
Modelling and Forecasting Financial

and Economic Time Series Using

Neural Networks and Classical

Statistical Models

Der Fakultät für Wirtschaftswissenschaften der

Universität Paderborn

zur Erlangung des akademischen Grades

Doktor der Wirtschaftswissenschaften

-Doctor rerum politicarum-

vorgelegte Dissertation

von

M.Sc. Shujie Li

(2026)



Acknowledgements

First and foremost, I would like to express my sincere gratitude to Prof. Dr. Yuanhua

Feng for giving me the opportunity to pursue my PhD research and for his continuous

guidance and support throughout my doctoral studies.

I am also grateful to Prof. Dr. Thomas Gries, Prof. Dr. André Uhde, and Dr. Chris-

tian Peitz for serving on my doctoral committee and for their valuable comments and

constructive suggestions on this work.

Additionally, I would like to extend my special thanks to my colleague Mr. Dominik

Schulz for his constant help and encouragement. I am also thankful to my colleagues Mr.

Oliver Kojo Ayensu and Mr. Aliyu Abubakar Musa for their support and for the many

insightful discussions.

My deepest gratitude also goes to my husband Sebastian, my daughter Lia Jolie, and

my son Lennart for their love, patience, and unconditional support. I am also deeply

grateful to my parents and parents-in-law, as well as my grandparents for their guidance

and support throughout my life. Without their encouragement and understanding, this

work would not have been possible.

I would also like to express my gratitude to everyone who has accompanied and supported

me throughout my doctoral research and my life.

Last but not least, I dedicate this work to my grandfather and grandmother, who are no

longer with us but remain forever in my heart.



Abstract

Accurate modeling of economic and �nancial time series is essential for forecasting. It

helps detect hidden patterns and gain a better understanding of the underlying process.

One of the key contributions of this dissertation is the integration of a feedforward neural

network (FFNN) with traditional approaches to improve forecasting performance. Neural

networks are considered universal function approximators because they are fully data-

driven and require no prior knowledge of the data. However, empirical results show that

they may perform poorly on raw data. To address this limitation, the series is decomposed

into a trend component and a trend-stationary error process. Both deterministic and

stochastic trends are considered. The former is estimated nonparametrically via local

polynomial regression, while the latter is captured through a di�erencing �lter. The

resulting trend-adjusted process is then modeled with a FFNN.

Traditional models are applied to forecast the conditional mean in this thesis, including

random walk variants, autoregressive moving average (ARMA), fractionally integrated

ARMA (FARIMA) and their semiparametric extensions, namely semiparametric ARMA

(Semi-ARMA) and semiparametric FARIMA (Semi-FARIMA). For random walk variants,

the di�erencing �lter accounts for the stochastic trend, while Semi-ARMA and Semi-

FARIMA apply ARMA and FARIMA models to the detrended process obtained from

local polynomial regression.

Volatility estimation plays a key role in risk management, particularly for risk measures

like value at risk (VaR) and expected shortfall (ES). An advanced type of recurrent neu-

ral networks (RNNs) is used for conditional volatility forecasting and its performance is

compared with exponential GARCH (EGARCH) family models across multiple distribu-

tions in terms of VaR and ES forecasting. This comparison provides insights into the

relative performance of the neural network model and traditional volatility models for

risk measurement. Moreover, semiparametric extensions of the EGARCH family models

are also employed for volatility estimation. To capture complex dynamics in both the

mean and variance simultaneously, this dissertation further proposes a dual-trend and

dual long-memory framework. Within this framework, semiparametric models are jointly

used to estimate both the �rst and second moments. This framework is able to capture

trend dynamics and long-memory behavior while leaving no systematic patterns in the

residuals.
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Chapter 1
Introduction

This dissertation consists of three studies on modeling economic and �nancial

time series. The �rst study develops novel hybrid neural network�based models to

capture complex dynamics in the data, and further improves forecasting accuracy

through model combination. The second study conducts a comprehensive compar-

ison between EGARCH family models and a long short-term memory (LSTM)

network for tail risk estimation. Various backtesting methods are applied to pro-

vide insights for �rms and regulators. The third study proposes a novel model to

capture both trend and long-memory features in the �rst and second moments, en-

suring that the residuals are approximately uncorrelated, which is crucial for valid

statistical inference. Together, these studies provide guidance for understanding

and modeling complex time series behavior.

