ogasawara, 2019, Modelo Autorregressivo de Integracdo Adaptativa, In: Anais do Simpdsio Brasileiro de Banco de Dados (SBBD), p. 175-180

[2] R.S. Tsay, 2010, Analysis of Financial Time Series. Wiley.



Autoregressive Integrated Moving Average

= ARIMA(p, d, 9)
= AR(p)
"V = P1YVe1 T QY2+ o+ DpYip T Wy
= MA ()
"y =W+ 0109 + O + 0+ Ohwpg
= Differentiation (d)

A detailed video explaining AR and MA is coming soon

[11 G.E.P. Box, G.M. Jenkins, G.C. Reinsel, and G.M. Ljung, 2015, Time Series Analysis: Forecasting and Control. John Wiley & Sons.




Subsequences and sliding windows

= Subsequence is a continuous sample of a time series
sedp,i(¥) = < Vi, Vit o) Viap-1 >
" |seqp: ()| =p
"1 <i<Zl|y|l-p
= Sliding window explores all subsequences of a time series
= sw,(y) = A
"Va; € A,a; = seq,;(y)

10 -

1 2153484

2 2312962

3 2439329

4 2394481

data
2.0
|

5 2714408

2818273

1.0

2.897507
2,956056 0 20 40 60 80 100
2.990438

10 29937385

24,

.5, p. M21-1140.

t4

215844

2312962

2458329

2.394451

2.714408

28168273

t3

2312962

2458329

2,394451

2.714408

28168273

2897307

t2

2458325

2.394451

2.714408

2818273

2897307

2.956056

t1

2.394451
2.714408
2516273
2597507
2.956056

2990438

[1] H. Borges, M. Dutra, A. Bazaz, R. Coutinho, F. Perosi, F. Porto, F. Masseglia, E. Pacitti, and E. Ogasawara, 2020, Spatial-time motifs discovery, Intelligent Data Analysis, v.
N

to

2. 714408

2518273

2.597507

2.936036

2990438

2.999765

Sliding window of size 5




Prediction using sliding windows (lagged terms)

Mining process
input output
“ 14 3 t2 t t0
1 2158484 2312962 2459529 2394451 2714406 )
2 2312962 2459529 2594481 2714406 2516273 | 1:Data preprocessing and sampling K—

3 2438329 2394451 2714406 2816273 2897307

4 2594451 2714406 2516273 28597307 29360356 ) ..
2. Model training

5 2714406 2516273 28875307 29360536 2990433 . ¢ g

b 2816273 2897307 2936036 2990438 2993735

2. Model prediction

\:

4. Data postprocessing

v

% > g g 5 Prediction / model evaluation
Ll a @) g . ’
£ L Mo
G_) f -
c (@)}
= <) Adequate?
§ % Yes
=
)
>

A detailed video explaining mining process is coming soon

[1] R. Salles, L. Assis, G. Guedes, E. Bezerra, F. Porto, and E. Ogasawara, 2017, A framework for benchmarking machine learning methods using linear models for univariate

time series prediction, In: Proceedings of the International Joint Conference on Neural Networks, p. 2338-2345




Nonstationarity

21



Time series

» Statistical properties may vary over time

* x(s) = x(r)

index -69.5
0 2017-10-27 19:43:04 -70.87262710547351
3 1 2017-10-27 19:43:04 -71.00788295730518 70
2 2017-10-27 19:43:04 -71.01297392873352 05
0.5 — raw | 3 2017-10-27 19:43:04 -71.4148637783796 e
! 4 2017-10-27 19:43:04 -71.60890969520968 -7
I Srnmth _;‘:.-' 5 2017-10-27 19:43:04 -71.32610485802545 s
6 2017-10-27 19:43:04 -71.1935680343768 :
G 7 2017-10-27 19:43:04 -70.76579342173753 72
8 2017-10-27 19:43:04 -70.59743524950701
9 2017-10-27 19:43:04 -70.99300214112863 -725
w -0.5
Y ]
-1 L i
0.2
15 015
& ]
Sy
£ o
I 1 I I | I I
50ms 100ms 150ms 200ms 250ms 300ms 350ms
index 0.05 4

Image source: http://holoviews.org/user_guide/Streaming_Data.html

[11 G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitjean, 2016, Characterizing concept drift, Data Mining and Knowledge Discovery, v. 30, n. 4, p. 964-994.




