International Journal of Production Economics 212 (2019) 186-211

journal homepage: www.elsevier.com/locate/ijpe

Contents lists available at ScienceDirect

International Journal of Production Economics

Optimization of combined time series methods to forecast the demand for
coffee in Brazil: A new approach using Normal Boundary Intersection

Check for
updates

coupled with mixture designs of experiments and rotated factor scores

Livio Agnew Bacci, Luiz Gustavo Mello, Taynara Incerti, Anderson Paulo de Paiva,

Pedro Paulo Balestrassi”

Institute of Industrial Engineering and Management, Federal University of Itajuba, Itajuba, Minas Gerais, Brazil

ARTICLE INFO ABSTRACT

Keywords: This paper proposed a new multi-objective approach to find the optimal set of weight's combination of forecasts

Multi-objective optimization
Time series

Combining forecasts
Multivariate statistics
Decision support

Mixture design of experiments

that were jointly efficient with respect to various performance and precision metrics. For this, the residues’ series
of each previously selected forecasts methods were calculated and, to combine them through of a weighted
average, several sets of weights were obtained using Simplex - Lattice Design {m,q}. Then, several metrics were
calculated for each combined residues' series. After, Principal Components Factor Analysis (PCFA) was used for
extracting a small number series' factor scores to represent the metrics selected with minimal loss of information.
The extracted series' factor scores were mathematically modeled with Mixture Design of Experiments (DOE-M).
Normal Boundary Intersection method (NBI) was applied to perform joint optimization of these objective
functions, allowing to obtain different optimal weights set and the Pareto frontier construction. As selection
criteria of the best optimal weights' set were used the Shannon's Entropy Index and Global Percentage Error
(GPE). Here, these steps were successfully applied to predict coffee demand in Brazil as a case study. In order to
test the applicability and feasibility of the proposed method based on distinct time series, the coffee's Brazilian
production and exportation were also foreseen by new method. Besides, the simulated series available in
Montgomery et al. (2008) were also used to test the viability of the new method. The results showed that the
proposed approach, named of FA-NBI combination method, can be successfully employed to find the optimal
weights of a forecasts' combination.

1. Introduction

Analyzing the numbers of the annual period of 2017-2018, one can
note that almost all the coffee produced in Brazil is sold domestically

In 2017-2018 period, Brazil maintained the position of the world's
largest coffee producer. According to the International Coffee
Organization (ICO, 2018), for this period, Brazil produced around 51
million bags of 60 kg coffee, which represented approximately 31.94%
of the global coffee production. Regarding the exportation, according to
this same organization, Brazil — the world's largest exporter — exported
30.5 million bags of 60kg coffee in 2017-2018, which represented
approximately 26.40% of all coffee exported in the world. In addition to
being the largest producer and exporter of green coffee beans, Brazil is
also the second largest consumer behind only the United States. In the
same period of 2017-2018, Brazil consumed around 20.5 million bags
of 60 kg coffee according to ICO (2018).

and in foreign markets, which hardly leaves any security stocks. In
relation to the coffee production chain, the lack of safety stocks and a
likely coffee consumption growth in the coming years will require
strategically constant adequacy of their physical and managerial
structure. So that the domestic and external markets do not fail to be
supplied. As shown above, the domestic consumption forecast of coffee
is fundamental to the whole members of agribusiness coffee chain, with
part of it represented by Fig. 1, in order to avoid new problems of
shortages or overproduction. In relation to industries of soluble, roasted
and ground coffee, the demand forecast is important so that they can
plan their productive capacity for the future. For the grain production
sector, which exports the product to the international market and still

* Corresponding author. Institute of Industrial Engineering and Management, Federal University of Itajubd, Brazil Avenida BPS 1303 Itajubd, MG 37500-903,

Brazil.

E-mail addresses: livioab@yahoo.com.br (L.A. Bacci), contato@gustavomello.adm.br (L.G. Mello), taynaraincerti@gmail.com (T. Incerti),
andersonppaiva@unifei.edu.br (A. Paulo de Paiva), ppbalestrassi@gmail.com, pedro@unifei.edu.br (P.P. Balestrassi).

https://doi.org/10.1016/j.ijpe.2019.03.001

Received 22 March 2018; Received in revised form 11 January 2019; Accepted 1 March 2019

Available online 06 March 2019
0925-5273/ © 2019 Published by Elsevier B.V.


http://www.sciencedirect.com/science/journal/09255273
https://www.elsevier.com/locate/ijpe
https://doi.org/10.1016/j.ijpe.2019.03.001
https://doi.org/10.1016/j.ijpe.2019.03.001
mailto:livioab@yahoo.com.br
mailto:contato@gustavomello.adm.br
mailto:taynaraincerti@gmail.com
mailto:andersonppaiva@unifei.edu.br
mailto:ppbalestrassi@gmail.com
mailto:pedro@unifei.edu.br
https://doi.org/10.1016/j.ijpe.2019.03.001
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijpe.2019.03.001&domain=pdf

L.A. Bacci, et al.

International Journal of Production Economics 212 (2019) 186-211

Fig. 1. Part of the coffee agroindustrial chain.

provides feedstock for the processing of coffee industries in Brazil, the
forecast is important so that they can plan the crop and the supply of
green coffee grains.

In relation to the choice of strategy for forecasting, over the last 5
decades, many advantages have been pointed out in combining forecast
methods, such as:

(I it aggregates information about the form of the relationship be-
tween the variables, since one forecasting method is based on
variables or information that the other forecasts has not con-
sidered (Bates and Granger, 1969; Bunn, 1975; Chan et al., 1999;
Moreno and Lépez, 2013; Graef et al., 2014);

(ID) it allows identifying the underlying process, since those different
forecasting models are able to capture different information's as-
pects available for prediction (Reeves and Lawrence, 1982;
Clemen, 1989);

(IIT) it takes into account the relative accuracy of individual methods
and forecast errors' covariance among the methods (Winkler and
Makridakis, 1983);

(IV) it improves forecasting accuracy (Makridakis and Winkler, 1983;
Winkler, 1989; Mahmoud, 1989; Hibon and Evgeniou, 2005;
Bjornland et al., 2012; Bordignon et al., 2013; Cang and Yu, 2014;
Graef et al., 2014; Barrow and Kourentzes, 2016);

(V) it decreases accuracy's variability for different variance's measures
(Makridakis and Winkler, 1983; Mahmoud, 1989; Hibon and
Evgeniou, 2005);

(VD) it allows the uncertainty reduction, being safer and less risky than
relying on a single method (Makridakis and Winkler, 1983;
Winkler, 1989; Hibon and Evgeniou, 2005; Bordignon et al.,
2013);

(VID) it may result in more normally distributed errors (Barrow and
Kourentzes, 2016).

There are basically two methodologies to perform the combination
of forecasting methods: simple unweighted average (SA or AVG) and
weighted average (WA). Regard to the WA, during the last 50 years
many articles have been written on classical techniques to find the best
weights for combining forecasting methods (weights assigned to each
individual forecast). Most of these studies focused on minimizing only
one goal or single criterion as the error variance's combination (Bates
and Granger, 1969); the average square error (Newbold and Granger,

1974); mean absolute percentage error (MAPE) (Winker and
Makridakis, 1983; Lam et al., 2001); out-of-sample sum of squared
forecast errors (Granger and Ramanathan, 1984; Deutsch et al., 1994;
Chan et al.,1999); mean squared error (MSE) (Diebold and Pauly, 1990;
Lesage and Magura, 1992); mean absolute error (MAE) (Lesage and
Magura, 1992), and maximum absolute percentage error (MAXAPE)
(Lam et al., 2001).

However, few studies employed multi-objective approaches. Reeves
and Lawrence (1982) developed a multiple objective linear program-
ming (MOLP) framework for generating combined forecasts that are
efficient in respect to multiple objectives, minimizing four objectives
simultaneously (total forecast error, positive forecast error over all
periods, total forecast error over the recent periods, and maximum
forecast error). They justified the use of MOLP by arguing that selecting
a single individual forecast based upon a single objective could not
make the best use of available information as a combined forecast
could, considering the minimization of multiple objectives and not only
the minimization of forecast error variance. Likewise, Gulledge et al.
(1986) used MOLP to determine weighted linear combinations of
forecasts in which three forecast goals were minimized (sum of the
absolute forecast errors over all 24 periods, sum of the absolute fore-
casts errors with double weighting in the last 8 periods, and maximum
absolute forecast error). Their justification was the fact that multiple
objectives allow the decision maker to have more flexibility in selecting
forecasted variables as inputs in their policy analysis and often provide
a better fit to the specific decision problem. Reeves et al. (1988) argued
that multi-objective mathematical weighting scheme allows the direct
incorporation of a varied set of management objectives to be brought
directly into the forecasting process and created a multi-objective linear
programming that minimized total forecast error, over forecast errors
and recent forecast error. Once again, Reeves and Lawrence (1991)
developed a mathematical programming framework for combining
forecasts given multiple objectives and incorporated two types of ob-
jectives — accuracy and direction of change and concluded that com-
bined forecasts generated in a multi-objective environment are at least
as good as the best individual forecast with respect to one or more
objectives. As an argument for using this approach, they claimed that it
allows decision makers to trade-off weighting schemes for combining
forecasts with respect to multiple conflicting measures of forecast ac-
curacy. Ten years later, in a portfolio based-approach, Leung et al.
(2001) calculated a set of weights of a combination using a goal
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programming (GP) multi-objective approach. The authors used a GP
model to combine the forecasts, such that the expected return and
skewness of return were maximized while the variance (risk level) of
the return was minimized. More recently, Ustum and Kasimbeyli (2012)
made use of a general mean-variance-skewness model, in which these
metrics were coupled in the multi-objective portfolio optimization
model to find the optimal weights of each action in a great portfolio.

Differently, this work proposes a new multi-objective framework -
the FA-NBI combination method - to find the optimal weights' time
series combination that are jointly efficient with respect to various
performance and precision metrics. Specifically to forecast coffee con-
sumption in Brazil as a case study to demonstrate the steps for FA-NBI's
application, four different time series' methods were selected previously
to participate in the combination - Double Exponential Smoothing
(DSE), Holt-Winters Multiplicative (HW) and two specifications of
Autoregressive Integrated Moving Average (ARIMA). After, properly
starting the implementation of the new approach, the residues' series
for each of these methods were calculated. In sequence, with the use of
simplex-lattice design {4, 5}, a Mixture Design of Experiments (DOE-M)
approach, 61 wt' sets to combine the residues series of the 4 selected
methods were obtained. For each set of weights generated by DOE-M,
combined residues' series of the selected time series methods were
obtained through a weighted average. Then, for each of the 61 com-
bined residues' series found, 14 forecasting metrics were calculated,
generating 14 metrics' series. Seeking to reduce the dimensionality of
the problem, Principal Components Factor Analysis (PCFA) multi-
variate technique was applied for extracting a small number of factors
scores' series to represent the 14 selected performance and precision's
metrics, with minimal loss of information. Thus, in the context of time
series combination, PCFA was used to reduce the number of metrics to
be jointly optimized from 14 to 2. As a result, allowed us to find the
weights' combination not only minimizing one or two metrics, but more
than 14 metrics together, which made different this work from those
mentioned above. Other difference was that, in sequence, DOE-M was
used to model two mathematical objective functions of factor scores
that represented the 14 original metrics, which without joint optimi-
zation of the same would not be possible. After these two factor scores'
functions were modeled, the Normal Boundary Intersection (NBI)
method was applied for the multi-objective optimization, being found
21 Pareto-optimal weights. Then, to not sacrifice the information pro-
vided by each of the 14 selected metrics, it was proposed to optimize
them together to find the best combination of time series methods. To
select the best optimal set of weights was used Shannon's Entropy Index
(S) by Shannon (1948) and Global Percentage Error (GPE). FA-NBI
combination found was statistically compared in terms of performance
and precision using DM test, introduced by Diebold and Mariano
(1995), with the combined individual methods and with the other
traditional weighting methods. In order to prove the competitiveness,
applicability and feasibility of the proposed approach, coffee's Brazilian
production and exportation were also foreseen using FA-NBI and ana-
lyzed in conjunction with the coffee demand. The proposed method was
also applied and tested based on simulated series available in
Montgomery et al. (2008).

This paper is organized as follows: the next section presents the
methodology proposed in this study to get the optimal weights' com-
bination together with a brief literature review focusing on the forecast
metrics most used in the literature to make comparisons between
forecasting methods, PCFA, DOE-M, NBI, S, GPE and some of the more
traditional methods for finding weights' combination. Section 3 pre-
sents the results analysis and the conclusions are presented in Section 4.

2. Methodology and background literature review
Part of terminology used in this section is displayed in Table 1.

To obtain the optimal weights for a combination of time series, this
study proposes a combination of the aforementioned techniques that
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Table 1
Nomenclature.
A Aggregation
API Forecasts' comparison of accuracy made by institutions
AR Average ranking
AvgRelMAE Average Relative Mean Absolute Error
C c-th set the weights, withc=1,2, ..., p

C Combination

cC Combination of combinations
CIM Computational intelligence method
FM Forecast methods

FS, g-th factors scores series

FSyp g-th factor score calculated based on p-th combined residues series

G g-th observation of a given residues series

GMRAE Geometric Mean Relative Absolute Error

M m-th forecasting method, withm =1, 2, ..., 2

NN Neural Network

M; j-th original performance metric

M, j-th original performance metric calculated based on the p-th
combined residues series

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

MASE Mean Absolute Scaled Error

MdAE Median Absolute Error

MdAPE Median Absolute Percentage Error

MdRAE Median Relative Absolute Error

ME Mean Error

MSE Mean Squared Error

MSPE Mean Squared Percentage Error

P p-th set of weights/p-th combined residues series

PB Percentage Better

R, Residues series of z-th forecasting method

Ry g-th observation of z-th residues series

RM t-th observed residue, belonging to a series of residues of the m-th
forecasting method

RCpg g-th observation of z-th residues series, series originated from z-th
forecasting method

RCf t-th combined residue, calculated based on the c-th set of weights

RMSE Root Mean Squared Error

RMSPE Root Mean Square Percentage Error

SD Standard Deviation of Errors

SMAPE Symmetric Mean Absolute Percentage Error

sMdAPE Symmetric Median Absolute Percentage Error

U1 U1 Theil's statistical coefficient

U2 U2 Theil's statistical coefficient

VAR Variance of errors

t t-th observation of the residues series of each forecasting method,
witht=1,2,..., ¢

Weight assigned to z-th forecasting method

Weight attributed to the z-th forecasting method considering the p-
th set of weights

Weight pertaining to the p-th set of weights assigned to the z-th
forecasting method, multiplied by the g-th observation of the z-th
residues series originating from the z-th forecasting method

wé, Weight of the m-th method in c-th combination

W,
Wap

WapRzg

were applied according to the following step-by-step procedure:

Step 1: Data collection.