1.1 Conventional estimation methods

The classical statistical methodologies for modeling economic and �nancial time series in-

clude parametric, nonparametric, and semiparametric estimation methods. In parametric

estimation, a �xed function form is pre-speci�ed, whereas nonparametric estimation allows

the data to determine the functional relationship. Semiparametric estimation combines

both approaches, which is a concept known as decomposition. The following sections

provide a detailed description of each approach in the context of time series modelling.

1
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1.1.1 Parametric estimation

In classical time series analysis, the conditional mean is commonly modeled using the

ARMA (Box and Jenkins, 1976) model and homoskedastic innovations are assumed. The

foundation of this framework lies in the work of Yule (1927), in which an autoregres-

sive (AR) method was �rst proposed, and an AR(2) model was used to model annual

sunspot numbers. This model was later generalized by Walker (1931), who extended the

AR(2) to an AR(p) and derived the Yule-Walker equations. In the 19th century, the

moving average (MA) was used as an intuitive smoothing device. The Bank of England

applied it as early as 1833 to smooth its bullion reserves (Klein, 2005). The theoretical

foundation of the MA process is established by Wold (1938), who referred it as a type

of stochastic process. The combination of the AR and MA components results in the

ARMA model. The error term, ϵt, of the ARMA model is assumed to be homoscedas-

tic, i.e. var (ϵt | Ft−1) = σ2. However, many economic and �nancial time series violate

this assumption and exhibit volatility clustering where periods of high volatility tend

to persist. This phenomenon had been long recognized in literature (Mandelbrot et al.,

1963; Fama, 1965). However, conditional variance was not explicitly modeled until Engle

(1982) proposed the autoregressive conditional heteroskedasticity (ARCH) to model time-

varying volatility. The breakthrough of the ARCH is changing the constant conditional

variance, var (ϵt | Ft−1) = σ2 to a time-varying process, var (ϵt | Ft−1) = σ2
t . Bollerslev

(1986) later introduced the most well-known extension of the ARCH model, the GARCH

model, which incorporates both lagged conditional variances and lagged squared resid-

uals. In the following decades, a vast literature of GARCH-type models has emerged

to address speci�c empirical features. Nelson (1991) proposed the EGARCH model to

capture the leverage e�ects, where negative shocks have a larger impact on volatility than

positive shocks. Ding et al. (1993) introduced the asymmetric power ARCH (APARCH),

which includes power transformations and asymmetry simultaneously. The logarithmic

GARCH (Log-GARCH) model was introduced in early studies such as Geweke (1986),

Milhøj (1987) and Pantula (1986). Over the past decade, interest in the Log-GARCH has

been renewed, and it has been further studied by Sucarrat and Escribano (2010), Francq

et al. (2013) and Francq and Sucarrat (2018). Feng et al. (2023) addressed the near-zero

or zero return issue in the Log-GARCH model using a modulus-log transformation and

then proposed the modulus asymmetric Log-GARCH (MLog-GARCH) model.

Long memory is another important feature of economic and �nancial time series and it

refers to the strong persistence or lasting dependence in the observed series (Banerjee

and Urga, 2005). A general de�nition of long memory is provided by McLeod and Hipel
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(1978) and is given by, limn→∞
∑n

j=−n |γj| = ∞, γj is the autocovariance function at lag

j. This phenomenon was �rst mentioned in time series from hydrology, geophysics, clima-

tology and other natural science (Hurst, 1951; Hurst, 1957; Mandelbrot and Wallis, 1968;

Mandelbrot, 1972; McLeod and Hipel, 1978). The most well known long memory time

series is the yearly minimal water levels of the Nile River from the years 1007 to 1206.

The persistence observed in river �ows is known as the Hurst e�ect. This phenomenon of

slowly decaying autocorrelations is also found in economic or �nancial time series (Baner-

jee and Urga, 2005). Granger and Joyeux (1980) introduced the FARIMA model, which

enables modeling time series with long memory. Hosking (1981) summarized the essen-

tial properties of the FARIMA model and presented an approximate maximum likelihood

method.

