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ABSTRACT

REFINEMENTS, EXTENSIONS AND MODERN APPLICATIONS OF
CONIC MULTIVARIATE ADAPTIVE REGRESSION SPLINES

Yerlikaya—Ozkurt, Fatma
Ph.D., Department of Scientific Computing
Supervisor : Prof. Dr. Gerhard-Wilhelm Weber

December 2013, 00| pages

Conic Multivariate Adaptive Regression Splines (CMARS) which has been developed
at the Institute of Applied Mathematics, METU, as an alternative approach to the well-
known data mining tool Multivariate Adaptive Regression Splines (MARS). CMARS
is based on given data and a penalized residual sum of squares for MARS, interpreted
as a Tikhonov Regularization problem. CMARS treats this problem by a continuous
optimization technique called Conic Quadratic Programming (CQP).

This doctoral thesis adapts the CMARS model into a wide frame of advanced methods
of statistics and applied mathematics. The first application is using CMARS in Gener-
alized Partial Linear Models (GPLMs), a particular form of a semiparametric model,
which extends the Generalized Linear Models (GLMs) in that the usual parametric
terms are augmented by a single nonparametric component. We prefer GLMs because
of their flexibility to the variety of statistical problems and the availability of software
to fit the models. There are different kinds of estimation methods for GPLMs. One
of the great advantages of semiparametric models consists of some grouping (linear
and nonlinear or parametric and nonparametric) which could be done for the input
dimensions (or features) in order to assign appropriate submodels to the groups specif-
ically. In this thesis, for the estimation of the parametric model part, we apply the
least-squares estimation. On the other hand, we consider CMARS for the nonparamet-
ric part to estimate the smooth function. This new algorithm, called CGPLM, has the
advantage of higher speed and less complexity, as it accesses the use of interior point
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methods.

The other extension is the use of CMARS method for the outlier identification problem.
For this purposes, we provide a new solution by using regularization and CQP tech-
niques to the mean-shift outlier model, which is considered as a parametric method.
After that the proposed method is improved by using CMARS to represent the nonlin-
ear structure in the data.

The second track of this doctorate study is the use of CMARS method for the pa-
rameter identification of Stochastic Differential Equations (SDEs) driven by Brownian
motions and fractional Brownian motions (fBms). Both systems of SDEs with standard
multi-dimensional Brownian motions and systems of SDEs having correlated Brown-
1an motions are covered in this thesis. Moreover, we introduce the CMARS method to
estimate both the spline coefficients and, especially, the Hurst parameter of the SDEs
driven by fBms. The theoretical results of this study may lead new implementations
and applications in science, technology and finance.

This PhD thesis ends with a conclusion and an outlook to future studies.

Keywords : Conic multivariate adaptive regression splines, stochastic differential equa-
tions, fractional Brownian motion, conic generalized partial linear model, outlier iden-
tification
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KONIK COK DEGISKENLI UYARLANABILIR REGRESYON EGRILERININ
GELISTIRILMESI, UZANTILARI VE MODERN UYGULAMALARI

Yerlikaya—()zkurt, Fatma
Doktora, Bilimsel Hesaplama Boliimii

Tez Yoneticisi : Prof. Dr. Gerhard-Wilhelm Weber

Aralik 2013,[90|sayfa

Konik Cok Degiskenli Uyarlanabilir Regresyon Egrileri (CMARS) iyi bilinen veri
madenciligi tekniklerinden biri olan Cok Degiskenli Uyarlanabilir Regresyon Egrileri-
ne (MARS) alternatif olarak ODTU Uygulamali Matematik Enstitiisiinde gelistirilmis-
tir. CMARS belirlenmis veriye ve bir Tikhonov diizenleme problemi olarak yorumlan-
mis MARS i¢in cezalandirilmig hata kareler toplamina dayanmaktadir. CMARS bu
problemi konik karesel programlama (CQP) olarak adlandirilan siirekli optimizasyon
teknigi ile ele almaktadir.