Step 2: Selection of the z individual time series methods to take part
in the combination. After, generate corresponding residues series (R)
for each of these z chosen methods (R1, R2, ..., Rz series), each series
with g observations. The Appendix A provides a brief explanation of the
forecasting methods selected in this paper to take part in the combi-
nation in order to specifically forecast the demand for coffee in Brazil,
i.e. Double Exponential Smoothing (DES), Holt-Winters Multiplicative
(WM) and Autoregressive Integrated Moving Average (ARIMA). As will
be observed, with different time series, other forecasting methods will
be selected.

Step 3: Using DOE-M, definition of p sets of weights (proportions)
through a mixture simplex-lattice design {q, m}, with each set of
weights with z weights (w;, wz, w3, ..., w,), to combine the z residues
series generated in Step 2. The simplex-lattice design technique will be
explained in step 6. In sequence, were produced p series of combined
residues, each one with g observations, according to the procedure
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STEP 3
R1 R2 R3 R:
Observation :
Residues series
1 Ry Ry Rs; R
2 Ry, Ry, Rs, R,
1 wyRy + wyRy + waRy + +  WuR, = RCyy
2 wyRy;, + WyRy, + wyRy, + 0+ wuR, = RC,
g Ry Ry Rsg Ry 3 wyRyz + WyRy; + WyRy + 0+ WuR; = RCy,
: H H o + H
g WwyR, + wuR, + wyRy + .. + wuR.*= RCy,
1 -th combined residues series
Simplex Lattice Design {g ,m} withg =z
Set w w, w. w,
of 1 2 3 2
weights The z weights of each set
1 Wi, Wy Wi Wi — 1 wiRy + WyRy + WiRy + .o+ WyR, = RCy,
2 Wi, Wy Wi Wy 2 wyRy, + WyRy, + WooRp, + .+ WyR, = RC,
: : : : 3 wpRis + WyRy + WioRy + o+ wWyR,; = RCy,
p Wi Wy W3, W H i : e B
8 WpR, + WyRy,, + WoRy, + .0+ WpR, = RC,
2-th combined residues series
1 wyRy + WyRy + Wy Ry + .0+ wiR, = RC,
2 wyR;, + WyRy, + WyRy, + .0+ wuR, = RC,
3 wyR;3 + WyRy + WyRy; + .0+ wyR; = RC,
H H o + E
8 Wi R, + WyRy + W3Ry + ... + Ww,R,=RC,
Serie of combined residues number p
Fig. 2. Production of the p residues combined series.
described in Fig. 2. The subsequent steps 4, 5 and 6 are indicated in Fig. 3.
In mathematical terms, the t-th observation from the c-th series of Step 4: Calculation of the performance and precision (variability)
combined residues (RC() can be calculated by Eq. (1). forecast measures or metrics (M). In this step 4, j metrics must be cal-
. culated for each p combined series of weighted residues obtained in
RCf = Z WER Step 3. With this, j metrics based on each series of combined residues
m . . . . . .
m=1 1) will be produced, with each series of metrics with p observations,
STEP 4 STEP 5
Calculation of the j metrics for each series of ” -
Calculation g factor scores series
combined residues
Series of Original metrics series Series of Factor scores series
combined combined
M, M, .. M, FS, FS, FS,
residues residues
1 My My . M PCFA 1 FS,, FS, FSq
2 M, My . M, 2 FS,, FS,, FSg
3 My My o M 3 FS, FS,5 FSes
P My, M, M, P FS,, FS,, FSg
STEP 6

Experimental Design

Set . . . Series of Factor scores series
Simplex Lattice Design {q,m} i
of combined
) ; Fs, FS, .. FS,
weights (with g =z) residues
1 Wiy Wy, Wiy Wy il FS;;  FSy; FSq1
2 Wi, Wy, Wiy Wy, 2 FS;,  FS;, FSq2
3 W3 Wy3 Wiy W,3 3 FS;3  FS,3 FSgs
p Wip Wap Wi W,p p FSip FSZJ FSg!

Fig. 3. Steps to obtain the experimental design.
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according to Fig. 3.

The 14 metrics (j = 14) used in this work were MAE, MSE, RMSE,
MASE, RMSPE, MAPE, sMAPE, Ul, U2, VAR, SD, MdAE, MdAPE and
sMdAPE. The Equations to calculate these metrics are described in
Appendix B at the end of this article. The variance (VAR) and standard
deviation (SD) of errors or residues are metrics of risk associated to the
choice of method in respect to the precision (variability), that is, of
occurrence of high values thereof of above average and below average
(Hibon and Evgeniou, 2005). The twelve others are metrics of accuracy
(performance), that demonstrate the “ability of a forecasting method to
forecast actual data, either when a model is fitted to such data, or for
future periods (post-sample) whose values have not been used to de-
velop the forecasting model” (Makridakis, 1993). MAE measures how
much the estimated or forecasted value differ from actual values (Xu
et al., 2017). MSE is the average of the prediction error squares, which
can be applied for estimating the change of forecasting models (Du
et al., 2018). RMSE summarizes the difference between the actual and
forecasted values (Xu et al., 2017). MAPE is a prediction accuracy's
measure of a forecasting method in statistics (Du et al., 2018). Like
MAPE, sMAPE is an average of the absolute percent errors but these
errors are computed using a denominator representing the average of
the forecast and observed values. MASE is a measure of forecast accu-
racy proposed by http://www.sciencedirect.com/science/article/pii/
50169207006000239 Hyndman and Koehler (2006). It is the absolute
error (MAE) of a given method divided (i.e. scaled) by the Mean Ab-
solute Error (MAE) of the naive benchmark model. RMSPE is the square
root of the average sum of squared errors expressed as a percentage. Ul
Theil's statistic coefficient is conceived as a measure of accuracy, while
U2 Theil's is a statistical coefficient of forecasting quality to make
comparisons between the chosen forecast and the naive prediction.
Both measures are bounded by zero (the case of perfect forecasting) and
one (allegedly, the worst case) (Martinez-Rivera et al., 2012). MdAE is a
robust measure of the variability of a univariate sample of quantitative
data. MdAPE is calculated by ordering the absolute percentage error
(APE) from the smallest to the largest and using its middle value as
median. It is more resilient to outliers than MAPE and sMAPE and is
recommended as a model performance evaluation criterion when
forecasting models need to be compared across different series (Xu
et al., 2017). The sMdAPE is obtained by ordering the symmetric ab-
solute percentage errors and using the middle value.

The choice of the error measure to be used in each case depended on
the characteristics presented by the data series, such as differences in
scale across the series, the amount of change that occurs over the
horizon forecast, the presence of extreme forecast error outliers, and the
purpose of research (Armstrong and Collopy, 1992; Ahlburg, 1992).
Due to the fact that each measure of error has its weak points, several
empirical studies found in the literature used more than one perfor-
mance measure to select the best forecasting method and/or the best
combination of forecasting methods, as can be observed in the Table 2.
In these studies, the best method or the best combination of methods
was chosen based on those who had the lowest errors measures in-
dependently. In a different way, because each metric has its weak and
strengths points, in addition to each providing a different information,
in the present work the choice of combination weights will be the one
that optimizes at the same time all the 14 metrics (the objectives).

Step 5: Application of PCFA to reduce the dimensionality of the
problem, obtaining q series of factor scores, with each one of these q
series representing one or more of one of the j metrics obtained in Step
4, such that j < q. Considering the linear factor analysis model ex-
tracted by principal components and applying the Varimax rotation, the
number of g retained factors was determined by Kaiser's rule (1960).
Each of the observations of the g factor scores series represented a re-
sponse related to a given set of combined residues and, consequently, to
a given set of weights selected in Step 3 (Fig. 3).

PCFA is multivariate analysis technique that allows reducing the
dimensionality of a data set, separating each group of highly correlated
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Table 2
Performance measures used individually to select and/or combine forecasting
methods.

Authors Choose Performance metrics used
between

Winkler and Makridakis (1983) FM, C, CC MAPE, MSE

Kang (1986) FM, C MAE, MSE

Sankaran (1989) G C MAPE, MSE

Diebold and Pauly (1990) FM, C RMSE, MAE

Makridakis (1990) FM, C MSE, MAPE, MdAPE

Tseng et al. (2002) FM, NN, C MSE, MAE, MAPE

Meade (2002) FM MdAE, RMSE, PB

Weatherford and Kimes (2003) FM, C MAE, MAPE

Fang (2003) FM, C RMSPE, MAE, RMSE

Dekker et al. (2004) FM, A, C sMAPE, MAE, MSE, AR

Faria and Mubwandarikwa (2008) C, CC MAE, RMSE, GMRAE

Jose and Winkler (2008) FM, C SMAPE, sMdAPE

Wallstrom and Segerstedt (2010) FM MSE, MAE, sMAPE

Crone et al. (2011) FM, NN, CIM, SMAPE, MdRAE, MASE,

C AR

Andrawis et al. (2011) C, CC sMAPE, MASE

Martins and Werner (2012) FM, C, CC MAPE, MSE, MAE

Bordignon et al. (2013) FM, C MSE, MSPE, MAE, MAPE

Simionescu (2013) API ME, MAE, RMSE, Ul, U2

Adhikari and Agrawal (2014) FM, NN, C MSE, sMAPE

Petropoulos et al. (2014) FM, C, CC sMAPE, PB, MASE

Cang and Yu (2014) FM, NN, C, CC MAPE, MASE

Zhao et al. (2014) FM, C RMSE, MAE, MAPE

Fildes and Fotios (2015) FM, C MAAPE, MAPE,
AvgRelMAE

Tselentis et al. (2015) FM, C RMSE, MAPE

Barrow and Crone (2016) NN, C sMAPE, MASE

variables, forming, for each of these groups of correlated variables, a
construct or factor responsible for the observed correlations. In PCFA,
using covariance matrix S or correlation matrix R for factor extraction,
the p original variables, which form a random vector of observed
variables X = [X;, X5, ..., X,], with p components, mean y and covar-
iance matrix S or correlation matrix R, are represented by p linear
functions. As can be seen in Eq. (2), the set of these linear functions
form the linear factor analysis model with m common factors. Each one
of these functions is linearly dependent of m random, hypothetical,
latent and unobservable variables (F;, F, ..., F,), known as common
factors or constructors (F), plus a random error component (e;), with
m < p (Johnson and Wichern, 2007).

X —w=0L1F+ LE+. . +L,E, + e
)(2 — = 121F1 + 122F2+...+12mFm + e

Xp — tp =By + Ly Byl By + € )

It may be noted in Eq. (2) that PCFA reduces the problem of di-
mensionality from p to m dimensions, modeling representative func-
tions of the original variables, with each of these functions being
formed by m factors or hypothetical variables F;, F», ..., F,,. Thus, a
small number of m factors can be used to explain many p original
variables.

The common factors F;, Fs, ..., F,, extracted from the covariance
matrix S (or correlation matrix R), are calculated on the basis of pairs of
eigenvalues-eigenvectors estimated (A, D), (L, &), ...,(/Tp, é,), where
h>h> ...zip. Each one of the functions is also formed by I terms
known as factor loadings, withj =1, 2, ...,pand k =1, 2 ..., m, such
that the ; term is the loading of the j-th variable on the k-th factor.
Loadings close to 1 or 1 indicate that the factor strongly represents the
variable, while loadings close to zero indicate that the factor has a weak
influence on the variable (Johnson and Wichern, 2007). A good rule of
thumb is that standardized loading estimates should be 0.5 or higher,
and ideally 0.7 (Hair et al., 2010). The error terms ¢; are also known as
specific factors, because each ¢; is specific to each function (X; - ),
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which does not happen with the common factors Fy, Fa, ..., F,,, since it
integrates all linear functions (X;-1;) representing each variable (Jolliffe,
2002; Johnson and Wichern, 2007). In each j-th function (X; - ), the
part of variance explained by m common factors (F;, Fa, ..., Fy) is
known as communality (hjz). In addition, the part of variance explained
by a specific factor (¢;) is known as uniqueness or specific variance (¥)
Thus, g = I7 + I}, + ..+ [}, + 9 or gz-hi + ¢, explain the total var-
iance of the variable j in the generated linear factor analysis model. The
Jj-th estimated communality (ﬁf) is calculated by the sum of the squares
of the estimated loadings (fjk) of the j-th variable in m common factors
(fzjz = l~j21 + l~j22 + ...+ fj-zm) ,withk = 1, 2, ..., m. The estimated l}zi is the
contribution of i-th common factor to the variance of j-th variable (s;),
and 4, = l~121 + l~221 + .+ 1 ;1 is the estimated contribution of the first
common factor for the total sample variance. (Johnson and Wichern,
2007).

In case where there are many high loadings in a given factor com-
plicating the selection of a single variable to represent the set of vari-
ables series, factor scores series can be calculated for creating smaller
set of variables series to replace the original set. Factor scores series
representative of the original variable series with high loadings in a
given factor are computed based on the factor loadings of all variables
on the factor (Hair et al., 2010). The factor scores f] are estimated
values for the unobserved random factor vectors Fj, withj =1, 2, ..., n,
that is, fj is the estimate of the values f; attained by F;. The factor scores
can be calculated by Weighted Least Squares or Regression methods
(Johnson and Wichern, 2007).

The key issue in PCFA is to know the number of factors (m) to be
retained because, according to Haylton et al. (2004), specifying too few
factors or too many factors are substantial errors that affect the results,
although specifying too few is considered more severe. When extracting
factors employing the correlation matrix (R), the Kaiser's rule (1960)
can be used, where the factors with eigenvalues greater than 1 will be
retained. Still, the initial factor loadings can be rotated through many
rotation methods, each one using a different algorithm in the search for
the factor structure simplification. Orthogonal rotation produces factors
that are uncorrelated (i.e., maintain a 90° angle between axes), being
more easily interpretable. There is a wide variety of orthogonal rotation
types - equimax, varimax, quatmax orthomax, although varimax is the
most used because it was developed as an improvement in the quar-
timax and equamax algorithms (Osborn, 2015).