Numerous studies also have documented the presence of long memory in the autocorre-

lations of squared or absolute �nancial returns (De Lima et al., 1994; Dacorogna et al.,

1993; Harvey, 1993). These works indicate that the autocorrelations of return volatilities

decay slowly in a hyperbolic fashion, rather than the exponential decay in the ARCH mod-

els. Motivated by these �ndings, Baillie et al. (1996) proposed the fractionally integrated

GARCH (FIGARCH) model. Bollerslev and Mikkelsen (1996) developed the fractionally

integrated EGARCH (FIEGARCH) model to account for both long memory in volatility

and the leverage e�ects of positive and negative return innovations. Tse (1998) extended

the APARCH model to the fractionally integrated APARCH (FIAPARCH) to model the

conditional heteroscedasticty of yen-dollar exchange rate. The fractionally integrated

Log-GARCH (FILog-GARCH) was developed by Feng et al. (2020a). Feng et al. (2023)

extended the MLog-GARCH model to its long-memory counterpart, the fractionally in-

tegrated MLog-GARCH (FIMLog-GARCH) model.

The parametric models in this thesis are estimated using R packages fEGarch (Schulz

et al., 2025) for GARCH-type models and fracdiff (Maechler, 2024) for the FARIMA

model.

1.1.2 Nonparametric estimation

Parametric estimation requires to assume a speci�c functional form in advance without

knowing the underlying true shape of the data. In contrast, nonparametric methods are

more �exible and can capture more complex patterns in the data. Here, the relationship

is driven by the data itself rather than a pre-assumed functional form. Commonly used

nonparametric techniques include kernel smoothing and local regression. Both methods
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use observations from a small neighborhood around each point. This is the concept of

smoothing data, which can be traced back to the late 19th century. One of the earliest

references is Woolhouse (1870), who proposed a method based on local quadratic �t-

ting. Henderson (1916) proposed the adjusted moving average. Whittaker and Robinson

(1924) and Macaulay (1931) also made early contributions in this area. In the 1950s

and 1960s, the modern smoothing (kernel-based smoothing) methods were developed for

density (Rosenblatt, 1956; Parzen, 1962) and regression estimation. Kernel regression is

a special case of local polynomial regression in which the polynomial degree is 0. One of

the most well known kernel-based regression estimators is the Nadaraya-Watson estimator

(Nadaraya, 1964; Watson, 1964), which is equivalent to a local constant estimator. In this

framework, the unknown function is estimated by a constant within a small neighborhood

of the target point. Recognizing the limitations of the local constant approximation, the

more general local polynomial regression regained attention in the late 1970s with sig-

ni�cant contributions from Stone (1977), Cleveland (1979), Katkovnik (1979), Fan and

Gijbels (1994) and Loader (1996). One advantage of local polynomial is that it auto-

matically corrects the boundary e�ect (Fan and Gijbels, 1992; Hastie and Loader, 1993;

Ruppert and Wand, 1994). Previous studies on the statistic properties of local polyno-

mial regression under short range dependence includes Fan et al. (1996), Masry and Fan

(1997), Härdle and Tsybakov (1997) and Härdle et al. (1998). The case of long range

dependence has been examined in Hall and Hart (1990), Csörg® and Mielniczuk (1995),

Beran and Feng (2002c) and Beran and Feng (2002b).

Selecting an appropriate smoothing parameter, or bandwidth h, is a crucial task in non-

parametric regression. The bandwidth governs the balance between bias and variance in

the estimated function, m̂(·), and in�uences the estimation of the dependence structure of

the (trend-adjusted) residuals (Beran, 2017). If the bandwidth is too small, the estimated

function may �t random �uctuations instead of the underlying pattern. If the bandwidth

is too large, it may smooth out true features of the function. The two extreme cases

of the bandwidth h are h = 0 and h = ∞. The former corresponds to no smoothing,

yielding m̂(·) = Yt, where Yt is the observed value at time t. The latter corresponds

to complete smoothing with m̂(·) ≡ Ȳ . Early studies on smoothing parameter selection

were carried out by Wahba (1975) and Rice (1984) for smoothing splines and kernel esti-

mators, respectively. Their approaches rely on cross-validation which minimizes the sum

of squares of leave-one-out residuals to obtain the optimal bandwidth. Hall and Marron

(1991) noted that a major limitation of cross-validation�based bandwidth estimators is

their high variability. This is supported by simulations in their study, which shows a poor

convergence rate of Op(n
−1/10). Gasser et al. (1991) introduced a data-driven iterative
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plug-in algorithm (IPI) to determine the optimal bandwidth hA. They showed that this

plug-in estimator is e�ective with a convergence rate of Op(n
−1/2) for smooth functions.

hA is derived from the large-sample approximation to the mean integrated squared error

(MISE). The plug-in method estimates the unknown quantities and substitutes them into

the expression for hA.

