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A NOVEL APPROACH FOR TIME SERIES FORECAST COMBINATIONS
BASED ON MULTI-CRITERIA DECISION-MAKING (MCDM) METHODS

SUMMARY

Forecast combinations in time series are quantitative forecasting methods that aim to
obtain models with higher performance results in terms of accuracy by integrating the
strengths of different time series forecasting models.

This study aims to develop a new multi-dimensional and objective approach using
multi-criteria decision-making (MCDM) methods that outperform both single
forecasting models and some of the most widely accepted forecasting combination
models in the literature. In this context, a new combination model is developed in
which the weights of the forecast models are assigned by using some hybrid MCDM
approaches.

First, the model proposition of CRITIC-TOPSIS-based predictor assignment was
applied to two different datasets. The reason to test the same model on two different
datasets is to understand the efficacy of the proposed method for time series having
different underlying patterns, characteristics, sizes, and frequencies. The initial dataset
consists of daily data from the industry domain, sourced from the M4 competition file
which is named D2035, and is publicly available as open data on GitHub. It includes
irregular patterns, exhibits high-frequency noise, and volatility as well as is large in
size. Then, the same proposed model was applied to a monthly dataset of deliveries of
natural gas to electric power users (MMcf) for the United States of America (EIA’s
dataset), which includes more regular and various patterns, exhibits lower-frequency
noise and volatility, as well as it is smaller in size.

After preliminary preparations and statistical tests, the datasets changed to conform to
the specifications of the statistical application (if necessary) and were split into 3
subsets named train, validation, and test. All individual forecast models were trained
on train sets and forecasted on validation and test set horizons. The selection of
predictors (so, the components of combination forecast) is handled by visual inspection
of the graphs over validation and test horizon. The decision matrix of predictors versus
performance metrics was created as a next step. The performance metric results from
the validation sets are used for each predictor to build this decision matrix. Using a
hybrid MCDM approach, where the performance metric weights were assigned
through the CRITIC method and the TOPSIS model first, was applied based on these
weights, the closeness of each predictor to the ideal solution was determined. The
normalized ratio corresponding to each predictor’s closeness to the ideal solution will
represent the weight within the new proposed combination model.

The relative test performance results derived from both datasets are compared with
traditional single forecasting models, machine learning models, and several widely
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used time series forecast combination models from the literature, as well as with each
other.

The results indicate that the proposed CRITIC-TOPSIS hybrid MCDM-based forecast
combination model outperformed all individual and existing combination models on
natural gas delivery to USA electric power consumers (MMcf). On the other hand, the
D2025 dataset did not yield performance results as outstanding as the MMcf dataset.
However, it still provided promising outcomes with notably positive results based on
certain performance metrics.

In this context, it can be stated that the proposed and implemented model performs
better on datasets with more defined patterns, lower noise, and reduced volatility,
rather than those with high randomness, high-frequency noise, irregularity, and
ambiguous patterns. Additionally, the proposed model yielded highly effective results
compared to its counterparts.

After superior outcomes of the proposed CRITIC-TOPSIS-based forecast combination
model, especially on the natural gas delivery to USA electric power consumers dataset
(EIA), it is decided to apply the same combination methodology on the same dataset
with the CILOS-TOPSIS hybrid MCDM approach this time. Testing the proposed
method with both the CRITIC and CILOS approaches enables a comparative analysis
of how differing weight assignments for accuracy measurements based on their
relative influence will affect the success of the combination forecast. The findings
reveal that the proposed CILOS-TOPSIS hybrid MCDM-based forecast combination
achieved small enhancements compared to the CRITIC-TOPSIS-based approach.

Additionally, another hybrid MCDM approach model built under the umbrella of the
proposed model for forecast combination, the CILOS-ARAS-based model, was tested
on EIA’s dataset to evaluate potential improvements arising from modifications to the
performance evaluation of the decision matrix. This approach facilitated the
assessment of the utility function value, as opposed to relying on the closeness to the
ideal solution using a TOPSIS-based evaluation when determining weights for the
component forecast models.

All MCDM-based models created under the proposed framework are compared with
each other and with other existing models in the literature.
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ZAMAN SERIST TAHMIN KOMBINASYONLARI ICIN COK KRITERLI
KARAR VERME YONTEMLERINE DAYALI YENI BiR YAKLASIM

OZET

Nicel tahminleme teknikleri; gegmis verilere ve bu verilerin altta yatan istatistiksel
egilimlerine dayali olarak gelecekteki belirli bir periyotun sonuglarin1 ngérmek i¢in
yillardir calisilmakta ve gelistirilmekte olan bir alan olmakla beraber kaynak tahsisi,
tiretim ¢izelgeleme, lojistik, risk yonetimi ve kisa/uzun vadeli stratejik planlama gibi
karar verme, yonetim ve planlama faaliyetleri icin 6nemli i¢ goriiler saglama
potansiyelinde olmustur. Belirli bir degiskenin ge¢mis periyotta farkli veya diizenli
zaman noktalarindan toplanmig sirali verilerinin analizine dayali zaman serilerinin
kullanim1 da, nicel bir yaklasim olarak literatiirde yaygin bir sekilde kullanilmakta
olup, istatistik tabanli tahmin yontemleri arasinda 6ne ¢ikmaktadir.

ARIMA, mevsimsel ayristirma ve istel diizlestirme gibi geleneksel zaman serisi
modelleri, tahminleme literatiiriinde yillardir yaygin olarak kullanilmaktadir. Son
yillarda, sinir aglari, rastgele orman ve destek vektor makinesi gibi dogrusal olmayan
makine 6grenimi modellerini iceren modern tahmin teknikleri de zaman serisi analizi
icin kullanilmakta olup biiyiik ve karmasik veri kiimelerinde oldukga {imit verici test
sonuclar: vermektedir.

Tahminleme i¢in ayr1 ayr1 modeller kullanmanin yani sira, birden fazla tekil yontemi
biitiinlestirmek de miimkiindiir. Literatiirde, 6zellikle son birkag on yildir zaman serisi
tahmin kombinasyonlar1 hakkinda g6z ardi edilemeyecek sayida arastirma ve
uygulama yapilmistir. Cesitli alanlar1 kapsayan bu calismalar, en yalin tahmin
tekniklerinin birlestirilmesiyle dahi 6ngorii performanslarimin arttirilabilecegini ortaya
koymustur. Tekil tahmin modellerinin sonuglarinin basit aritmetik ortalamasini
almaktan, optimizasyon/dogrusal temelli agirliklandirma yaklasimlarina kadar birgok
birlestirme yontemi literatiirde kendine yer bulmusken, basit tahminleme tekniklerinin
kendi i¢inde birlestirilmesinden makine Ogrenimi algoritmalarinin geleneksel
yontemlerle entegrasyonuna kadar birgok teknik de uygulamalarda test edilmistir. Bu
teknikler, farkli veri kiimelerine uyarlanabilirlik, temel karmasiklik ve hesaplama
gereksinimleri agisindan ¢esitlilik gosterir.

Nihayetinde zaman serilerinde tahmin kombinasyonlari, farkli tahmin modellerinin
giiclii taraflarii biitiinlestirerek dogruluk performansi daha yiiksek modeller elde
etmeyi amaclayan nicel tahmin yontemleri olarak literatiirde var olagelmistir.
Tahminleme modellerinin performansinin 6l¢iimii ve karsilastirilmasi adina da gesitli
metotlar bulunmaktadir. Grafik analizi, nicel ve nitel yaklagimlar modellerin dogruluk
Olgiilerini ifade etmek i¢in kullanilmaktadir. Bu ¢alismada, sayisal ve objektif ¢ikti
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vermeleri ile karar matrisine uyarlanabilir olmalar1 nedeniyle nicel performans
Olcutleri Gzerinden degerlendirme yapilacaktir.

Ayriyeten literatiirdeki ¢alismalarin ¢ogu, tahmin modellerinin performansini dnceden
belirlenmis tek bir dogruluk Olclitiine gore veya farkli birkag Olglitiin “uzlastigr”
noktayr esas alarak bir arada degerlendirmektedir. Kurulan modellerin
performanslarinin  farkli  yonlerini yakalayabilen birbirinden farkli dogruluk
olgiitlerinden uygun olan(lar)inin belirlenmesi de, bu yuzden 6nemli bir konu olarak
karsimiza ¢ikmaktadir. Bu baglamda, ortalama hata (ME), ortalama mutlak hata
(MAE), kok ortalama kare hatasi (RMSE), ortalama mutlak Olcekli hata (MASE),
ortalama hata yuzdesi (MPE), ortalama mutlak ylizde hata (MAPE) ve ACF1 6l¢imi
olmak tizere farkli siniflara ait 5 performans metrigi, modellerin karsilastirilmasi ve
Onerilen modelin igeriginde kullanilmasi adina bu ¢alismada yer almistir.

Bu tez calismasi kapsaminda, ¢ok kriterli karar verme (CKKV) ydntemleri
kullanilarak farkli performans metriklerinin bir arada géz oniine alindigi, hem tekli
tahmin modellerinden hem de literatiirde en yaygin kabul goren bazi tahmin
kombinasyon modellerinden daha iyi performans goésteren ¢cok boyutlu ve objektif yeni
bir yaklasim gelistirilmesi amaglanmistir. Bu baglamda, bilesen tahmin modellerinin
agirliklarinin  bazi  hibrit CKKV yaklasimlari kullanilarak atandigi yeni bir
kombinasyon modeli gelistirilmesi amaglanmustir.

Bu tez calismast kapsaminda, Onerilen tahmin kombinasyonunu olusturacak
tahminleyici bilesenleri, ilk olarak gelistirilen CRITIC-TOPSIS tabanli yaklasim ile
iki farkli veri seti lizerinde test edilmistir. Aynmi teknigin iki farkli veri seti Gzerinde
test edilmesinin nedeni, 6nerilen yaklasimin farkli 6zelliklere, boyutlara ve frekanslara
sahip zaman serileri izerindeki etkisini anlayabilmektir. Tlk veri seti, GitHub'da agik
veri seklinde yer alan M4 yarisma dosyasindan D2035 olarak adlandirilmis endustri
alanindan giinliik verilerden olusmaktadir. Ilgili veri seti, diizensiz desenler iceren,
yiiksek frekansl giiriiltii ve oynaklik sergileyen blyiik boyutlu bir veri setidir. Bu tez
kapsaminda onerilen ayn1 model daha sonra, daha dizenli desenler igeren, daha diisiik
frekansh giiriiltii ve oynaklik sergileyen, daha kiglik boyutlu baska bir veri seti olan
“Amerika Birlesik Devletleri icin elektrik enerjisi tiiketicilerine (MMcf) aylik dogal
gaz teslimatlar1” verisine (EIA’nin veri Seti) de uygulanmistir.

On hazirliklarin ve istatistiksel testlerin ardindan, tahminleme modellerinin
gerekliliklerine uygun hale getirilen veri setleri; egitim, dogrulama ve test olarak U¢
ayrt alt kiimeye ayrilmistir. Tim tekli tahmin modelleri egitim setleri iizerinde
egitilmis ve dogrulama ile test setleri Uzerinden tahminlemesi yapilmistir. Yeni tahmin
kombinasyonu modelinin bilesenlerinin segimi (yani, tekli tahmin modelleri),
dogrulama ve test ufku Uzerindeki tahmin sonuglariin grafiklerinin gorsel incelemesi
ile secilmistir. Sonraki adimda ise belirlenen bu tahmin modelleriyle ve her modele
karsilik gelen performans metrikleriyle beraber, tahmin modellerinin satirlari,
performans metriklerinin ise siitunlari olusturdugu bir karar matrisi meydana
getirilmistir. Bu karar matrisindeki performans metrikleri, dogrulama setleri Gzerinden
alinmigtir. Performans metriklerini temsil eden kriterlerin agirliklarinin CRITIC
yontemiyle atandig1 ve bu agirliklara dayali olarak TOPSIS modelinin uygulandigi
hibrit bir CKKV yaklasimi kullanilarak, her bir tahmin modelinin ideal ¢tziime
yakinlig1 belirlenmistir. Her bir tahmin modelinin ideal ¢6ziime yakinlhigina karsilik
gelen normallestirilmis oranlari, dnerilen yeni kombinasyon modelindeki agirliklar:
temsil edecektir.
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CRITIC-TOPSIS tabanli 6nerilen bu yeni modelin her iki veri seti tizerinden elde
edilen test performansi sonuglari, birbirleriyle, geleneksel tekli tanmin modelleriyle,
makine 6grenimi modelleriyle ve literatiirde yaygin olarak kullanilan gesitli zaman
serisi tahmin kombinasyon modelleri ile karsilastirilmistir.

Sonuglar, oOnerilen CRITIC-TOPSIS hibrit CKKV tabanli tahmin kombinasyon
modelinin, ABD elektrik tlketicilerine (MMcf) dogal gaz teslimati miktarini tahmin
etmek adina, karsilastirilan tiim tekli ve mevcut kombinasyon modellerinden daha iyi
performans gdsterdigini gostermektedir. Ote yandan, D2025 veri kiimesi (zerinden
EIA’nin veri kiimesi kadar Ustun performans sonuglari vermese de, belirli performans
metriklerine dayali olarak 6nemli olgiide olumlu sonuglarla umut verici sonuclar
saglanmastir.

Bu baglamda, 6nerilen ve uygulanan modelin, yiiksek rastgelelik ve yiiksek frekansl
gurdltd iceren duzensiz ve belirsiz desenlere sahip veri kiimelerinden ziyade, daha
belirli 6runtillere, daha diistik giiriiltiiye ve daha az rastgelelige sahip veri kimelerinde
daha iyi performans gosterdigi sdylenebilir. Ayrica 6nerilen modelin, kombinasyon
modellerinin basarili sonu¢ verdigi veri setleri igin, kiyaslanan kombinasyon
modellerine nazaran daha iyi sonug verdigi goriilmustiir.

Onerilen CRITIC-TOPSIS tabanli tahmin kombinasyonu modelinin 6zellikle ABD
elektrik tiiketicilerine dogal gaz dagitimi miktar1 veri kiimesi (zerindeki basarili
sonuglarindan sonra, ayni kombinasyon metodolojisinin CILOS-TOPSIS hibrit
CKKV yaklasimiyla da yine ayni veri kiimesi lizerinde uygulanmasina karar
verilmistir. Onerilen ydntemde kriterlerin  hem CRITIC hem de CILOS
yaklasimlariyla agirliklandirilmast  ve karsilastirmasinin  yapilmasi, Kriterlerin
arasindaki goreli iligskinin farkli degerlendirilmesine dayali olarak performans
metriklerine farkli agirlik atamasi yapilmasinin kombinasyon tahmininin basarisini
nasil etkileyecegine dair bir analizin yapilabilmesini saglamistir. Bulgular, 6nerilen
CILOS-TOPSIS hibrit CKKV tabanli tahmin kombinasyonunun CRITIC-TOPSIS
tabanli yaklagimina yakin sonuglar vermesine karsin genel performansta iyilesme
sergiledigini ortaya koymaktadir.

Ayrica, bu tez kapsaminda 6nerilen kombinasyon modelinin catisi altinda olusturulan
bir bagka hibrit CKKV yaklasimi modeli, CILOS-ARAS tabanli model de, karar
matrisinin performans degerlendirmesinde yapilan degisikliklerden kaynaklanan
potansiyel iyilestirmeleri degerlendirmek icin yine EIA’nin veri seti Gzerinde test
edilmistir. Bu yaklasimla, bilesen tahmin modellerine agirlik atama siirecinde,
TOPSIS tabanli bir degerlendirme ile ideal ¢oziime yakinlik yerine fayda fonksiyonu
degerine dayali bir yontem kullanmanin kombinasyon basarisi {izerindeki etkisi ortaya
konulmustur.

Onerilen gergeve altinda olusturulan tiim CKKV tabanli modeller birbirleriyle ve
literatlirdeki diger mevcut modellerle karsilastirilmistir.
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1. INTRODUCTION

1.1  Background

Forecasting techniques have been developed for years to predict future outcomes
subjecting to the uncertainty of current assets based on historical data and underlying
statistical patterns and (or alternatively) knowledge and experience of any future
occurrences that might affect the forecasts. These techniques have the potential to
provide important insights for the decision-making activities of planning and
management such as resource allocation, scheduling of production, transportation, risk

management, and short-term/long-term strategic planning.

The selection of forecasting techniques depends on different factors. A forecaster
should identify the forecasting problem first. Understanding the nature of the data will
help to determine in which unit and how to collect the input. After that, the forecast
horizon and the appropriate methods according to the dataset should be decided based
on specific objectives. Organizational support is required for putting formalized

forecasting methods into practice at the end.

The predictability of an event or quantity depends on several factors including

(Hyndman and Athanasopoulos, 2018, p. 7):

1. The extent to which we perceive the contributing aspects

2. The gquantity of data available

3. Whether the predictions have an impact on the object we're attempting to predict

Two major categories of forecasting methodologies are used in the literature. If
sufficient quantitative information is available, then quantitative forecasting methods
which involve using time series and regression models can be applied. When the
situation involves adequate knowledge from qualitative sources but not sufficient
guantitative information, qualitative approaches can be employed (Makridakis et al.,
1998, p. 8).



Using time-series data as a quantitative approach is pretty common in the literature
and the crux of the matter of statistical forecasting. Time-series analysis is an approach
to statistics for examining data from several observations of a single unit or person at
a regular pace over a substantial amount of observations, according to Velicer and
Fava (2003). Regarding the modeling of time series data, two branches can be
described. It is referred to as univariate time series forecasting if the data utilized to
create the forecast solely includes the variable's historical data. However, it is referred
to as multivariate time series forecasting if it incorporates values from the past of one
or more variables that are not those for which forecasts are to be formed (Armstrong,
2007, p. 66). In this study, we work quantitatively with univariate time series data to

test our novel approach.

Classical or traditional time series models such as ARIMA, seasonal decomposition,
or exponential smoothing have been commonly used for years providing a framework
to make a forecast by taking past observations as a reference. In recent years, modern
forecasting models including machine learning methodologies like neural networks,
random forest, or support vector machine have been used for time series analysis and
the results are very promising. Recent empirical research demonstrates the tremendous
utility of nonlinear machine learning models when paired with large and sophisticated
datasets (Masini et al., 2023).

Besides using individual models to make a forecast, it is also possible to integrate
multiple single methods. An unignorable amount of research and applications about
time series forecast combinations have been seen in the literature, especially for the
last couple of decades under the name of hybrid, ensemble, or combined forecasting
time series models. Research in various fields has strongly suggested that the
performance of prediction can be increased when sometimes even in a simple fashion

forecasts are combined (Yang, 2004).

A variety of combining techniques has been generated ranging from taking simple
averages of individual methods to hybrid models that combine ML algorithms with
traditional methods. These techniques may diversify in terms of adaptability to
different kinds of datasets, underlying complexity, and calculation requirements. A
comprehensive overview of forecast combinations is provided in the literature section

of this thesis.



Finally, both single and combined forecasting models are seeking for better accuracy.
Several evaluation methods and performance metrics have been developed to measure
the accuracy of forecasting models. A detailed explanation about error measures such

us scale-dependents or percentage errors is given also in the literature part of this study.