Stationarity

= Stationarity
= [ime series y
= Samples y; from y
= Statistical properties in y; do not vary over time
" Mean u(¥s) = pu(@e)
= Variance:o?(95) = o2(9,)
= Covariance: cov(Yg, Vorq) = cov(Pe, Vera)
= Non-stationarity
= \When stationary does not hold

[11 R.H. Shumway e D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. 4 ed. New York, NY, Springer.




Stationarity and non-stationary time series

R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An experimental review”, Knowledge-Based Systems, nov.

2018. 24




Drawbacks of non-stationarity

= Most data analytics methods implicitly assume stationarity

—@- PIB
600000 -
500000 - At
Jr ¥
| A" ’I.J"
] M
400000 AN
] AW
J r,.rf"..f
300000 - A
| A
. d “"r
N . I.—"'-'r a
200000 - A
AN Y sl
100000 7 global min-max normalization
I:| T T T T mTmmT
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[ S s Y e D D s D s N e R s e s S D N R R e R R o R s R s R e N
L B B o I e O e e s " o ¥ B B ¥ I e Y ¥ N o N ¥ N ¥ N e I e Y ¥ Y I Y Y Y ! e I o B Y B |
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[1] E. Ogasawara, L.C. Martinez, D. De Oliveira, G. Zimbrao, G.L. Pappa, e M. Mattoso, 2010, Adaptive Normalization: A novel data normalization approach for non-

stationary time series, In: Proceedings of the International Joint Conference on Neural Networks




Possible solutions

= Assumption of stationarity
= Adaptability

= Drift detection

= Memory management

= Transformation methods

[1J. Gama, |. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4
1 G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational Intelligence Magazine, v. 10, n. 4, p. 12-25.
] R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An experimental review”, Knowledge-Based Systems, nov. 2018.

2
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Assumption of stationarity

Monthly temperature in degrees Celsius relative to a base period

Period of pseudo-stationarity assumption W
/””/\ A h AN

Pl SN NN

[1] World Global Temperature, https://datahub.io/core/global-temp




Adaptability

= Some machine learning methods (e.g., neural networks) are known for
adaptability
= Ability to update model due to changes in the environment
= |ncremental training
= Adaptive systems aim to address non-stationarity
= Seeking robustness, adaptability is adopted
= Greater adaptability, more susceptible to spurious situations, less robust
= Dilemma: finding the right time to adapt

Plasticity-stability dilemma

=
]
1
L
l::':;
b
|
»
:

tims sudden/abrup! incremenial graduzl rencouning concepts outlier (nof concspt drift)

[1] S.O. Haykin, 2008, Neural Networks and Learning Machines. 3 ed. New York, Prentice Hall.

[2] Grossberg, S., 1988. Neural Networks and Natural Intelligence, Cambridge, MA: MIT Press.

[3] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational Intelligence Magazine, v. 10, n. 4, p. 12-25.



Drift detection

NaiveBayes

= Drift detection

= Passive

0.550

N 0.525
= Learning
0 50,000 100,000 150,000 200,000 250,000 300,000
= |ncremental Instances

= Active

error-rate

[ 0 — 25 L5 75 1.0

= Non-incremental

= Models

0.250
0.225

= Single Efg:
= Ensemble (Boosting)

OzaBoost

0.150
0.125
0.100
0.075
0.050
0.025 |

0.000 =
0 50000 100,000 150,000 200,000 250,000 300,000

error-rate

ninstances

— 0 — 126 — 5 LTS 10

[1J. Gama, I. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4
[2] AM. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcia-Borroto, e M.J. del Jesus, 2018, An overview of emerging pattern mining in supervised descriptive rule discovery: taxonomy, empirical study, trends, and prospects,

Wiley Interdi ary ews: Data Mining and Knowledge D Yy, v.8,n.1

[3] G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitiean, 2016, Characterizing concept drift, Data Mining and Knowledge Discovery, v. 30, n. 4, p. 964-994.




Lucas critique

= “Given that the structure of an econometric model consists of optimal
decision rules of economic agents, and that optimal decision rules vary
systematically with changes in the structure of series relevant to the
decision maker, it follows that any change in policy will systematically alter
the structure of econometric models’

Goes toward memory management

[1] D. Gujarati, 2002, Basic Econometrics. 4 ed. Boston; Montreal, McGraw-Hill/Irwin.