Step 6: Mathematical modeling of the g factor scores series re-
presentative of j original metrics with the use of DOE-M. Each one of the
p observations of the q factor scores series represented a response re-
lated to a given set of combined residues and, consequently, to a given
set of weights in simplex lattice design {q, m} selected in Step 3. The
sets of weights defined in Step 3 combined with the responses (com-
ponents) produced in Step 5 determined the experimental design of
mixtures and, therefore, the designs of the response surfaces, one for
each series of factors scores series, from which were extracted the
mathematical models (objective functions). In design of experiments,
the exploration of the response surfaces ¢FS;, §FS,, ..., OFS, over the
simplex region design will provide the respective polynomial equations

/\ /\ N\ /\

FS; (w), FS; (w), FS; (w), ..., FS; (w) which represents the surface over
the region of interest. Which w represents a given set of weights formed
by the weights of each of the z forecast methods selected. For each
selected w, the objective functions will give as responses, respectively,

/\ \ \ /\
the predicted values of FS; (w), FS, (w), FS; (W), ..., FS; (w).

The main goal of DOE-M is to try to model the dependence of the
response variable on the relative proportions of the components with
some form of mathematical equation (Cornell, 2002; Coronado et al.,
2014). As a special type of response surface, in DOE-M the factors are
the mixture components, and the response n is a function of the pro-
portions w; of each component in the mixture, with w; =0 and

?:1Wi =w; + w, + ---+w, =1, where i = 1, 2, ..., g, with g being the
number of components in the mixture (Cornell, 2002; Myers et al.,
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2009). These constraints for w; provide the geometric description of the
factor space S¢~ ! (experimental region) containing q components, with
each component representing a space vertex. The factor space consists
of all points on or inside the boundaries (vertices, edges, faces etc.) of a
regular (q - 1) dimensional simplex. Thereby, the set of points defined
in an experimental region describes the possible proportions for the
mixture components. The uniformly spaced distribution of points on a
simplex is known as a lattice. In a simplex-lattice design {q, m}, the
number of points in the design depends not only on the number of
components (gq) in the mixture, but also on the degree (m) of the
polynomial model. Considering that the proportions assumed by each
component take the m + 1 equally space values form O to 1, that is
w; =0, % % ..., 1, plus the simplex-lattice{q, m} consists of all possible
combinations (mixtures) of components, the number of design points in
the simplex-lattice {g, m}will be N = % (Cornell, 2002; Myers
et al., 2009). o

The set of n responses give rise to a response surface ¢. Therefore,
there is a functional relationship n = ¢(w;, wa, ....,w,), which exactly
describes the surface ¢, with n dependent on the proportions wy, wa, ...,
wq of the ¢ components. Generally, polynomial functions are used to
represent the response surface ¢p(w;, w, ..., wq). The justification being
that one can expand ¢ (w;, wa, ..., w,) using a Taylor series, and thus a
polynomial can be used also as an approximation (Cornell, 2002, 2011).
The parameters in the {g, m} polynomials are estimated as observed
values' functions of responses at the points over {q, m} simplex-lattice
designs (Cornell, 2011). So, there is a correlation between the number
of points in the simplex and the number of terms in the polynomial
(Oliveira et al., 2011). Therefore, the properties of the polynomials
used to estimate the response function depend to a substantial extent on
the specific experimental design. Normally, the canonical form of the
polynomial (or Scheffé form) that can be used to fit the data and build a
model (objective function) from a mixture experiment can be, for ex-
ample, quadratic, as in Eq. (3) (Myers et al., 2009).

q
Z Bywiw; + €

i<j=2

q
n=EQ@) =B+ ) Bwi+ ),
i=1 3

Step 7: Once the mathematical objective functions of the q factor
scores series have been modeled leading to the creation of multiple
mixture response surfaces, one for each factor scores function, these
multiple surfaces will need to be combined into a multi-objective op-

timization problem. After, FS; (w), FS, (w), ..., FS; (w) functions
were simultaneously optimized using the NBI, being that the joint op-

/\ /\ /\

timization of FS; (w), FS, (w), ..., FS; (w) in reality represented the
joint optimization of the j original metrics represented by them. Thus,
each of the v Pareto-optimal solutions found using NBI and, conse-
quently, each of the v sets of optimal weights found represented a point
at the Pareto frontier in which it would not be possible to reduce the
value of one of those metrics without causing the simultaneous increase
of, at least, another metric.

In contrast to single-objective optimization (SOP), which only has
one global optimum response, a multi-objective optimization problem
(MOP) involves simultaneous multiple objectives' optimization and
generates, rather than a single optimal solution, several Pareto-optimal
solutions, where no solution can be considered better or worse than the
others. This way, multi-objective optimization algorithms can search
for and gather a series of optimal solutions for a problem with more
than one objective at the same time, without either being considered
better or worse than the other (Du et al., 2017). Therefore, a vector of
viable solutions (x) is Pareto-optimal if there is no other feasible point y
to reduce any of the objective functions without causing the simulta-
neous increase of, at least, another objective function (Vahidinasab
et al., 2010). This set of optimal non-dominated solutions (x) form the
Pareto frontier or surface. That is, the set which includes values of the
Pareto-optimal solutions is called the Pareto-optimal front. (Wang et al.,
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2018). The Eq. (4) describes a minimization of regular multi-objective
optimization problem (Wang et al., 2017; Du et al., 2017).

Minimize: F(X) = {f, (), £, ), (X)}

Subject to: gj(x) >0,j=12, ...m

hj(x)=10,j=12, ..,p

L<x<Upj=12 n

C)

where n, o, m and p represent the number of the variables, objective
functions, inequality constraints and equality constraints, respectively;
g and h; are the j-th inequality and equality constraints; and [L; Uj]
stand for the boundaries of j-th variable.

The definitions of Pareto dominance, Pareto optimality, Pareto-op-
timal set and Pareto-optimal are respectively given by Equations
(5)-(7) e 8 (Wang et al., 2017; Du et al., 2017).

Taking two vectors, x = (X7, X2, ..., Xp) andy = (¥, Y2, -+, Yn), X
dominates y (Pareto dominance), that is, x > y if:

Vie[1,n] [f&x)2fO)] A[3i€ [l nl:fx)] Q)
The Pareto-optimal x belongs to X if:

Ay € XF(y) > F(x) (6)
A Pareto-optimal set is defined as:

R,y eX|3F©¥) > F(0)} )

A Pareto-optimal front is a set including the value of objectives
functions for Pareto solutions set:

Py = {F()| x € B} @®)

NBI, introduced by Das and Dennis (1998), is an optimization rou-
tine traditionally used to generate a near-uniform spread Pareto frontier
for MOPs - regardless to the distribution of weights — on which the
multiple solutions with gradual trade-offs in the objectives are obtained
(Ganesan et al., 2013; Lopes et al., 2016). Another advantage of the NBI
is its scales' independence of different objectives functions (Jia et al.,
2007; Shukla, 2007). The first step in the NBI method is the calculation
of the Payoff matrix ® elements for m objectives functions, as in Eq. (9).
The ® will be a (m x m) matrix calculated by obtaining the individual
minimum value of each objective function fi(x). The solution that
minimizes the i-th objective function f;(x) is f"(x;), which indicates
the minimum of f;(x) obtained in the point x;*. Thus, x;* is the solution
that minimizes f;(x), with (i = 1, ..., m). The remaining elements of
each row of the @, f(x;"), are calculated by replacing each optimal
point x;" obtained, in all other objective functions. In the Payoff matrix,
these values are represented by fGe),
LGy s fiy O oes fi1 X5, s £, (). Therefore, each row of the
matrix @ consists of optimal values f;"(x;") and non-optimal values
fix;) of the i-th objective function, indicating the upper and lower
limits of these objective functions (Vahidinasab et al., 2010; Brito et al.,
2014).

PG o FOD e fO)
o=|f6D  fED e

Fal) e FaG) e SR GED)

)
The Utopia points are generally points outside the feasible region
and they can be represented by vector

fiU =[] GO, 5 (), f (1), ....j':(x,*n)]T. They are formed by the
global minimum value of each i-th optimized objective function (the
best values in each row of the ®). The components of the vector fiU will
form the main diagonal of the ®. In addition, the Nadir points, re-
presented by vector f¥ N N fN I¥, are the worst values
found for each i-th objective function (worse values of each row of the
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®) (Utyuzhnikov et al., 2009; Vahidinasab et al., 2010). After defining
the Utopia and Nadir points, the objective functions must be normal-
ized, especially if they are in different scales or represent different
meanings. The normalization allows getting the Pareto-optimal solu-
tions that represent the Pareto frontier (Vahidinasab et al., 2010). These
normalized values can be calculated as in Eq. (10), and they are sub-
sequently used to define the elements of a normalized payoff matrix ®
in Eq. (11).

- (X)) — U
Fo= % i1, eom o
PSR S 4%
) B A S
o :(xf‘) oo Jon () ﬁ&x;) an

The convex combinations of each row of the normalized payoff
matrix @ will form the set of points in “The Convex Hull of Individual
Minima” (CHIM), also called the Utopia line for bi-objective problems.
In multi-objective problems with more than two objective functions, the
anchor points will form a Utopia hyperplane. Considering the bi-ob-
jective problem, the Utopia line is drawn by connecting the two anchor
points, that is, points obtained when the i-th objective function is
minimized independently. Points as a, b and e divide the straight Utopia
line (the CHIM) into equal and proportional segments within the nor-
malized space (Jia et al., 2007; Shukla et al., 2007; Vahidinasab et al.,
2010; Brito et al., 2014). The anchor points, in addition to defining the
ends of the Utopia line, also define the ends of the Pareto Frontier
(Fig. 4).

The next step is to find equidistant points in the Utopia line. They
can be calculated by using ¢ (Eq. (11)), making W, with W, being a
convex weight vector W, used to obtain a uniformly distributed set of
efficient points (Shukla et al., 2007; Jia et al., 2007). Finally, con-
sidering 7 the normal direction unit, with a distance D to be maximized,
starting from a point W; on the Utopia line, toward the origin, then &
W, + Dn is the vector equation of an orthogonal straight line to a sur-
face or plane formed, with D € R; W, being the position vector; 7, a
direction vector; and D, a scalar. The point where the line formed in-
tersects the boundary of feasible region closest to the origin will cor-
respond to the maximization of the distance (D) between the Utopia
line and the Pareto frontier, and, therefore, will mark a point of optimal
solution on Pareto frontier. (Shukla et al., 2007; Utyuzhnikov et al.,
2009). Eq. (12), adapted from Jia et al. (2007), shows the maximization
of distance (D):

Maxt=D s.t. *W + Di=F(x) h(x)=0 b>x>a

x,t .

12

The constraint W; + Driensures that the point x is mapped toward a
point on the normal, while the other constraints guarantee the feasi-
bility of x considering the original problem multi-objective (MOP) (Jia
et al., 2007; Ahmadi et al., 2015). Varying W; will lead to equidistant
points on the Pareto frontier, as can be seen in Fig. 4. Hence, the op-
timization problem described by Eq. (12) can be solved repeatedly for
different values of W, creating a Pareto frontier evenly distributed with
equidistant points (Vahidinasab et al., 2010; Brito et al., 2014). For a bi-
objective problem, D can be eliminated of the Eq. (12), originating the
simplified Eq. (13), where f; (x) e f; (x) are the normalized f;(x) e f2(x)
functions (Brito et al., 2014).

Min f (x) subject to: f; (x) — f, () + 2w —1=0 §(x)20 0<w
<1 13

The NBI generates several Pareto-optimal solutions, with each so-
lution being originated from a different set of weights (W;), without
that a Pareto-optimal solution could be considered better or worse than
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Fig. 4. Graphical description of NBI method.

the other. In order to find the best solution among the various Pareto-
optimal solutions it was used Shannon's Entropy Index (S) in combi-
nation with Global Percentage Error (GPE). For each one of the v
Pareto-optimal solutions obtained in the previous step, it was calculated
the respective GPErq, using Eq. (14), and Stoa), using Eq. (15). After,
the best set of weights and, consequently, the best solution was defined
as the one that presented the highest relation (Stotal/GPErota)). Each
GPE's Pareto-optimal solutions are calculated defining how far the
analyzed point (y) is from the objective function's ideal value, namely
the target (T;) (Rocha et al., 2015):

s

GPEra = 2 |- = 1
i=1 |

14)

where:

¥!'— Value of Pareto optimal responses;
T; — targets defined;
m— Number of objectives.

(S) is used to diversify the weights in the context of multi-objective
optimization. In order to diversify the weights belonging to each W;,
used to attribute weights to the objective functions in the NBI, (Stoal) is
calculated according to Eq. (15):

Stotal(X) = — ), w; In(w;)
Total ; as)

One can choose as the best point for a given problem to the one in
which the relation (S/GPE) has the highest value (Rocha et al., 2015).

Step 8: After the weights of the FA-NBI combination method were
obtained using the above strategic, the set of weights were also calcu-
lated using some of the more traditional weighting schemes found in
the literature. The weights were estimated using regression-based
method (RB) by Granger and Ramanathan (1984) and variance-covar-
iance weighting methods by Bates and Granger (1969), extended by
Dickson (1973) for more than two methods in combination, considering
two procedures: one with covariance (BG/D with COV); other without
considering the covariance (BG/D without COV). The results presented
by these methods were compared with the FA-NBI in terms of perfor-
mance and precision, as well as with those presented by these other
forecast combination methods, in addition to comparing with those
presented by simple average (AVG), in which equal weights are
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assigned for all methods, and with individual methods used to combine.
Bates and Granger (1969) used two procedures - one considering cov-
ariance (p) between the errors of two individual methods in Eq. (16),
and another without considering it (p = 0) in Eq. (17) - with the ob-
jective of estimating w; and, by difference, w, weights (w, = 1 - w;) to
combine two forecasting methods. The method developed by them was
intended to give greater weight to the set of forecasts that seemed to
contain the lower mean-square errors, minimizing the overall variance.
022 — PO102

w, =

of — 03 — poy0, (16)

o5

wy

of — o3 17

In Equations (16) and (17), of and o7 are the variance of errors for
two forecasts, o; and o, are the respective standard deviations and p is
covariance between the errors of method 1 and 2.