1.2 Challenges and Limitations

Although time series forecast combinations have promising results, they also pose
some limitations. The forecasting models to be combined should be selected
appropriately, because classes (traditional or ML), diversity, and quality of single
models can impact the effectiveness of the combination. Not only the quality of single
models but also the weight assigned to each of them affects the accuracy gained. Then,

one should decide on the aggregation rule for the models to reach optimal weights.

Additionally, various metrics for measuring model performance have been proposed.
Comparing the performance metrics of different models individually may yield
contradictory results. Using multiple error measures might lead to conflicting
conclusions, which can be confounding and undesirable to decision-makers
(Davydenko and Fildes, 2013). Every measure of performance is a single metric that
represents only one facet of forecasting performance and a straight model performance
metric by itself does not guarantee strategy profitability (Ulengin, 2024). To manage
the uncertainty that arises from considering several contradicting performance metrics,
it should be specified what kind of performance evaluation technique will be
determined. If multiple performance metrics are considered, it is essential to assess
their interdependence and adopt an objective approach to achieve consensus among

them.

Another facet deserving attention is the generalization of how well forecasting models’
error measurements will be made on unseen data. Franses (2011) stated that forecast
models' individual performance histories do not ensure that they will successfully
contribute to the combined forecasts; therefore, if the intention is to consideration of
combined forecasts anyway, only working on the performance of a training set
becomes obsolete. Because performance evaluations made only on training data are
unreliable, assessing model accuracy requires separating datasets to validate and test.
Splitting the available dataset into multiple subsets, and using validation and test sets

separately can ensure an unbiased model evaluation and a reliable performance



estimation on unseen data. Inferring what generalized deduction about the model
performances by using these subsets is an additional aspect worth noting.

1.3 Motivation and Scope of the Study

Most of the studies in the literature evaluate the performance of their forecasting
models based on a single pre-determined accuracy measure or a couple of metrics
together by taking the consensus of the majority as a basis. Obtaining the proper
measurement metrics for accuracy is an additional challenge as they capture different
facets of model performance (Mehdiyev et al., 2016). That is why, various
performance measurements’ concurrent consideration can enhance choosing the most
effective forecasting model (Xu and Ouenniche, 2012). A limited number of studies
addressed a multidimensional framework that takes several accuracy measurements
into account simultaneously to evaluate the performance of forecasting models
adopting an MCDM approach and select the best forecasting model based on this
framework (Badulescu et al., 2021; Kumar and Kaur, 2021). Only one paper among
these considered dependencies among accuracy measures within a multidimensional
structure (Badulescu et al., 2021). To the best of our knowledge, there is a gap in the
related literature for assigning combination weights to forecast models in a
multidimensional framework while simultaneously considering different non-

independent accuracy measures in an objective manner.

Besides considering several performance measures, several prediction models also
need to be chosen and included in the combination. The selection of predictors in the
ensemble is usually done by calculating the performance of each model toward the
hold-out sample (Widodo and Budi, 2011). Moreover, there exist some studies that
asserted that the combination of machine learning and traditional methods can give
better accuracy results compared to single methods in their study (Marifias-Collado,
2022).

So far, no studies have been encountered in the literature that propose a methodology
for objectively determining forecast combination weights by competing multiple
different-classed forecasting time series models and evaluating their performance by
using various metrics simultaneously. The proposed approach also considers the

intercorrelations between performance metrics.



Therefore, this thesis proposes a new multidimensional and objective approach based
on multi-criteria decision-making (MCDM) framework to assign combination weights
to time series forecast models. The goal is to obtain multi-dimensionally more accurate
results compared to single models or other existing combination models existing in the

literature.

1.4 The Proposed Approach

In this study, pre-determined forecasting models are evaluated as alternatives and
accuracy metrics as criteria while adapting to a decision matrix. Beforehand we
separate the datasets into three subsets as training, validation, and test to obtain
performance results. The decision matrix mentioned is created over validation set
results. In the subsequent phase, it will be used MCDM approaches for both weight
estimation for accuracy metrics and performance estimation for alternatives (predictor
forecasting models) considering dependence between attributes. The final rankings of
each time series forecast model will be determined as a result of the chosen MCDM
performance evaluation method. The normalized values of these final rankings will
represent the weights of each individual model in the forecast combination.
Considering the obtained weights for each MCDM approach we applied, a novel
combination approach for time series forecasting will be designed. Figure 1.1 shows

the first look of the proposed methodology.

Constructing a
decision matrix

. Selection of Evaluation Assigning
Data selection & (component o
. component under MCDM combination
preparation forecasts versus )
forecast models methods weights
performance

metrics)

Figure 1.1: A basic look at the the proposed methodology.

Within the context of this research, the absolute performances of each combination
method obtained from hybrid MCDM methods will determined and we will compare
their relative performances with each other, as well as with the most widely used
combination methods that already exist in the literature. Our goal is to create a multi-
dimensionally more accurate time series forecasting model on an objective structure

compared to existing models in the literature.



The structure of this thesis is as follows: Chapter 2 provides an overview of the
literature on time series forecast combinations. In Chapter 3, the methodology is
presented, including the roadmap for implementation and a detailed explanation of all
methods used. Chapter 4 discusses the implementation of the novel approach proposed
in this study and presents the results. Finally, a conclusion and recommendation
section is offered.



2. LITERATURE REVIEW ON TIME SERIES FORECAST
COMBINATIONS

2.1 Introduction

The goal of time series forecast combinations is to achieve more accurate results
compared to individual models in terms of performance metrics by integrating
different models. In the literature, aggregating multiple individual forecasts is
considered a valuable approach for obtaining more reliable results by leveraging the
ability to capture different aspects that cannot be identified by a single model (Clemen,
1989; De Menezes et al., 2000; Hendry and Clements, 2004; Armstrong, 2007;
Makridakis at al, 2020; Marifias-Collado et al., 2022; Wang et al., 2023). According
to Petropoulos et al. (2018), combining multiple forecasts is often better for reducing
ambiguities around parameter specification and model forms such as data uncertainty
and parameter uncertainty by incorporating multiple drivers of the data-generating

process.

This is not a completely immature concept. More than five decades ago, John Bates
and Clive Granger wrote a paper that can be described as a cornerstone of this field.
They computed the combination weights for the models by utilizing the calculated
mean squared prediction error matrix's diagonal components in their research and
discovered that, when compared to separate models, the findings were more accurate
in terms of MSE (Bates and Granger, 1969). Also, Clemen (1989) and Timmermann
(2006) made major contributions to this field with their studies in the years to come.

Clemen (1989) provides a wide literature review about forecast combinations by
focusing on early papers, benchmarks for forecast evaluation under both theoretical
and empirical studies, and contributions from forecasting, psychology, statistics, and
management science. Academic studies including simple averaging, regression-based
models, Bayesian techniques, and mathematical programming approaches to assign
weights for individual models were shared. Also, subjective combination procedures

were discussed in his study.



According to our observations, Timmermann (2006) presents the most extensive paper
on the theoretical foundations and scopes of forecast combinations up to the time the
study was published. Combinations' dependence on asymmetric loss is examined,
along with several potential issues with model misspecification, instability (non-
stationarities), and estimate error. A combination of point, interval, and probability
forecasts are discussed too. He lists arguments of the forecast combinations in the

literature as;

1. Even when one forecasting method outperforms the other, combining both
methods can often yield superior results compared to relying on either method

individually.

2. Individual forecasts may be differently influenced by structural breaks in the
data. By combining models with varying degrees of adaptability and stability
to such breaks, the resulting forecast can often outperform those generated by

single models.

3. Combining forecasts across diverse models enhances robustness, mitigating
the effects of misspecification biases and measurement errors inherent in the

datasets used for individual forecasts.

4. Forecasts based on differing loss functions may lead to improved outcomes
when combined. However, in the example of individual forecasts y: and y. may
produce identical expected losses, and it may not be optimal to combine them
in certain cases - such as when the forecasts are perfectly correlated or due to

estimation errors in determining combination weights.

In the following years, a research team led by Spyros Makridakis organized a series of
forecasting competitions known as the Makridakis Competitions. They launched the
first competition in 1982 and have since organized 6 competitions to evaluate and
compare the performance of different forecasting methods. While not every
Makridakis Competition specifically focused on forecast combination methods, their
effectiveness has consistently been emphasized across competitions, particularly when
diverse forecasting approaches are used or when hierarchical forecasting structures are
involved. The detailed explanations and results of the competitions are summarized in
Table 2.1 by using the references in the literature (Hyndman and Koehler, 2006;
Jurman et al., 2012; Koning et al., 2005; Makridakis et al., 1982; Makridakis and



Hibon, 2000; Makridakis et al., 2020; 2022; Makridakis et al., 2022; ‘Makridakis
Competitions’ 2023; Armstrong, 2007; Makridakis et al., 2023).

Wang et al. (2023, p.3) provided a graph that indicates the percentage of forecasting
publications published in the Web of Science that deal with forecast combinations has
been increasing over the previous 50 years, as shown in Figure 2.1. The proposal about
combination forecasts is reaching 13.80% in 2021, as seen.
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Figure 2.1: The percentage of forecast combination-related studies among all
forecasting papers published between 1969 and 2021 and listed in Web of Science
databases (Wang et al., 2023, p.3).

Finally, there is broad agreement following years of research that "combining forecasts
reduces the final forecasting error” (Maté, 2021), however, there is no clear consensus
on the best time series forecast combination method for a given situation (Blanc and
Setzer, 2016). Which combination method to be used or the effectiveness of
combination methods varies depending on the characteristics of the dataset being
analyzed. That is why, in the literature, the methods related to time series forecast
combinations vary specific to the data to be applied, and the studies in this field have
been written accordingly. Especially in recent years, time series forecast combinations

have been used in a variety of applications with encouraging outcomes, as can be
noticed.



Table 2.1: Makridakis competitions.

Competition # of time series and forecast methods used Hybrig Focus The results
name methods
i ; ; ; . Simpler techniques, such as exponential smoothing, frequently performed better than more
M Competition L0gne series Wiy No Short-term forecasting of intricate ones. The accuracy metric being utilized determines how the different methods'
(1982) 15 (plus 9 variations) forecast methods univariate time series performances are ranked in relation to one another. The length of the forecasting horizon used
determines how accurate the different approaches are.
- 29-time series containing two combined Both univariate and It was asserted that the outcomes were statistica_lly identical tq t_he M-Competition's. The
M2 Competition forecasts, one overall average, and 16 forecast Not multivariate fime series most favorable outcomes were freq_uently obtained by_combmlng forecasts from many
(1993) methods (including 5 human forecasters and explicitly forecasting methods (ensemble methods), bu_t no single strategy consistently b(_eat others across all series.
11 automatic trend-based approaches). (The MAPE of 11.7% was obtained by combining three exponential smoothing techniques,
while the average component's MAPE was 12.2%.)
M3 Competition i o Not Diverse types of time series e aythors claim that the M3 competition's results were comparable to those of the previous
(2000) 3003 time series with 24 forecast methods ex Ii(éi " data, including longer-term contests. It supported the M2 Competition's conclusions about how well forecasts from
phicitly series and seasonal data several approaches may be combined.
. According to an analysis of more than 100 forecasting methodologies, hybrid and
M4 Competition ) o ) Forecasting monthly, ensemble approaches—especially those that combine machine learning and statistical
100000 time series with all major ML and quarterly, and yearly series, methods—tended to perform the best. An ML algorithm that was trained to minimize
(2020) statistical methods Yes including univariate and forecasting error through holdout testing determined the weights for the averaging, making
multivariate data. the combination of seven statistical methods and one machine learning method the second
most accurate.
M5 Competition . . . . o . It brt_)u_ght new evaluation measures for assessing forecas_t accuracy and attr_aqted an impottant
All of the main forecasting techniques, Hierarchical time series participant number. The contest demonstrated how crucial it is to use sophisticated statistical
(Initial results including statistical, machine, and deep forecasting, which involves and machine learning methods in addition to taking the data’s hierarchical structure into
2021, Final learning, were use_d to predlct _abOUt 42,000 Yes forecasting at mult_lple levels  3ccount in order to get precise projections. The three top performers each used ensembles, or
2022) hierarchical time series. of aggregation. combinations, of independently trained and tweaked models, each with a unique training
process and training dataset, in accordance with the M4 Competition.
50 S&P and 500 US equities and 50 overseas The M6 demonstrated that forecast combinations could improve decision-making in financial
M6 Competition:  €xchange-traded funds (ETFs) are used in this improving decision-making markets by leveraging diverse models to generate better predictions and investment
2022 preliminary  "eal-time financial forecasting competition, in financial markets through strategies. It highlights the importance of designing combination strategies that adapt to
Yes advanced forecasting market complexity and uncertainty. Filip Stan¢k, the global winner of the M6 Financial

results, 2024
final results

which uses all the main forecasting
techniques, such as machine learning, deep
learning, and statistics.

methods

Forecasting Competition, used a special Al-based model to improve financial forecasting,
referred to as MtMs (Meta-to-Mesa), which involves a hypernetwork that designs specific
forecasting models tailored for different tasks.




Stock and Watson (2004a) applied time series forecast combinations with up to 73
predictors to estimate the output growth of seven countries by using an economic
dataset covering 1959-1999 quarterly. Even though individual predictor-based
forecasts are inconsistent over time and amongst countries, and they typically
underperform an autoregressive benchmark, combination forecasts frequently
outperform autoregressive forecasts. Kapetanios et al. (2008) described some features
of the Suite* which focuses on combining a limited number of forecasts produced in
an optimal way using various information sources and procedures. In their study, the
time of bank independence (from 1997 Q2) is forecasted and evaluated over by MSE.
Combinations of predictors produced accurate forecasts of the major macroeconomic
indicators, which can be used as a benchmark forecast without bias to compare with

the projections of policymakers.

Azevedo and Campos (2016) presented a forecast for the spot prices of Brent North
Sea (Brent) and West Texas Intermediate (WTI) crude oil by three individual models
(ARIMA, exponential smoothing, and dynamic regression) and the combination model
via linear regression. The combination is made only with the ARIMA and exponential
smoothing because the dynamic regression model was not valid. Models are compared
on the validation set and for both oil prices, the combination model performed better
than individual models including comparing models (neural network and naive

forecast) based on the MAPE performance metric.

In addition, new developments in computational intelligence have led researchers to
evolve traditional time series methods or develop hybrid models that integrate them
with machine learning algorithms in order to improve prediction accuracy on complex
data sets (Isikli and Serdarasan, 2023). For example, Marifias-Collado et al. (2022)
compared and combined the forecast models generated by traditional methods and
machine learning algorithms to predict urban bus passenger demand in Spain. They
used a large dataset containing information on the hourly passenger arrivals at 272 bus
stops. First, the bus stops were grouped into clusters. Then, several single forecast
models (e.g., SVM, ARIMA, TBATS) were applied, as well as a combination of the

1 As inputs to the forecasting process, the Bank of England has developed a "suite of statistical
forecasting models"” (the "Suite™) that provide judgment-free statistical estimates of output growth and
inflation as well as measures of pertinent news in the data.



best-performing models using methods like simple average, CLS regression, and Bates
& Granger weighted mean. The results showed that the Bates and Granger method
reduced the errors more effectively than the simple average method, although the
difference was not very significant. Additionally, the SVM model performed as well

as the combined models on its own.

Meng, Liu, and Feng (2022) sought to forecast monthly, quarterly, and annual numbers
of occurrence fatalities and manufacturing safety incidents in Chinese housing
municipal engineering by analyzing existing data from 2009 to 2019. In their research,
they did not combine separate methods on the same time period; instead, they divided
the time series according to the structure of the data, evaluated each segment with
appropriate methods, and then combined the results. To divide the time series, they
used the fractional-order accumulated Gray model, suitable for high dynamics, short
sample sizes, and univariate models during January and February, which correspond
to the Spring Festival period in China. For the rest of the remaining year, they used the
ARIMA method, which is typically used for more regular and long-term samples. This

approach resulted in satisfactory outcomes based on their methodology.

In the next section, theoretical modelings of major time series forecasting combination

methods are presented with a schematic illustration.

2.2 Time Series Forecast Combination Methods and Schematic Outlines

From simple combination methods without estimate to complex strategies utilizing
time-varying weights, nonlinear combinations, component correlations, and cross-

learning, combination schemes have seen significant development (Wang et al., 2023).

Wei and Yang (2012) summarized the proposed methods for forecast combinations as
those that rely on forecast optimization under variance-covariance estimation models
similar to Bates and Granger (1969), Bayesian methods (Min and Zellner, 1993), and
methods that consider structural breaks (Timmermann, 2006).

Similar to the work of Wei and Yang (2012), attempts have been made in a limited
number of other studies to systematically outline combination methodologies (Wang
etal., 2023; Weiss et al., 2019). Building upon all these studies, the following scheme
in Figure 2.2 has been developed.
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Figure 2.2: Major forecast combinations techniques.
In the rest of the study, explanations, formulations, and comparisons of the methods
given in the context of this scheme are given. While presenting the formulations,
consistent use of indices to represent the same notation has been ensured for whole
methods. In this chapter, the following notations are used for the formulations: R
represents the number of single prediction models combined; j donates the type of
single prediction model. Additionally, f;; represents the value of the forecast produced
by the single prediction model j at time point i, while A indicates the correction
factor; n, is the number of observations predicted, a; denotes the actual value at time

point i; @; represents the weight assigned to the single prediction model of j and ¢; is

the error value at time point i.

2.2.1 Simple combination methods

Compared to their counterparts, simple combinations can be implemented more
effectively and with less computing load according to Wang et al. (2023, p. 1521).
They distinguish themselves from other methods as they do not require parameter
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(weight) estimation and, therefore, are not subject to estimation errors. Furthermore,
these methods are computationally efficient and easy to apply. Simple combination
techniques can be counted as simple arithmetic mean, geometric mean, harmonic
mean, mode, median, trimmed mean, and winsorized mean. The formulations of each

method can be seen in Table 2.2.

Table 2.2: Simple combination methods (Weiss et al., 2019).

Combination The formulation Combination The formulation
Method Method
Simple 1 R Forodd R: ff = f(5+0.5,i)
Avrithmetic fe= Ezfﬁ The Median ’
Mean = e 1
j=1 ForevenR: f = Z(f(;l.) +f(§+1’l.))
1
Geometric R R Winsorized 1 &
e
Mean fe = Hfﬁ Mean fif = 7 [*Rfar+n + Z ARf(r-2r,i)
=1 j=AR+1
c R
Harmonic It = R c
Mean 1 Mode fi£ = Mode{fy;, f2i, .-, fri}
fii
j=1
§ (1-DR
Trimme c_
Mean = ra—zn Z it
j=AR+1

In the literature on time series forecast combinations, it is widely observed that the
most commonly employed and accepted method for creating a combined forecast is
the use of a simple average or equal weighting of the individual forecast models.
According to Clemen (1989) averaging individual models is often the most effective
strategy for generating a combined model. This concept has been referred to as the
“forecast combination puzzle” in the literature, a term first introduced by (Stock and
Watson, 2004). This argument has remained hard to beat for the past thirty years
(Weiss et al., 2019; Wang et al. 2023). Key benefits of using the simple arithmetic

average of time series forecast are also given by Palm and Zellner (1992):
1. Because combination weights are equal and no weight estimation is required,

2. In many situations, by averaging out the individual bias of predictors, it lowers

variance and bias;
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3. When how to estimate weights is uncertain, simple averaging can be the most
effective way.

