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Motivation

Analyzing time-oriented
data and forecasting
future values of a time
series are among
the most important
problems that analysts
face in many fields
(Montgomery)

Previsao | Pedro Paulo Balestrassi | pedro.unifei.edu.br



Course
*This course is intended for practitioners who make

real-world forecasts. Our focus is on short- to
medium-term forecasting where statistical methods
are useful;

*First-year graduate level;

*Background in basic statistics;

*Not emphasized proofs;

*Forecasting requires that the analyst interact with
computer software.
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Three Basic Approaches

There are three basic approaches to
generating forecasts: regression-based
methods, heuristic smoothing methods,

and general time series models.

Regression:
1) Y=f(x),

Time Series:
2) Deterministic+Random(iid) (Smoothing)
3) Deterministic+tRandom(not iid) (ARIMA)
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1 - Introduction to Forecast

It is difficult to make predictions, especially about the future.
NEILS BOHR, Danish physicist
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George Box

“All models are wrong, but
some are useful”

George Box

Professor Emeritus

University of Wisconsin
Department of Industrial Engineering
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Nature and Uses of Forecasts

A forecast is a prediction of some future event or events. As suggested by Neils Bohr,
making good predictions is not always easy. Famously “bad” forecasts include the
following from the book Bad Predictions:

® “The population is constant in size and will remain so right up to the end of
mankind.” L’Encyclopedie, 1756.

e 1930 will be a splendid employment year.”” U.S. Department of Labor, New
Year’s Forecast in 1929, just before the market crash on October 29.

¢ “Computers are multiplying at a rapid rate. By the turn of the century there will
be 220,000 in the U.S.” Wull Street Journal, 1966.

Nate Silver: World Cup (Brazil will defeat Germany)
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Scientists from the RAND Corporation bave created this model to illustrate bow a “bome computer® could look like in the
year 2004. However the needed techaology will not be economically feasible for the average bome. Also the scientists readily
admit that the computer will require not yet invented technology to actually work, but 50 years from now scientific progress is
expected to solve these problems. With teletspe interface and the Fortran language, the computer will be easy to use.
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Forecasting problems occur in many fields:

Business and industry
Economics

Finance

Environmental sciences
Social sciences

Political sciences
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Forecasting Problems

 Short-term

— Predicting only a few periods ahead (hours, days,
weeks)

— Typically bad on modeling and extrapolating
patterns in the data

e Medium-term

— One to two years into the future, typically

* Long-term
— Several years into the future
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Short/Medium/Long Term

Long-term forecasts impact issues
such as strategic planning. Short- and
medium-term forecasting is typically

based on identifying, modeling, and
extrapolating the patterns found in
historical data.
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Statistical Methods

Statistical methods are very useful
for short- and medium-term
forecasting.

This course is about the use of these
statistical methods.
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Time Series

Most forecasting problems involve a time series:

Rate, 2o

Apr-53 S8 MNov-63 Mar-59 Jul-74 MNov-79 Mar-85 Jul-90 MNow-95 Mar-01 Dec-06
Wonth

FIGURE 1.1 Time series plot of the market yield on U.S. Treasury Securities at 1 0-year constant maturity.
(Source: U.S. Treasury.)
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Time Series Plot 1

You are a sales manager
and you want to view your

company's quarterly sales
for 2001 to 2003.

Create a time series plot.

NEWMARKET.MTW.
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Sales

Time Series Plot 1

Time Series Plot of Sales

360
340
320
300
280
260
240
220
200

Quarter dl dz d3 d4 dl dz dB d4 dl dz
Year 2000 2001 2002

Overall sales
increased over the
three years. Sales
may be cyclical,
with lower sales in
the first quarter of
each year.
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Time Series Plot 2

The ABC company used two
advertising agencies in 2000-
2001. The Alpha Advertising
Agency in 2000 and the Omega
Advertising Agency in 2001. You
want to compare the sales data
for the past two years. Create a
time series plot with groups.