Dickson (1973) extended the results of Bates and Granger (1969) to
combinations of n forecasts using the matrix form in Eq. (18), where
(W = wy, Wy, ..., W) is the vector of n weights, T is the variance-cov-
ariance matrix of forecast errors (n x n), and (I,) is the (n X 1) matrix
with all elements equal to 1.

w= Zilln(Ir’LZilIn)il (18)

Granger and Ramanathan (1984) proposed three different com-
bining procedures to find the weights minimizing the sum of squared
forecast errors using linear regression. The first without restrictions
with respect to the weights (Eq. (19)), the second considering the case
in which the weights are constrained to worth one (Eq. (20)), and the
third has no restrictions on the weights, but a constant term (wy) is
added (Eq. (21)).

B=w +wy + g 19)
Dh=wh +wP +e s towt+w,=1 (20)
D=wo+wP + wi +g 21)

where J), is the combined forecast in period ¢, )7; and ﬁf are the 1 and 2
methods forecasts in period t, € is the error term, w; and w, are the
weights (coefficients) assigned to method 1 and 2 in the regression
model, and wo is the constant term.

In sequence, to verify if there were statistically significant
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Fig. 5. Y, series for the evolution of domestic consumption of coffee in Brazil
(ICO, 2018).

differences of predictive accuracy between two different competing
forecasts methods we used DM test, proposed by Diebold and Mariano
(1995). In the present paper, the statistic differences of the predictive
accuracy were measured between the combination obtained (FA-NBI)
and the individual methods that were combined, as well as between the
FA-NBI and the four other weighting methods - AVG, LSE, BG/D with
COV and BG/D without COV. For one-step ahead forecasts, the DM test
is computed considering the errors series of the two comparison models
- (e;) and (ep) series. The Appendix D brings more details about DM
test.

3. Results and discussion

Thus, in order to find the optimal weights of a combination of time
series methods (the FA-NBI combination) to be used to predict coffee
demand in the Brazilian domestic market in the periods from 2006/
2007 to 2017/2018, the methodology described in section 3 was ap-
plied as it follows:

Step 1: The Time Series Plot of the original series of coffee domestic
consumption data in Brazil from 1964/1965 to 2017/2018 annual
period (Y, series) is shown in Fig. 5. These data were made available by
the ICO (2018). In order to validate the methods of time series to be
tested, the consumption of coffee data for the annual periods from
2006/2007 to 2017/2018 were left out from Y, series' sample to per-
form the out-of-sample analysis. Thus, the tested methods were fit
considering only the fitting data segment between 1964,/1965 and
2005/2006, with the Y, series having 42 observations to perform the in-
sample analysis. The residues of each forecast method were calculated
from this last period and the prediction errors were calculated from the
period left out from Y, series' sample.

The Y, series' observations did not follow a normal distribution, as
demonstrated by the Anderson-Darling normality test in Fig. 6. Even so,
it was not decided to transform it mathematically because, according to
Makridakis et al. (1998), such procedure would only be justified if the
data showed strong tendency at the same time with a strong seasonal
pattern whose variation increases with time. As can be seen in Fig. 5,
there is a strong upward trend, but there is no seasonal pattern whose
variability grows over time in conjunction with this trend. The Y, series
did not contain missing values or redundant observations, no ob-
servation needed to be removed or appended. Additionally, the Dixon's
r22 ratio outlier test (Dixon, 1950) was performed, and on the sig-
nificance level of 0.05 did not detect the presence of suspected outliers
in Y, series (P-Value as 1 and ro, statistic as 0.15), taking into account
the smallest data value or the largest date, with p-value being 1.

Step 2: Four methods (z = 4) were chosen to take part in the
weighted combination: Double Exponential Smoothing method (DES),
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Holt-Winter's multiplicative (WM), and Autoregressive Integrated
Moving Average models ARIMA(; 1,1y and ARIMA, » 5). The choice of
these methods occurred due to the good adjustment to the Y, series. A
brief review of these time series methods is given in Appendix A. For
the DES method, the optimal values for the smoothing parameters a
and f3 (computed by fitting an ARIMA 4 5 ») model) were 1.31541 and
0.15515, respectively. Considering the WM method, the optimal values
found for a, § and y (chosen by minimizing the MAE) were 0.75, 0.60
and 0.30, respectively, with length of seasonality 2 (s = 2). Regarding
the Box-Jenkins methodology (ARIMA), in the data preparation phase,
the original Y, series proved be nonstationary. For this specific appli-
cation, it was necessary to differentiate Y, in data preparation and
model selection phases. However, the differentiated Y, ; series seemed
to follow growing trend from the twenty observations. For this reason,
the Y, ; series was differentiated for a second time, resulting in the Y, ,
series. As a result, two ARIMA models were selected and specified: the
first model, with the use of Y,.; series differentiated once (d = 1), and
the second model with the Y., series differentiated a second time
(d = 2). The p and q orders of the two selected ARIMA models (p = 1/
q = 1 for ARIMA( 1,1y, and p = 2/q = 3 for ARIMA(5 > 3) were obtained
through the Autocorrelation (ACF) and Partial Autocorrelation (PACF)
functions and simulations in Minitab®, to obtain models with smaller
MAE and VAR of the residuals. Tables 3 and 4 show the calculated
coefficients (Coef) and the significance test of each parameter.

No correlations were detected in the residues generated for each of
the 4 forecast methods, being the correlations considered statistically
equal to zero. The P-values of Run-Chart test done over the
ARIMA(4 1,1y, ARIMA(, 5 3), DES and WM's residues series did not detect
trends (0.500; 0.920; 0.809 and 0.159), oscillation (0.500; 0.080; 0.191
and 0.841), mixtures (0.561; 0.168; 0.106 and 0.826) and clustering
(0.439; 0.832; 0.894 and 0.826) in their data, since all P-values were
greater than 0.050. The Augmented Dickey-Fuller statistic test, with P-
Values < 0.05 (0.000; 0.0000; 0.0000 and 0.008) proved that the re-
sidues series had no unit root and the process could be considered
statistically stationary. Besides that, P-Values for the Anderson-Darling
normality test were greater than the chosen significance level of 0.05
for ARIMAG 11, (0.073), ARIMA.ss (0.344) and DES (0.132)
methods, accepting the hypothesis that the residues following a normal
distribution. With tests carried out so far, the residues series of theses
three methods proved to be Gaussian white noise, with uncorrelated
observations, constant variance and normally distributed, which can be
verified in the time series plot of residues in Fig. 7. Although WM did
not present residues normally distributed, it has been decided to keep it
because of the good results found in the statistics tests (see Fig. 8).

Based on the in-sample performance analysis, considering the
period from 1964/1965 to 2005/2006 the ARIMA(, » sy presented, on
average, the best performance and precision (less residues' dispersion)
from the ARIMA( 1,1), DES and WM, as can been observed in Table 5.
Moreover, in the in-sample period, the VAR and SD, calculated based on
the residues of ARIMA(, , 3), were lower than in the other methods,
which indicated that the selection of this method to forecast future
periods was less risky. This means that the decision maker, initially not
taking into account the strategy of combining the individual methods,
would choose the ARIMA » 3 to forecast coffee demand in the Brazi-
lian market for the subsequent periods (2006/2007 to 2017/2018).

Step 3: A Simplex-Lattice Design {4,5} with four components and
lattice degree 7 was created, composed of 4 vertices in 3 (4-1) dimen-
sions, augmented with one center point, four axial points and with one
replicate, which resulted in 61 sets of weights (p = 61). These 61 sets of
weights can be observed in Table C1 in Appendix C. The 61 wt sets were
used to combine 42 observations (g = 42) of the 4 series of residues
(components) for the four selected methods. In this way, these 61 wt
sets were used to produce 61 weighted sets of combined residues of the
4 forecast methods chosen, with each observation of each series being
calculated using Eq. (1). The geometric description of the experimental
region containing the 4 components is shown in Fig. 9a, with each
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Anderson-Darling Normality Test
A-Squared 3,66
P-Value <0,006
Mean 11457
StDev 4890
Variance 23913039
Skewness  0,880296
Kurtosis -0,702810
N 54
Minimum 6600
1st Quartile ma
Median 8838
3rd Quartile 15095
Maximum 21997
95% Confidence Interval for Mean
_ 10122 12792
95% Confidence Interval for Median
8191 11950
95% Confidence Interval for StDev
41 6037
95% Confidence Intervals
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Fig. 6. Summary report for Y, series.
Table 3 Real
Coefficients and significance test of the estimated parameters of ARIMA( 1,1). 15000 | —— DES
— WM
Parameter Coef SE Coef T P — ARIMA(1,1,1)
g = ARIMA(2,2,3)
AR1 0.8999 0.1218 7.3900 0.0000 "g_ 12500 -
MA1 0.5075 0.2089 2.4300 0.0020 £
=3
7]
c
8
Table 4 o 10000
Coefficients and significance test of the estimated parameters of ARIMA(, 5 3). a“:’
o
Parameter Coef SE Coef T P ©
2 7500 -
AR1 —1.2374 0.2241 —5.5200 0.0000 w
AR 2 —0.4898 0.2104 —2.3300 0.0260
MA 1 —0.9104 0.2110 —4.3100 0.0000 R
MA 2 ~0.5008 0.2061 —2.4300 0.0200 5000 Period
MA 3 0.7409 0.1461 5.0700 0.0000 ‘ © ~ © o 1 © ~ © o 3
c £ § g2 &2 8 83
& ~ R R 8 & 5 & 8 8
1500 1 Fig. 8. Real coffee consumption and forecasting methods' fits to historical data
ais (in thousands 60 kg bags).
w— ARIMA(1,1,1)
——— ARIMA(2,2,3)
1000 Table 5
Comparison between individual methods on the in-sample analysis.
73 Metrics DES WM ARIMAQ 1.1 ARIMA 32,3
o 1,
= 500-
% MAE 267.9937 280.3940 260.5738 243.8930
[ MSE 128,080.9566 153,362.5660 128,743.9337 100,477.9804
© RMSE 357.8840 391.6153 358.8090 316.9826
0+ - MASE 1.0988 1.1497 1.0684 1.0000
RMSPE 4.4852 4.8891 4.4591 3.9684
MAPE 3.2405 3.3531 3.1188 2.9461
SMAPE 0.0328 0.0340 0.0316 0.0296
-500 Ul 0.0188 0.0206 0.0189 0.0167
U2 0.0376 0.0411 0.0377 0.0333
i — i i ) ] i i b VAR 129,530.4380  156,803.8746  129,075.6035  102,036.0894
o o~ ©
g N S 3 g > -3 8 § SD 359.9159 395.9847 359.2709 319.4309
8 ~ Hd (- S 5 b -4 2 8 MdAE 243.6130 173.5543 211.0836 207.2514
MdAPE 2.5630 2.1440 2.3914 2.2063
Fig. 7. Residues' time series plot of forecast methods (in thousands 60 kg bags). SMAAPE  0.0256 0.0214 0.0239 0.0221
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Fig. 9. (a). Experimental region represented by four-component tetrahedron. (b). Simplex-Lattice design {4, 5} on the four plane triangular faces of a tetrahedron.

component representing the vertex of a tetrahedron with four plane
triangular faces. The set of the points defined in the simplex lattice
region describes the possible proportions of the mixtures to combine the
components. The simplex lattice in the four plane triangular faces of the
tetrahedron is shown in Fig. 9b.

Step 4: Fourteen (j = 14) (MAE, MSE, RMSE, MASE, RMSPE, MAPE,
sMAPE, Ul, U2, VAR, SD, MdAE, MdAPE and sMdAPE) were calculated
for each of the 61 combined residues series. The benchmark method
(random walk) chosen was the ARIMA(; » 3), since it was the individual
method that obtained better accuracy and lower variability of the re-
siduals in-sample analysis (Table 5).

Step 5: The PCFA was used to further dimensionality reduction,
using principal components. As can be seen in the Table 6, only PC; and
PC, presented eigenvalues greater than one, determining the extraction
of only 2 factors (¢ = 2) based on Kaiser's rule (1960).

Table 7 presents the sorted rotated factor analyze model generated
with the use of principal components, Varimax rotation as extraction
method and based on correlation matrix of the 14 metrics.

The factor analyze model in Table 7 and the loading plot in Fig. 10
showed that MAE, MSE, RMSE, MASE, RMSPE, MAPE, sMAPE, U1, U2,
VAR and SD metrics defined Factor 1 because they had high loadings on
it and small or negligible loadings on Factor 2. While MdAE, MdAPE
and sMdAPE metrics defined Factor 2 because it had high loading on it
and small or negligible loadings on Factor 1. The high values of com-
munalities in Table 7 displayed that the two factors together explain a
high percentage of variability from each metric. In addition, total factor
model explained 97.6% of the total variance of these 14 metrics, which
demonstrated that it properly represented them. Because there were
many high loadings in Factors 1 and 2, two factor scores series were
produced — FS; and FS,. FS; series represented MAE, MSE, RMSE,
MASE, RMSPE, MAPE, sMAPE, Ul, U2, VAR and SD metrics, and FS,
series represented MdAE, MdAPE and sMdAPE. The dendrogram in
Fig. 11 and the loading plot in Fig. 10 confirmed these representations.

Table 6

Correlation matrix's eigenanalysis.
Principal Components PG, PC, PCs3 PCy PCs
Eigenvalues 10.438 3.227 0.226 0.102 0.003
Proportion 0.746 0.230 0.016 0.007 0.000
Cumulative 0.746 0.976 0.922 0.999 1.000
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Table 7
Factor analyze model.
Function Loadings Communalities
Variable Factor 1 Factor 2
RMSPE 0.995 —0.069 0.994
MSE 0.993 —-0.079 0.993
U1 0.993 —0.064 0.990
U2 0.993 —0.072 0.991
RMSE 0.993 —0.072 0.991
SD 0.992 —0.105 0.994
VAR 0.991 —-0.112 0.995
MASE 0.936 0.318 0.976
MAE 0.936 0.318 0.976
SMAPE 0.927 0.341 0.975
MAPE 0.911 0.370 0.967
sMdAPE 0.088 0.977 0.962
MdAPE 0.069 0.971 0.948
MdAE —0.116 0.948 0.911
Variance 10.366 3.299 13.665
% Var 0.740 0.236 0.976
FS2
1.0 sMdAPE
! e MdJAPE
0,8
s
S 06
o
o
'S
°
c 04 MAPE sMAPE
8 MASE
@D MAE
0w
0,2
RMSE
0,0 FS1 ~ mse
£ RMSPE y1
u2
VAR SD
0,0 0,2 0,4 0,6 0,8 1,0

First Factor

Fig. 10. PCFA loading plot of 14 metrics, FS; and FS..