Supporting this claim, Blanc and Setzer (2016) stated that among the approaches
studied, the simple arithmetic mean was not consistently outperformed by any other

method in out-of-sample evaluations, as noted in their reviews.

In the literature, it is also discussed when the simple weighting outranks other
alternatives. About this issue, Timmermann (2006, p. 146) mentions that when the
individual forecast errors have identical variance and the same pair-wise correlations
irrespective of the correlation between the two forecast errors, equal averaging of
predictors is optimal. In this way, diversification gained through combination becomes
highest.

Other simple combination methods, such as the median, and mode, besides trimmed
and winsorized means also took attention in the literature. It is described that these
methods are less vulnerable than a simple average to extreme forecasts and can be

more useful for some scenarios (Lichtendahl and Winkler, 2020).

According to Jose and Winkler (2008), trimmed and winsorized means are promising
due to their simplicity and good performance when there is a high level of variability
among the predictors. Winsorized mean method does not completely remove outliers
as in the trimmed mean method but it caps them at a certain level, that is why, it can
be considered as a softer approach compared to the trimmed mean when dealing with

outliers. Both methods are less sensitive to outliers than the simple average.

2.2.2 Linearity-based combination methods

Linearity-based forecast combinations cover assigning weights based on the accuracy
metrics of component forecasts. These weights are determined through optimization
procedures, such as minimizing forecast error (Bates and Granger, 1969; Granger and
Newbold, 1974; Stock and Watson, 2004).

2.2.3 Performance-based combination methods

Under this title, some performance-based forecast combination methods are given in
Table 2.3. The first one is Bates and Granger’s method, which is considered the

initiator of time series forecast combinations; the other one is the extended study of
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them, which belongs to Granger and Newbold (1974). Rank-based weighting method
is also given under the performance-based combination method.

Table 2.3: Performance-based combination methods.

Combination . Combination .
Method The formulation Method The formulation
Bates and 672(j) Newbold and “le
Granger Z fii X R 52 Granger Z fii X T]—_l
(1969) U)  (1974)
1
Rank Based wj = rank; i ff Z wif; Weighting based on an inverse of
Weighting* 2 performance metrics **
rank
j=1

Note: 672(j) is the inverse of the error variance of predictor j, meaning forecasts with
lower variance get higher weights; 2 is RXR error variance-covariance matrix of the
predictors where g;; is the variance of forecast errors for model j, and gjy, is the
covariance between forecast errors of models j and k. In this case, >~ 1is the inverse of T
matrix. Finally, e is denoted as Rx1 vector of (1,1,...,1)T.

*Aiolfi and Timmermann (2006)

**Some studies weighted the component forecasts by using the inverse of the
performance metrics such as MSE, RMSE, or sMAPE (Nowotarski et al., 2014; Stock
and Watson, 1998; Pawlikowski and Chorowska, 2020; Stock and Watson, 2004).

2.2.4 Regression-based combination methods

Crane and Crotty (1967) were the first to propose the idea of combining forecasts using
regression. In subsequent years, Granger and Ramanathan (1984) also studied about
this methodology for econometric models and regression methods became more

popular for forecast combination literature.

The regression-based forecast combinations are linear functions of predictors where
the weights are determined by utilizing individual forecasts as the explanatory
variables and actual values as the response variable. It is possible to derive regression
models with different objective functions and constraints. With these derivations,
regression-based combination methods can be summarized as; ordinary least squares
(OLS) regression, constrained least squares (CLS) regression, least absolute deviation
(LAD) regression, and complete subset regression (CSR). Table 2.4 shows the

formulation of all four techniques.
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Table 2.4: Regression-based combination methods.

Combination  The formulation Combination  The formulation
Method Method

Ordinary . an o Constrained -
Least Z=min ,;_,(a; = ff) Least R
Squares R Squares fi=a+ z @jfji + &
(oLs) £ = &Jrz@fﬁ +g (CLS) =1
Regression & regression R
w,>ov]',z @ =1
j=1
K
c 1
fE= Ez(a" + 3w fji)
k=1
Least Z=min ¥ |a; — f¢| exp(—1/2¢;
Absolute Lol = Complete W = —x p(-1/20))
Deviation R Subset Z exp(—1/2¢;)
(LAD) fE=a+ Z @fii+&  Regression j=1
Regression i=1 where K is the number of subsets, Sy is the k-th

subset of predictors, ¢ is the information
criterion. For R predictors, there are 2% - 1
subsets.

OLS regression minimizes squared residuals, whereas LAD regression minimizes
absolute residuals. By adding a few more constraints to the same objective function of
OLS, CLS regression can be modeled. Although CLS is theoretically suboptimal
compared to Ordinary Least Squares (OLS) due to its additional constraints and lacks
the asymptotic properties of OLS, it often performs better in practice, particularly
when individual forecasts are highly correlated, and its weights are more interpretable
(Weiss et al., 2019). Adding a constraint that the sum of the weights to one as in the
CLS method guarantees that the combined forecast is also unbiased (Granger and
Ramanathan, 1984). The two-step combination method CSR uses the full subset
regression approach to generate n combined predictions using the original R number
of forecasts as predictors first, then, these forecasts are combined using weights based

on information criteria (Elliott et al., 2013).

2.2.5 Eigenvector-based combination models

The concept of minimizing the mean squared prediction error under a normalization
condition is the foundation of the eigenvector-based forecast combination techniques
presented by Hsiao and Wan (2014). The four eigenvector-based methods presented
in Table 2.5 employ a normalization technique ensuring that the sum of the squares of
the component weights equals one.

15



Combination weights are obtained from the estimated mean squared prediction error
matrix using the conventional eigenvector method. This method takes the MSPE
matrix's P positive eigenvalues are grouped in ascending order. At the formulations
shown in Table 2.5, k; represents the eigenvector ©,. Additionally, d; = e - k; where

e is the transposed vector of (1,1, ... 1) px 1.

Table 2.5: Eigenvector-based combination methods.

Combination  The formulation Combination  The formulation
Method Method
Bias- R
Standard R R Z
Eigenvector @ =~k ;ff = Z w;fji (E:_orrected e=g" fe=at ) o
Approach d; j=1 igenvector i=1
Approach
w=—r: L
e v Trimmed P =T34
Trlmmed (1-DR Bias- .
Eigenvector ¢ _ Corrected
Approach i TROA-2A) Z wifji Eigenvector  f = RA—2D Z w;fji
ARl Approach J=AR+1

NOTE: d, and &, have the same definition as d; and ;in the conventional eigenvector
technique; the main distinction is that they relate to the spectral decomposition of the centered
MSPE matrix instead of the original (uncentered) MSPE matrix. Both trimmed eigenvector
approaches combines the advantageous changes of the first two approaches by pre-selecting
component models that are used as input for the forecast combination; only a portion of the
available forecast models are kept, and the models with the worst performance are discarded.

2.2.6  Nonlinear forecast combinations

Linear combination methods inherently assume a linear relationship between the
constituent forecasts and the target variable. However, in such cases, it may be
appropriate to relax this linearity assumption and explore nonlinear combination
schemes of greater complexity, which have received limited research attention (Wang
et al. 2023, p. 1525).

Two forms of nonlinearities in prediction combinations were distinguished by
Timmermann (2006) one directly incorporates nonlinearities in the combination
parameters, while the other combines nonlinear functions of individual forecasts with

linear combination weights.

Because neural networks are capable of catching the underlying nonlinear link
between individual forecasts and future events, they are frequently studied in time
series forecast combination literature (Donaldson and Kamstra, 1996; Babikir and
Mwambi, 2016; Krasnopolsky and Lin, 2012).
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3. METHODOLOGY

3.1 Road of Implementation

As a road to the implementation of the whole methodology, the map in Figure 3.1 has
been constituted and followed. First, the datasets to study are chosen. Then, an
examination of the identified datasets is carried out by some statistical analysis. This
analysis can be carried out with the help of graphs and correlograms of the datasets.
Together with the results obtained, at this phase, the stationarity of the series should
be examined by stationarity tests. If it is concluded that the dataset is stationary,
whether it is white noise should be questioned. Datasets that are white noise are not
suitable for building different forecasting models since the pure noise forecasts are
given no weight in the optimum forecast combination (Timmermann, 2006, p. 162),
and hence cannot serve the proposed model for this study. However, suppose it is
concluded that the dataset is not stationary. In that case, it is necessary to determine
whether the dataset needs a data imputation, outlier removal, or any kind of data
transformation. After that, the presence of stochastic or deterministic trend should be
questioned. Necessary actions are taken to achieve stationarity?. To apply forecasting
models on a statistical basis, at least the estimated part of the dataset must be stationary
(Timmermann 2006, 160). After reaching stationarity, the next step is to determine
whether the transformed dataset is white noise. As mentioned earlier in this paragraph,

it is only possible to apply the forecasting models on non-white noise datasets.

The prepared non-white noise datasets are now available to be separated into three
subsets as training, validation, and test set. Individual forecasting models are trained
on training set and then forecasted over validation and test set horizons. In this case,
the length of the forecast horizon corresponds to the total length of the test and

validation sets.

2 Preparation tecniques and reaching stationarity steps are mention under the heading (3.2.1)
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Component forecasts® are selected based on their performance, diversity, and
robustness considering visual analysis. In the decision matrix, which aligns predictors
with performance measurements, each predictor’s performance measurements are
derived from the validation set. After that point, Multi-Criteria Decision Making

(MCDM) techniques are applied.

First, the weights of the performance metrics, which represent the criteria weights,
should be calculated. Then, performance evaluation for forecasting models should be
carried out. For both assessments, the proper MCDM approaches are determined. In
this study, the CRITIC and CILOS methods were utilized for criteria weight
assessment, while TOPSIS and ARAS were employed for performance evaluation.
According to which MCDM approach and weighting technique are applied, a weighted

normalized decision matrix created can vary.

Finally, the stage is reached where normalization can be applied to the rankings
obtained from the MCDM technique. The normalized ratio corresponding to each

predictor will represent the weight within the combination model.

The following sections of this chapter provide a description of the methods and steps
involved in the implementation path. The techniques used in the determination and
preparation of the dataset and how the prediction methods to be included in the
decision matrix were determined are explained in detail under separate headings.
Accuracy performance measurement techniques and multi-criteria decision-making

approaches used in the study are also explained in the following.

3.2 Determination and Preparation of Datasets

3.2.1 Selection of datasets

While determining the datasets, the time frequency and sample size of the observations
and the presence of patterns that are suitable for statistical estimation are taken into
consideration. For time series analysis to be empirically successful and robust to

outliers, a sufficiently large sample size must be used to distinguish between noise and

3 Selection of the component forecasts are mentioned under the heading (3.3.1)
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the main trend, ensuring the data size is adequate relative to the number of models (N)

(Timmermann, 2006).

The required sample size can change based on several things like complexity and
frequency of the dataset, however, generally having at least 50-100 data points is
recommended to capture underlying patterns like seasonality or trend. For this thesis
study, since combination models are considered and it is necessary to examine
relatively complex datasets using many prediction models, we aimed to select datasets

with at least 200 observations.

Since models rely on historical data, there is a risk that the fitting process may
primarily capture transient features. Therefore, it is essential to validate the models
using a dataset distinct from the one employed for estimation (Ulengin, 2024). With
this in mind, in order to observe how the proposed model works on datasets with
different frequency levels, 2 datasets with monthly and daily frequencies were found

and tested.

Moreover, it was studied on datasets with different patterns, such as trend or seasonal
effects, so that different forecasting models can capture different effects during the

combination and allow the success of combination models to increase.

3.2.2 Data preparation

Data preparation is the first step that should be taken for time series forecasting and
should be done before forecasting models are estimated. This process may involve
transformation, outlier removal loading in data, identifying missing values,
decomposition, and other pre-processing tasks (Hyndman and Athanasopoulos, 2021).

Before applying these tasks, first, we should understand the features of the data.

3.2.2.1 Graphical inspection and correlograms

Graphical inspection is an essential step for understanding the features of the dataset.
Visualization allows us to see common patterns, extreme observations, and changes

over time. For this study, the Eviews program is used to obtain plots of the datasets.

As a more quantitative approach, the linear correlation (autocorrelation measures)
between a time series' lagged values can give an idea about the behavior of this dataset
(Hyndman and Athanasopoulos, 2021). If autocorrelation between successive values

of the time series is not equal to zero, this indicates an association between values of
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the identical variable across time periods which implies that the series is predictable
and can be modelled. However, for a white noise time series, all autocorrelation
measures give results as zero, as there is no dependency between values over time.
Asr; represents the measure of the relationship between y, and and y,_;, 7,
represents the measure of the relationship between y,_; and y;_, and, so on. In this

case, 1, can be formulated as in Equation (3.1) (Hyndman and Athanasopoulos, 2021);

.= Yiek+1 Ve = P Yok — ¥)
- Yt=1(ye — ¥)? (3.1)

where T is the length of the time series.

If the correlation between values at different time lags, rather than just successive
values, needs to be measured, partial autocorrelations can be calculated. Partial
autocorrelations assess the relationship between y, and y,_, after excluding the
effects of lags 1,2,3,..., k-1 (Hyndman and Athanasopoulos, 2021). To understand the
significance of both partial and ordinary autocorrelations, confidence intervals are
constructed. Whereas in literature generally £1.96/7'T is used as a critical value, in this
study the Bartlett formula* based confidence intervals were used as in Equation (3.2):

k-1
1

i=1

If r, exceeds outside this confidence interval above, it is considered that the
autocorrelation exists and is significantly different from zero at a 5% significance

level.

The plot displaying autocorrelations as bars is called the ACF plot, while the one
showing partial autocorrelations is called the PACF plot. These are sometimes been
called the correlogram (Box et al. 2016, 30). Ziegel (1995) mentions that the ACF (the
autocorrelation function) and PACF (the partial autocorrelation function) act as helpful
measures in the method of recognizing and estimating time series proposed by Box
and Jenkins (1976). Correlograms of ACF and PACF are important plots that should

4 A Bartlett interval refers to a confidence interval for the variance of a normal distribution, derived
using Bartlett's chi-squared test for variance.
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be inspected before choosing and applying forecast models to understand the behavior
of datasets.

These plots are not used as a stationarity test for the dataset neither help to understand
if the data contains stochastic or deterministic trend, but help to understand
trend/seasonal patterns. For a time series with trend, the PACF will drop to zero
relatively quickly, while the ACF bars decrease slowly (Hyndman and
Athanasopoulos, 2021). For this study, ACF/PACF plots with Bartlett formula-based

confidence intervals are used by the Gretl Program.

3.2.2.2 Investigating stationarity

Kwiatkowski et al. (1992) described that a stationary time series is one whose
statistical characteristics are independent of the series' observation time. Stationarity
is essential for time series forecasting and should be guaranteed before using
forecasting models, as many of them assume that the statistical characteristics of the
data (mean, variance, and autocorrelation) remain constant across time. By eliminating
(or reducing) trend and seasonality, transformations like logarithms can help stabilize
the variance, moreover, differencing or detrending can assist in stabilizing the mean

of a time series (Hyndman and Athanasopoulos, 2021).

If the dataset shows a deterministic trend, detrending should be handled to get a
stationary series. On the other hand, the non-stationary time series which includes a
unit root/ stochastic trend should be differenced. If a series containing stochastic trends

is detrended, then it will fail to achieve stationarity (Ulengin, 2024; Ryan et al., 2023).

The stationarity test helps us to understand if the dataset is stationary or non-stationary

with a stochastic trend or non-stationary with a deterministic trend.

For this study, we will use ADF and KPSS stationarity tests simultaneously on Eviews

software.

Augmented Dickey-Fuller (ADF) test: The test, which was created by Dickey and
Fuller (1979), examines a unit root in a time series, indicating non-stationarity with a
stochastic trend. The null hypothesis is that a unit root exists. The test can be tested on

three different equations numbered with 3.3, 3.4 and 3.5 given below.

e Test equation without intercept or trend notations:

22



k
Ay = yyi-1 + z Bildy.—; + & (3.3)

=1

e Test equation with intercept notation only:

Aye = W+ VYioq + Diey Bildye—i + & (3.4)

e Test equation with trend and intercept notations:

k
Ay =pu+bt+yyeq+ Z Bildyi—i + & (3.5)

=1

where:

Ay, is the differenced time series,

u is a constant term,

b represents the trend,

y is the coefficient of the lagged level of the series,

k is the number of lagged terms.

The ADF test checks if y is different from zero significantly. If it is not, then the series
has a stochastic trend and we reject the null hypothesis (stationary). In this study, the
order of application of the tests will be carried out by going from general (test equation
with trend and intercept notations) to specific (test equation without intercept or trend

notations).

Kwiatkowski-Phillips-Schmidt-Shin (KPSS) Test: Kwiatkowski et al. (1992)
proposed the KPSS test of the null hypothesis, which assesses the degree to which a
time series deviates from a stationary mean or trend and assumes that a measurable
series is stationary around a deterministic trend. The test of the hypothesis that the
random walk has zero variance is the LM (Lagrange multiplier) test, and the series is
written as the sum of the deterministic trend, random walk, and stationary error. The

equation used for KPSS statistics can be seen in Equation (3.6).
. 1 T
KPSS statistics = — >, _, S / s? (3.6)

where:

S¢ 1s cumulative sum of the residuals,
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s2 is long-run variance of residuals,

T is the length of the time series.

3.2.3 Splitting the dataset

For this study, the dataset will be split into three subsets: train, validation, and test.
The forecast model parameters are determined on the train set. Forecast model weights
within the combination will be determined by validation set and finally, the test set
will help to understand the accuracy of the model created via train and validation set
on unseen data. This splitting strategy ensures that the generalization of the model is
made well for unknown future data, avoiding overfitting and evaluating a variety of

potential models' performance reliably (Géron, 2019).

Furthermore, the size of the selected subsets is important for the appropriate
determination of the parameters of the forecast models and their weights in the
combination. It is crucial to take into account whether models estimated with daily
intervals can accurately capture the process dynamics across longer timeframes, like
weeks or months, when deciding how far to extend the forecast horizon (Timmermann
2006, 160). The validation set should be large enough to detect significant weighting
for component forecasts and even a small weight in the forecast combination can
potentially improve forecast performance. It is customary to reserve 20% of the data
for testing and utilize the remaining 80% for training. In this thesis study, we have also
tried to stick to these ratios based on this generalization and separate nearly 75% of

the series for training, 15% for validation, and 10% for testing.

3.3 Forecasting Model Selection as Rows of Decision Matrix

3.2.1 How to select predictors for combination?

To create a combined forecast model, first developing multiple individual models
based on the time series data is held independently. Then, the forecasts from each
model can be combined to extract more information from the original dataset, which

can enhance the accuracy of the overall forecast (Wang et al., 2023).

However, selecting the component forecast models to be combined, which will form
the alternatives in the decision matrix, is another step that needs to be addressed. Based

on Timmermann (2006), the combination’s success depends largely on selecting the
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right forecasts to combine. Ideally, the forecasts should differ, with some being higher
and others lower than the actual outcome, in order for the forecast errors to
counterbalance one another. This rarely happens in practice, though, because
predictors are often trained using alike data and techniques. It is doubtful that the
combination will increase accuracy if all of the individual forecasts chosen are

identical or contain a lot of overlapping data (Wang et al., 2023).