ABCSALES.MTW
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Time Series Plot 2

Time Series Plot of Sales
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Sales increased both years. Sales for the Alpha ad agency increased
161, from 210 to 371. Subsequently, sales for the Omega ad agency
rose somewhat less dramatically from 368 to 450, an increase of

82. However, the effects of other factors, such as amount of
advertising dollars spent and the economic conditions, are unknown.
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Time Series Plot 3

You own stocks in two
companies (ABC and XYZ) and
you want to compare their
monthly performance for two
years (from Jan 2001). Create an
overlaid time series plot of share
prices for ABC and XYZ.

SHAREPRICE.MTW
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Time Series Plot 3

Time Series Plot of ABC; XYZ
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The solid line for ABC share price shows a slow increase over the two-
year period. The dashed line for XYZ share price also shows an overall
increase for the two years, but it fluctuates more than that of ABC. The
XYZ share price starts lower than ABC (30 vs. 36.25 for ABC). By the end
of 2002, the XYZ price surpasses the ABC price by 14.75 (44.50 to 60.25).
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Time Series Plot 4

Your company uses two different
processes to manufacture plastic pallets.
Energy is a major cost, and you want to
try a new source of energy. You use
energy source A (your old source) for the
first half of the month, and energy source
B (your new source) for the second hallf.
Create a time series plot to illustrate the
energy costs of two processes from the

two sources.
ENERGYCOST.MTW
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Time Series Plot 4

Energy
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Energy costs for Process 1 are generally greater than those for Process 2.
In addition, costs for both processes were less using source B.

Therefore, using Process 2 and energy source B appears to be more cost
effective than using Process 1 and energy source A.
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Time Series Data

Many business applications of forecasting utilize
daily, weekly, monthly, quarterly, or annual data,
but any reporting interval may be used.

The data may be instantaneous, such as the
viscosity of a chemical product at the point in time
where it is measured; it may be cumulative, such as
the total sales of a product during the month; or it
may be a statistic that in some way reflects the
activity of the variable during the time period, such
as the daily closing price of a specific stock on the
New York Stock Exchange.
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Time Series Application

The reason that forecasting is so important is that
prediction of future events is a critical input into many
types of planning and decision making processes, with
application to areas such as the following:

. Operations Management. Business organizations
routinely use forecasts of product sales or demand for
services in order to schedule production, control
inventories, manage the supply chain, determine staffing
requirements, and plan capacity. Forecasts may also be
used to determine the mix of products or services to be
offered and the locations at which products are to be
produced.
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2. Marketing. Forecasting is important in many marketing decisions. Forecasts of

W

Time Series Application

sales response to advertising expenditures, new promotions, or changes in pric-
ing polices enable businesses to evaluate their effectiveness, determine whether
goals are being met, and make adjustments.

Finance and Risk Management. Investors in financial assets are interested in
forecasting the returns from their investments. These assets include but are not
limited to stocks, bonds, and commodities; other investment decisions can be
made relative to forecasts of interest rates, options, and currency exchange rates.
Financial risk management requires forecasts of the volatility of asset returns
so that the risks associated with investment portfolios can be evaluated and
insured, and so that financial derivatives can be properly priced.

Economics. Governments, financial institutions, and policy organizations re-
quire forecasts of major economic variables, such as gross domestic product,
population growth, unemployment, interest rates, inflation, job growth, pro-
duction, and consumption. These forecasts are an integral part of the guidance
behind monetary and fiscal policy and budgeting plans and decisions made by
governments. They are also instrumental in the strategic planning decisions
made by business organizations and financial institutions.
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5.

Time Series Application

Industrial Process Control. Forecasts of the future values of critical quality
characteristics of a production process can help determine when important con-
trollable variables in the process should be changed, or if the process should
be shut down and overhauled. Feedback and feedforward control schemes are
widely used in monitoring and adjustment of industrial processes, and predic-
tions of the process output are an integral part of these schemes.