The dendrogram, in Fig. 11 was generated through the use of Ward's
linkage method with absolute correlation distance measure in cluster
analysis to discover natural groupings of the items (or variables) based
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Fig. 11. Dendrogram for similarities of 14 metrics, FS; and FS».

on minimizing the ‘loss of information’ from joining two groups taken
to be an increase in an error sum of squares criterion (Johnson and
Wichern, 2007). The FS; and FS, series can be viewed into the ex-
perimental design in Table C1 and C2 in Appendix C.

As can be observed in Tables 8 and 9, FS; and FS, showed positive
correlation with the metrics that each represented. This fact determined
that the objective function to be modeled of FS; and FS, with the use of
DOE-M should be minimized together when applying the NBI routine in
Step 7 to calculate Nadir and Utopia points in Payoff matrix (®).

Step 6: The 61 sets of weights combined with FS; and FS, series
formed the experimental design (shown part in Table C-1 in Appendix C
at the end of this article), and, consequently, the designs of the response
surfaces ¢FS;, for FS; series, and ¢FS., for FS, series. Figs. 12 and 14
demonstrate a three-dimensional view that may provide a clearer pic-
ture of the response surfaces (3D Surfaces Plots) generated through of
experimental design. The exploration of the response surfaces ¢FS; and
¢FS, over the simplex region design provided the proper polynomial

quadratic mixture (functions objectives) FS; (W) (Eq. (22)) and FS,
(W) (Eq. (23)) to approximate the surface over the region of interest. In
both cases, the model fitting method was a mixture regression with
backward eliminator; analyze components in pseudocomponents and

\
quadratic terms. FS; (W) and FS, (W) responses values denote, re-
spectively, the predicted or estimated value of FS; and FS; responses for
a given set of weights W (W 1,1y, W(2,2,3), WoEs) and wewwn)-
o
FS; (W) = 0.984wpgs + 3.025wy, + 0.764W(1,1,1) — 1.450 W(2.2,3)
- SZSS(WDES X WWM) - 0889(WDES X W(Ll,l))

- I.SSZ(WDES X W(2,2,3)) - 2.048(WWM X W(l,l,l))
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Table 9
Positive correlations between MdAE, MdAPE and sMdAPE with FS,,
MdAAE MdAAPE sMdAPE FS,
FS; —-0.116 0.069 0.088 1.000
ES, 0.948 0.971 0.977 0.000
Hold Values
ARIMA(1,1,1)= 0
DES
0,00
ARIMA
1,00 (2,2,3)

~
Fig. 12. Mixture surface plot of FS;(W).

FS1 (W)
= < 1,73737
W -1,73737 - -1,26111
M -1,26111 - -0,78484

M -0,78484 - -0,30858 DES
-0,30858 - 0,16768 1
0,16768 - 0,64395
0,64395 - 1,12021

W 1,12021 - 1,59647

B 1,59647 - 207273

W 207273 - 2,54900

B 2,54900 - 3,02526

| | > 3,02526

Hold Values

WDES = 0,00675083
WWM = 0,394219
W(2,2,3) = 0,599030
FS1 (W) = -1,43796

wian=0 0O

1
= 7.403(Wwm X Wp3) — 3141w X We2s) (22) WM ARIMA(2,2,3)
7~ i i lot of 3
FS,(W) = 1.950 wpgs — 0.864 wyypy + 1.237 w1y + 0.638 Waa3) Fig. 13. Mixture contour plot of FS,(W).
— 3311 (WDES x WWM) — 1564 (WDES X W 1)) Mixture Contour Plots in Figs. 13 and 15 show ranges of intervals
w N\ N
containing the values assumed respectively by FS; (W) and FS, (W),
_ _ as well as the corresponding set of weights at each point of the Figure.
2.935 (WWM X W(l,l,l)) 7.343 (WWM X W(z,z,:‘,)) ) i P '
Regarding the adjustment of the models, for FS; (W) function the
5980 » R?Adj (adjusted coefficient of multiple determination R?) was 99.79%,
-2 w w . . . g
LD @23 23) which means that it explained about 99.79% of the variability observed
Table 8
Positive correlations between MAE, MSE, RMSE, MASE, RMSPE, MAPE, sMAPE, U1, U2, VAR and SD with FS;.
MAE MSE RMSE MASE RMSPE MAPE SMAPE Ul U2 VAR SD
FS; 0.936 0.993 0.993 0.936 0.995 0.911 0.927 0.993 0.993 0.991 0.992
FS, 0.318 -0.079 -0.072 0.318 —0.069 0.370 0.341 —0.064 -0.072 -0.112 -0.105
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Fig. 14. Mixture surface plot of ﬁz w).
FS2 (W) DES
m < 1,70 1
W 1,70 - 1,36
M 1,36 - -1,02
W 1,02 - -0,68
0,68 — -0,34
0,34 — 0,00
0,00 - 0,34
W 034 - 068
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W 102-136 | AN 00 L _______
M| 136 - 170 0 0 | WDES=0,00307710 |
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Hold Values ! FS2(W)=-1,72559 1
w(1,1,1)= 0 gresEssEmnE e

1
ARIMA(2,2,3)

A
Fig. 15. Mixture contour plot of FS,(W).

N\
in the responses. The FS, (W) function explained about 88.65% of the
variability in the responses. In relation to the R-Sq (PRED), statistic that
gives some predictive indication capability of the regression model, the

\
FS; (W) explained about 99.72% of the variability in predicting new

observations, while fS\z (W) explained 85.41%. Therefore, all the
models have a satisfactory overall predictive capability to explain a
high percentage (99.72% and 85.41%) of the variability in new data.
The Run-Chart residues' series did not detect trends (0.055 and 0.050),
oscillation (0.975 and 0.950), mixtures (0.740 and 0.740), and clus-
tering (0.260 and 0.260) in their data, since all P-values were greater
than 0.050. The Augmented Dickey-Fuller statistic test, with P-va-
lues < 0.05 (0.000 and 0.000), proved that the residues series has not
unit root, and the process can be considered statistically stationary.
Besides that, for ﬁ (W) and fS\z (W) the P-values for the Anderson-
Darling test were greater than the chosen significance level of 0.05
(0.898 and 0.829), accepting the hypothesis that the residues following
a normal distribution. With tests carried out so far, the residuals series
of ﬁ (W) and fS\z (W) proved be Gaussian white noise, with un-
correlated observations, constant variance and normally distributed.
Table 10 shows the ANOVA for the ﬁl(W) and ﬁz(W) quadratic
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A

models. The P-Values revealed that all terms of FS;(W) were statisti-
~

cally significant at a 5% level. FS,(W) presented one term with P-Value

slightly higher than 0.05 (0.096), but it was decided to use ﬁz(W)
because the tested model with the term's exclusion did not show better
statistical results.

The trace curves of each component in Cox trace plots in Figs. 16
and 17 presented how the changes' proportions from each of the four
components (Wpgs, Wwm, Wa,1,1) and Wz 2 3)) in the mixture designs

affected, respectively, FS; (W) and FS, (W) estimated responses. In
each response trace plot, the intersection of four lines represented the
reference blends of Y4. Moving from zero to the right shows the relative
proportion of a component increasing and moving from the left to zero
shows the relative proportion of a component decreasing, as the other
components are held in equal proportions. In Fig. 16 it can be seen that
when the proportion of ARIMA(; 5 3 increases in the mixture (in the

combination), the value of FS, (W) decreases, and when the ratio of

\
ARIMAq 1,1y, DES or WM increases the value of FS; (W) increases.
Considering Fig. 17, when the proportion of DES and ARIMA 11y, in-

creases in the mixture, FS, (W) predicted response also increases, and
when the proportion of WM increases, FS, (W) decreases. Initially

additions of ARIMA(,,3) in the combination decrease the ﬁ w)
responses, but from a certain proportion (about 0.2) increase the values
thereof.

Step 7: NBI was applied for problem optimization. The Payoff ma-
trix (®) was calculated, according to Eq. (9), resulting in the matrix
shown in Eq. (24), where the main diagonal was formed by the optimal

N\ 7\
values of the FS; (W) and FS, (W) individual minimization, that is, by
the Utopia points. The Nadir points formed the secondary diagonal.
FS,(W) and FS,(W) normalized objective functions were then per-
formed as in Eq. (25), using Eq. (10).

. [— 1739 — 0.528]

—0.824 —2.025 24)

7\
= _ FSi(w) = (= 1.739)
F) ESi(w) = 0.528 — (—1.739)

N\
FSy(w) — (2.025)

FS,(w) = —0.824 — (— 2.025)

(25)

The NBI minimization procedure was applied for the system of
equations as described in Eq. (13), employing the GRG algorithm and
using increments of 5% for the weight distribution (w). As though DOE-
M was used, the sum of the (w11), We23), Wpes, Wwwm) variables is a
constraint and must be equal to 1. Table 11 presents the results found
for the NBI routine, with the normalized values FS,(W) and FS,(W),

N\ /\
the predicted values FS; (W) and FS, (W), and the weights assigned
for each forecast methods. Fig. 18 display the Pareto frontier obtained
with these results.
In the 21 Pareto optimum solutions found, DES and ARIMA 4 7 1) did
not participate in the combination, since they added to the combination

(mixture) contributed to increase both the values of FS; (W) and FS,
(W) responses, as can be seen in Figs. 16 and 17. It is worth re-

/\
membering that respectively increasing or decreasing the value of FS;
(W) responses also means respectively increasing or decreasing MAE,
MSE, RMSE, MASE, RMSPE, MAPE, sMAPE, Ul, U2, VAR and SD me-

trics. Likewise, increasing or decreasing respectively the value of fS\z
(W) responses also means respectively increasing or decreasing MdAE,
MdAPE and sMdAPE median performance metrics. In the Pareto op-
timal solution of (v = 1), in the first line of Table 11, it was given zero

as weight to FS; (W) objective function (w; = 0) and one to FS, (W)

(1 - w;=1), i.e. only FS, (W) took part in the joint minimization
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Table 10

7~ 7~
ANOVAS for FS;(W) and FS,(W).
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Source . o . o
ANOVA for quadratic model of FS;(W) ANOVA for quadratic model of FS>(W)
DF Adj SS Adj MS F P-Value DF Adj SS Adj MS F P-Value
Regression 9 59.891 6.546 3123.65 0.000 8 54.098 6.762 58.580 0.000
Linear 3 21.598 7.199 3379.34 0.000 3 10.361 3.454 30.430 0.000
Quadratic 6 10.031 1.672 784.72 0.000 5 8.840 1.768 15.580 0.000
WeoEs) X Wewmn 1 3.629 3.629 1703.35 0.000 1 1.458 1.458 12.840 0.001
WoEs) X W11 1 0.103 0.103 48.15 0.000
WEs) X Wz2.3) 1 0.325 0.325 152.40 0.000 1 0.325 0.325 2.870 0.096
Wewmn X W11 1 0.544 0.544 255.42 0.000 1 1.118 1.118 9.850 0.003
Wy X Wz,2.3) 1 7.112 7.112 3338.33 0.000 1 7.169 7.169 63.170 0.000
W11 X Wa23) 1 1.280 1.280 600.84 1 1.181 1.181 10.400 0.002
Residual Error 51 0.109 0.002 52 5.902 0.114
Error 60 60.000 60 60.000
3 Comp:RefBlend (v = 1) to the other solutions, it can be seen that th%ore weight (w;) is
- i a;s::,zzss attributed to FS; (W) and less weight (1-w;) to FS, (W) in the NBI
—_— :z:::(;-;.;)fg.gg process, the weight given to the ARIMA, » 3y increases and the WM
2 o e decreases in the other Pareto optimal solutions found (Table 11 and
Fig. 16). This is because it is ARIMA( 5 3y which further decreases the
\
E value of FS; (W) as more as it is being added in the combination, as in
- 1 Fig. 16.
Q Fig. 19-a shows that the larger the weight provided to the function
\ N\
8 FS; (W) in the NBI process, the smaller the FS; (W) responses. And so
£o0 /N
ic that FS, (W) responses to be smaller, higher should be the ARIMA, 2 3)
weight in the combination (Fig. 19-b). Taking SD for example, one of
1 the metrics that objective function FS; (W) represents, the smaller the
\
value of FS; (W) due to the increase of w(z 5 3) in the combination, the
lower is the SD value (Fig. 19-c). On the other hand, the higher w;, the
- \
2 ' higher the values of FS, (W) responses (Fig. 19-d), since the weights of
0,2 & 0,0 0,2 0’4. °'6~ 08 WM in the combination will be smaller (Fig. 19-e). In addition, the
deviation from reference blend in proportion smaller the WM weights (wyy,), the larger will be, for example,
Fig. 16. Cox trace plot of FS; (W). MdAMAE, which objective function FS, (W) represents (Fig. 19-f).
To find the best solution among the 21 Pareto-optimal solutions in
Table 11, for each one of them was calculated the respective Sz In
2,0 Comp:RefBlend thi h £ ioh ith ioh h d
DES = 0,25 is case, each set of W; weights, with two weights each (w; and 1-w)) as
WM =0,25 in Table 8, were diversified using Eq. (15). In order to calculate the
15 ——— ARIMA(1,1,1)= 0,25 7
4 w—— ARIMA(2,2,3) = 0,25 GPE,,; for each of the 21 Pareto-optimal responses, the FS; (W) was
minimized, obtaining the minimum or target value (Tf;) of (—1.739). In
1,0 s L . .
§* addition, FS, (W) was minimized, obtaining the minimum or target
< N\
N 05 value (Tz) of (—2.025). Then, taking the values of the FS; (W) and
2] s
: FS, (W) Pareto-optimal responses in Table 11, GPE, was calculated
g 0.0 according to Eq. (14). Table 11 shows that the best combination (FA-
T NBI combination), among the 21 Pareto-optimal solutions, was of
v = 11, with weights of 0.400 assigned to WM and 0.60 to ARIMA; 5 3),
0,5 since that this solution presented the highest relation (Stotal/GPErotal)
(0.934). The FA-NBI's errors were normally distributed, with P-Value of
1,0 0.104 and (K-S) statistic of 0.124 in Kolmogorov-Smirnov normality

0,2 0,0 0,2 0,4 0,6 038
deviation from reference blend in proportion

Fig. 17. Cox trace plot of FS; (W).

process of the NBI. Consequently, to WM was given more weight in the
combination because it is the forecasting method that most contributes

\
to the minimization of FS, (W) as it is added to the combination (the
mix), which can be observed in Fig. 17. From the optimal solution

test. There was also no autocorrelation or partial autocorrelation be-
tween them. The Augmented Dickey-Fuller statistic test, with P-Va-
lues < 0.05 (0.003) and t-statistic of 5.457 proved that the residues
series had no unit root and the process could be considered statistically
stationary. The P-Values of Run-Chart test did not detect trends (0.691),
oscillation (0.309), mixtures (0.941) and clustering (0.059) in error's
series.