Lichtendahl and Winkler (2020) also emphasized a high degree of diversity among
single forecast models is essential for the success of the combination. They also noted
that the accuracy of the selected models impacts the success of the combined forecast.
For Franses (2011), the individual forecast models that contribute significantly to the

overall accuracy of the forecast are the ones that need to be combined.

To utilize a variety of models, researchers have attempted to incorporate numerous
forecasts into a regression framework (Wang et al. 2023), Armstrong (1989) suggested
that, instead of combining all forecasts, it is often beneficial to discard the poorest-
performing models - a process known as ‘trimming' - and focus only on the best models
under the principle of ‘using sensible models.” Supporting this claim, Timmermann
(2006) mentioned that once the best prediction models have been identified, the final
model combines the different forecasts from each model to provide comprehensive

information too.

Hendry and Clements (2002) highlighted that forecast combinations should result in
even greater MSE reductions when two or more positively linked individual models

are susceptible to shifts in opposite directions.

Swanson and Zeng (2001) investigated selection techniques based on regression to

decide which models to include in forecast combinations.

Aligning combining rules to forecasting scenarios will be more successful the more
we know which sets of underlying assumptions are connected to which combining
rules. In the model proposed in this thesis study, component forecasts are selected by
excluding the poorest-performing models, ensuring a high degree of diversity among
individual forecasting models, and accounting for potential shifts in opposing

directions.
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3.2.2 Forecast models for time series analysis
3.2.2.1 STL (Seasonal and trend decomposition using Loess)

The STL methodology, which was originated by Cleveland (1990), breaks down a time
series into three parts: "trend," "seasonality,” and "residual™ .These parts are then
estimated independently using the locally weighted regression method (Loess). It is
considered particularly useful for understanding the underlying patterns in datasets

that contain significant seasonal effects.

The general form of the STL model is in Equation (3.7):

fi=bi+S;+e (3.7)
where:

fi is the forecasted values of the time series at time point /.

b; is the trend component at time 7and can be modelled as b; = a + fi where « is

intercept and £ is the slope of this trend regression model.

S; is the seasonal component at time point i and allows to capture the seasonality by

assigning seasonal indices as S; = Sgeqson (1)-
e; 1S the remainder component at time 7.

Although STL can manage any kind of seasonality, allowing users to determine the
trend's smoothness and enable the seasonal component to alter over time, it only offers
additive decomposition capabilities and does not automatically handle calendar or

trading day variations (Hyndman and Athanasopoulos, 2021).

3.2.2.2 ETS (Error, Trend, Seasonality)

A class of exponential smoothing methods called ETS models is used to capture time
series error, trend, and seasonality; structured in various ways based on different
combinations of these three components (Hyndman et al., 2008). So, the extention of
traditional exponential smoothing methods becomes possible via ETS framework by
different combinations of these components. ETS model notation is donated by ETS
(E, T, S) where each parameter represents the component of error, trend, and

seasonality as can be seen in Figure 3.2.
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] , Additive (A): Error is constant in any level of the series. ‘
Error (E)
Multiplicative (M): Error differs in proportionally with the level of the series.

—i None (N): No trend component.

—i Additive (A): Trend has a constant grows or declines over time.

Trend (T) .
—{ Multiplicative (M): Trend changes depend on the current level of the series.

|
|
|
—i Damped Trend (Ad or Md): Trend changes over time but at a decaying rate. ‘
|
|
|

Components of ETS

—i None (N): No seasonality

Seasonality (S) ;Additive (A): Seasonal pattern is independent from the level of the series.

!

—i Multiplicative (M): Seasonal pattern vary based on the level of the series.

Figure 3.2: ETS framework.

Figure 3.3 also shows the state space equations for each scenario (¢ represents the
level of series at time t, b, the slope at time t, s, the seasonal component of the series at
timet, and mthe number of seasons in a year; the smoothing parameters

are a, f* yand ¢; pp, = ¢ + P> + -+ + ¢"; and the integer fraction of (h — 1)/mis k.

The selection of the ETS model varies on the characteristics of the time series and
often, the estimation of model parameters is held by the Maximum Likelihood
Estimation (MLE) technique. This approach maximizes the “likelihood”, and so

minimizes the sum of squared errors while optimizing the parameters.

Table 3.1 presents some of the most commonly used ETS methods, along with their

notations and references.

Table 3.1: Commonly used ETS methods.

ETS method Notation Referance
Simple Exponential Smoothing (SES) ETS(A, N, N)  (Brown, 1959)
Holt’s Linear Trend method ETS(A, A, N)  (Holt, 2004)
Holt-Winters’ Additive Method ETS(A, A, A)  (Winters, 1960)
Holt-Winters’ Multiplicative Method ETS(M, A, M)  (Winters, 1960)
Holt-Winters’ Damped Method ETS (A, Az, A) (Gardner, 1985)
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Figure 3.3: Equations in state space for every model in the ETS framework
(Hyndman and Athanasopoulos, 2021).

3.2.2.3 ARIMA (AutoRegressive Integrated Moving Average)

By integrating autoregressive (AR), integrated (I), and moving average (MA)
processes, the Box-Jenkins ARIMA family of linear statistical models, which are
based on the normal distribution, can be used to simulate the behavior of a wide variety
of real-time series (Siegel, 2016). Based on the primary study of Box et al. (2016), the

model parameters (p, d, q) are chosen according to the data characteristics.

AR (autoregressive) part: It captures the relationship between each data point and its
past values, effectively creating a regression of the variable on its own previous values.
So, the AR part uses lagged values as predictors, with the number of lag terms specified
by the order p. A common way to express an autoregressive model of order p is shown

as in Equation (3.8):

Ve =0+ Xi_ PiVe—i + & (3.8)
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where ¢, is constant, &, is white noise, yz is the variable we investigate its forecast for

and p is the order of autoregressive part. For an AR(1) model:
e when ¢;=0and ¢,=0, y; is corresponding to white noise;
e when ¢;=1and ¢,=0, y; is a random walk;
e when ¢,=1and ¢#0, y; is equated to a random walk with drift;
e when ¢,<0, y; tends to fluctuate around the mean.

Because stationarity is required, autoregressive model parameters are restricted by

some additional constraints.

MA (moving average) part: While the AR part uses the past values of the time series,
the MA part uses past forecast errors with the number of lag terms specified by the

order q within the same regression structure as shown in Equation (3.9).

Ve = + & + X 05y (3.9)

where ¢, is constant, ; is white noise and q is the order of moving average part.

Because we do not observe the values of &, the regression model has a different sense
compared to the AR part. For the moving average part, it tries to hit the target by
correcting the next prediction error based on the current error with the number of error

terms specified by the order g (Ulengin, 2024).

I (integration) part: The differencing operation making the dataset stationary is
represented by this part. The order of differencing which is represented by the

parameter d, determines how many times the series has been differentiated.

A belief that ARIMA models are broader than exponential smoothing techniques is
one that is frequently spread. Although linear exponential smoothing models are
special cases of ARIMA models, there are no analogous equivalents for non-linear
exponential smoothing techniques in the ARIMA framework. Conversely, numerous
ARIMA models exist without corresponding representations in the domain of
exponential smoothing. Notably, all Exponential Smoothing State Space (ETS) models
are inherently non-stationary, whereas ARIMA models encompass both stationary and
non-stationary processes, highlighting fundamental differences in their scope and
application Hyndman and Athanasopoulos (2021). Table 3.2 shows the equivalency
interactions of ETS and ARIMA models.
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Table 3.2: ETS and ARIMA model equivalency interactions (Hyndman and
Athanasopoulos, 2021).

ETS forecast model ARIMA forecast model
ETS(4,N,N) ARIMA(0,1,1)

ETS(A4,A,N) ARIMA(0,2,2)

ETS(A, A4 N) ARIMA(1,1,2)

ETS(A,N,A) ARIMA(0,1,m)(0,1,0),
ETS(4,4,4) ARIMA(0,1,m + 1) (0,1,0),
ETS(A, Ay A) ARIMA(1,0,m + 1) (0,1,0),

3.2.2.4NNAR (Neural Network AutoRegressive)

As machine learning techniques continue to advance, neural networks—also referred
to as artificial neural networks, or ANNs—have emerged as one of the most popular
approaches for time series data in recent years. These networks serve as the foundation

for deep learning algorithms used in predictive models (Su et al., 2024, p. 3530).

Similar to how lagged values are utilized in a linear autoregression model, they may
also be used as inputs to a neural network when dealing with time series data. Neural
network autoregression (NNAR) is the name of this time series-adapted forecasting
model, which makes use of artificial neural networks to identify complicated and non-
linear trends (Davidescu et al., 2021). The linear combination function can be

represented as in Equation (3.10):

net, = Zx WyzYxz (310)

where w,., is the weight parameter connecting input x to the hidden node z and y,,
represents the input value from node x for the z-th node in the hidden layer. These
weights are learned by the model during training to capture relationships in the time

series data.

After calculating the weighted sum of net,, the NNAR model applies a nonlinear
sigmoid function which squashes the output of the linear combination to be between 0
and 1 for processing the input before passing it to the next layer with the Equation

(3.112):

() = —
siz T 1+4eZ

If the seasonal component is also included, the notation for NNAR can be written as

(3.11)

NNAR (p, P, k), Where p is the number of lagged inputs utilized as predictors (which
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Is equivalent to the AR order in an ARIMA model), P is the number of seasonal lags,

k represents the number of neurons in the hidden layer and m is the seasonal period.

A schematic illustration of the NNAR (p, P, k), Structure can be seen in Figure 3.4.

Input layer Hidden layer Output layer
Y1

Figure 3.4: A schematic illustration of the NNAR (p, P, k), structure (Alonso et al.,
2002).

A NNAR (p, P,0), model is equivalent to an ARIMA(p, 0,0)(P,0,0),, model but
without the restrictions on the parameters that ensure stationarity (Hyndman and
Athanasopoulos, 2021).

3.2.2.5 TBATS (Trigonometric, Box-Cox, ARMA errors, Trend, and Seasonal

components)

De Livera et al. (2011) suggested the TBATS technique, which uses the letters B, A,
T, and S to stand for the Box-Cox transformation, the ARMA model, trend pattern,
and seasonality in the object time series, respectively. The exponential smoothing state
space model and a novel trigonometric representation of seasonal behaviors based on
the Fourier series and the Box-Cox transform are combined in this automated approach
to handle complicated, numerous, and overlapping seasonal patterns. In contrast to
dynamic harmonic regression, it permits seasonality to gradually shift over time. (De
Liveraetal., 2011).
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TBATS differentiates from many traditional forecasting techniques in terms of the
ability to handle complex seasonal patterns, non-linear trends, and variable variance

in time series data.

3.2.2.6 THETAM (Theta model)

Proposed by Fotios Petropoulos and Konstantinos Nikolopoulos (2000) as an
improved version of the original theta model introduced by (Assimakopoulos and
Nikolopoulos 2000) which forecasts based on 0 lines constructed to capture different
aspects of the data through simple exponential smoothing. The ThetaM model is a

more sophisticated version of theta that takes into account seasonal effects.

3.2.2.7 Naive

The Naive model for forecasting time series assumes the prediction of the future value
as the last directly observed data point(s) and can be defined as one of the simplest

time series forecasting methods.

3.2.2.8 Simple moving average (SMA)

It is a simple estimation method that is widely used in the literature to identify trends
in time series data and to make short-term forecasts, based on the calculation of the

average value depending on the number of periods to be determined.

3.2.2.9 Random Forest

The Random Forest is an ensemble machine-learning method that was first put forth
by Breiman (2001) and is applied to both regression and classification issues where a
large number of decision trees are combined. The data must first be converted into a
supervised learning format so that temporal dependencies (lags, seasonal effects, etc.)
may be included before it can be used for time series forecasting. Once the transformed

data has been trained, forecasting can be performed.

3.2.2.10 Support Vector Machine

It is a vector space-based machine learning method that tries to find the best hyperplane
separating the two most distant classes in the training dataset and maximizes the
margin between classes (Scholkopf and Smola, 2002). Finding a hyperplane with a big

margin that offers higher generalization for the prediction of additional data points is
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the goal of the margin, which is the distance between the hyperplane and the support
vectors. Unlike traditional methods such as ARIMA, which assume linear
relationships, SVR is successful in dealing with complex, nonlinear patterns often

found in time series data®.

3.2.2.11 XGBoost (Extreme Gradient Boosting)

The XGBoost model, an improved and optimized version of the gradient boosting
algorithm, is a decision tree-based ensemble algorithm that incrementally builds a
model from weak learners, typically decision trees (Chen and Guestrin, 2016). Similar
to other machine learning algorithms for time series, it can make predictions by
transforming time series data into a form of supervised learning with lagged features,

rolling statistics, and date-based features.

3.4 Accuracy Performance Measurement Techniques

According to earlier research, performance evaluations can be carried out
quantitatively using a variety of evaluation metrics that capture distinct facets of model
performance, qualitatively by weighing the advantages and disadvantages of
alternative strategies, or statistically through statistical tests (Jurman et al, 2012). In
this study, our focus will be on the quantitative analysis of performance metrics as they
are numerical and adaptable to the decision matrix. In Table 3.3, the definitions and

formulas of the performance metrics used in this study are given.

Each error measure represents a single metric that highlights one aspect of forecasting
performance, with each having its own advantages and limitations. Table 3.4
summarizes the strengths and constraints of the performance metrics used in the
proposed model, with an extended version provided by Badulescu et al. (2021, p.7).
This thesis aims to adopt a multi-dimensional and objective approach by incorporating
all these metrics when determining the component forecast weights for forecast

combinations.

5 Retrieved from: https://www.geeksforgeeks.org/time-series-forecasting-with-support-vector-
regression/
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Table 3.3: List of performance metrics used for performance evaluation of the
proposed forecasting method (Theodosiou, 2011, p.1186; Diebold, 2007; Hyndman

and Athanasopoulos, 2018).

n is the number of forecasts, f; is the forecasted value, q; is the actual value;

Forecast Errors

n

Mean Error (ME): Represents the average of the differences 1

) ME == ) (fi—a)
between model predicted values and actual observed values. ne
Scale-Dependent Errors
Mean Absolute Error (MAE): It provides an estimate of the size .
of the prediction errors but not the direction of them. It is the MAE = lzlf_ a,|
mean of the absolute differences between the model's forecasted nia’t '

values and the actual observed values.

Root Mean Squared Error (RMSE): It is calculated as the square

root of the mean square of the squares of the variations between RMSE =

the observed and model-predicted values.

Scaled Errors

Mean Absolute Scaled Error (MASE): It correlates the prediction lgn If — ail
model's mean absolute error (MAE) to that of a basic naive | MASE = — 1 el !

model in order to scale it.

1
7= Zi=2l — i1

Percentage Errors

Mean Percentage Error (MPE): It is the average of the
percentage errors of the differences between the model predicted
values and the observed actual values compared to the actual
values. It gives an idea about the bias that may occur in
forecasting models.

Mean Absolute Percentage Error (MAPE): It is the mean of the
absolute percentage errors between the actual values observed
and the values predicted by the model. It gives a clear picture of
the magnitude of errors are in comparison to actual values.

Correlation Metrics

ACF1 Measurement: In the context of time series forecasting
models, the ACF1 of the residuals is used to assess whether there
is any autocorrelation remaining after the model is fitted. Ideally,
a well-fitted model should produce approximately uncorrelated
residuals. In this case, the ACF1 of the residuals should be close
to zero, indicating that the model adequately captures all
temporal patterns in the data.

Cov(f; — ay, fi—1 — ai—1)

ACF1 =
Var(f; — a;)
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Table 3.4: Pros and cons of the error measures.

Error Pros Cons
measure
-Positive and negative errors can cancel
Mean Error N _ _ out each other.
(ME) -Exhibits variance, range, and bias. -Scale-dependent.

Mean Absolute
Error (MAE)

Mean Absolute
Scaled Error
(MASE)

Mean
Percentage
Error (MPE)

Mean Absolute
Percentage
Error (MAPE)

ACF1

-Exhibits variance, range, and bias.
-Positive and negative errors do not
cancel out each other.

-Scale-independent.

-Enabling cross-dataset comparison.

-Provides context by comparison
against a naive model.

-Percentage-based accuracy,
independent of scale.

-Permit cross-dataset comparisons
-Relative size and direction of bias.

-Percentage-based accuracy,
independent of scale.
-Permit cross-dataset comparisons.

-Gives information on the forecast
errors' independence.

-Facilitates the identification of
residual correlation, a sign of model
misspecification.

-Not robust to outliers.

-A skewed mean is produced by outliers.
-Scale-dependent.

-Challenging to compare datasets with
different units.

-Does not provide information about the
direction of errors.

-Needs a baseline forecast to calculate,
which makes it challenging to
comprehend without knowing the
benchmark.

-Sensitive to large outliers.
-Positive and negative errors can cancel
out each other.

-Greater penalty for positive errors,
making it asymmetrical.

-Does not indicate the magnitude of
errors.

-Without further context, it might not be
possible to compare datasets directly.

3.5  Multi-Criteria Decision Making Approach

3.2.1 CRITIC as a weighting method

The Criteria Importance Through Intercriteria Correlation (CRITIC), which was

proposed by Diakoulaki et al. (1995), takes into account the level of contrast and the

conflict between criteria via the variation of each criterion, simultaneously. It

determines the relative importance weights of the criteria based on the correlation

between them and models the information obtained from decision-makers by taking

into account the contrast density (Diakoulaki et al., 1995). So, the method assigns

weights based on the amount of information a criterion conveys, which is measured

by its standard deviation and the correlation between other criteria. One of the

distinctive features of CRITIC compared to other weighting methods is that it can be
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applicable even for dependent attributes and is an objective weighting method
(Alinezhad and Khalili, 2019). With these features, it is possible to assess potentially

dependent performance metrics that objectively measure forecasting models' accuracy.

The steps for applying the method can be summarized as follows (Diakoulaki et al.,
1995; Alinezhad and Khalili, 2019);

Step 1: Building of the normalized decision matrix is handled. Because all of our
criteria are in terms of error terms, they can be considered as negative attributes and

their normalization can be done by the Equation (3.12);

non mi=lom
rl_ _ 'rl+ ) ey ey (3.12)

xl-j=

where 7;; is the jth performance value of alternative i of the original matrix, x;; is the
element of the normalized decision matrix for ith alternative in jth attribute, ;" =

max(ry, 1y, ..., ) and ;7 = min(ry, 1y, ..., Tiy)-

Step 2: Standard deviation of each attribute is measured as in Equation (3.13);

1
n—1

O}-:

n
j=1

where X; is the mean of the jth attribute and n is the number of alternatives.