Demography. Forecasts of population by country and regions are made rou-
tinely, often stratified by variables such as gender, age, and race. Demographers
also forecast births, deaths, and migration patterns of populations. Govern-
ments use these forecasts for planning policy and social service actions, such as
spending on health care, retirement programs, and antipoverty programs. Many
businesses use forecasts of populations by age groups to make strategic plans
regarding developing new product lines or the types of services that will be
offered.
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Two broad types of methods

* Quantitative forecasting methods
— Makes formal use of historical data
— A mathematical/statistical model
— Past patterns are modeled and projected into the future

* Qualitative forecasting methods
— Subjective
— Little available data (new product introduction)
— Expert opinion often used
— The Delphi method
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Qualitative Forecasting Methods

Qualitative forecasting techniques are often subjective
in nature and require judgment on the part of
experts. Qualitative forecasts are often used in
situations where there is little or no historical data on
which to base the forecast. An example would

be the introduction of a new product, for which
there is no relevant history.
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Delphi Method

Perhaps the most formal and widely
known qualitative forecasting
technique is the Delphi Method. This
technigue was developed by the
RAND Corporation (see
Dalkey [ 1967]). It employs a panel of
experts who are assumed to be
knowledgeable
about the problem.

Hint:
Delphi +RR
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Quantitative Forecasting Methods

* Regression methods
— Sometimes called causal methods
— Chapter 3
 Smoothing methods
— Often justified empirically
— Chapter 4
* Formal time series analysis methods

— Chapters 5and 6
— Some other related methods are discussed in Chapter 7
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Regression models

Regression models make use of relationships between the
variable of interest and one or more related predictor
variables. Sometimes regression models are called causal
forecasting models, because the predictor variables are
assumed to describe the forces that cause or drive the
observed values of the variable of interest. An example
would be using data on house purchases as a predictor
variable to forecast furniture sales. The method of least
squares is the formal basis of most regression models.
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Smoothing / Time Series models

Smoothing models typically employ a simple function of
previous observations to provide a forecast of the variable of
interest. These methods may have a formal statistical basis
but they are often used and justified heuristically on the
basis that they are easy to use and produce satisfactory
results.

General time series models employ the statistical properties
of the historical data to specify a formal model and then
estimate the unknown parameters of this model (usually) by
least squares.
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Kahneman & Tversky

“The idea that the future is
unpredictable is undermined every day
by the ease with which the past is
explained.”

“The illusion that we understand the past
fosters overconfidence in our ability to predict
the future.”

3

“We focus on our goal, anchor on our plan,

Daniel Kahneman and neglect relevant base rates, exposing

Nobel Prize Winner in ECOfioffics ourselves to the planning fallacy. We focus on

what we want to do and can do, neglecting the
plans and skills of others. Both in explaining
the past and in predicting the future, we focus
on the causal role of skill and neglect the role
of luck. We are therefore prone to an illusion
of control. We focus on what we know and
neglect what we do not know, which makes us
overly confident in our beliefs.”
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Variavel resposta (Y)

Quantitativa
Quantitativa
Qualitativa binaria
Qualitativa nominal
Qualitativa ordinal
Quantitativa

Quantitativa
Varias quantitativas
Quantitativa

Quantitativa

Quantitativa/multipla

Qualitativa

Methods | - General

N2 de variaveis explicativas

Nenhuma
1 ou mais
1 ou mais
1 ou mais
1 ou mais
Apenas passado de (Y)

(Y) + variaveis (X)
Varias séries (Y)
Muitos lags/features
Sequéncias

Muitas séries e covariaveis

Histdrico temporal

Estrutura dos dados

Independente
Independente
Independente
Independente
Independente
Temporal

Temporal

Temporal
Temporal

Temporal

Temporal

Temporal

Problema

Estimacgao

Regressao

Classificacdo binaria
Classificacdo multiclasse
Classifica¢do ordinal
Previsdo univariada