Memory management

= Process
= |t s tested in the last batch (forecast)
= The last batch is incorporated in the training

= Memory
= complete
= Without memory
= sliding windows

Batch ordka | Bateh 1 | | Bateh 2 | | Baen 3 | | Baveh 4 | | Baten 5 | | Baten s Fatch orcer | Bateh 1 | | Batch 2 | | Bareh 3 | | Batch 4 | | Batch £ | | Bateh &
—— —
Tirme oo el ) Time m————— - . _
¢ | Ratent |1 Buren 2 ! Train rakich ¢ | Baten1 || Batch2 ! Frainkssh
-l L LT ] - -
omm——— ] 1 I Ti=st bunich - 1 I Tusl bawh
t+1 Reafeh 1 Rateh 2 | 1 Bafeh 3 : bt - t+1 Hateh | Ratch T | 1 Bateh 3 | I -
- - - - —
-----ql r ————— -
12 Batch 1 Balch 2 Batch 3 Llluteh 4 T2 Rateh 1 Baich 2 Buteh 3 LButth 4 :
— m———
t+3 | Batchl | f Batch2 || Bawch3 || Batch 4 | | Batch 5 | £ 43 Batch 2 | | Bateh 3 | | Datch 4 | i Dateh 5 |
Byl 4 § e LS 1
Batch 1 | | Bateh 2 | | Bateh 3 s | ¥ Bateh 6 i -
e | T ik 2R || | i | | Bl | 3 BaEighiG g t+4 Batch 3 || Batch 4 | | Batchs | 1 Bateh i |
— s ol
Complete Window size: 3

[1J. Gama, |. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4

[2] AM. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcfa-Borroto, e M.J. del Jesus, 2018, An overview of emerging pattern mining in supervised descriptive rule discovery: taxonomy, empirical
study, trends, and prospects, Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, v. 8, n. 1




Transformation methods

Parametric ‘ Nonparametric
|
[ |
Trend Estimation | No Trend Estimation
v ¥
;_’:3‘ Loganthmic transform
Mathematical | | £ Box-Cox transform
Transformation £, Percentage Changes Transform
Al Moving Average Smoother
— Map Detrending 3 % Defrending

A% Simple Differencing
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A detailed video explaining transformations is coming soon

R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, "Nonstationary time series transformation methods: An experimental review”, Knowledge-Based Systems, nov.
2018. 32




Detrending and differentiation

= Detrending
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A detailed video explaining detrending and differentiation is coming soon

R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An experimental review”, Knowledge-Based Systems, nov.
2018.




Normalization issues using sliding windows
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Monthly average exchange rate of U.S. Dollar to Brazilian Real
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Adaptive Normalization

= Transformation
= Using sliding windows
= Compute moving average (inertia)
= Remove inertia
= Qutlier removal
= Sliding window min-max
= |nverse transform
= Prediction
= Denormalization
= Add inertia

A detailed video explaining AN is coming soon

[1] E. Ogasawara, L.C. Martinez, D. De Oliveira, G. Zimbrao, G.L. Pappa, and M. Mattoso, 2010, Adaptive Normalization: A novel data normalization approach for non-

stationary time series, In: Proceedings of the International Joint Conference on Neural Networks



Intuition
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A detailed video explaining AN is coming soon

[1] E. Ogasawara, L.C. Martinez, D. De Oliveira, G. Zimbrao, G.L. Pappa, and M. Mattoso, 2010, Adaptive Normalization: A novel data normalization approach for non-

stationary time series, In: Proceedings of the International Joint Conference on Neural Networks




Different preprocessing and prediction methods
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[1] E. Ogasawara, L.C. Martinez, D. De Oliveira, G. Zimbrao, G.L. Pappa, and M. Mattoso, 2010, Adaptive Normalization: A novel data normalization approach for non-

stationary time series, In: Proceedings of the International Joint Conference on Neural Networks






Next videos

= [inear model fitting = Sliding windows and

= Linear model selection normalization

= Trends and Differentiation = Adaptive normalization

= Seasonal Adjustment = Machine learning models

= Spectral Analysis " Data sampling

= Smoothing and Filtering = Mining process

= AUtocorrelation = Performance evaluation

= ARIMA = evaluation on a rolling forecasting

origin (time series cross validation)

= GARCH
= State Space Models

https://www.youtube.com/channel/UCAMThAXWEQYJfXz4EzzBhVg

[11 RJ. Hyndman and G. Athanasopoulos, 2018, Forecasting. principles and practice. OTexts.
[2] R.H. Shumway and D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. Springer.
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