Step 3: The correlation coefficient between attributes is calculated by the Equation
(3.14);

Pjk = Z(xij — %) (i — %) / Z(xij - fj)z Z(xik — Xi)? (3.14)
i=1 , i=1

=1
where X is the mean of the kth attribute

Step 4: The index (C) is estimated as in Equation (3.15);
n
q=@2(1—p,-k);j=1...,n (3.15)
k=1

Step 5: Finally, criteria weights can be determined as shown in Equation (3.16);
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C
] ;j=1..,n

z; C,- (3.16)

3.2.2 CILOS as a weigthing method

Building on a concept originally proposed by Mirkin et al. (1974), the CILOS (Criteria
Importance Through Intercriteria Correlation) method was further developed and
refined by Zavadskas and Podvezko (2016). It can be used as an objective weighting
method similar to CRITIC and takes into account the loss of importance of the
remaining criteria when a criterion reaches the ideal value. In the CRITIC method, a
criterion’s weight increases with its relative loss of effect, whereas in CILOS, a smaller
relative loss corresponds to a greater weight. Therefore, testing the proposed method
with both approaches and comparing the results allows us to observe the impact of the
way evaluating accuracy measurements from different perspectives within the forecast
combination. The calculation steps are given as follows (Zavadskas and Podvezko,
2016):

Step 1: The following equation is processed to convert the negative attributes of the
decision matrix. Since all our criteria are expressed as error terms and thus represent
negative attributes, it is necessary to apply the following formulation in Equation
(3.17) to all criteria;

) n?nnj N

tj

Step 2: Afterwards, the normalized values of the decision matrix are calculated by the
Equation (3.18);

ij=on )
Z_ r (3.18)
i=1

where 7;; represents the normalized values of the decision matrix of i th forecasting

model in the j th accuracy measurement.

Step 3: At the next step, the square matrix is created according to the Equation (3.19);
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Ci = m?xﬁj = Ckij; ,,] € {1' ,TL} (319)

where ¢, ; is the maximum value of j th criteria, derived from the decision matrix using
k; rows to form a square matrix c;; = ¢ j and ¢j; = ¢;. The i th row of square matrix
L

contains the elements corresponding to the k; th row of decision matrix.

Step 4: As the next step, based on the values obtained in the previous step, the elements

of the relative impact loss matrix can be calculated using the Equation (3.20);

SiZ S,
py=———>; Lj€{l.,n}  p;=0 (3.20)
7]

p;j denotes the relative impact loss associated with the j-th attribute when this attribute
considered the best value.

Step 5: By using p;; values, the weight system matrix is built as seen in Equation
(3.21);

- > Py Pis Py
i=1
P> —> Pn - Py,
F= =1 (3.21)
Pul Pn2 _prn
i=1

nxn

Step 6: The weight of attributes [q., 0z, ....., §.] can be assigned through the solution
of the following Equation (3.22);

Fq" =0 (3.22)
3.2.3 TOPSIS method
The Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS)
method chooses the option that is most similar to the positive ideal solution and most
dissimilar from the negative ideal solution is the foundation of the strategy created by

Hwang and Yoon (1981). The method's application phases are as follows (Hwang and
Yoon, 1981; Gaur et al., 2023):
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Step 1: The normalized decision matrix is constructed. The dij element of the
normalized decision matrix for TOPSIS can be found as follows in Equation (3.23);

Tij .. ;
dij=szr2,L=1,...,m j=1..,n (3.23)
=1 Y

Step 2: The normalized decision matrix is weighted by using the Equation (3.24);

bij =dijj-wj;i=1..m j=1..,n (3.24)
Step 3: Identification of Positive Ideal and Negative Ideal solutions is evaluated in
terms of cost, as the normalized performance values of forecasting models represent
error measures. However, for error measures that measure bias and can take negative
values, the “best value” is not the lowest value on the numerical scale, but the value
closest to zero. Therefore, when selecting the best value of the mean error (ME), mean
percentage error (MPE) and ACF1 criteria, the correction was made by taking the
value closest to zero, not the smallest numerical value. Likewise, the “worst value”

was taken as the value furthest from zero.

Let v/ be the positive ideal solution donating the “best value” in the column of jth
criterion, and v;~ be the negative ideal solution showing the “worst value” in the

column of jth criterion. Positive Ideal (s;*) and Negative Ideal (s;”) solutions can be

formulated in Equation (3.25);
2 2
Ji j

Step 4: Relative closeness to the ideal solution is calculated by Equation (3.26);

S
Cir = ————— 3.26
CE S (3.26)
Based on the coefficient C;+, which represents the ratio of the distance to the negative
ideal solution in the total distance, it is inferred that the prediction model with the

largest C;- value should have the most weight in the combination.

The TOPSIS method does not take into account the relationships between the criteria,
nor does it provide an easy method for determining the criteria (Tao et al., 2012),
however, CRITIC or CILOS does. So, the hybrid CRITIC-TOPSIS or CILOS-TOPSIS
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technique will help to evaluate component forecasts, also considering

interdependencies between performance metrics in different ways.

3.2.4 ARAS method

In the context of Multi-Criteria Decision-Making (MCDM), the Additive Ratio
Assessment (ARAS) method, first presented by Zavadskas and Turskis (2010) has
become an effective and simple-to-use tool. Based on the proportional assessment
principle, ARAS evaluates each alternative's performance concerning an ideal
alternative that is created by combining the best values of all criteria. Unlike TOPSIS,
which balances closeness to ideal and worst solutions, ARAS solely considers the
proportionate performance in comparison to the optimal solution. Because of its focus
on proportionality, ARAS is both computationally efficient and simple to understand.

The following are the phases of application for the method:

Step 1: Each criterion’'s optimal values are identified, and the components at the row
of ideal values can be displayed as 7,;. Since all our criteria are expressed as error

terms and thus represent negative attributes, the optimal values can be expressed as the
following Equation (3.27);

Toj = minrij; i=o,1, ___.,m,j =1,...,,n (327)

However, this formulation is not accepted for the criteria that can take negative values,
such as ME or MPE. For these criteria, the “optimal value” is considered as the value
closest to zero under the proposed model in this thesis.

Step 2: A normalized decision matrix is created by Equation (3.28);

== j=1..,n (3.28)
Yo
=0

Step 3: The weighted normalized decision matrix is derived from the weight of the

criteria as can be formulated in Equation (3.29);

Step 4: The optimality function (S;) can be formulated as shown in Equation (3.30)
and defined as the value that is thought to be better the larger it is;
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si=2bij; i=0,1..,m (3.30)

j=1
Step 5: The utility degree (K;) for every prediction model is determined in order to

assess the final rankings for each forecast model and formulated with Equation (3.31);

S.
K; = —l;i=o,1...,m (3.31)

where V, is the optimality value of S..
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4. MODEL IMPLEMENTATION AND RESULTS

The success of the proposed approach is tested on two different datasets. While these
datasets are selected, it is considered for both to have different patterns, sizes, and
frequencies. While the first dataset includes more irregular patterns, exhibits high-
frequency noise and volatility as well as being much larger in size, the second one is
more regular, has clearer seasonal patterns and linear trends, and is much smaller in
size. The proposed hybrid-MCDM method-based time series forecast combination
models are applied. The results are presented and compared with individual and
existing combination models in the literature. R programming was utilized to execute
all models, including both individual and combined approaches, and to generate results
across all subsets of the datasets. The most frequently used R libraries during this
implementation phase were forecast, ForecastComb, ggplot2, zoo and Metrics.
Preliminary statistical inspections were also conducted in R, while additional analyses
were performed using EViews and Gretl. The results from the validation set, obtained
through R, were used to construct a decision matrix. This decision matrix was then
employed to apply the steps of the multi-criteria decision-making (MCDM) approach

using Excel.

4.1  The Subset of D2035 Dataset from Open Access File of M4 Competition

4.2.1 Data pre-processing

The first dataset is a daily dataset from the industry domain, taken from the M4
competition file, which is shared as open data on GitHub®. The properties of the dataset

used are in Table 4.1 as follows:

Table 4.1: D2035 dataset.

M4id Category Frequency Horizon SP Starting Date
D2035 Industry 1 14 Daily 30-03-01 12:00

® https://github.com/Mcompetitions/M4-methods/blob/master/Dataset/M4-info.csv
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The selected subset of the D2035 dataset covers 4197 observations between
30/03/2001 and 24/09/2012 on a daily basis. Figure 4.1 shows the graph of the
mentioned dataset. It can be seen that this dataset includes irregular patterns, exhibits
high-frequency noise and volatility as well as is large in size. Also, the seasonal

patterns or linear trends are obscure.
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Figure 4.1: The graph of the D2035 dataset from the open access file of M4
competition between 30/03/2001 and 24/09/2012.

To be able to apply a statistically significant forecasting model with the relevant
dataset, a number of preliminary preparations and tests were carried out to prepare the
data for statistical application. First, the Box-Cox transformation is tested to see
whether we need any transformation for the response variable (Box and Cox, 1964)

and was shown in Figure 4.2.

ampoda (m=4d) 7 lamboos

[1] ©.1094047

Figure 4.2: Box-Cox transformation result from R.

Because A is close to zero, it can be concluded that the log-transform of the dataset can
be applied. So, the stationarity tests are handled on a log-transformed D2035 dataset
in order to question the existence of a stochastic trend or deterministic trend. For the
ADF test, the Akaike-info criterion was taken into consideration when considering
sample size. The optimum maximum lag length is determined as 30 based on Schwert's
Rule at R by the urca library (see Appendix A). ADF test settings from Eviews for the
log-transformed D2035 dataset is in Figire 4.3.
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Figure 4.3: ADF test settings for the log-transformed D2035 dataset.
The results are as follows in Table 4.2. See Appendix A to see full table outputs taken

from E-Views for these tests.

Table 4.2: Stationarity test results for the log-transformed data.

nit-R . ritical val
Unit-Root Test Equation g - Result
Test percentages — t-statistics

With the equation with trend at the level of 1% (-3.96)

and intercept notation, both t-statistics: -2.08
ADF test . P . . at the level of 5% (-3.41)
notations are significant with a . p-value: 0.5571
p-value of 0.033 and 0.049. at the level of 10% (-3.12)
With the equation with trend at the level of %1 (0.22)
i i h -
KpsStest  2nd intercept notation, bot at the level of %5 (0.15) L M-statistics: 0.69

notations are significant with a
p-value of 0.000. at the level of %10 (0.12)

When we start the ADF test analysis of our dataset with the equation with trend and
intercept notation, we can say that the notations are significant, so we are on the right
equation. When we test for the presence of a unit root through this equation, we can
say that we can’t reject the presence of a stochastic trend according to the result of the
test. The results for the KPSS test are also consistent with the ADF test. In light of
these results, we infer that there is a stochastic trend in our dataset and it should be
taken the difference of the log-transformed series to reach the mean stationarity. See

the graph of the log-differenced series in Figure 4.4.
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Figure 4.4: Graph of log-differenced series.

We apply stationarity tests again but this time on log-differenced datasets to be sure

that finally, the series is stationary after all the transformations (see Table 4.3).

Table 4.3: Stationarity test results for the log-differenced dataset.

Unit-Root Critical value

Test E i . Resul
Test est Equation percentages — t-statistics %

Th ti ith no trend and at the level of 1% (-2.57) t-statistics: -30.83
ADF test gequa lon wi _no rend an at the level of 5% (-1.94) T

no intercept notation. p-value: 0.0000

at the level of 10% (-1.61)
™ . th 16 trend and at the level of %1 (0.74)
e equation no trend an -

KPSS test quation wi at the level of %5 (0.46) LM-statistics: 0.08

no intercept notation.
at the level of %10 (0.35)

We reject the null hypothesis that the log-differenced dataset has a unit root by the
ADF test. The KPSS test also yields results consistent with the ADF test. See Appendix
A to see full table outputs taken from E-Views for these tests.

For the next step, it is required to check whether the stationary series is white noise.
For this, see the correlogram and autocorrelation function results of the log-differenced
D2035 dataset taken from Gretl in Figure 4.5 and Figure 4.6.
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Figure 4.5: Correlogram of log-differenced dataset.

ﬂ gretl: correlogram = a .

B&DA
Autocorrelation function for vl

aw, wx & jndicate significance at the 1%, 5%, 10% levels
using Bartlett standard errors for ACF

LAG ACF PACF Q-stat. [p-value]
1 -0.0351 == —-0.0391 ** 6.4111 [0.011]
2 0.00€1 0.004€ €.5697 [0.037]
3 -0.0111 -0.0107 7.0864 [0.06€9]
4 -0.021¢ -0.0225 9.0435 [0.060]
5 -0.0358 == -0.0371 ** 14.3231 [0.014]
€ 0.0057 0.0030 14.4615 [0.025]
7 0.0217 0.0219 16.4337 [0.021]
g2 -0.0034 -0.0031 16.4825 [0.03€]
9 0.0070 0.004s8 l16.6861 [0.054]

10 -0.0081 -0.0082 16.9594 [0.075]
11 -0.0197 -0.0192 18.5924 [0.089]
12 0.0339 *= 0.0341 *=* 23.4303 [0.024]
13 0.01€2 0.0188 24.5311 [0.027]
14 0.0137 0.0140 25.3220 [0.032]
15 0.0106 0.010% 25.7961 [0.040]
1€ 0.0125 0.013€ 26.4547 [0.048]
17 -0.01%2 -0.0142 28.0133 [0.045]
18 -0.0323 *=* -0.0314 =*» 32.4148 [0.020]
18 0.0042 0.0020 32.4898 [0.028]
20 -0.0070 -0.0060 32.6955 [0.036]
21 0.0291 * 0.02€9 * 3€.2712 [0.020]
22 -0.0180 -0.018% 37.€6427 [0.020]
23 0.01le8 0.0138 38.8483 [0.021]
24 -0.0062 -0.0036 39.0107 [0.027]
25 -0.0143 -0.0141 39.8792 [0.030]
2¢€ 0.0375 *= 0.037€ ** 45,8214 [0.010]
27 0.0131 0.0150 46.5454 [0.011]
28 0.0368 ** 0.0344 ** 52.1468 [0.004]
28 -0.0121 -0.0096 52.7663 [0.004]
30 -0.0332 &= -0.032¢6 ** 57.4208 [0.002]

Figure 4.6: Autocorrelation function results of log-differenced dataset.

47



Significant bars observed in the correlogram indicate that the data exhibits non-white
noise characteristics, suggesting the presence of serial correlation rather than pure
randomness. This finding implies that the data is stationary but retains autocorrelated

which is suitable for the implementation of the proposed combination model.
For the next step, training-validation and test sets are determined:

e Training set: 30/03/2001-31/12/2009 (3199 observations)

e Validation set: 01/01/2010-31/12/2011 (730 observations)

e Test set: 01/01/2012-24/09/2012 (268 observations)

In the next stage, the dataset, which is divided into three parts as training, validation,
and test set, is estimated with the traditional and machine learning forecasting
algorithms mentioned in the methodology section. Individual forecast models were
trained on a train set and forecasted on validation and test set horizons. All the results
are noted, and the graphs for each predictor over the test horizon are inspected visually.
Auto.arima, TBATS, THETAM, ETS, and Naive yielded a forecast equivalent to the
mean of the test horizon, suggesting that the model relies on an average-based
approach for its predictions rather than capturing nuanced patterns within the data.
Because these predictors are out of our scope, the decision matrix is created by the rest
of the forecast models (NNAR, SMA, SVM, STL, XGBoost, RandomForest, Box-
Jenkins).

A graph presenting the observed values for the validation and test sets, alongside the
forecasted values generated by each individual forecasting model to be used in the
decision matrix, is below (Figure 4.7). The graph for Box-Jenkins is given separately
in Figure 4.8, as this model was developed using EViews rather than RStudio.
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Figure 4.7: Actual and forecasted values on validation and test sets.
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Figure 4.8: Box-Jenkins (ar(1) ar(5) model forecasts) model from Eviews.

The decision matrix is constructed by using the performance results of each predictor

on the validation set (see Table 4.4).

Table 4.4: Decision matrix created over the validation set.

ME RMSE MAE MPE MAPE  MASE ACF1

NNAR  0.0038 0.0097  0.0075 68.624  243.9467 3.8670 -0.0109
SMA  -0.0018 0.0092 0.0069 220.288 311.4079 4.1838 0.0221
SVM  -0.0004 0.0090 0.0069  133.007 1525781 8.2188 -0.0280
STL -0.0002  0.0096  0.0073  176.265 345.9326 1.4423 -0.0318
XGB 0.0014  0.0103 0.0078  175.606 222.9316  2.4097 0.0153
RF -0.0005 0.0113  0.0087  128.276 4019167 1.1597 0.0569
BOX  -0.0002 0.0087 0.0065 111.757 118.4925 5226.32 -0.0334

Figure 4.9 shows the correlation plot of the performance metrics on these decision

matrix created over the validation set by using the library of corrplot from RStudio.
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Figure 4.9: The correlation plot between performance metrics for D2035 dataset.

The correlation plot showS that ME and MPE seem to be less correlated with other
performance metrics compared to evaluating of other metrics individually. RMSE and
MAE are resulted as highly positively correlated. The remaining performance metrics
have, to varying degrees, approached of both positive and negative correlations with
each other and with other performance metrics. In the measurement where values
close to 1 indicate a positive correlation and those close to -1 indicate a negative
correlation, all results are shown in Figure 4.9. Considering these findings, it can be
seen that the performance metrics do not give completely independent results from one
another. When assigning combination weights, it is crucial to take into account the
correlations between these metrics in order to give greater weight to metrics that have
informational value. This in turn suggests the potential need to use objective weighting

methods that take into account interdependencies.
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4.2.2 Implementation of CRITIC-TOPSIS hybrid MCDM technique

The CRITIC technique was used to establish the weights of the performance metrics.
All tables for each step at below. First, the normalized decision matrix for CRITIC and

standard deviations for each column are found in Table 4.5.

Table 4.5: Normalized decision matrix for CRITIC with g values.

ME RMSE MAE MPE MAPE MASE ACF1

NNAR 0.000 0.619 0.540 1.000 0.557 0.999 0.750
SMA 1.000 0.807 0.806 0.000 0.319 0.999 0.385
SVM 0.758 0.886 0.800 0.575 0.880 0.999 0.939
STL 0.729 0.635 0.628 0.290 0.198 1.000 0.981
XGB 0.441 0.397 0.428 0.295 0.632 1.000 0.460
RF 0.769 0.000 0.000 0.607 0.000 1.000 0.000
BOX 0.725 1.000 1.000 0.716 1.000 0.000 1.000
g 0.322 0.338 0.326 0.329 0.362 0.378 0.377

Intercriteria correlations matrix (Table 4.6) and the matrix constructed with 1-p;;

values, and index C; (Table 4.7) are determined.

Table 4.6: Intercriteria correlations matrix.

ME RMSE MAE MPE MAPE MASE ACF1

ME 1.000 0.148 0.204 -0.686 -0.188 -0.127 -0.155
RMSE 0.148 1.000 0.992 -0.023 0.726 -0.496 0.799
MAE 0.204 0.992 1.000 -0.103 0.712 -0.542 0.772
MPE -0.686 -0.023 -0.103 1.000 0.334 -0.292 0.242
MAPE -0.188 0.726 0.712 0.334 1.000 -0.594 0.657
MASE -0.127 -0.496 -0.542 -0.292 -0.594 1.000 -0.415
ACF1 -0.155 0.799 0.772 0.242 0.657 -0.415 1.000

Table 4.7: Matrix of 1-pj; values and index C;.