The R package smoots and esemifar (Feng et al., 2022; Letmathe et al., 2024) are

utilized for the nonparametric estimation under both short- and long-range dependence

error structures, respectively.

1.1.3 Semiparametric estimation

Semiparametric estimation essentially decomposes a model into a parametric component

and a nonparametric component. Such decomposition has a long history and the idea

can be traced back to the early 1900s. According to Persons (1919), four types of compo-

nents in a time series are identi�ed as trend, cycle, seasonal variations and the irregular

�uctuations. Any given time series can be described by one or more of these components

(Dagum and Dagum, 2006). In 1971, Anderson showed that a classical model contains

a systematic part or trend and a random part or irregular component (Anderson, 2011).

Dagum (2010) further summarized that the trend estimation generally follows two main

categories including a deterministic trend and a stochastic trend. The deterministic trend

can be represented by a �xed smooth function, such as a polynomial or a logistic curve.

The stochastic trend can be transformed into a stationary process through a homogeneous

�lter, most commonly a di�erence �lter. Zhang and Qi (2005) mentioned that trend mod-

eling should depend on the nature of the nonstationarity of the time series. A linear or

polynomial trend is suitable if the trend is deterministic, whereas if a series has a stochas-

tic trend, random walk processes and related extensions may be more appropriate. Since

it is di�cult to distinguish the trend type in practice, both deterministic and stochastic

trends are considered in this thesis. To estimate the deterministic trend more �exibly, we

use local polynomial regression instead of polynomial regression, as it does not require a

�xed functional form and is estimated completely nonparametrically.

The iterative plug-in (IPI) algorithm proposed by Gasser et al. (1991) was developed for

semiparametric regression with di�erent types of time series errors exhibiting both short-

and long-range dependencies (Beran and Feng, 2002a; Beran and Feng, 2002b; Beran and

Feng, 2002c; Feng et al., 2016; Feng et al., 2020b; Letmathe et al., 2024). We assume that

the time series Yt, t = 1, ..., n can be decomposed into a nonstationary mean component
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m(xt), which is a deterministic trend, and a stochastic term ϵt, such that

Yt = m(xt) + ϵt, (1.1)

where m(·) is a nonparametric smooth mean function which is at least twice di�erentiable

on [0,1], and xt = t/n ∈ (0, 1] is the rescaled time. The stochastic component ϵt has an

autocovariance function γϵ(k)(k ∈ Z) and γϵ(0) = σ2
ϵ . ϵt is assumed to be second order

stationary with zero mean. We distinguish three di�erent types of dependence structures

of the error term ϵt:

1) i.i.d.:

The entire variance arises from the current innovations, not from any past dependence.

In this case, we have
∑∞

k=−∞ γϵ(k) = σ2
ϵ .

2) Short memory:

The autocovariances decay fast enough so that the total sum is still �nite, that is 0 <∑∞
k=−∞ |γϵ(k)| < ∞. The error process exhibits short memory. In this case, the error

term can be assumed to follow an ARMA process.

3) Long-memory:

The error process exhibits long memory and the total sum of the autocovariances diverges,

such that
∑∞

k=−∞ |γϵ(k)| = ∞. In this case, the error term can be assumed to follow an

FARIMA process.

In Chapter 2, both deterministic and stochastic trends are considered. To model the

deterministic component, local polynomial regression is applied. The resulting trend-

adjusted series is then modeled using an ARMA model. In the case of stochastic trends,

random walks with various drift speci�cations are employed. In Chapter 4, the detrended

series is assumed to exhibit long-memory features, corresponding to the third case.

The semiparametric approach is also employed to model the variance. GARCH model

variants assume a constant unconditional variance. In practice, however, this assump-

tion does not hold for many �nancial and economic series, which exhibit unconditional

time heteroskedasticity (i.e., time-varying long-term variance). Nonstationarity in �nan-

cial returns has been studied by Mikosch and St ric  (1998), who indicated that for a