Previsdo com exogenas
Previsao multivariada
ML para forecasting

Deep forecasting

Forecasting avangado

Previsao categérica

Métodos tipicos
Média, distribuicdo, inferéncia

Regressao linear, polinomial, RSM,
SVR, RF, XGBoost, MLP

Logistica, LDA, SVM, RF, XGBoost,
ANN

Logistica multinomial, arvores, RF,
SVM, ANN

Logistica ordinal, arvores, ML
ordinal

Naive, ETS, Holt-Winters, ARIMA,
Theta

ARIMAX, SARIMAX, regressao
dinamica, ML

VAR, VECM, VARMAX, state-space
RF, SVR, XGBoost, LightGBM, MLP

RNN, LSTM, GRU, TCN, N-BEATS

TFT, PatchTST, N-HiTS, DeepAR,
foundation models

Markov, HMM, logistica dinamica,
RNN/Transformers
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Methods Il — Time Series

Box-Jenkins

Multivariados

Nivel Familia Método Ideia principal
1 Baseline Mean Prevé pela média histodrica
Naive Préximo valor = Ultimo observado
Seasonal Naive Repete o valor da mesma estagdo anterior
Drift Extrapola a tendéncia entre primeiro e ultimo ponto
Suavizagao Média mével Suaviza flutuagdes locais
SES Suavizagdo exponencial simples
Holt Nivel + tendéncia
Holt amortecido Tendéncia que diminui com o horizonte
Holt-Winters Nivel + tendéncia + sazonalidade
Modelos estatisticos Regressao temporal Tendéncia, sazonalidade e outras variaveis

Decomposicao cldssica
STL + modelo

ETS

Theta

AR

MA

ARMA

ARIMA

SARIMA

ARIMAX / SARIMAX
State Space
Structural Time Series
Dynamic Regression
Kalman Filter
TBATS/BATS

VAR
VARMA/VARMAX
VECM

Tendéncia + sazonalidade + residuo
Decomposicao sazonal robusta

Familia estado-espaco de suavizagdo exponencial
Combina diferentes “curvaturas” da série
Valores passados explicam o presente
Erros anteriores explicam o presente
Combina AR e MA

ARMA + diferenciacdo

ARIMA com sazonalidade

Inclui varidveis externas

Componentes latentes evoluem no tempo

Tendéncia/sazonalidade modeladas probabilisticamente

Regressdo + erros temporais

Atualizacdo recursiva do estado
Sazonalidades complexas/multiplas

Varias séries influenciando umas as outras
Extensdo multivariada ARMA

Séries cointegradas
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Nivel Familia Método Ideia principal

7 ML tradicional k-NN Busca padrdes histéricos semelhantes
SVR Regressao por maquinas de vetores de suporte
Random Forest Ensemble de arvores
Extra Trees Arvores altamente randomizadas
Gradient Boosting Sequéncia de arvores corrigindo erros
XGBoost Boosting altamente eficiente
LightGBM Boosting rapido para grandes conjuntos
Gaussian Process Previsdo probabilistica ndo paramétrica

8 Redes neurais MLP Rede feed-forward usando lags como entradas
RNN Rede recorrente
LSTM RNN com memdria de longo prazo
GRU Alternativa mais simples a LSTM
CNN temporal Convolugdes para detectar padrdes locais
TCN Redes convolucionais temporais

9 Deep Forecasting DeepAR Modelo autoregressivo probabilistico profundo
N-BEATS Rede especifica para previsdo
N-HiTS Evolugdo do N-BEATS para multiplas escalas
TFT Temporal Fusion Transformer
Informer Transformer eficiente para séries longas
Autoformer Transformer com decomposi¢dao temporal
PatchTST Transformer usando segmentos da série
TimesNet Modelagem de padrdes temporais multiescala

10 Ensembles Forecast Combination Média/ponderacdo de varios modelos
Stacking Meta-modelo aprende como combinar previsdes
Hybrid models Ex.: ARIMA + ANN

11  AutoML Auto-ARIMA Selecdo automatica do ARIMA
Auto-ETS Selegdo automatica de ETS

Methods lll — Time Series

Seleciona modelo e hiperparametros
Um grande modelo aprende padrdes em muitas séries e pode prever novas séries com
pouco ou nenhum treinamento