ME RMSE MAE MPE MAPE MASE ACF1

ME 0.000 0.852 0.796 1.686 1.188 1.127 1.155
RMSE 0.852 0.000 0.008 1.023 0.274 1.496 0.201
MAE 0.796 0.008 0.000 1.103 0.288 1.542 0.228
MPE 1.686 1.023 1.103 0.000 0.666 1.292 0.758
MAPE 1.188 0.274 0.288 0.666 0.000 1.594 0.343
MASE 1.127 1.496 1.542 1.292 1.594 0.000 1.415
ACF1 1.155 0.201 0.228 0.758 0.343 1.415 0.000
c 2.194 1.302 1.291 2.148 1.578 3.199 1.548

i

Finally, weights of performance criteria according to CRITIC method is obtained in
Table 4.8.

Table 4.8: Weights of performance criteria according to CRITIC method.

ME RMSE MAE MPE MAPE MASE ACF1
16.5% 9.8% 9.7% 16.2% 11.9% 24.1% 11.7%
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After determining the criteria weights, the decision matrix is ready for the application
of the TOPSIS method.

For starting to implementation of the TOPSIS method, vector normalization is applied

to the matrix in Table 4.4 as a first step, and Table 4.9 is constructed.

Table 4.9: Vector normalized decision matrix.

ME RMSE MAE MPE MAPE MASE ACF1

NNAR 0.8529 0.3768 0.3831 0.1706 0.3368 0.0007 -0.1306
SMA -0.3943 0.3577 0.3534 0.5477 0.4299 0.0008 0.2641
SVM -0.0924 0.3497 0.3542 0.3307 0.2106 0.0016 -0.3347
STL -0.0557 0.3752 0.3734 0.4382 0.4776 0.0003 -0.3800
XGB 0.3026 0.3993 0.3957 0.4366 0.3078 0.0005 0.1830
RF -0.1066 0.4396 0.4436 0.3189 0.5549 0.0002 0.6805
BOX -0.0509 0.3381 0.3318 0.2779 0.1636 1.0000 -0.4003

By multiplying criteria weights obtained from the CRITIC method with elements of
vector normalized decision matrix, a weighted normalized decision matrix can be built
(Table 4.10).

Table 4.10: Weighted normalized decision matrix.

Weights:  16.5% 9.8% 9.7% 16.2% 11.9% 24.1% 11.7%
ME RMSE MAE MPE MAPE MASE ACF1

NNAR 0.14111  0.03699  0.03731 0.02764 0.04007 0.00018 -0.01524
SMA -0.06524 0.03512  0.03442 0.08874 0.05115 0.00019 0.03083
SVM -0.01528 0.03433  0.03449 0.05358 0.02506 0.00038 -0.03907
STL -0.00922  0.03684  0.03636 0.07101 0.05682 0.00007 -0.04436
XGB 0.05006  0.03921  0.03853 0.07074 0.03662 0.00011 0.02136

RF -0.01763  0.04316  0.04319 0.05167 0.06601 0.00005 0.07944
BOX -0.00842 0.03320  0.03231 0.04502 0.01946 0.24125 -0.04672

Positive and negative ideal solutions can be obtained as shown in Table 4.11. For ME
and ACF1, the value closest to zero is taken as the positive ideal solution and the value
furthest from zero is taken as the negative ideal solution. For the other criteria, the
minimum value represents the positive ideal and the maximum value represents the

negative ideal.

Table 4.11: Positive and negative ideal solutions for each criterion.

ME RMSE MAE MPE MAPE MASE ACF1
P/S -0.00842 0.03320  0.03231  0.027644  0.01946 0.00005 -0.01524
N/S 0.14111  0.04316  0.04319  0.088740 0.06601 0.24125 0.07944

Table 4.12 shows the deviation rates (s;*), of each model from the positive ideal

solution values, deviation rates (s;,) from the negative ideal solution values, relative
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closeness values (C;-) to the ideal solution, and the weights of the prediction models

obtained by normalizing (c;-) values within the combination for this series.

Table 4.12: TOPSIS method results under CRITIC-weighted criteria weights (with
normalized individual forecasting model weights).

The weights of the component

Si” St Cr models in the combination

NNAR 0.1511 0.2675 0.639 12.6%
SMA 0.1005 0.3216 0.762 15.0%
SVM 0.0364 0.3156 0.897 17.7%
STL 0.0645 0.3108 0.828 16.3%
XGB 0.0836 0.2665 0.761 15.0%
RF 0.1096 0.2911 0.726 14.3%
BOX 0.2439 0.2063 0.458 9.0%

> 5.072 100.0%

Figure 4.10 shows the observed values for the validation and test sets, alongside the

forecasted values generated by the proposed combination forecast.
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Figure 4.10: The forecasted values generated by the proposed combination forecast,
alongside the observed values for the validation and test sets.

4.2.3 Interpretation of findings

The new combination model with the weights obtained after the hybrid MCDM model
was applied to the validation set was compared with the performance of the single
models and other combination models on the test set and the following results were
obtained (Table 4.13).
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The results show that the proposed combination model performs better in terms of
mean error compared to all individual models and the other combination models in the
literature. In terms of root mean square error and mean absolute error, the results are
close to each other in general. However, it can be claimed that the proposed model did
a great job compared to most of the combination models given in the table and
individual models. Although certain models achieve notably lower mean percentage
error, mean absolute percentage error, and mean absolute scale error compared to the
proposed model, the proposed model still outperforms several others, particularly
existing combination models, according to these accuracy metrics. Regarding the
ACF1 metric, the proposed model yielded higher values compared to its counterparts,

indicating a higher level of residual correlation, which is generally undesirable.

Table 4.13: Results of individual forecasting models, combination models, and the
proposed CRITIC-TOPSIS combination method on the test set for D2035 dataset.

Performance
Result
Forecast] ME RMSE MAE MPE MAPE MASE ACF1
Model

STL | -0.00042 | 0.00833 | 0.00677 | -233.062 674.129 1.37127 0.03495
ETS | -0.00041 | 0.00703 | 0.00539 108.759 142.725 Inf | 0.02918
Auto.ARIMA | -0.00041 | 0.00703 | 0.00539 108.738 142.603 Inf | 0.02918
" NNAR 0.00332 | 0.00801 | 0.00622 87.727 550.626 2.71329 0.00434
Ko TBATS | -0.00028 | 0.00702 | 0.00537 106.370 129.162 Inf | 0.02918
§ THETAM | -0.00064 | 0.00704 | 0.00542 113.485 170.035 | 82822.65 0.02911
2 NAIVE 0.00388 | 0.00801 | 0.00621 26.129 574.060 Inf | 0.02918
{/:') SMA(n=3) | -0.00194 | 0.00779 | 0.00610 16.981 513.241 3.64383 0.13201
RF | -0.00027 | 0.00953 | 0.00771 | 413.325 | 1102.966 1.00477 0.04127
SVM | -0.00074 | 0.00707 | 0.00544 119.668 213.491 7.72092 0.08122
XGBoost | 0.00127 | 0.00758 | 0.00576 -17.304 | 284.493 1.99789 0.08841
Box-Jenkins | -0.00041 | 0.00703 | 0.00539 108.767 142.774 Inf | 0.02918
Proposed Model | -0.00013 | 0.00715 | 0.00551 | 55.59425 | 287.5708 3.417 0.07140
é SA | -0.00834 | 0.01094 | 0.00936 | 251.2177 | 1346.090 6.03513 0.05047
§ OLS | -0.00077 | 0.00976 | 0.00789 | 332.8623 | 1118.659 0.98305 0.03545
e MED | -0.00031 | 0.00708 | 0.00547 | 60.17042 | 202.5419 5.22389 0.05478
g TA | -0.00834 | 0.01094 | 0.00936 | 251.2177 | 1346.090 6.03513 0.05047
O WA | -0.00834 | 0.01094 | 0.00936 | 251.2177 | 1346.090 6.03513 0.05047
g CLS | 0.00022 | 0.00841 | 0.00672 | 278.2672 | 778.8293 1.18969 0.05384
o LAD 0.00057 | 0.00976 | 0.00786 | 301.1401 | 1033.509 0.97633 0.03186

Note: Points that perform worse than our combination model are painted with pink filler.

The median-based approach for time series forecast combination yields the best
performance among the combination methods for this dataset; however, our proposed

combination model achieves comparably close and promising results.
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4.2  USA Deliveries of Natural Gas To Electric Power Users (Mmcf) Dataset

4.2.1 Data pre-processing

The effectiveness of the proposed approach is further evaluated using a dataset with
distinct characteristics and a different underlying pattern than the initial dataset. The
deliveries of natural gas to electric power users (MMcf) dataset from the U.S. Energy
Information Administration (EIA)’ is used for this time. The series covers 281 data
points between January 2001 and May 2024 and appears as a monthly time series.
Figure 4.11 shows the graph of the relevant dataset. It includes more regular patterns,
exhibits lower-frequency noise, and volatility, as well as it is smaller in size compared
to the first dataset. The reflections of trend and seasonal effects can be observed from

the graph apparently.
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Figure 4.11: Graph of the natural gas delivery to USA electric power consumers
(MMcf) dataset.

As previous dataset, a number of preliminary preparations and tests were carried out
to prepare the data for statistical application. To question the existence of a stochastic
trend or deterministic trend, unit-root tests are performed. For the ADF test, this time
Hannan-Quinn criterion is taken into consideration when considering sample size (see
Figure 4.12). The optimum maximum lag length is determined as 15 based on

Schwert's Rule at R by the urca library (see Appendix B).

" Retrieved from: https://www.eia.gov/
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Figure 4.12: ADF test settings for the raw U.S. deliveries of natural gas to electric
power users (MMcf) dataset.

The summary of the stationarity test results is given in Table 4.14. For the whole output

see Appendix B.

Table 4.14: Stationarity test results for the raw data.

Unit-Root . Critical value
Test Equation . Result
Test percentages — t-statistics

With the equation with trend at the level of 1% (-3.99)

i i h t-statistics: -4.32
ADFtest  2nd intercept notation, bott at the level of 5% (-3.42)
notations are significant with a . p-value: 0.0033
p-value of 0.000 and 0.000. at the level of 10% (-3.13)
WL”_‘ tthe eq“tatifint‘_"’“h;retgd at the level of %1 (0.22)
KPSS test and Intercept notation, bo at the level of %5 (0.15) LM-statistics: 0.10

notations are significant with a
p-value of 0.000. at the level of %10 (0.12)

Initiating the ADF test analysis on our dataset with the equation incorporating both
trend and intercept terms, we find that these terms are statistically significant. Under
this equation, the test results allow us to reject the presence of a stochastic trend,
indicating no unit root in the series. Similar to the ADF test, the result of the KPSS
test, which is used to test whether a univariate time series has a unit root, is consistent
with the ADF test. Although the results of the tests suggest that there is no stochastic
trend, the graphical analysis clearly reveals the presence of a trend. In light of these
results, we infer that there is a deterministic trend in our dataset and we can detrendize

it. The graph of detrended series was shown in Figure 4.13.
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Figure 4.13: Detrended U.S. deliveries of natural gas to electric power users (MMcf)
dataset.

When the same stationarity tests are applied to the detrended series the results point
that the transformed series are strictly stationary (see Table 4.15). See Appendix B to

see full table outputs taken from E-Views for these tests.

Table 4.15: The stationarity test results for the detrended dataset.

Unit-Root r Critical value
Test Equation - Result
Test percentages — t-statistics

at the level of 1% (-2.57)

The equation with no trend and t-statistics: -4.28

ADF test . . at the level of 5% (-1.94)
no intercept notation. p-value: 0.0000
at the level of 10% (-1.62)
T i th 1o trend at the level of %1 (0.74)
KPSS test € equation with no tren at the level of %5 (0.46) L M-statistics: 0.10

notation.
at the level of %10 (0.35)

The correlogram of the detrended dataset with Bartlett confidence intervals can be seen
in Figure 4.14.

Significant bars observed in the correlogram indicate that the data exhibits non-white
noise characteristics, suggesting the presence of serial correlation rather than pure
randomness. This finding implies that the data is stationary but remains autocorrelated.

Because it is not white noise, we can go on to apply the proposed model.
Training validation and test sets were determined for the next steps:
e Training set: 01/2001-12/2017 (204 observations)

e Validation set: 01/2018-06/2022 (54 observations)
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e Test set: 07/2022-05/2024 (23 observations)
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Figure 4.14: Correlogram of detrended series under Bartlett confidence intervals.

Individual forecast models were trained on the train set and forecasted on validation
and test set horizons. ETS resulted in the ETS(A,N,A) model. Also, auto.arima resulted
as ARIMA(1,0,0)(0,1,1)[12] (For the output details of both models see the Appendix
B). They both gave so similar and compatible results with each other. Moreover,
TBATS and STL gave nearly the same results as each other too. So, including one of
them in the decision matrix will be wiser for differentiation of predictors, so the quality
of the combination. For the Box-Jenkins model, suitable results were not found to
model this dataset and naive gave underestimated results based on its visual inspection.
That is why they are also not included in the decision matrix. All the results are noted,
and the graphs over the test horizon for each predictor used in the decision matrix are
inspected visually. Figure 4.15 presents a graph of the observed values for the
validation and test sets, alongside the forecasted values generated by each individual

forecasting model to be used in the decision matrix.
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Figure 4.15: Actual and forecasted values over validation and test sets.

Based on the prediction methods described earlier and the performance results of each

method on the validation set, the following decision matrix is constructed (Table 4.16).

Table 4.16: Decision matrix created over the validation set.

ME RMSE MAE MPE MAPE MASE ACF1

STL 30564.5334 68454.7 55121.34 -35.5175 155.6079 0.704979 0.516842
ETS 23342.6479 69064.08 56298.13 -45.2766 152.8521 0.809448 0.505613
NNAR 65322.45 1374447 99896.25 -31.8329 186.327 2.494934 0.541119
THETAM  -157886.1 983127.3 523706.8 601.5116 1140.552 0.537545 0.001429
SMA(n=3) 50676.27  121633.3 93221.74 -120.263 214.8115 1.947799 0.49149
RF 17520.61 1182743 93115.1 -46.8808 157.5301 1.013367 0.283048
SVM 22898.52 125190 100549.3 -95.307 200.4804 1.748163 0.462011
XGBoost 52743.96  165314.1 114099.7 27.28779 123.7993 2.129218 0.562711

Figure 4.16 shows the correlation plot of the performance metrics on this decision
matrix generated over the validation set using RStudio's corrplot library. The results
show that ME & ACF1, MPE & MAPE, MAE & MPE, MAE & MAPE, RMSE &
MAE, RMSE & MAPE, RMSE & MPE duos are almost perfectly positively
correlated. ME and ACF1 individually are mostly negatively correlated with other

performance measures.
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Figure 4.16: The correlation plot between performance metrics for EIA’s dataset.

With varying degrees of correlation, all results are shown in Figure 4.16. Considering
these results, it was observed that the performance metrics gave highly dependent
results, especially compared to the D2035 dataset. Therefore, the potential need for the
use of objective weighting methods that take into account interdependencies seems to

be necessary, as was the case with the D2035 dataset.

4.2.2 Application of CRITIC-TOPSIS hybrid MCDM tecnique

All the steps for CRITIC tecnique presented at methodology section is applied on
matrix in Table 4.16. The final weights of the performance metrics were determined

as shown in Table 4.17.

Table 4.17: Weights of performance criteria according to the CRITIC method.

ME RMSE MAE MPE MAPE MASE ACF1
17.7% 12.0% 11.7% 11.7% 12.2% 16.5% 18.2%

After determining the criteria weights, the decision matrix is ready for the application
of the TOPSIS method. Table 4.18 shows the deviation rates (s;*), of each model from
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the positive ideal solution values, deviation rates (s;”) from the negative ideal solution
values, relative closeness values (C) to the ideal solution, and the weights of the

prediction models obtained by normalizing (c;-) values within the combination.

Table 4.18: TOPSIS method results under CRITIC-weighted criteria weights (with
normalized individual forecasting model weights).

The weights of the component

S St Cr models in the combination

STL 0.073906 0.28026767 0.791 13.9%
ETS 0.072016 0.27612413 0.793 13.9%
NNAR 0.11455 0.28675393 0.715 12.6%
THETAM 0.265686 0.10710601 0.287 5.1%
SMA(n=3) 0.094117 0.28565463 0.752 13.2%
RF 0.044657 0.26930329 0.858 15.1%
SVM 0.080977 0.2675508 0.768 13.5%
XGBoost 0.10557 0.27460595 0.722 12.7%

> 5.686 100.0%

Figure 4.17 shows the observed values for the validation and test sets, alongside the
forecasted values generated by the proposed CRITIC-TOPSIS hybrid MCDM-based

forecast combination.
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Figure 4.17: The forecasted values generated by the proposed CRITIC-TOPSIS
combination forecast, alongside the observed values for the validation and test sets.

4.2.2.1 Interpretation of findings
The new combination model weighted with the weights obtained after the hybrid
CRITIC-TOPSIS MCDM model applied to the validation set is compared with the

performance of the single models and other combination models on the test set and the
following results are obtained (Table 4.19).

61



Table 4.19: Results of individual forecasting models, combination models, and the
proposed CRITIC-TOPSIS combination method on the test set for EIA’s dataset.

Performance
Result
Forecast] ME RMSE MAE MPE MAPE MASE ACF1
Model
STL 74540,3 99709,6 78176,6 | -214,246 263,446 | 1,07420 0,51081
ETS 67309,5 98850,8 76377,7 | -186,928 240,237 | 1,17603 0,46837
“ NNAR 1.23495,7 | 223858,8 | 144827,6 | -260,786 367,994 | 6,44352 0,59011
g Auto.arima 115974.11 | 134657.2 | 115974.1 | -396.357 458.2368 | 1.68304 | 0.494684
§ THETAM -148631.5 | 929510,9 | 515490,8 | -448,630 1227,260 | 0,52000 | -0,03472
% NAIVE | 126833.401 | 142819.6 | 126833.4 | -429.083 4949744 | 1.22219 | 0.255235
.UE’ SMA(n=3) 87749,0 | 158351,0 | 110997,5 | -285,622 442,194 | 2,34143 0,45119
RF 13825,3 | 134342,0 | 110412,8 | -255,887 475,126 | 1,27798 0,25941
SVM 41110,8 | 152384,0 | 120226,9 | -188,174 470,140 | 1,96327 0,40108
XGBoost 72068,1 | 167241,7 | 121791,2 | -202,141 313,970 | 2,78121 0,59907
Proposed Model 26318.21 84862.2 | 64488.09 | -10.2217 130.4874 | 0.77646 | 0.135978
é SA 42351.02 104748 | 79085.48 -265.05 320.7602 | 0.57996 | -0.25954
§ OLS 50137.12 | 113073.4 | 87264.95 | -262.577 418.4049 | 1.33108 | 0.283218
5 MED 72317.86 | 121157.7 | 88724.85 | -270.565 337.9998 | 2.08044 | 0.473203
g TA 71016.62 | 119188.1 | 86665.65 | -266.487 331.6697 | 2.02347 | 0.503087
O WA 71517.6 | 119900.9 | 87317.18 | -268.057 333.8027 | 2.05576 | 0.492067
E CLS constraints are inconsistent, no solution!
5 LAD 34178.6 | 115754.4 | 93065.17 | -258.691 | 494.5812 | 1.26067 | 0.24991

Note: Points that perform worse than our combination model are painted with pink filler.

The results indicate that the proposed CRITIC-TOPSIS hybrid MCDM-based forecast
combination outperformed all individual and existing combination models in

forecasting natural gas delivery to US electric power consumers (MM(cf).