GARCH(1,1) model with, α1 + β1 ≈ 1, nonstationarity is often implied. Di�erent ap-

proaches have been proposed to address this issue by de�ning the volatility model as a

function of past values and time. For instance, the piecewise GARCH model is introduced
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by (Mikosch and St ric , 1998). Mercurio and Spokoiny (2004) proposed a locally adap-

tive volatility estimator (LAVE) which is a local time homogeneours volatility model. It

makes no assumptions about the parametric form of the processes. Härdle et al. (2005)

introduced a time heterogeneous stochastic volatility model by de�ning an interval of ho-

mogeneity for a model. Feng (2004) introduced a slowly changing scale function σ(xt)

into the GARCH model to address the issue of nonstationary returns. The function is

de�ned as follows,

rt = σ(xt)σtηt, ηt ∼ i.i.d.(0, 1), t = 1, . . . , n, (1.2)

where xt = t/n is rescaled time. The aim of this approach is to account for the uncondi-

tional time heteroskedasticity and �t a GARCH model to the resulting stationary process.

This model is referred to the semiparametric GARCH (Semi-GARCH) model. Letmathe

et al. (2022) extended the Semi-GARCH framework to long-memory GARCH-type mod-

els, including semiparametric FIEGARCH (Semi-FIEGARCH), semiparametric FILog-

GARCH (Semi-FILog-GARCH) and semiparametric FIAPARCH (Semi-FIAPARCH).

There is also evidence that long memory exists in both conditional mean and condi-

tional variance (Kasman et al., 2009; Conrad and Karanasos, 2005b; Ural and Küçüköz-

men, 2011). Recently, Peitz et al. (2023) proposed a dual long-memory FARIMA-FILog-

GARCH model and provided evidence for trend-stationary dual long-memory time series.

Feng et al. (2023) introduced a trend-stationary dual long-memory FARIMA with a novel

FIMLog-GARCH speci�cation. To the best of our knowledge, the dual-trend and dual

long-memory method has not been studied yet. After examining several economic time

series, we �nd evidence of this phenomenon, which motivates us to propose the dual-trend

and dual long-memory model to jointly model the �rst and second moments of a process.

1.2 Neural networks in time series

Traditional time series models mainly aim to capture the autocorrelation structure within

the data and generally require the series to be stationary. The well-known Box and Jenkins

approach (Box and Jenkins, 1976) also refers to the ARMA class of model, which is widely

recognized in academic and professional �elds. Numerous studies have demonstrated

its ability to e�ectively capture the dynamics of many time series. However, the Box

and Jenkins approach fails to capture the nonlinear dynamics. Neural networks have

been proposed as an alternative for capturing nonlinear patterns in statistical modeling



1.2. NEURAL NETWORKS IN TIME SERIES 8

and have gained popularity in recent years. Since the 2010s, the dramatic increase in

computing power has made it possible to run complex networks on standard computers.

However, the use of neural networks for prediction is not a recent development. McCulloch

and Pitts (1943) and Hebb (2005) established the mathematical and conceptual basis of

neural networks. Rosenblatt (1957) proposed one of the �rst arti�cial neural network

(ANN) models, the single-layer perceptron, which is considered as the �rst trainable ANN.

Minsky and Papert (1969) showed that the problems solvable by Rosenblatt's perceptron

are very limited. Werbos (1974) and Werbos (1988) formulated the backpropagation

concept and demonstrated that neural networks trained with this method outperform

traditional statistical approaches such as the Box-Jenkins models. With the signi�cant

increase in computational power during the late 1980s, and the growing popularity of

the backpropagation algorithm, research on neural networks accelerated rapidly. In 1987,

Lapedes and Farber (1987) proposed one of the earliest framework employing FFNNs

to capture nonlinear signal processing dynamics. FFNNs are also known as multi-layer

perceptrons (MLPs), which are composed of fully connected layers in which information

�ows only from the input layer to the output layer without any feedback connections.

Cheng and Titterington (1994) compared di�erent FFNNs with traditional statistical

methods and demonstrated strong associations of the FFNNs with discriminant analysis,

regression, as well as between supervised neural networks and cluster analysis. Warner

and Misra (1996) conducted a comparative study between regression analysis and FFNNs

in terms of notation and implementation. They also indicated situations in which neural

networks are preferred to parametric regression models. A comparison between FFNNs

and logistic regression was carried out by Schumacher et al. (1996) and Vach et al. (1996).