The forecast equation by the FA-NBI combination is described in Eq.
(26).

)A][(NBI—FA) = 0'40ﬁtWM + 0.60 )A]tARIMA(ZYZB) (26)
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Table 11
Optimization results and (S/EPG) relation for each Pareto-optimum response.
v w; 1-w; FS; (W) FS,(w) ﬁl w) ﬁz w) W(DES) Wowam We1,1,1) W(z,2,3) STotal EPG (rotan) S/EPG
1 0.00 1.00 1.000 0.000 —-0.528 —2.025 0.000 0.602 0.000 0.398 0.696 1.728 0.001
2 0.05 0.95 0.903 0.003 —0.646 —2.022 0.000 0.582 0.000 0.418 0.630 1.621 0.137
3 0.10 0.90 0.810 0.010 —0.758 —2.013 0.000 0.562 0.000 0.438 0.570 1.518 0.248
4 0.15 0.85 0.723 0.023 —0.864 —1.998 0.000 0.542 0.000 0.458 0.517 1.419 0.355
5 0.20 0.80 0.640 0.040 —0.964 -1.977 0.000 0.521 0.000 0.479 0.469 1.324 0.463
6 0.25 0.75 0.563 0.063 —1.058 —1.950 0.000 0.501 0.000 0.499 0.429 1.234 0.570
7 0.30 0.70 0.490 0.090 —1.146 -1.917 0.000 0.481 0.000 0.519 0.395 1.151 0.672
8 0.35 0.65 0.423 0.123 —-1.228 —1.878 0.000 0.461 0.000 0.539 0.367 1.074 0.766
9 0.40 0.60 0.360 0.160 —1.303 —1.833 0.000 0.440 0.000 0.560 0.346 1.005 0.846
10 0.45 0.55 0.303 0.203 —-1.373 —-1.782 0.000 0.420 0.000 0.580 0.331 0.946 0.903
11 0.50 0.50 0.250 0.250 —1.437 —-1.725 0.000 0.400 0.000 0.600 0.322 0.899 0.934
12 0.55 0.45 0.203 0.303 —1.494 —1.662 0.000 0.380 0.000 0.620 0.320 0.866 0.932
13 0.60 0.40 0.160 0.360 —1.546 —1.593 0.000 0.360 0.000 0.640 0.325 0.838 0.899
14 0.65 0.35 0.123 0.423 —-1.591 —1.518 0.000 0.339 0.000 0.661 0.336 0.832 0.837
15 0.70 0.30 0.090 0.490 —1.630 —1.436 0.000 0.319 0.000 0.681 0.353 0.864 0.751
16 0.75 0.25 0.063 0.563 —1.664 —1.349 0.000 0.299 0.000 0.701 0.377 0.899 0.647
17 0.80 0.20 0.040 0.640 —-1.691 —1.256 0.000 0.279 0.000 0.721 0.408 0.938 0.533
18 0.85 0.15 0.023 0.723 —-1.712 -1.157 0.000 0.258 0.000 0.742 0.444 0.982 0.413
19 0.90 0.10 0.010 0.810 -1.727 —1.052 0.000 0.238 0.000 0.762 0.488 1.035 0.290
20 0.95 0.05 0.003 0.903 —-1.736 —0.941 0.000 0.218 0.000 0.782 0.537 1.108 0.160
21 1.00 0.00 0.000 1.000 -1.739 —0.824 0.000 0.198 0.000 0.802 0.593 1.210 0.001

The overlaid contour plots (Fig. 20) displays that the optimal so-
lution found, represented in the line 11 of the Table 11 (v = 11), lies

within the feasible region, since the restrictions referring to FS; (w)

\
and FS, (w) were all satisfied.

It should be noted that in addition to the solution of v = 11 (the best
FA-NBI solution found) all the other 20 points of the Pareto frontier also
provided optimal solutions. The simultaneous multiple objectives' op-
timization point of v = 11 was the best solution considering the highest
relation (Stotal/GPErotal) criterion. This is what made the optimal so-
lution of v = 11 the best solution to the problem, that is, to forecast
coffee demand in Brazil using FA-NBI combination method.

To illustrate this statement, the Fig. 21 shows the values of MAE,
RMSE, U2, MdMAE, sMdAPE and SD in each of the 21 Pareto-optimal
solutions, where each of these cannot be considered better or worse
than the others. In addition, it also shows the increase or decreases in
the values assumed by these metrics when moving from one Pareto-
optimal solution towards another. MASE, MAPE and sMAPE metrics do

not appear in the Fig. 21 because they presented the same evolution of
MAE. For the same reason, MSE and RMSPE were also omitted because
they were represented by RMSE. Similarly, Ul was represented by U2,
VAR was by SD, and MdAPE by sMdAPE. It is clearly seen that the
vector of feasible solutions (v = 11) is Pareto-optimal, since there is no
feasible point which can reduce any of the objective functions (metrics)
without causing the simultaneous increase of, at least, another objective
function. As an example, it is noticed that it is not possible to reach a
solution in which SD or VAR is smaller (Fig. 21-f) without increasing
the RMSE value (Fig. 21-b) and, consequently, those of MSE and
RMSPE. Likewise, it was not possible to reduce SD or VAR without
increasing the value of U2 (Fig. 21-c) and therefore U1, which is re-
presented by U2 in Fig. 21.

Step 8: In out-of-sample forecasting analysis (cross-validation) was
done a comparative analysis between the made forecasts and the actual
coffee's consumption that took place for the periods 2006/2007 to
2017/2018. It was FA-NBI combination that got, on average, better
performance (accuracy) than DES, WM, ARIMA; 1 1) and ARIMA; 5 3),
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considering MAE, MSE, RMSE, MASE, RMSPE, MAPE, sMAPE, Ul, U2,
MdAE, MdAPE and sMdAPE performance metrics (Table 12). In addi-
tion, FA-NBI also presented the lowest VAR and SD of the forecast er-
rors than WM and ARIMA(j 1), but larger than DES and ARIMA; 5 3).
As can be seen in Fig. 20, the decrease of SD and VAR precision metrics
would only be possible with the increase of MSE, RMSE, RMSPE, Ul
and U2 performance metrics. That is, to improve the precision one has
to sacrifice performance and vice versa.

The performance and precision of FA-NBI combination method were
compared with those of other weighting methods - AVG, RB, BG/D with
COV and BG/D without COV. Considering RB, the weights were esti-
mated by linear regression and constrained to sum 1, without taking

Approximatin of the
best solution

FS1 (W) = -1,43639
FS2 (W) =-1,73325
W(2,2,3) =0,59986
W(1,1,1) =0,00000
W(DES) =0,00037
W(WM) = 0,39979

Feasible
Region 182
0,7

into account the constant term (Eq. (20)). In order to calculate the
weights using BG/D with COV in Eq. (18) was used a complete matrix X
containing the error variances of each of the four methods on the main
diagonal and the covariance between the errors of these methods in the
other terms. Differently, to calculate the weights using BG/D without
COV, only the variances were considered in main diagonal matrix X,
being the covariance between the errors series equal to zero. The
weights for AVG, RB, BG/D with COV and BG/D without COV are in the
Table 13. Table 12 indicates that FA-NBI presented better performance
than all other weighting methods with respect to MAE, MSE, RMSE,
MASE, RMSPE, MAPE, sMAPE, Ul and U2 mean metrics, but larger
MAAE, MdAPE and sMdAPE median metrics than BG/D without COV.
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Fig. 20. Overlaid contour plot of FS; and FS,.
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In terms of precision, FA-NBI presented higher SD and VAR than AVG,
RB and BG/D without COV.

The DM tests results in Table 14, based on the absolute and squared-
error loss, indicated that there is significant statistic difference in re-
lation to the prediction performance (accuracy) between the proposed
method FA-NBI and DES, WM, ARIMA; 1 1), ARIMA (3 5 3), AVG, RB and
BG/D with and without COV compared methods. Since DM statistics
values for the comparisons between FA-NBI with individual and
weighting methods were greater than Z-value, the DM tests' Hy hy-
pothesis (both forecasts have the same accuracy) were rejected at the
5% level of significance (presenting all P-values < 0.05). Thus, the
alternative hypotheses were accepted, proving that the forecasts do not
have the same accuracy.

In order to test the FA-NBI's applicability and feasibility in relation
to other series of different coffee consumption series' characteristics
(Fig. 5), which has a positive upward trend but without seasonality, two
tests were performed, one making use of real series with trend and

Table 13

Weights' set for weighting methods for consumption.
Weighted Methods DES WM ARIMA( 1,1y ARIMA(3 5 3)
FA-NBI 0.0000 0.4000 0.0000 0.6000
AVG 0.2500 0.2500 0.2500 0.2500
RB 0.0000 0.0000 0.0000 1.0026
BG/D with COV 0.5832 0.6808 —1.1493 0.8853
BG/D without COV 0.2491 0.2058 0.2441 0.3010

variability, and another with simulated series. In consequence it was
examined the capability of FA-NBI for other linear time series using
both simulated and real data, proving that FA-NBI is quite competent in
modeling and forecasting linear time series in a variety of situations.
Each combination using FA-NBI was composed of three time-series
methods chosen using the MINITAB software package. The 25 sets of
weights to make the residues' combinations came out of a simplex-

Table 12
Comparison between individual and other weighting methods with FA-NBI in coffee's consumption out-of-sample analysis.
FA-NBI DES WM ARIMA (1,1,1) ARIMA (2,2,3) AVG RB BG/D BG/D
with COV without COV

MAE 482.60 731.10 568.33 1737.98 577.32 741.08 537.63 1237.15 761.60
MSE 319,959 680,278 392,122 3,631,493 478,496 674,916 427,733 3,270,028 706,442
RMSE 565.65 824.79 626.20 1905.65 691.73 821.53 654.01 1808.32 840.50
MASE 1.000 1.515 1.178 3.602 1.196 1.536 1.114 2.564 1.578
RMSPE 2.934 4.239 3.089 9.324 3.583 4.188 3.385 8.592 4.280
MAPE 2.516 3.775 2.861 8.675 3.008 3.802 2.801 5.973 3.904
sMAPE 0.026 0.039 0.028 0.091 0.031 0.039 0.029 0.056 0.040
U1l 0.015 0.022 0.016 0.051 0.018 0.022 0.017 0.045 0.022
u2 0.029 0.042 0.032 0.098 0.036 0.042 0.034 0.093 0.043
VAR 244,064 159,027 423,103 666,473 179,119 137,152 180,540 2,200,563 137,904
SD 494.0 398.8 650.5 816.4 423.2 370.3 424.9 1483.4 371.4
MdMAE 479.0 677.7 555.8 1949.4 521.0 656.8 474.5 377.7 674.4
MdAPE 2.522 3.482 2.785 9.605 2.835 3.478 2.585 1.999 3.569
sMdAPE 0.025 0.035 0.028 0.101 0.029 0.035 0.026 0.020 0.036
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Table 14
DM tests between FA-NBI and individual and weighting methods.

International Journal of Production Economics 212 (2019) 186-211

Table 16
Weights' set for weighting methods for coffee's production and exportation
series.

Methods Absolute error Squared error
Methods Production Exportation
Statistic P-Value Statistic P-Value
Weighted/ QTM  DES WM ARMA (1,1) DES LTM
DES —6.1980 0.0001 —3.8738 0.0026 Individual
WM —5.8796 0.0001 —3.7761 0.0031
ARIMAq 1,1 —4.6606 0.0007 —3.0154 0.0118 FA-NBI 0.6966 0.0733 0.2301 0.0000 0.4721 0.5279
ARIMA(2,2,3) —5.8796 0.0001 —3.7761 0.0031 AVG 0.3333  0.3333 0.3333 0.3333 0.3333 0.3333
AVG —4.8867 0.0005 —3.1261 0.0096 RB 1.4451 -0.7261 0.2700 -—0.1741 0.0557 1.1084
RB —5.1569 0.0003 —3.4380 0.0055 BG/D with COV 1.4494 -0.7170 0.2675 —0.1526 0.0528 1.0998
BG/D with COV —4.4876 0.0009 —2.9317 0.0136 BG/D without 0.4225 0.3260 0.2515 0.3369 0.2829 0.3801
BG/D without COV —4.9470 0.0004 —3.1615 0.0091 Ccov
60000 —— Real production lattice {3.5}. The rest of the procedures were identical to find the
S— 2’;‘35“')::223:‘5 combination to predict the demand for coffee.
50000 DES forecasts In the first test based on real series, the actual values of the coffee's
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Brazilian production from 1965/66 to 2006/07 (Real production in
Fig. 22), made available by ICO (2018), were used to forecast pro-
duction for 2007/08 to 2017/18 periods using FA-NBI. The coffee's
production series data present trend and variability with one year in-
creasing and other decreasing. The other real series used was the cof-
fee's Brazilian exportation from 1965/66 to 2002/03 (Real exportation
in Fig. 23), also available from ICO (2018), to forecast from 2003/04 to
2017/18 periods. The exportation series follows the production series
in positive trend and variability. In this cases, the three individual
methods selected in the MINITAB package to be combined are in
Table 15.

Table 16 brings the weights' set for FA-NBI combination and for
other weighting methods for production and exportation series.

Figs. 22 and 23 display the forecasts of these three methods and FA-
NBI compared to the actual values. Table 17 compares the FA-NBI's
performance and precision with the individual forecasting methods and
with weighting methods in out-of-sample analysis, concerning pro-
duction and exportation series. All the complete numerical compar-
ison's Tables are in supplementary materials.