4.2.3 Application of CILOS-TOPSIS hybrid MCDM technique

CRITIC-TOPSIS-based predictor weight assessment for the combination gave robust
results. How might the results differ, if instead of considering contrast intensity and
inter-criteria correlation for performance metrics at the decision matrix, we assess their
relative importance using cumulative impact and interactions with other criteria? As a
methodology, CILOS assigns greater weights to criteria that have less correlation with
one another in order to completely eliminate redundancy. The main emphasis is on
unique information; variability (spread) is not explicitly taken into consideration.
CRITIC, on the other hand, considers both variability and redundancy. It assigns
weight to criteria with high variability (a measure of how much the criterion changes
or spreads out) in addition to criteria with low correlation (like CILOS). The CILOS
method followed by a re-application of the TOPSIS approach is also tested to
investigate how neglecting the spreads within the criteria would affect the criteria

weights and therefore the overall combination success. By using the decision matrix
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given in Table 4.16, the criteria are changed to the maximized ones, making the highest
value of a criterion the optimal (best) one. (see Table 4.20).

Table 4.20: Transforming the minimized criteria for CILOS.

ME RMSE MAE MPE MAPE MASE ACF1

STL 0.573 1.000 1.000 -0.768 0.796 0.762 0.003
ETS 0.751 0.991 0.979 -0.603 0.810 0.664 0.003
NNAR 0.268 0.498 0.552 -0.857 0.664 0.215 0.003
THETAM -0.111 0.070 0.105 0.045 0.109 1.000 1.000
SMA(n=3) 0.346 0.563 0.591 -0.227 0.576 0.276 0.003
RF 1.000 0.579 0.592 -0.582 0.786 0.530 0.005
SVM 0.765 0.547 0.548 -0.286 0.618 0.307 0.003
XGBoost 0.332 0.414 0.483 1.000 1.000 0.252 0.003
SUM 3.924 4.661 4.851 -2.278 5.358 4.008 1.022

The normalized values for the elements of Table 4.20 is given in Table 4.21. The bold
elements are the highest values for each column.

Table 4.21: Normalized values of decision matrix for CILOS.

ME RMSE MAE MPE MAPE MASE ACF1

STL 0.146 0.215 0.206 0.337 0.148 0.190 0.003
ETS 0.191 0.213 0.202 0.265 0.151 0.166 0.003
NNAR 0.068 0.107 0.114 0.376 0.124 0.054 0.003
THETAM -0.028 0.015 0.022 -0.020 0.020 0.249 0.979
SMA(n=3) 0.088 0.121 0.122 0.100 0.108 0.069 0.003
RF 0.255 0.124 0.122 0.256 0.147 0.132 0.005
SVM 0.195 0.117 0.113 0.126 0.115 0.077 0.003
XGBoost 0.085 0.089 0.100 -0.439 0.187 0.063 0.002

The square matrix is created in Table 4.22.

Table 4.22: The square matrix.

ME RMSE MAE MPE MAPE MASE ACF1

ME 0.255 0.124 0.122 0.256 0.147 0.132 0.005
RMSE 0.146 0.215 0.206 0.337 0.148 0.190 0.003
MAE 0.146 0.215 0.206 0.337 0.148 0.190 0.003
MPE 0.068 0.107 0.114 0.376 0.124 0.054 0.003
MAPE 0.191 0.213 0.202 0.265 0.151 0.166 0.003
MASE -0.028 0.015 0.022 -0.020 0.020 0.249 0.979
ACF1 -0.028 0.015 0.022 -0.020 0.020 0.249 0.979

The relative impact loss matrix is given below (Table 4.23).
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Table 4.23: The relative impact loss matrix.

ME RMSE MAE MPE MAPE MASE ACF1

ME 0.000 0421 0.408 0.321 0.030 0.470 0.995
RMSE 0.427 0.000 0.000 0.104 0.018 0.238 0.997
MAE 0.427 0.000 0.000 0.104 0.018 0.238 0.997
MPE 0.732 0.502 0.448 0.000 0.180 0.785 0.997
MAPE 0.249 0.009 0.021 0.297 0.000 0.336 0.997
MASE 1.111 0.930 0.895 1.053 0.866 0.000 0.000
ACF1 1.111 0.930 0.895 1.053 0.866 0.000 0.000

The F matrix is created in Table 4.24.

Table 4.24: The F-matrix.

ME RMSE MAE MPE MAPE MASE ACF1
ME -4.057 0.421 0.408 0.321 0.030 0.470 0.995
RMSE 0.427 -2.793 0.000 0.104 0.018 0.238 0.997
MAE 0.427 0.000 -2.667 0.104 0.018 0.238 0.997
MPE 0.732 0.502 0.448 -2.931 0.180 0.785 0.997
MAPE 0.249 0.009 0.021 0.297 -1.977 0.336 0.997
MASE 1.111 0.930 0.895 1.053 0.866 -2.065 0.000
ACF1 1.111 0.930 0.895 1.053 0.866 0.000 -4.984

For the weight assignment for each criterion, The Excel Solver is used. Finally, the
weights in Table 4.25 are found for each performance metric as a result of the CILOS
technique. After determining the criteria weights, the decision matrix is ready for the
application of the steps of the TOPSIS method.

Table 4.25: Criteria weights determined by the CILOS techniqgue.

ME RMSE MAE MPE MAPE MASE ACF1
9.5% 8.8% 9.2% 17.8% 14.7% 28.3% 11.7%

As aresult, it is possible to find weights of component forecasts by the proposed model
in this thesis study under the CILOS-TOPSIS hybrid approach (see Table 4.26 ).

Table 4.26: TOPSIS method results under CILOS-weighted criteria weights (with
normalized individual forecasting model weights).

The weights of the component

Si” St Cr models in the combination

STL 0.0517 0.2823 0.845 14.9%
ETS 0.0532 0.2804 0.840 14.8%
NNAR 0.1366 0.2594 0.655 11.5%
THETAM 0.2461 0.1337 0.352 6.2%
SMA(n=3) 0.1100 0.2759 0.715 12.6%
RF 0.0455 0.2734 0.857 15.1%
SVM 0.0947 0.2681 0.739 13.0%
XGBoost 0.1147 0.2487 0.684 12.0%

> 5.688 100.0%
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Figure 4.18 shows the observed values for the validation and test sets, alongside the
forecasted values generated by the proposed CILOS-TOPSIS hybrid MCDM-based

forecast combination.
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Figure 4.18: The forecasted values generated by the proposed CILOS- TOPSIS
combination forecast, alongside the observed values for the validation and test sets.

4.2.3.1 Interpretation of findings

The new combination model weighted with the weights obtained after the hybrid
CILOS-TOPSIS MCDM model applied to the validation set was compared with the
performance of the single models and other combination models on the test set and the

following results were obtained (see Table 4.27).

Table 4.27: Results of individual forecasting models, combination models, and the
proposed combination method on the test set.

Performance
Result
Forecasti
Model

ME RMSE MAE MPE MAPE MASE ACF1

STL 74540,3 | 99709,6 | 78176,6 | -214,246 263,446 | 1,07420 | 0,51081

ETS 67309,5 | 98850,8 | 76377,7 | -186,928 240,237 | 1,17603 | 0,46837

NNAR 1.23495,7 | 223858,8 | 144827,6 | -260,786 367,994 | 6,44352 | 0,59011

é Auto.arima | 115974.11 | 134657.2 | 115974.1 | -396.357 | 458.2368 | 1.68304 | 0.494684
§ THETAM -148631.5 | 929510,9 | 515490,8 | -448,630 | 1227,260 | 0,52000 | -0,03472
2 NAIVE | 126833.401 | 142819.6 | 126833.4 | -429.083 | 494.9744 | 1.22219 | 0.255235
.% SMA(n=3) 87749,0 | 158351,0 | 110997,5 | -285,622 442,194 | 2,34143 | 0,45119
RF 13825,3 | 134342,0 | 110412,8 | -255,887 475,126 | 1,27798 | 0,25941

SVM 41110,8 | 152384,0 | 120226,9 | -188,174 470,140 | 1,96327 | 0,40108

XGBoost 72068,1 | 167241,7 | 121791,2 | -202,141 313,970 | 2,78121 | 0,59907

Proposed Model 23607.98 | 84654.96 | 66582.4 | -3.41355 134.127 | 0.72070 | 0.027858

§ SA | 42351.02 | 104748 | 79085.48 | -265.05 | 320.7602 | 0.57996 | -0.25954
g OLS | 50137.12 | 113073.4 | 87264.95 | -262.577 | 418.4049 | 1.33108 | 0.283218
o MED | 72317.86 | 121157.7 | 88724.85 | -270.565 | 337.9998 | 2.08044 | 0.473203
£ TA | 71016.62 | 119188.1 | 86665.65 | -266.487 | 331.6697 | 2.02347 | 0.503087
8] WA 71517.6 | 119900.9 | 87317.18 | -268.057 | 333.8027 | 2.05576 | 0.492067
E CLS constraints are inconsistent, no solution!

5 LAD 34178.6 | 115754.4 | 93065.17 | -258.691 | 494.5812 | 1.26067 | 0.24991
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Note: Points that perform worse than our combination model are painted with pink filler.

The results indicate that the proposed CILOS-TOPSIS hybrid MCDM-based forecast
combination yielded similar outcomes to the CRITIC-TOPSIS-based combination,
with a slight performance improvement. This can mean that neglecting the variation
within the performance metrics improves the overall accuracy of the proposed forecast

combination method.

4.2.4 Application of CILOS-ARAS hybrid MCDM technique

CILOS-TOPSIS-based predictor weight assessment for the combination gave robust
results. How might the results differ if, instead of using TOPSIS and considering the
closeness to the ideal solution of forecast models, we assess the utility function value
using the ARAS technique? The elements of the decision matrix given in Table 4.16
are normalized by the normalization method given in the methodology section-ARAS
method. The normalized decision matrix is created for the CILOS-ARAS method in
Table 4.28.

Table 4.28: Normalized decision matrix for CILOS-ARAS.

ME RMSE MAE MPE MAPE MASE ACF1
STL 0.1114 0.1766 0.1709 0.1431 0.1251 0.1522 0.0014
ETS 0.1459 0.1751 0.1673 0.1123 0.1274 0.1326 0.0014
NNAR 0.0521 0.0880 0.0943 0.1597 0.1045 0.0430 0.0013

THETAM 0.0216 0.0123 0.0180 0.0084 0.0171 0.1997 0.4946
SMA(n=3)  0.0672 0.0994 0.1011 0.0423 0.0906 0.0551 0.0014

RF 01943 01022 01012 01084 01236 01059  0.0025
SVM 01487 00966 00937 00533 00971 00614  0.0015
XGBoost 00646 00731 00826 01863 01573 00504  0.0013
Séﬁit'ma' 01943 01766 04709 01863 01573 01997  0.4946

For calculating the weighted decision matrix, the criteria weights determined by the
CILOS technique (Table 4.25) are used. In Table 4.29, a weighted normalized decision

matrix can be seen.

Table 4.29: Weighted normalized decision matrix for CILOS-ARAS.
ME RMSE MAE MPE MAPE  MASE ACF1

STL 0.0106 0.0155 0.0157 0.0254 0.0184 0.0431 0.0002
ETS 0.0139 0.0154 0.0154 0.0199 0.0188 0.0375 0.0002
NNAR 0.0050 0.0077 0.0087 0.0283 0.0154 0.0122 0.0002

THETAM 0.0020 0.0011 0.0017 0.0015 0.0025 0.0565 0.0580
SMA(n=3)  0.0064 0.0087 0.0093 0.0075 0.0133 0.0156 0.0002

RF 00185  0.0090  0.0093 00192 00182 00300  0.0003
SVM 00141 00085 00086  0.0095 00143 00174  0.0002
XGBoost 00061 00064 00076 00331 00232 00143  0.0001
Sé%%t'ma' 00185 00155  0.0157 00331 00232  0.0565  0.0580
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The optimality S; and the utility degree K; are found for the final ranking of forecast

models in Table 4.29 by using the values of the weighted normalized decision matrix
for CILOS-ARAS.

Table 4.30: The optimality S; and the utility degree K; for each model and the
optimal value.

STL ETS NNAR THETAM SMA(n=3) RF SVM XGBoost 0 OPtmal

value
S; 0.13 0.12 0.08 0.12 0.06 0.10 0.07 0.09 0.22
Ki 0.58 055 0.35 0.56 0.28 0.47 0.33 0.41 3.54

Component forecast weights are found by normalizing the values of K; (see Table
4.31).

Table 4.31: Component forecast weights determined using CILOS-ARAS.

STL ETS NNAR THETAM SMA(n=3) RF
Weights  16.5% 15.5% 9.9% 15.8% 7.8%

SVM  XGBoost
13.4% 9.3% 11.6%

Figure 4.19 shows the observed values for the validation and test sets, alongside the

forecasted values generated by the proposed CILOS-ARAS hybrid MCDM-based
forecast combination.
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Figure 4.19: The forecasted values generated by the proposed CILOS-ARAS
combination forecast, alongside the observed values for the validation and test sets.

4.2.4.1 Interpretation of findings

The new combination model, weighted using the results from the hybrid CILOS-
TOPSIS MCDM model applied to the validation set, was compared against the
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performance of individual models and other combination models on the test set,
yielding the following results (see Table 4.32).

Table 4.32: Results of individual forecasting models, combination models, and the
proposed combination method on the test set.

Performance
Result
Forecast] ME RMSE MAE MPE MAPE MASE ACF1
Model
STL 74540,3 | 99709,6 | 78176,6 | -214,246 263,446 | 1,07420 | 0,51081
ETS 67309,5 | 98850,8 | 76377,7 | -186,928 240,237 | 1,17603 | 0,46837
- NNAR 1.23495,7 | 223858,8 | 144827,6 | -260,786 367,994 | 6,44352 | 0,59011
g Auto.arima | 115974.11 | 134657.2 | 115974.1 | -396.357 | 458.2368 | 1.68304 | 0.494684
§ THETAM -148631.5 | 929510,9 | 515490,8 | -448,630 | 1227,260 | 0,52000 | -0,03472
2 NATVE | 126833.401 | 142819.6 | 126833.4 | -429.083 | 494.9744 | 1.22219 | 0.255235
.(',E) SMA(n=3) 87749,0 | 158351,0 | 1109975 | -285,622 442,194 | 2,34143 | 0,45119
RF 13825,3 | 134342,0 | 110412,8 | -255,887 475,126 | 1,27798 | 0,25941
SVM 41110,8 | 152384,0 | 120226,9 | -188,174 470,140 | 1,96327 | 0,40108
XGBoost 72068,1 | 167241,7 | 121791,2 | -202,141 313,970 | 2,78121 | 0,59907
Proposed Model 4455511 140416 | 99489.42 | 61.79982 | 176.1791 | 0.55075 | -0.23121
é SA 42351.02 104748 | 79085.48 -265.05 | 320.7602 | 0.57996 | -0.25954
§ OLS 50137.12 | 113073.4 | 87264.95 | -262.577 | 418.4049 | 1.33108 | 0.283218
5 MED 72317.86 | 121157.7 | 88724.85 | -270.565 | 337.9998 | 2.08044 | 0.473203
g TA 71016.62 | 119188.1 | 86665.65 | -266.487 | 331.6697 | 2.02347 | 0.503087
o WA 71517.6 | 119900.9 | 87317.18 | -268.057 | 333.8027 | 2.05576 | 0.492067
E CLS constraints are inconsistent, no solution!
5 LAD 34178.6 | 115754.4 | 93065.17 | -258.691 | 494.5812 | 1.26067 | 0.24991

Note: Points that perform worse than our combination model are painted with pink filler.

The results indicate that the proposed CILOS-ARAS hybrid MCDM-based forecast
combination gave much better results than TOPSIS-based combinations in terms of
ME and MASE (especially ME reduced a lot), however, it gave worse results in terms
of other performance measurements. The primary reason for this is that the CILOS-
ARAS-based forecast combination assigned significantly more weight to THETAM
compared to other hybrid models, which consequently influenced the overall results.
When compared with the models in the literature, it can be seen that the proposed
model continues to give more successful results than the single models, but the existing

combination models have better results in terms of RMSE especially.

4.2.5 Application of CRITIC-ARAS hybrid MCDM technique

Under the methodology proposed in this thesis, to see the results also for the
framework with CRITIC-ARAS, the ARAS technique’s steps are applied to the
decision matrix in Table 4.16 by using the criteria weights obtained by CRITIC in
Table 4.17. The new CRITIC-ARAS-based weighted normalized decision matrix is in
Table 4.33.
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Table 4.33: Weighted normalized decision matrix for CRITIC-ARAS.
ME RMSE MAE MPE MAPE  MASE ACF1

STL 0.0197 0.0211 0.0201 0.0167 0.0153 0.0252 0.0002
ETS 0.0258 0.0209 0.0196 0.0131 0.0156 0.0219 0.0003
NNAR 0.0092 0.0105 0.0111 0.0186 0.0128 0.0071 0.0002

THETAM 0.0038 0.0015 0.0021 0.0010 0.0021 0.0330 0.0899
SMA(n=3)  0.0119 0.0119 0.0119 0.0049 0.0111 0.0091 0.0003

RF 0.0343 0.0122 0.0119 0.0127 0.0151 0.0175 0.0005
SVM 0.0263 0.0115 0.0110 0.0062 0.0119 0.0102 0.0003
XGBoost 0.0114 0.0087 0.0097 0.0217 0.0192 0.0083 0.0002
0-Optimal

value 0.0343 0.0211 0.0201 0.0217 0.0192 0.0330 0.0899

The optimality S; and the utility degree K; are found for the final ranking of forecast
models in Table 4.34 by using the values of the weighted normalized decision matrix
for CRITIC-ARAS.

Table 4.34: The optimality S; and the utility degree K; for each model and the

optimal value.
STL ETS NNAR THETAM SMA(n=3) RF SVM XGBoost O'sgltl;r:a'
S 012 012 007 0.13 006 010 008 012 0.12
Ki 049 049  0.29 0.56 025 044 032 049 0.49

Component forecast weights are found by normalizing the values of K; (see Table
4.35).

Table 4.35: Component forecast weights determined using CRITIC-ARAS.

STL ETS NNAR THETAM SMA(n=3) RF SVM  XGBoost
Weights  15.6% 154%  9.1% 17.5% 8.0% 13.7% 10.2%  10.4%

Figure 4.20 shows the observed values for the validation and test sets, alongside the
forecasted values generated by the proposed CRITIC-ARAS hybrid MCDM-based

forecast combination.
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Figure 4.20: The forecasted values generated by the proposed CRITIC-ARAS
combination forecast, alongside the observed values for the validation and test sets.
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4.2.5.1 Interpretation of findings

The results indicate that the CRITIC-ARAS hybrid MCDM-based forecast
combination yielded even smaller ME and MASE values (with ME experiencing a
more significant reduction). However, it performed much worse in terms of other
performance measures compared to the CILOS-ARAS model (see Table 4.36). The
primary reason for this is that the CRITIC-ARAS-based forecast combination assigned
even more weight to THETAM than the CILOS-based model.

Table 4.36: Results of individual forecasting models, combination models, and the
proposed combination method on the test set.