Wong et al. (1997) provided a systematic survey of journal publications on the use of

neural networks in business between 1988 and 1995, while Vellido et al. (1999) conducted

it for the period of 1992-1998. Zhang and Huang (1995) reviewed FFNNs application

in manufacturing. Wong and Selvi (1998) focused on �nancial applications of FFNNs,

and Krycha and Wagner (1999) reviewed their use in management science. Paliwal and

Kumar (2009) conducted a comparative study of FFNNs and statistical approaches for

prediction and classi�cation tasks across various areas, including accounting and �nance,

health and medicine, engineering and manufacturing, marketing.

Zhang et al. (1998) summarized the main features that make FFNNs appealing for fore-

casting task. Unlike the traditional models, neural networks are data-driven and self-

adaptive, requiring no prior knowledge of the underling data structure. This makes them

particularly useful when the true relationship among variables is unclear. For this rea-

son, they are considered as a class of multivariate, nonlinear and nonparametric statisti-
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cal methods (White, 1989b; Ripley, 1993; Cheng and Titterington, 1994; Ripley, 1994).

Zhang et al. (1998) also noted that FFNNs can often correctly make prediction for the

unseen part of a population even if the sample data contain noise. Additionally, although

neural networks are inherently nonlinear models, they are capable of capturing both linear

and nonlinear relationships (Zhang et al., 1998). Building on these attractive properties,

the autoregressive neural network (NNAR) extends FFNN to time series forecasting by

incorporating the classical AR models. NNAR applies a nonlinear activation function to

the AR model to capture both linear and nonlinear behaviors in the series (White, 1989a;

Qi and Zhang, 2001; Chen and Chang, 2009). Faraway and Chat�eld (1998) suggested to

use traditional statistical modeling techniques to design an e�ective neural network spec-

i�cation, such as by determining the number of lagged variables to include as inputs. In

chapter two, NNAR based models are employed to forecast GDP in the selected countries.

The number of lags is determined based on the optimal order of the AR model, which is

selected using the Akaike information criterion (AIC).

Another class of ANNs is RNNs. Unlike FFNNs, where information �ows only in one

direction, RNNs contain cycles that allow information to be fed back into the network.

By incorporating these recurrent connections, RNNs extend the functionality of FFNNs

and enable the model to account for both current inputs and information from previous

time steps (Bengio et al., 1994). A large number of studies based on RNNs have been

published in the literature, Salehinejad et al. (2017) summarized the major advances in

RNNs research from 1990 to 2017 (see Table 1 in Salehinejad et al., 2017). Over the

past decade, RNNs have been successfully applied to various problem, including language

modeling (Graves, 2013; Pascanu and Bengio, 2013; Mikolov et al., 2012; Mikolov et

al., 2012; Sutskever et al., 2011), online handwritten recognition (Graves et al., 2008),

speech recognition (Graves et al., 2013) and time series modeling (Yunita et al., 2025;

Zhang and Xiao, 2000; Jahan and Sajal, 2018; Zhang et al., 2018). Usually, RNNs are

constructed using one of the three most popular cells, Elman (Elman, 1990), LSTM

(Hochreiter and Schmidhuber, 1997) or gated recurrent unit (GRU) cells (Cho et al.,

2014). Developing robust RNN models for time series forecasting remains di�cult. There

is little guidance on which cell structures are best suited for di�erent types of data (Khaldi

et al., 2023). Hewamalage et al. (2021) provided an empirical study comparing various

existing RNN architectures with traditional univariate forecasting benchmarks, such as

autoregressive integrated moving average (ARIMA) and exponential smoothing (ETS).

Their results suggest that RNNs can be competitive in many scenarios, although they

are not universally superior. The well known challenge of training RNNs is learning long-

term dependencies in data. In RNNs, the hidden state at each time step is conditioned
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on its previous state, which enables the network to store and process past information

over long periods of time (Mikolov et al., 2014). However, the memory generated by the

recurrent connections can be heavily limited by the training algorithms used for RNNs,

such as backpropagation through time (BPTT) and truncated BPTT. Gradient vanishing

or exploding is a consequence of BPTT with certain activation functions like tanh or

sigmoid. Some advanced variants, such as LSTM networks, are speci�cally designed to

address these limitations. It is one of the most popular and e�cient methods to reduce

the e�ect of vanishing or exploding gradient (Hochreiter and Schmidhuber, 1997). Instead

of storing past information in hidden units using activation functions like sigmoid or tahn,

LSTM networks use gates to keep, update, or discard in the hidden state (Hochreiter and

Schmidhuber, 1997). LSTM-based time series modeling can be found in (Hu et al., 2020;

Sahoo et al., 2019; Agarwal et al., 2024; Shelatkar et al., 2020; Bukhari et al., 2020).