AutoML Forecasting

12  Foundation Models Transformers pré-treinados para séries
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Methods IV — Time Series (Variance)

I— Previsdo da VARIANCIA / VOLATILIDADE

— ARCH
|— GARCH

I

|— Univariada
I

I

| | EGARCH

|  }— GIR-GARCH
| L— FIGARCH

I

L — Multivariada
|— ccc-GARCH
— DCC-GARCH
L BEKK-GARCH

P ————————————

Previsao conjunta MEDIA + VARIANCIA
— ARIMA-GARCH

— ARMA-EGARCH

— VAR-GARCH

L — VAR-DCC-GARCH
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Terminology

Point forecast or point estimate
-orecast error
Prediction interval (Pl)

~orecast horizon or lead time
Forecasting interval
Rolling or Moving horizon forecasts
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Terminology

Point Forecast (or Point Estimate): The predicted (or Fitted) value
Forecast Error = Real — Predicted
Prediction Interval =[Upper Control Limit- Lower Control Limit]

Forecast Horizon = Lead Time. Ex.: Prever o que acontecera daqui a
um ano (Lead time=1 ano ou Lead time=12 meses)

Forecast Interval =De quando em quando a Previsao é feita. Ex.:
Cada Més

Rolling or moving forecasting: Moving Window
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Uncorrelated data, constant process model

10800 - ? .

® > ®
10600 - #
®

10400 -

10200 - ' ®

Units, in Thousands

10000 +

9800 - ®

Corresponde a um

Processo sob

sequence with
no obvious
patterns

(& controle. Random

FIGURE 1.2 Pharmaceutical product sales.
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Viscosity, cP

Autocorrelated data
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FIGURE 1.3 Chemical process viscosity readings.

Due to the continuous
nature of chemical
manufacturing processes,
output properties often
are positively
autocorrelated; that is, a
value above the long-run
average tends to be
followed by other values
above the average, while
a value below the
average tends to be
followed by other values
below the average.

BookB3....mtw
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Trend

40000 - The linear trend

has a constant
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FIGURE 1.4 The U.S. annual production of blue and gorgonzola cheeses. (Source: USDA-NASS.)

BookB4....mtw
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Cyclic or seasonal data 1o ot

reveals overall
increasing
trend, with a
, distinct cyclic

| pattern that is
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FIGURE 1.5 The U.S. beverage manufacturer monthly product shipments, unadjusted. (Source: U.S. |
Census Bureau.) 5a0 tratados
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Nonstationary data
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o annual mean
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FIGURE 1.6 Global mean surface air temperature annual anomaly. (Source: NASA-GISS.)
BookB6....mtw
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Nonstationary data

oY) S e
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FIGURE 1.7 Whole Foods Market stock price, daily closing adjusted for splits.

Business data such as stock prices and interest rates often exhibit nonstationary
behavior; that is, the time series has no natural mean.

While the price is constantin some short time periods, thereis no consistent mean
level over time. In other time periods, the price changes at different rates, including
occasional abrupt shifts in level.
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A mixture of patterns

7.0
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FIGURE 1.8 Monthly unemployment rate—full-time labor force, unadjusted. (Source: U.S. Department
of Labor-BLS.)

The plot exhibits a mixture of patterns. There is a distinct cyclic pattern within a year;
January, February, and March generally have the highest unemployment rates. The
overall level is also changing, from a gradual decrease, to a steep increase, followed
by a gradual decrease.
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Cyclic patterns of different magnitudes
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FIGURE 1.9 The International Sunspot Number. (Source: SIDC.)

The plot of annual sunspot numbers reveals cyclic patterns of varying
magnitudes
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Atypical events
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FIGURE 1.10 Pharmaceutical product sales.

Weekly sales of a generic pharmaceutical product dropped due to
limited availability resulting from a fire at one of four production
facilities.
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Viscosity, cP
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FIGURE 1.11 Chemical process viscosity readings, with sensor malfunction.