In Tables 12 and 17, it was observed that FA-NBI presented accep-
table results in terms of performance and precision when applied in
series with trend and variability (non-stationary time series). It should
be noticed that Table 2 shows the main metrics used in the literature to
make comparisons between forecasting methods. It can be observed
that the most used metrics are MAE, MSE, RMSE, MAPE, sMAPE and
MASE. Considering these six metrics, FA-NBI, in Table 16, overcomes
all the individual methods used to combine and all the methods to find
weights' combinations. Fig. 24 demonstrates a tendency for Brazilian
coffee's production to increase more than domestic and external coffee's
demand based on FA-NBI forecasts.

In the second applicability and viability test, Figs. 25-30 show a
collection of linear time series implemented and simulated to test FA-
NBI method in this present study. In each case, the errors &: N (0,1) are
assumed to be random variables independent and identically dis-
tributed (IID). These six time series were chosen to represent a variety
of problems that have time series with different characteristics. The
time series in Figs. 25-28, taken from Montgomery et al. (2008), have

The three individual selected forecasting methods for production and exportation series.

Series Selected Individual methods

Production ~ QTM* with fitted trend equation of DES (a and f of 0.291522 and WM (a, B and vy of 0.31, 0.31 and 0.23 respectively, with
(Y; = 23885 — 411t + 19.51¢2) 0.106042 respectively). length of seasonality 2).

Exportation ~ARMA( 1) DES (a and S8 of 0.432264 and LTM** with fitted linear trend equation of

0.092629 respectively).

(Y; = 11616 + 287¢)

QTM*: Quadratic Trend Model.
LTM**: Linear Trend Model.
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Table 17

International Journal of Production Economics 212 (2019) 186-211

Comparison between individual and other weighting methods with FA-NBI in coffee's production and exportation out-of-sample analysis.

Series Means' perforfance metrics Median's performance metrics Precisions' metrics
Production  Better than all individual and weighting methods. Better than DES and WM. Better than all individual methods, AVG and
BG/D without COV.
Better than all weighting methods. Worse than RB and BG/D with COV.
Worse than QTM.
Exportation  Better than all individual and weighting methods, except LTM, RB and  Better than all individual methods, Better than all individual methods, except DES.

BG/D with COV in RMSPE metric.

except DES.

Better than all weighted methods.

Better than all weighted methods.

Mean's performance metrics: MAE, MSE, RMSE, MASE, RMSPE, MAPE, sMAPE, Ul and U2.

Median's performance metrics: MAAE, MdAPE and sMdAPE.
Precision's metrics: SD and VAR.
Weighting's methods: AVG, RB, BD/D with COV and BG/D without COV.
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Fig. 24. Real series of coffee's consumption, production and exportation with
respective FA-NBI forecasts.
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Fig. 25. Simulated time series describing the first order moving average MA
(1), with equation of (Y; = 40 + ¢ + 0.8g_,).

pure autoregressive (AR) or pure moving average (MA) correlation
structures, representing stationary process. The MA series reveal that
the mean and variance remain stable while there are some short runs
where successive observations tend to follow each other for very brief
durations, suggesting that there is indeed some positive autocorrelation
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Fig. 26. Simulated time series describing the second-order moving average MA
(2), with equation of (Y, = 40 + & + 0.7g,_; — 0.28¢,_5).

in the data. It can be observed, therefore, some short runs during which
observations tend to move upward or downward. As opposed to the MA
series, however, the duration of these runs tends to be longer and the
trend tends to linger in AR series (Montgomery et al., 2008). FA-NBI
was also tested in time series with mixed AR and MA components -
ARMA (1,1) process in Fig. 29, and with seasonal time series — SARIMA
(1,1,1) (1,1,1)15 process with length of seasonality 12 (Fig. 30), both
equally available in Montgomery et al. (2008).

The three individual selected forecasting methods for each of the six
simulated series are in Table 18.

The FA-NBI combination weights for MA (1), MA (2) and AR (1)
series are in Table 19, and for AR (2), ARMA (1,1) and SARIMA (1,1,1)
(1,1,1)1, in Table 20.

As noticed in Table 21 that FA-NBI also obtained, on average, good
performance and precision in the comparisons. In results' view pre-
sented by FA-NBI in Tables 12, 16 and 21 it has been demonstrated that
it can be applied successfully to find the time series combination's
weights in series with different characteristics.

The complete tables bringing the comparisons of FA-NBI with the
other methods, in view of their application in simulated series, are in
supplementary materials.



L.A. Bacci, et al.

“ i
43 ' A AV
- Wy \
8 42 'y ‘ '\v"\']
S A
- 41
c ]
o i
3 40 : W
] '
@ '
- 39 )
[ i
< i
38 !
37 E Time
1 7 14 21 28 35 42 49 56 63
— AR(1) real series
— FA-NBI forecasts
WM forecasts
— NMDEC forecasts
ARIMA(1,1,1) forecasts

Fig. 27. Simulated time series describing the first-order autoregressive process
AR (1), with equation of (Y; = 8 + 0.8Y,_; + ¢).

45
44
43
42
41

40

AR(2) series and forecasts

39

38

63

28 35 42

AR(2) real series
. FA-NBI Forecasts
~ MDEC forecasts
e DES forecasts
WM forecasts

14 21 49

Fig. 28. Simulated time series describing the second-order autoregressive
process AR (2) with equation (Y; = 8 + 0.4Y,_; + 0.5Y;_, + ¢&).

4. Conclusions

All the steps for the application of FA-NBI combination method were
developed within a case study whose objective was, besides demon-
strating the new method's applicability, to forecast the domestic
Brazilian coffee's consumption. Thus, in the context of time series
methods' combination, PCFA was used to reduce the number of metrics
to be optimized at the same time from 14 to 2. These two metrics - the
FS; and FS, factors scores metrics - represented, with minimal loss of
information, the 14 original metrics of performance and precision,
which allowed us to find the weights' combination not only minimizing
one or two metrics, but the 14 metrics at once. Another important point
was to use DOE-M to model the FS; and FS, objective functions,
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. A A . . . .
generating FS; (w) and FS, (w) mathematical objective functions re-
presentative of the 14 original metrics, without the same joint optimi-

\
zation would not be possible. After, FS; (w) and FS, (w) were si-
multaneously optimized using the NBI multi-objective optimization

routine, being the FS; (w) and FS, (w) joint optimization in reality
represented the joint optimization of the 14 original metrics re-
presented by them. Thus, each of the 21 Pareto-optimal solutions found
using NBI and, consequently, each of the 21 sets of optimal weights
found represented a point at the Pareto frontier in which it would not
be possible to reduce the value of one of the 14 metrics without causing
the simultaneous increase of, at least, another metric. To find the best
among the 21 sets of optimal weights — the FA-NBI combination, a
highlight of the present study was to use the relation (Stotar/GPErotal) in



L.A. Bacci, et al.

Table 18
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The three individual selected forecasting methods for each of the six simulated series.

Series Selected Individual methods
MA (1) ARIMA 1.1 MDEC* with (; = 39.947 + 0.0145t) ARMA,1,
equation and seasonal length of 2.
MA (2) WM (a,  and vy of 0.47, 0.16 and 0.14 DES (a and f3 of 1.02818 and 0.03947 ARMA 1)
respectively, with length of seasonality 2). respectively).
AR (1) WM (a, § and vy of 0.50, 0.05 and 0.18 MDEC with (Y; = 39.947 + 0.0145¢) ARIMA( 1,1y
respectively, with length of seasonality 2). equation and seasonal length of 2.
AR (2) MDEC* with (¥; = 40.126 + 0.0296t) equation DES (a and f3 of 0.689070 and 0.060339 WM (a,  and vy of 0.05, 0.008 and 0.04 respectively, with
and seasonal length of 2. respectively). length of seasonality 2).
ARMA (1,1) WM (a, B and y of 0.27, 0.20 and 0.20 ARMA( 1) QTM with (Y; = 41.145 — 0.1523 + 0.00448¢2) equation.

respectively, with length of seasonality 2).
WM (a, § and vy of 0.35, 0.35 and 0.10
respectively, with length of seasonality 12)

SARIMA (1,1,1)
(1,1,112

ARIMA(; 1,1y

EGTM** with ¥; = 43.2652 X (1.00116) equation

MDEC*: Multiplicative Decomposition Model.
EGTM**: Exponential Growth Trend Model.

Table 19
Weights' set for weighting methods in MA (1), MA (2) and AR (1) series.

Weighted Methods MA (1) series

MA (2) series

AR (1) series

ARIMA MDEC ARMA WM DES ARMA WM MDEC ARIMA
1,1,D 2,1 1D 1,1,D
FA-NBI 0.634 0.366 0.000 0.655 0.021 0.325 0.303 0.121 0.576
AVG 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333
RB —15.064 1.103 14.965 0.492 —0.020 0.532 -0.110 0.051 1.059
BG/D with COV —13.634 1.032 13.602 0.492 —0.023 0.531 -0.119 0.051 1.068
BG/D without COV 0.357 0.285 0.358 0.314 0.348 0.338 0.339 0.184 0.476
Table 20
Weights' set for weighting methods in AR (2), ARMA (1,1) and SARIMA (1,1,1) (1,1,1) series.
Weighted Methods AR (2) series ARMA (1,1) series SARIMA (1,1,1) (1,1,1) series
MDEC DES WM WM ARMA QTM WM ARIMA EGTM
1D 1,1,D
FA-NBI 0.882 0.118 0.000 0.000 0.836 0.164 0.300 0.700 0.000
AVG 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333
RB 0.833 0.746 —0.592 -0.027 0.969 0.058 0.899 —-0.120 0.217
BG/D with COV 0.843 0.746 —0.589 —0.027 0.969 0.058 0.085 0.454 0.461
BG/D without COV 0.281 0.446 0.273 0.165 0.656 0.179 0.075 0.449 0.477

making decision about the choice of the best solution to forecast coffee's
demand. Based on the out-of-sample analysis in Table 12, FA-NBI pre-
sented better means's performance metrics (MAE, MSE, RMSE, MASE,
RMSPE, MAPE, sMAPE, Ul and U2) and better medians's performance
metrics (MdAPE, MdAPE and sMdAPE) than all the individual methods
chosen to combine - DES, WM, ARIMAj 1,1y and ARIMA(; , 3. In com-
parison with the other weighting methods, it obtained better perfor-
mance in means' metrics than all - AVG, RB, BG/D with and without
COV, only being surpassed in medians' metrics by RB and BG/D with
COV. In addition to good performance in numerical terms presented by
FA-NB], it was proved in Table 14 that these gains were statistically
significant based on the DM performed tests. The DM tests proved that
the FA-NBI exhibited a significant statistic improvement of accuracy
(performance) compared to individual and weighting mentioned
methods. In relation to the precision metrics (SD and VAR of errors),
FA-NBI was better than WM, ARIMA, 1,1y and BG/D with COV, but it
was surpassed by DES, AVG, RB and BG/D without COV. But it was
demonstrated in the case that, in view of the joint optimization of
multiple objectives (metrics), to achieve more precision it would be
necessary to sacrifice performance.

Another objective of the paper was to test the applicability and

206

feasibility of FA-NBI in relation to other real and simulated time series
with different characteristics from the coffee demand series. Regarding
the two real series, the coffee production and export were chosen to
make joint analysis with the internal coffee demand. The Fig. 24 ex-
hibited that the trend of coffee production growth is higher than that of
domestic and export consumption, based on the forecasts made by FA-
NBI, pointing to a low possibility of both internal and external market
shortages of coffee. The results presented in Table 16, for coffee pro-
duction and exportation series, and in Table 20 for the six simulated
series showed that FA-NBI, on average, obtained very good results in
terms of performance and precision when compared to individual
methods combined and other weighting methods. As an additional
advantage, FA-NBI adds information from different combined fore-
casting methods, and not just one, allowing the identification of the
underlying process, since these different forecasting models were able
to capture different information's aspects available for prediction. An-
other advantage is that weights of FA-NBI were selected based on 14
objectives, thus making the best use of available information in each of
the 14 metrics. Therefore, the results showed that the approach fol-
lowed in this work can be an effective way to find the weights for a
combination of time series methods.
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Table 21
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Comparison between individual and other weighting methods with FA-NBI considering simulated series in out-of-sample analysis.

Series Means' perforfance metrics Median's performance metrics Precisions' metrics
MA (1) Better than all individual and weighting methods, being Better than MDEC, AVG, RB and BG/D Better than MDEC.
surpassed in MAPE only by RB and BG/D without COV. with and without COV.
Worse than ARIMA(y 1,1y and ARMA(, 1.  Worse than ARIMA( 1,1y, ARMA(, 1) and all
methods to find weights' combination.
MA (2) Better than all individual methods. Better than all individual and weighted  Better than ARIMA( 1,1), RB and BG/D with
methods. COV.
Worse than AVG, RB and BG/D with and without COV in Worse than WM, MDEC, AVG and BG/D without
MSE, RMSE, MAPE and sMAPE. COV.
AR (1) Better than all individual and weighting methods. Better than WM, ARIMA( 1,1), RB and Better than WM, MDEC, AVG and BG/D without
BG/D with COV. COV.
Worse than MDEC, AVG and BG/D Worse than ARIMA(, 1,1), RB and BG/D with
without COV. COV.
AR (2) Better than all individual methods. Better than MDEC and WM. Better than all individual methods, with MDEC
exception.
Better than RB and BG/D with COV in MSE, RMSE and Worse than DES. Better than all weighting methods
RMSPE, and worse in the others.
Worse than AVG and BG/D with COV on all metrics. Worse than all weighting methods.
ARMA (1,1) Better than WM, QTM, AVG and BG/D without COV. Better than all individual and weighting  Better than QTM, RB and BG/D with COV.

SARIMA (1,1,1)

Better than ARMA(, 1), RB and BG/D with COV in MAE,
MASE, MAPE and sMAPE.

Worse than ARMA(, 1), RB and BG/D with COV in MSE,
RMSE, U1 and U2.

Better than all individual methods and BG/D with and

methods.

Better than WM, EGTM and RB.

Worse than WM, ARMA(, 1), RB and BG/D with
COV.