Despite their advantages, LSTM are computationally more complex than simple RNNs.

According to Mikolov et al. (2014), a typical LSTM requires about four times the number

of parameters of a simple RNN. In Chapter 3, LSTM is applied for predicting volatility

of returns and subsequently VaR and ES are calculated. The results are then compared

with traditional EGARCH-type models.

Neural networks are universal function approximators, which implies that they are capable

of capturing both seasonality and trend in a time series. Many researchers use neural

networks to directly model series with trend or seasonal patterns. Sharda and Patil (1992)

tested 88 seasonal time series from the M1 competition (Makridakis et al., 1982) and

indicated that simple FFNNs perform as well as the Box-Jenkins method and additional

seasonal removal method is not necessary. Similar study can be found in Tang and

Fishwick (1993), Nam and Schaefer (1995). However, Nelson et al. (1999) showed that

neural networks bene�t from deseasonalization, similar to traditional statistical models.

Zhang and Qi (2005) claimed that neural networks are not able to handle raw data well,

especially when the data contains trend or seasonal patterns. Therefore, detrending or

deseasonalization can be used as remedies to reduce forecasting errors. Typically, the

trend component is estimated and removed before modeling the remaining components.

Qi and Zhang (2008) tested FFNNs on various trend patterns, including linear, non-linear,

deterministic, stochastic and breaking trend and they found that their neural network

models performed well on the di�erenced stationary U.S. gross national product (GNP)

series. In Chapter 2, we remove the trend for the neural network using local polynomial

regression and di�erencing to achieve stationarity.

The well-known limitations of neural networks should not be overlooked. The training

process of neural network models requires a large amount of data available. The architec-
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ture and hyperparameters need to be carefully selected to avoid over- and under-�tting.

Moreover, they are often criticized for being �black boxes� due to lower interpretability.

Furthermore, the computational cost increases dramatically as the network becomes more

complex. Therefore, future research could investigate more computationally e�cient and

interpretable neural network models. Additionally, traditional models like ARIMA and

ETS have gained popularity not only due to their high predictive accuracy, but also be-

cause they are fully automatic, e�cient, and robust. Those features make them suitable

for non-expert users. In this sense, neural networks still have a long way to go.

The neural network models in this thesis are trained using the R package forecast

(Hyndman and Khandakar, 2008), as well as keras Chollet et al. (2017) and tensorflow

(Allaire and Tang, 2017).

1.3 Summary of contents

The aim of chapter 2 is to improve the forecasting quality through various model com-

binations. Two types of trends are considered, including deterministic and stochastic

trends. The former is estimated using a local polynomial estimation while the latter is

addressed through di�erencing. For the deterministic trend, a local polynomial regression

is combined with either an ARMA model or an NNAR model. For the stochastic trend,

random walks with di�erent drifts are considered, such as constant, linear, local linear and

NNAR drifts. In total, six individual models are developed, and their combinations yield

63 di�erent models. The results show that, on average, the newly proposed NNAR-based

models outperform other individual models in terms of gross domestic product (GDP)

forecasting. Additionally, a single model alone rarely delivers the most accurate forecasts,

whereas combining models signi�cantly improves forecasting performance in most cases.

Moreover, model combination is less risky than relying on only one model.

Chapter 3 employs an advanced RNN architecture�LSTM network�for forecasting VaR

and ES. Its performance is compared with that of recently proposed EGARCH family

models. The EGARCH family models are estimated under various symmetric distri-

butions as well as their skewed versions. The subsequent computation of VaR and ES

from both LSTM method and EGARCH-type models is carried out under all consid-

ered distributions. The backtesting is conducted using tra�c light test, conditional and

unconditional coverage tests. Model performance is evaluated based on their weighted

absolute deviation (WAD). The results indicate that the LSTM model provides the most
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satisfactory performance compared with EGARCH family models in most cases. How-

ever, several EGARCH family members remain strong competitors, particularly under

the asymmetric distributions, and might be preferred for certain indices. Additionally,

multiple loss functions are also calculated to evaluate models from a di�erent perspective.