Failure of the data measurement
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The Forecasting Process

A process is a series of connected activities that transform one or more inputs into
one or more outputs. All work activities are performed in processes, and forecasting
is no exception. The activities in the forecasting process are:

1. Problem definition
2. Data collection
3. Data analysis Similar to DMAIC
4. Model selection and fitting
5. Model validation
6. Forecasting model deployment
7. Monitoring forecasting model performance
o Monitoring
Problem Data Data . MOd?l Model Forecasting Forecasting
N o < N . *| Selection — .. .+ Model “
Definition Collection Analysis " Validation Model
’ and Fitting Deployment .
© - Performance

FIGURE 1.12 The forecasting process.
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Problem Definition

Problem definition involves developing
understanding of how the forecast will be
used along with the expectations of the
"customer" (the user of the forecast).

Much of the ultimate success of the
forecasting model in meeting the customer
expectations
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Data Collection

The key here is "relevant"”; often
information collection and storage
methods and systems change over time and
not all historical data is useful for the current
problem.

Often it is necessary to deal with missing
values of some variables, potential outliers,
or other data-related problems that have
occurred in the past.
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Data Analysis

Data analysis is an important preliminary step to
selection of the forecasting model to be used.
Time series plots of the data should be
constructed and visually inspected for
recognizable patterns, such as trends and
seasonal or other cyclical components.

Numerical summaries of the data, such as the
sample mean, standard deviation, percentiles, and
autocorrelations, should also be computed and
evaluated.
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Model Selection

Model selection and fitting consists
of choosing one or more forecasting
models and fitting the model to the
data. By fitting, we mean estimating
the unknown model parameters,
usually by the method of least
squares.
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Model Validation

A widely used method for validating a
forecasting model before it is turned
over to the customer is to employ
some form of data splitting, where the
data is divided into two segments-a
fitting segment and a forecasting
segment.
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Forecasting Model Deployment

Forecasting model deployment
involves getting the model and the
resulting forecasts in use by the
customer. It is important to ensure
that the customer understands
how to use the model and that
generating timely forecasts from
the model becomes as routine as
possible.
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Forecasting Model Performance

Control charts of forecast errors
are a simple but effective way to
routinely monitor the
performance of a forecasting
model.
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Some useful resources:

There are a variety of good resources that can be helpful to technical professionals
involved in developing forecasting models and preparing forecasts. There are three
professional journals devoted to forecasting:

“ &
® Jnternational Journal of Forecasting
e Journal of Business Forecasting Methods and Systems

These journals publish a mixture of new methodology, studies devoted to the evalua-
tion of current methods for forecasting, and case studies and applications. In addition
to these specialized forecasting journals, there are several other mainstream statistics
and operations research/management science journals that publish papers on fore-
casting, including:

® Journal of Business and Economic Statistics Neurocomputing
® Management Science Hjorth

® Naval Research Logistics EJOR

® Operations Research Energy Economics

® [nternational Journal of Production Research

Journal of Applied Statistics
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Software

Many statistics software packages have very good capability for fitting a variety of
forecasting models. Minitab® Statistical Software, IMP® and the Statistical Analy-
sis System (SAS) are the packages that we utilize and illustrate in this book. Matlab
and S-Plus are also two packages that have excellent capability for solving forecasting
problems.

Softwares:

Matlab... Minitab ... Statistica ... SPSS ... SAS ... Forecast Pro ...

PC Give ... Jmp ... Demand Forecasting ... SigmaPlot ... 4Cast ...
GAMS ... EUREKA

LLM (GPT/DeepSeek/ Claude... ) como orquestradores
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Livros

e Regression Analysis by Example
Chatterjee / Hadi

e Forecasting: Methods and Applications
Makridakis / Wheelwright / Hyndman
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Pratique

1) Faca todos os exercicios do Capitulo 1:
Introduction to Forecasting (Prepare-se para
apresentar as suas respostas).

2) Obtenha séries de dados de seu interesse para
futuras previsoes.

3) Escreva sobre possiveis previsoes a serem
confirmadas ao final do curso.
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