Better than WM, EGTM, AVG and BG/D with

(1,1,1)12 without COV. and without COV.
Worse than AVG only in MAE, MASE, RMSPE and MAPE.  Worse than ARIMA( 1,1), AVG and BG/  Worse than ARIMA( ;1) and RB.
D with and without COV.
Worse than RB just in SMAPE.
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Appendix A. Forecast time series methods

Time series analysis requires only past values of the variable to be predicted. The pattern observed in the past values is expected to provide
adequate information to predict future values. The forecast obtained by averaging methods takes into account the previous observed values of the
variable that one requires to predict. They are methods that typically generate “adaptive” forecasts that adjust automatically to the most recent data
available. Among the weighted averaging methods, Exponential Smoothing (ES) uses decreasing exponential weights from the more recent ob-
servations towards the older (Makridakis et al., 1998). According to Gaither and Frazier (2001), the Single Exponential Smoothing (SES) smooths the
data by computing exponentially weighted averages and provides short-term forecasts. It takes the forecast for the previous period and adds an
adjustment called smoothing constant or “smoothing” of the level or average (a), for the forecast for the next F, ; period. Thus, the forecast equation
for the F, ; forward period is given by F,,; = F, + a (Y,— F,), where Y, - F, is the forecast error of the period prior to one the be predicted. Unlike
SES, the Double Exponential Smoothing (DES) is suitable for use in the presence of trend components and provides short-term forecasts. For this
reason, besides the a parameter (for smoothing the average or level, as in SES), the DES method, also known as Browns' method, also uses the 8
parameter for smoothing the series trend (Gaither and Frazier, 2001). Equation (A.1) (for level), (A.2) (for trend) and (A.3) (for the forecast to m
periods ahead) are required to calculate the forecast in DES method (Makridakis et al., 1998), where L, is an estimate level of the time series in t
period, and b, is the estimate trend of the series in t period.

Li=aY + (1 — a)(Li—y — bi1) (A1)
by =L — Li—1) + Q1 = )b (A.2)
Fam=1L + bm (A.3)

Eq. (A.1) adjusts L, by trend of the b, ; previous period, adding the last smoothed L, ; value to it. This helps to eliminate the delay and takes L, to
the approximate level of current data values. Eq. (A.2) updates the tendency that expresses the difference of the last two smoothed values. This is
appropriate because there is a trend in the data, and the new values should be higher or lower than they are. Since there is some remaining
randomness, the tendency is modified by smoothing, using 8 trend in the (L, - L, ;) last period adding to this last trend estimate multiplied by (1-).
Finally, Eq. (A.3) is used to calculate the forecast for m periods ahead, with the trend (b,) being multiplied by m and added to the L, base value. The
initialization process requires two estimates, one for the first Y; smoothed value, and the other for the T; trend value. Alternatively, one can use
T; = Y;. The a and § weights may be chosen by trial, for example, as the values that together minimize the value of Mean Absolute Deviation (MAD)
(Makridakis et al., 1998).

The Holt-Winters Exponential Smoothing (HW) method is an extension of DES method, and its forecast considers not only the smoothing
constants for the level and trend but also the smoothing constant for seasonality (Newbold, 1994). The HW method, therefore, is based on three
exponential smoothing equations: one to smooth the level, another one to smooth the trend, and the last one to smooth the seasonality. Therefore,
besides the a parameter (for smoothing the average or level) and the 3 parameter (for smoothing to the trend), there is the y parameter to smoothing
the seasonality of the series. There are two different HW methods, depending whether seasonality is modeled multiplicatively or additively: The
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Holt-Winter's multiplicative (WM) and the Holt-Winter's additive (WA). WM is based in Equation (A.4) (for level), (A.5) (for trend), (A.6) (for
seasonality), and (A.7) (forecast for m periods ahead), where s is the size of seasonality (Makridakis et al., 1998):

L = a(si) + (1 = a)(Li—1 + bi1)

t—s (A.4)

by =B(L,— Li—)) + (1 = B)b, (A.5)
-, X _

S = V(Lt) + (1 = y)Si=s “6)

Fiym = Ly + bym)S;_s4m (A7)

Equation (A.4) differs from Eq. (A.1) due to its first term being divided by the (S, ;) seasonal number to deseasonalize the Y, series. Eq. (A.5) is the
same as Eq. (A.2) of trend smoothing in DES. Eq. (A.6) is compared to a seasonal index because Y,, which contains seasonality, is divided by current
smoothed value of the series, where the division value may be higher or lower than 1 depending on the magnitude of Y,. As Y, also contains
randomness, the Eq. (A.6) weights the newly computed seasonal factor with y and the most recent seasonal number corresponding to the same season
with 1-y (Makridakis et al., 1998).

Autoregressive Integrated Moving Average (ARIMA) models were popularized by George Box and Gwilym Jenkins in the early 1970s. To carry
out predictions from these models, it is important to know if the stochastic process, which generated the data set, varies or not in relation to time, i.e.,
if the process is stationary or not. In the case of linear stationary processes — where the data fluctuate around a constant mean, independent of time,
and the variance of the fluctuation remains constant over time — the models used to represent them are the autoregressive models of order (p), AR (p);
the moving average models of order (q), MA (q); and autoregressive models of order (p) coupled with the moving averages models of order (q),
ARMA (p, q). In the event of non-stationary data series regarding the level and/or slope, the generating process of this series will be a linear
homogeneous non-stationary process. In this case, to make the process stationary it will be necessary to promote d differentiations of this series.
These processes will be represented by autoregressive integrated moving average models of order p, d and q (ARIMA (p, d, q)). After the time series
are differentiated (d) times to make it stationary, the ARIMA (p, d, @) model can be represented by Eq. (A.8), that is, by the linear function of last
known observed values of the variable being predicted and last prediction errors of an ARMA model:

Y=Y+ @Yo+, tgYip+a— 061 — 6&r— ...~ 4 (A.8)

where Y, is the forecast value in ¢t period; ¢, is the random error at t period, that is, a random variable normally distributed, with a mean of zero,
constant variance and covariance with value zero; @; (i = 1, 2, 3, ..., p) are the autoregressive parameters, 6; (j = 1, 2, 3 ..., q) are the moving
average parameters, and p and q are integers referred to as orders of the model.

Regarding the ARIMA model, the random process that generates Y, series will be described by a weighted average of p past observations of the
variable to be predicted, added to random disturbance in the current period (e) coupled with a weighted average of the error series (random
disturbances) that returns to g periods.

Appendix B. Statistical error measures

Metrics and equations Definitions
MAE = %Z?:l lec| = mean |e| Mean absolute value of errors (B.1)
=1, ..n
MAAE = median|e| Median absolute value of errors (B.2)
t=1, ..n
MSE = % Z;t:l (e))*= mean(e?) Mean squared value of errors (B.3)
s
RMSE = \/ 1; Z:l: ) (@) = \/m Root mean squared value of errors (B.4)
t=1,..n
MAPE = %Z:’:l |rec| = mean (re;) Mean absolute percentage value of errors (B.5)
t=1,..n
Where: re; = (el) X 100
Yt
RMSPE = \/ % Z:l:l (rep? Root mean square percentage error (B.6)
MAAPE = median|re;| Median absolute percentage value of errors (B.7)
t=1,..n
SMAPE = s e —Ay[I Symmetric mean absolute percentage value of errors (B.8)
n “=1(y + 9 /2
SMAAPE = median-Ut —Ayz\ Symmetric median absolute percentage value of (B.9)
t=1,.n Ot = Jp)/2 errors
1 U1 Theil's statistic coefficient (B.10)
1sn s2]2
[; Zi=10t = 9) ]
Ul = 1 T
[ 5,002 + [0
1 U2 Theil's statistical coefficient (B.11)
lgn o 22
[; Zi=10¢ = y) ]
vz=tt——
[ o0
MASE = _MAE Mean absolute scaled value of errors (B.12)
MAERW
n (e — )2 Variance of errors (B.13)
VAR = 52 = 7371"(97‘1 &)
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SD s \/2{;1(2176[)2 Standard deviation of errors (B.14)

n—1

Where rw is the random walk method; y, is the value observed in period t; ) is the predict value in the period t; (e, — y; . J}) is the error from the model-
fitting process in period t n is the number of observations; and ¢ is the arithmetic mean of the errors series (e).

Appendix C. Experimental Designs of FS; and FS,

Table C.1
Experimental Design of FS; and FS..
Weights Factors Scores Weights Factors Scores
c DES WM ARIMA ARIMA FS,; FS, c DES WM ARIMA ARIMA FS,; FS,
(1,1,1) (2,2,3) 1,1,1) 2,2,3)
1 1.000 0.000 0.000 0.000 0.954 2.215 32 0.200 0.000 0.600 0.200 —0.175 0.778
2 0.800 0.200 0.000 0.000 0.536 1.009 33 0.200 0.000 0.400 0.400 —0.801 0.469
3 0.800 0.000 0.200 0.000 0.808 1.186 34 0.200 0.000 0.200 0.600 —-1.133 0.884
4 0.800 0.000 0.000 0.200 0.259 1.878 35 0.200 0.000 0.000 0.800 —1.166 0.969
5 0.600 0.400 0.000 0.000 0.569 0.325 36 0.000 1.000 0.000 0.000 2.941 —-0.523
6 0.600 0.200 0.200 0.000 0.537 0.431 37 0.000 0.800 0.200 0.000 2.180 —-0.724
7 0.600 0.200 0.000 0.200 —-0.271 0.154 38 0.000 0.800 0.000 0.200 0.974 —0.949
8 0.600 0.000 0.400 0.000 0.723 0.910 39 0.000 0.600 0.400 0.000 1.646 —1.449
9 0.600 0.000 0.200 0.200 0.007 0.946 40 0.000 0.600 0.200 0.200 0.532 —-1.704
10 0.600 0.000 0.000 0.400 —0.287 1.251 41 0.000 0.600 0.000 0.400 —0.478 —1.854
11 0.400 0.600 0.000 0.000 0.964 —0.495 42 0.000 0.400 0.600 0.000 1.168 —0.361
12 0.400 0.400 0.200 0.000 0.687 —0.034 43 0.000 0.400 0.400 0.200 0.105 —0.987
13 0.400 0.400 0.000 0.200 —0.241 —0.473 44 0.000 0.400 0.200 0.400 —0.812 —1.444
14 0.400 0.200 0.400 0.000 0.565 0.887 45 0.000 0.400 0.000 0.600 —1.464 —2.424
15 0.400 0.200 0.200 0.200 —0.314 0.353 46 0.000 0.200 0.800 0.000 0.833 0.407
16 0.400 0.200 0.000 0.400 —0.933 —0.078 47 0.000 0.200 0.600 0.200 -0.125 —0.012
17 0.400 0.000 0.600 0.000 0.671 0.989 48 0.000 0.200 0.400 0.400 —0.922 —0.851
18 0.400 0.000 0.400 0.200 —0.128 0.663 49 0.000 0.200 0.200 0.600 —1.531 —1.031
19 0.400 0.000 0.200 0.400 —-0.619 1.120 50 0.000 0.200 0.000 0.800 -1.790 —0.532
20 0.400 0.000 0.000 0.600 —0.782 1.200 51 0.000 0.000 1.000 0.000 0.762 0.903
21 0.200 0.800 0.000 0.000 1.744 —1.441 52 0.000 0.000 0.800 0.200 —0.148 0.681
22 0.200 0.600 0.200 0.000 1.271 —1.080 53 0.000 0.000 0.600 0.400 —0.859 —0.005
23 0.200 0.600 0.000 0.200 0.191 —1.264 54 0.000 0.000 0.400 0.600 —-1.313 —0.003
24 0.200 0.400 0.400 0.000 0.854 0.092 55 0.000 0.000 0.200 0.800 —1.486 0.117
25 0.200 0.400 0.200 0.200 —0.099 -1.020 56 0.000 0.000 0.000 1.000 —1.416 0.531
26 0.200 0.400 0.000 0.400 —0.933 —1.439 57 0.250 0.250 0.250 0.250 —0.452 —0.301
27 0.200 0.200 0.600 0.000 0.672 0.490 58 0.625 0.125 0.125 0.125 0.090 0.485
28 0.200 0.200 0.400 0.200 —0.261 0.369 59 0.125 0.625 0.125 0.125 0.773 —1.825
29 0.200 0.200 0.200 0.400 -0.979 —0.445 60 0.125 0.125 0.625 0.125 0.082 0.826
30 0.200 0.200 0.000 0.600 —1.425 —0.186 61 0.125 0.125 0.125 0.625 —1.433 0.170
31 0.200 0.000 0.800 0.000 0.675 1.244

Appendix D. The DM test

For one-step ahead forecasts, the DM test is computed considering the errors series of the two comparison models — (e;) and (ez) series. First, it is
calculated the loss differential series (dy) as Eq. (D.1), such as MAE error statistic, or as Eq. (D.2), such as MSE error statistic, for all t observations of
e; and ey, witht=1,2, ... n.

d; = |L(er,r) — L(eyn)l (D.1)
d; = L(e,)* — L(ey,)? (D.2)

In Equations (D.1) and (D.2), L is the loss function of the prediction error, which is used to measure the forecasting accuracy of different models.
The DM test compares the accuracy of two forecasts under the null hypothesis (Hp) which assumes that there is no significant difference about the
prediction performance between the proposed model 1 and the compared model 2, i.e. all relevant information contained in 1 are also contained in
2. Thus, H, is accept if E [L (e;,J] = E [L (ey,], and Hy is rejected if E [L (e;,)] # E [L (ez].

Assuming that d, has stationary covariance and DM test has an asymptotic standard normal distribution under the null hypothesis of equal
predictive accuracy, in a second step it is calculated the mean value (d) of the d, series as (d = %Z:‘:I d; ). The DM test is calculated as Eq. (D.3),

where V (d) is a consistent estimate of the asymptotic variance of d calculated as Eq. (D.4):

dl =
DM = /\/V(d) (D.3)
-1
Vd)y~ =|n+2Y %
n|” ; (D.49)

where v; is the i-th autocovariance of d, estimated by Eq. (D.5) and is still assumed that t-step-ahead forecasts exhibit dependence up to order t —1
(Kisinbay, 2010).
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f=nt Y, (d-dd - d)

t=1+i
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(D.5)

The null hypothesis will be rejected if DM > Zay,, ie. if P-value > 0.05 where VAT the critical (z — value) of the standard normal distribution,

and a is the significance level (Xu et al., 2017; Du et al., 2017).

Appendix E. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.ijpe.2019.03.001.
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