In chapter 4, the dual-trend and dual long-memory model is proposed to capture both

nonstationarity and long-memory features in the �rst and second moments. The trend

components in both the mean and variance levels are estimated nonparametrically. The

parametric models, including FARIMA (or ARMA), are utilized on the detrended series,

and three volatility models from the EGARCH family are applied on the scale-adjusted

processes. Additionally, FIGARCH is included as a benchmark model in the �nal stage

of the analysis. A four-step estimation procedure is proposed to estimate the dual-trend

and dual long-memory model. The results demonstrate that the proposed model can

e�ciently capture the process exhibiting trend and long-memory characteristics in both

the mean and variance levels with no signi�cant autocorrelation in the residuals.



Chapter 5
Concluding Remarks

The aim of this thesis is to model the conditional mean, the conditional variance, or

both, of economic and �nancial time series. Both traditional statistic models and neu-

ral networks are applied for this purpose. The R packages smoots (Feng et al., 2022)

and esemifar(Letmathe et al., 2024) are used to estimate the time-varying unconditional

mean and unconditional variance, respectively. The subsequent parametric models are

estimated using the fracdiff (Maechler, 2024) and fEGarch (Schulz et al., 2025) pack-

ages. The simple FFNN is implemented with the forecasts package (Hyndman and

Khandakar, 2008), while the LSTM model is constructed via the keras package (Chollet

et al., 2017) built on tensor�ow (Allaire and Tang, 2017).

Chapter 2 aims to forecast the log-GDP for the selected countries. Four models are

adopted from Fritz et al. (2024). In addition, two NNAR-based models are proposed,

which incorporate deterministic and stochastic trends, respectively. The deterministic

trend is estimated using local linear regression, while the stochastic trend component

is addressed by applying �rst order di�erencing. The NNAR model is then applied to

the resulting stationary series. In total, six models and their possible combinations are

examined, resulting in a total of 63 models. Model combination is performed using equal

weights. The results show that the two newly proposed NNAR-based models, RNNAR

and LLNNAR, are the two best-performing single models on average. The combined

model M126, which incorporates the RWC, RSL and LLNNAR models, produces the

lowest average MASE across all countries. This study shows that combining models is

generally e�ective for improving forecast accuracy. While a single model may perform

well in some cases, model combination is still less risky than relying on only one model.

A limitation of this study is that only a very simple FFNN model with a single neuron in
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both input and hidden layers is used. Further studies will explore more complex neural

network architectures to better capture the nonlinearity in the data.

Chapter 3 employs a more sophisticated RNN architecture, namely the LSTM, to

forecast VaR and ES for eight indices across the Asian, European, and U.S. markets.

The results are primarily evaluated using the tra�c light test and the selection mea-

sure, WAD. The LSTM-based results are compared with the members of the EGARCH

family. Overall, the LSTM consistently outperforms EGARCH-class models, with the

exception of the Nikkei 225 index, where the Log-GARCH model slightly outperforms the

LSTM. Although the LSTM is superior, the small di�erence in performance indicates that

EGARCH-type models continue to be strong competitors. Moreover, all EGARCH-type

models perform better under asymmetric distributional assumptions, which con�rms that

�nancial returns exhibit asymmetric features. It should be noted that the high compu-

tational cost of neural networks cannot be ignored. For future studies, it is worthwhile

to investigate more computationally e�cient neural network architectures. Additionally,

parametric volatility models can be extended to semi-parametric frameworks to better

capture the underlying dynamics of the processes.

Chapter 4 proposes the dual-trend and dual long-memory model to simultaneously

model trend and long-memory features in both the mean and the variance. A Semi-

FARIMA or Semi-ARMA is utilized on the mean level to model the trend and conditional

mean, while a semiparametric volatility model is employed to estimate the conditional

variance with a slowly changing scale. FIMEGARCH, FIMLog-GARCH, FIEGARCH

and FIGARCH models are applied in the �nal step to the stationary returns. The results

demonstrate that the proposed models successfully identify trend behavior and long-

range dependence in both moments. The LB test indicates that there is no evidence of

remaining autocorrelation in the residuals, which is essential for valid statistical inference.

A simulation study can be carried out to investigate the consistency and convergence rate

of the proposed model in future studies.

The main contribution of this work lies in integrating neural networks with traditional

models to better capture complex data dynamics. A systematic comparison between the

sophisticated neural network model and parametric volatility models is carried out for risk

measure estimation, with evaluations from perspectives of both investors and regulators.

Furthermore, a newly proposed method enables researchers and practitioners to diagnose

hidden patterns and better understand the underlying process.
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