Performance
_ Result ME RMSE | MAE MPE MAPE | MASE | ACF1
Forecasti
Model
STL 74540,3 | 99700,6 | 78176,6 | -214,246 | 263,446 | 1,07420 | 0,51081
ETS 67309,5 | 98850,8 | 76377,7 | -186,928 | 240,237 | 1,17603 | 0,46837
" NNAR | 1.234957 | 223858,8 | 144827,6 | -260,786 | 367,994 | 6,44352 | 0,59011
3 Auto.arima | 115974.11 | 134657.2 | 115974.1 | -396.357 | 458.2368 | 1.68304 | 0.494684
S THETAM | -1486315 | 929510,9 | 515490,8 | -448,630 | 1227,260 | 0,52000 | -0,03472
ey NAIVE | 126833.401 | 142819.6 | 126833.4 | -429.083 | 494.9744 | 1.22219 | 0.255235
£ SMA(n=3) 87749,0 | 158351,0 | 1109975 | -285,622 | 442,194 | 2,34143 | 0,45119
RF 138253 | 134342,0 | 1104128 | -255,887 | 475,126 | 1,27798 | 0,25941
SVM 41110,8 | 152384,0 | 120226,9 | -188,174 | 470,140 | 1,96327 | 0,40108
XGBoost 72068,1 | 167241,7 | 1217912 | -202,141 | 313,970 | 2,78121 | 0,59907
Proposed Model 666.256 | 154883.2 | 106230.3 | 71.08263 | 193.6033 | 0.54132 | -0.21669
§ SA | 42351.02 | 104748 | 79085.48 | -265.05 | 320.7602 | 0.57996 | -0.25954
g OLS | 50137.12 | 113073.4 | 87264.95 | -262.577 | 418.4049 | 1.33108 | 0.283218
= MED | 72317.86 | 121157.7 | 88724.85 | -270.565 | 337.9998 | 2.08044 | 0.473203
= TA | 71016.62 | 119188.1 | 86665.65 | -266.487 | 331.6697 | 2.02347 | 0.503087
O WA 71517.6 | 119900.9 | 87317.18 | -268.057 | 333.8027 | 2.05576 | 0.492067
E CLS constraints are inconsistent, no solution!
5 LAD 34178.6 | 115754.4 | 93065.17 | -258.691 | 494.5812 | 1.26067 | 0.24991

Note: Points that perform worse than our combination model are painted with pink filler.

4.3  Comparison of MCDM-Based Forecast Combination Methods Developed
Using the Methodology Proposed in This Thesis

Table 4.37 presents the performance metrics for the MCDM-based forecast
combination methods developed using the methodology proposed in this thesis, which
were previously discussed under their respective headings. The best values for each

performance metric were written in bold.

70




Table 4.37: The performance metrics for the MCDM-based forecast combination
methods developed using the methodology proposed in this thesis.

ME RMSE MAE MPE MAPE MASE ACF1

CRITIC-TOPSIS  26318.2  84862.2 64488.1 -10.2 13049 0.78 0.14
CILOS-TOPSIS  23608.0  84655.0 66582.4 -3.41 13413 0.72 0.03
CILOS-ARAS 44555  140416.0 994894 61.80 176.18 0.55 -0.23
CRITIC-ARAS 666.3 154883.2 106230.3 71.08 193.60 0.54 -0.22
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S. CONCLUSIONS AND RECOMMENDATIONS

The hybrid MCDM-based new forecast combination method proposed within the
scope of this thesis, demonstrated enhanced overall performance in comparison to both
key benchmark individual forecasting models and combination approaches reported in
the literature. The new methodology demonstrated better performance on the EIA’s
dataset characterized by more regular and diverse patterns, as well as low-frequency
noise. This inference is in line with other combination techniques because such
datasets enable different forecasting models to capture varying effects during the
combination process, thereby enhancing the overall success of the combination
models. However, for the dataset with irregular patterns, high-frequency noise, and
significant volatility (D2035 dataset), the proposed model and the other forecasting
models produced the prediction results tend to average-based approach, and also the
chance of combination models to show superior results over individual models is
generally reduced. Still, it can be stated that the proposed model showed promising

results compared to benchmark models for this dataset too.

The newly proposed approach enables the development of a combination model that
incorporates both traditional and machine learning forecasting methods as
components, while the assignment of component weights is carried out by objectively
and simultaneously considering various performance metrics, a methodological

approach not previously tested in the literature before.

The proposed approach was tested using the EIA dataset by developing and applying
CRITIC-TOPSIS, CILOS-TOPSIS, and CILOS-ARAS-based hybrid MCDM
techniques. For the application of all of them, first, the decision matrix of predictors
versus performance metrics was created. By using CRITIC and CILOS for the
determination of performance metrics’ weights, a comparative analysis was conducted
to evaluate how varying weight assignments for accuracy measurements, based on the
inclusion of the variation (spread) within criteria, impact the success of the forecast
combination. Because, while CRITIC considers both variability and redundancy,
CILOS focuses exclusively on minimizing redundancy and does not directly take

variability within criteria into account. In the scenario where both criteria weighting
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methods were applied to the same dataset in conjunction with TOPSIS, it was observed
that the methodology using CILOS criteria weighting produced relatively better results
than the one using CRITIC criteria weighting. Based on this dataset and the component
forecast models employed, it can be concluded that using a methodology that does not
account for variation within criteria enhances the success of the combination.
However, it is important to note that this may yield different results depending on other
datasets and component forecast models, making it inappropriate to draw a general

conclusion.

Subsequently, the CILOS-TOPSIS and CILOS-ARAS methods were applied for
performance evaluation, and the component forecast weights were determined based
on their outcomes. In this process, TOPSIS assigned a proximity measure to the ideal
solution for each component forecast model, while ARAS assigned utility function
values. The findings show that in terms of ME and MASE (with a particularly notable
decrease in ME), the suggested CILOS-ARAS hybrid MCDM-based forecast
combination performed better than the TOPSIS-based combination. For other
performance metrics, though, it produced worse outcomes. Based on the dataset used,
considering utility function values reduced ME and MASE; however, in a multi-
dimensional context, the overall accuracy decreased. Since the primary goal of the
proposed approach is to enhance overall accuracy in a multi-dimensional structure, it
can be concluded that, for the dataset we worked with, the CILOS-TOPSIS-based
forecast combination approach was the most preferable among all the MCDM-based
models developed within the proposed framework, as well as compared to other

existing models in the literature.

Allin all, the proposed hybrid MCDM-based forecast combination method (especially,
the CILOS-TOPSIS-based model) indicated superior results compared to all its key
counterparts existing in the literature for the EIA’s dataset we worked with. Even when
compared with the simple arithmetic mean method, considered the hardest to beat and
the most effective combination model in many sources in the literature on time series
combination models, the proposed methodology performed significantly better or
nearly so across all performance criteria. In this context, we believe that MCDM
methods have the potential to introduce a novel perspective to the literature on time
series forecasting combinations and pave the way for the integration of additional

models within the MCDM framework.
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In addition, during the determination and testing of the datasets to be studied in this

thesis,

combination models were tested on many datasets and the following

conclusions were reached:

1)

2)

3)

4)

Datasets with high irregularity and volatility, such as stock prices in financial
markets, are either white noise which leads to direct mean base modeling, or
the mean modeling is insufficient itself which leads to the need for volatility
modeling in addition to the mean model. White noise datasets are not suitable
for applying the method proposed in this thesis. And, volatility modeling is
beyond the scope of the method proposed in this thesis. However, future studies
may also try to integrate volatility modeling into the methodology proposed in
this thesis.

The scope of the method proposed in this thesis can better serve datasets with
more regular patterns, low volatility/irregularity, and sufficient size for time
series analysis. In this context, energy consumption and production, weather
and climate data, manufacturing, retail and sales data for some scenarios,
agriculture and food production, sports analytics, tourism analytics, or other
similar subjects can be studied by using the proposed model in this thesis with
the expectation of more efficient results.

The selection of component forecast models within the decision matrix
significantly impacted the results' success. As Timmermann (2006), Wang et
al. (2023), Lichtendahl and Winkler (2020), and some other sources in the
combination literature had already mentioned, the combination’s success
depended largely on selecting the right forecasts to combine. The diversity
among the selected forecast models affected the success of the combination
notably under the model proposed in this thesis, as it helps counterbalance
errors; however, this was challenging due to predictors being trained on the
same data and similar techniques, which can limit the potential for improved

accuracy.

The framework of MCDM can be used to study for developing other novel
approaches for the time series forecast combination literature to improve multi-
dimensional accuracy and interpret to relations of performance measurements

and predictors among themselves and with each other.
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APPENDIX A

Figure A.1: The optimum maximum lag length determination based on
Schwert's Rule for D2035 at R.

(@)

Augmented Dickey-Fuller Unit Root Test on LOGDATA

Null Hypothesis: LOGDATA has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 5 (Automatic - based on AIC, maxlag=30)

(b)

KPSS Unit Root Test on LOGDATA

Mull Hypothesis: LOGDATA is stationary
Exogenous: Constant, Linear Trend
Bandwidth: 51 (Newey-West automatic ) using Bartlett kernel

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -2.078594 0.5571
Test critical values: 1% level -3.960228
5% level -3.410877
10% level -3.127241
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOGDATA)
Method: Least Squares
Date: 10/28/24 Time: 23:41
Sample (adjusted): 4/05/2001 8/24/2012
Included observations: 4191 after adjustments
Variable Coefficient  Std. Error  t-Statistic Prob.
LOGDATA{-1) -0.002485 0001201  -2.078594 0.0377
D{LOGDATA{-1}} -0.039317 0.015458  -2.543481 0.0110
D{LOGDATA{-2)) 0.004865 0.015469 0.314473 0.7532
D{LOGDATA{-3)} -0.010165 0.015462  -0.65T416 0.5109
D{LOGDATA{-4})} -0.022676 0.015460  -1.466756 0.1425
D(LOGDATA(-5)) -0.035935 0.015450  -2.325873 0.0201
c 0.019413 0.009101 2.132944 0.0330
@TREND("3/30/2001") 1.20E-06 6.07E-07 1.871237 0.0488
R-sguared 0.004650 Mean dependent var 0.000398
Adjusted R-squared 0.002984 S.D. dependent var 0.010881
S.E. of regression 0.010875 Akaike info criterion -6.202821
Sum squared resid 0494687 Schwarz criterion -6.190727
Log likelihood 13006.03  Hannan-Quinn criter. -6.198551
F-statistic 2791592  Durbin-Watson stat 1.997431
Prob(F-statistic) 0.006738

LM-Stat.
Kwiatkowski-Phillips-Schmidt-Shin test statistic 0696996
Asymptotic critical values™: 1% level 0.216000
5% level 0.146000
10% level 0.119000
*Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1)
Residual variance (no correction) 0.019757
HAC corrected vanance (Bartlett kernel) 0.971292
KPSS Test Equation
Dependent Variable: LOGDATA
Method: Least Squares
Date: 10/29/24 Time: 23.42
Sample: 3/30/2001 9/24/2012
Included observations: 4197
Variable Coefficient  Std. Error  t-Statistic Prob.
C 7.578287 0.004340 1746.300  0.0000
@TREND("3/30/2001")  0.000491 1.79E-08 274.3629 0.0000
R-squared 0947213  Mean dependent var 8.609343
Adjusted R-squared 0.947200 S.D. dependent var 0.611861
S.E. of regression 0.140595  Akaike info criterion -1.085393
Sum squared resid 8292211 Schwarz criterion -1.082371
Log likelihood 2279698 Hannan-Quinn criter. -1.084325
F-statistic 75275.01  Durbin-Watson stat 0.008001
Prob(F-statistic ) 0.000000

Figure A.2: Stationarity tests for log-transformed D2035 dataset: (a) ADF test. (b)
KPSS test.
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(@) (b)
KPSS Unit Root Test on LOGDIFF
Augmented Dickey-Fuller Unit Root Test on LOGDIFF
Null Hypothesis: LOGDIFF is stationary
Null Hypothesis: LOGDIFF has a unit root Exogenous: Constant
Exogenous: None Bandwidth: 7 (Newey-West automatic) using Bartlett kernel
Lag Length: 4 (Automatic - based on AIC, maxlag=30)
LM-Stat.
t-Statistic Prob.* - P ) !
Kwiatkowski-Phillips-Schmidt-Shin test statistic 0.081050
Augmented Dickey-Fuller test statistic -3083233 00000 Asymptotic crilical values™ heve 0-7a9000
Test critical values: 1% level -2.565514 10% leve | 0.347000
5% level -1.840900 eve :
10% level -1.616649 *Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1)
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.000119
HAC corrected variance (Bartlett kernel) 0.000105
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOGDIFF)
Method: Least Squares
Date: 12/15/24 Time: 20:57 KPSS Test Equation
Sample (adjusted): 4/05/2001 9/24/2012 Dependent Variable: LOGDIFF
Included observations: 4191 after adjustments Method: Least Squares
Date: 12!15{24 Time: 20:58
Variable Coefficient  Std. Error  t-Statistc ~ Prob. Sample (adjusted): 3/31/2001 9/24/2012
Included observations: 4196 after adjustments
LOGDIFF(-1) -1.102088 0.035745 -30.83233 0.0000 ) . J—
D(LOGDIFF(-1)) 0.062939 0.031757 1981910 00476 Variable Coefficient  Std. Error  t-Statistic Prob.
D(LOGDIFF(-2)) 0.068038 0.027369 2485943 0.0130 c 0.000380  0.000168 2311592  0.0208
D(LOGDIFF(-3)) 0.058081 0.022253 2609989 0.0091
D(LOGDIFF(-4)) 0.035649  0.015443 2308448  0.0210 R-squared 0.000000 Mean dependent var 0.000389
Adjusted R-squared 0.000000 S.D. dependent var 0.010890
R-squared 0520120 Mean dependent var 3.29E-07 S.E. of regression 0.010890  Akaike info criterion -£.201622
Adjusted R-squared 0519661 S.D. dependent var 0.015706 Sum squared resid 0497535 Schwarz criterion -6.200111
S.E. of regression 0.010885 Akaike info criterion -6.201584 Log likelihood 13012.00  Hannan-Quinn criter. -6.201088
Sum squared resid 0.496014  Schwarz criterion -6.194019 Durbin-Watson stat 2.078133
Log likelihood 1300042 Hannan-Quinn criter. -6.198908
Durbin-Watson stat 1.997411

Figure A. Stationarity tests for log-differenced D2035 dataset: (a) ADF test. (b)
KPSS test.
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APPENDIX B

()15

Figure B.1: The optimum maximum lag length determination based on Schwert's
Rule for EIA dataset at R.

()

Augmented Dickey-Fuller Unit Root Test on USGAS

Mull Hypothesis: USGAS has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 14 (Automatic - based on HQ, maxlag=15)

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -4.328321 0.0033
Test critical values: 1% level -3.992933
5% level -3.426809
10% level -3.136666
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D{USGAS)
Method: Least Squares
Date: 11/04/24 Time: 15:33
Sample (adjusted): 200204 2024M05
Included observations: 266 after adjustments
Variable Coefficient ~ Std. Error  t-Statistic Prob.
USGAS(-1) -0.370340  0.085562  -4.328321 0.0000
D(USGAS(-1)) -0.030196 0.093361  -0.323436 0.7466
D(USGAS(-2)) -0.001260  0.093121 -0.013534 0.9892
D(USGAS(-3)) 0.038236 0.091987 0.415674 0.6780
D(USGAS(-4)) 0.057215 0.089898 0.636437 0.5251
D(USGAS(-5)) 0.077811 0.084863 0.916903 0.3601
D(USGAS(-6)) -0.023637 0.079191  -0.298479 0.7656
D(USGAS(-T)) 0.003942 0.074251 0.053004 0.9577
D(USGAS(-8)) -0.057986 0.071021  -0.816466 0.4150
D(USGAS(-9)) -0.155137 0.066592 -2.329654 0.0206
D(USGAS(-10)) -0.089237 0.065040 -1.372032 0.1713
D(USGASI(-11)) -0.028383 0.062201  -0.456481 0.6484
D(USGASI(-12)) 0612313 0.059212 10.34097 0.0000
D(USGAS(-13)) 0.294901 0.066789 4.415415 0.0000
D(USGASI(-14)) 0.152153 0.064519 2.358264 0.0191
C 1285221 30070.55 4274018 0.0000
@TREND("2001M01")  936.0603 212.2286 4.410624 0.0000
R-squared 0823168 Mean dependent var 2380925
Adjusted R-squared 0.811805 S.D. dependent var 1152158
S E. of regression 49982 27  Akaike info criterion 24 53850
Sum squared resid 6.22E+11  Schwarz criterion 24 76752
Log likelihood -3246.621  Hannan-Cluinn criter. 24 63051
F-statistic 72.44462 Durbin-\WWatson stat 2.018112
Prob(F-statistic) 0.000000

KPSS Unit Root Test on USGAS

Null Hypothesis: USGAS is stationary

Exogenous: Constant, Linear Trend

Bandwidth: 17 (Newey-West automatic) using Bartlett kernel

(b)

LM-Stat.
Kwiatkowski-Phillips-Schmidt-Shin test statistic 0.103177
Asymptotic critical values™: 1% level 0.216000
5% level 0.146000
10% level 0.119000
*Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1)
Residual variance (no correction) 2. 35E+10
HAC corrected variance (Bartlett kernel) 3ATE+0
KPSS Test Equation
Dependent Variable: USGAS
Method: Least Squares
Date: 11/04/24 Time: 15:36
Sample: 2001M01 2024M05
Included observations: 281
Variable Coefficient  Std. Error  t-Statistic Prob.
C 3675702 18289 86 2009694 0.0000
@TREND("2001M01")  2408.260 113.0383 21.30481 0.0000
R-squared 0619318 Mean dependent var 704726.6
Adjusted R-squared 0617953 S.D. dependent var 248675.8
SE. of regression 153706.3  Akaike info criterion 26.73057
Sum squared resid B.59E+12  Schwarz criterion 26.75646
Log likelihood -3753.645  Hannan-Quinn criter. 26.74095
F-statistic 453.8948  Durbin-Watson stat 0.546482
Prob(F-statistic) 0.000000

Figure B.2: Stationarity tests for original EIA dataset: (a) ADF test. (b) KPSS test.

88



Forecast method: ETS(A,N,4)

Model Information:
ETS(A,N,A)

Call:
ets(y = train)

Smoothing parameters:
alpha = 0.7005
gamma = le-04

Initial states:
1l = §3658.8589
5 = -83824.72 -114364.7 -30416.5 70959.4 263320.5 245713
81097,9 —-38534.,68 -9§335.43 -93802.54 -125925 -T77887.25

sigma: 40475.58

AIC AlICc BIC
5428.683 5431.236 5478.454

Figure B.3: ETS model output for detrended EIA dataset from R.

Forecast method: ARIMA(1,0,0) (0,1,1)[12] with drifc

Model Information:
Series: train
ARIMA(1,0,0)(0,1,1)[12] with drifc

Coefficients:
arl smal driftc
0.7180 -0.8787 -332.7412
3.2, 0.,0504 0.0710 187.78454

sigma™2 = 1.626e+09: log likelihood = -2316.15
AIC=4640.31 AICc=4640.52 BIC=4653.34

Figure B.4: ARIMA model output for detrended EIA dataset from R.
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