Bu doktora tezi CMARS modelini istatistik ve uygulamali matematigin ileri metod-
larinin genis bir gercevesi igerisinde uyarlamaktadir. Ik uygulama yar1 parametrik bir
modelin 6zel bir formu olan Genellestirilmis Kismi Dogrusal Modellerde (GPLMs)
CMARS’1n kullanilmasidir. GPLMs genel parametrik terimlerin parametrik olmayan
bir parca ile birlestirildigi Genellestirilmis Dogrusal Modellerin (GLMs) farkl bir
seklidir. Burada GLMs’in tercih edilmesinin nedeni cesitli istatistiksel problemlere
olan esnekligi ve model uyumu icin gerekli olan hazir yazilimlarin varligidir. GPLMs
icin c¢esitli tahmin yontemleri bulunmaktadir. Yar1 parametrik modellerin en biiyiik
avantaj-larindan biri bazi gruplarin (dogrusal ve dogrusal olmayan veya parametrik ve
paramet-rik olmayan) girdi boyutlarina veya degiskenlerine gére uygun olan alt mod-
eller belirleyebilmeyi icermesidir. Bu tezde, parametrik model kisminin tahmini i¢in
en kiiciik kareler tahmin yontemini kullandik. Diger taraftan, CMARS’1 parametrik
olmayan kisimdaki piiriizsiiz fonksiyon tahmini i¢in diisiindilk. CGPLM olarak isim-
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lendirilen bu yeni algoritma i¢ nokta metodunu kullandig1 i¢in yiiksek hiz ve diisiik
karmasiklik avantajina sahiptir.

Diger bir uygulama CMARS y0nteminin aykir1 gozlem belirlemesi probleminin ¢ozii-
mii i¢in kullanilmasidir. Bu amag ile biz diizenleme ve CQP tekniklerini kullanarak
parametrik bir yontem olan ortalama-kaydirma aykir1 gézlem modeli i¢in yeni bir
cOziim trettik. Sonrasinda Onerilen yontem veri icindeki dogrusal olmayan yapinin
gosterilmesi icin CMARS 1n kullanilmasi ile daha da gelistirildi.

Bu doktora tezinin ikinci kolu Brown hareketleri ve/ya kademeli Brown hareketleri
(fBms) ile elde edilmis Stokastik Diferansiyel Denklemlerin (SDEs) parametrelerinin
belirlenmesi icin CMARS yo6nteminin kullanilmasidir. Bu tez hem standart cok boyutlu
Brown hareketleri ile SDEs sistemlerini hem de ilintili Brown haraketleri ile SDEs sis-
temlerini kapsamaktadir. Ayrica, burada CMARS yonteminin egri katsayisi ve 6zellikle
fBms ile elde edilmis SDEs’in Hurst parametresi tahmini i¢in kullandik. Bu ¢alismanin
teorik sonuclarmin bilim, teknoloji ve finansta yeni yorumlama ve uygulamalara onciiliik
edebilecegi diisliniilmektedir.

Bu doktora tezi sonug ve gelecekte yapilacak ¢alismalara bir bakis ile sona ermektedir.
Anahtar Kelimeler: Konik cok degiskenli uyarlanabilir regresyon egrileri, stokastik

diferansiyel denklemler, kademeli Brown hareketi, konik genellestirilmis kismi dogrusal
model, aykirt gbzlem belirleme



In memory of my parents, Dilber and Nadir Yerlikaya
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CHAPTER 1

INTRODUCTION

Data mining is an important tool in many areas such as science, engineering, health-
care, medicine, business, economics and finance. The data sets, generated in big
laboratories and institutions, and processed by powerful computing systems, and the
increasingly complex applications in those areas, are large, complex, and generally
“noisy.” Extracting information from the massive amounts of data requires the use
of sophisticated and high performance techniques and algorithms, based on statistics
and optimization. These techniques have to be usable by scientists, engineers and re-
searchers.

Data mining methods enable us to analyze the data stored in various data reposi-
tories gathered for different purposes such as quality improvement in industry [30]
or developing early warning systems [S] in various fields such as finance, environ-
ment, energy, etc. There is a number of predictive data mining tools useful for es-
tablishing mathematical or statistical relationships between several factors of inter-
est. Some widely used ones are Classification and Regression Trees (CART), Artificial
Neural Network (ANN), Multiple Linear Regression (MLR), and Support Vector Ma-
chine (SVM). Among these tools, Multivariate Adaptive Regression Splines (MARS) is
a well-known predictive data mining method capable of modeling high-dimensional
data with nonlinear structure [[14]. The flexible nature of MARS modeling leads to a
successful implementation of the method in various application areas [14]]. Reported
success of the method attracted the attention of many researchers to tackle with the
problems of MARS method or, alternatively, to extend it further and to improve its
capability. In one of these studies, Conic Multivariate Adaptive Regression Splines
(CMARS) has been developed as an alternative to the backward stepwise part of the
MARS algorithm [70].

1.1 The Conic Multivariate Adaptive Regression Splines Method

CMARS does not make any specific assumption about the underlying functional rela-
tionship between the dependent and independent variables to estimate a general model
function [59, 165, [70]. CMARS is introduced by linear combinations of the basis func-
tions that are used in MARS. The selection of basis functions is data-based and spe-
cific to the problem at hand. CMARS uses one-dimensional basis functions of the
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form ¢t (z,7) = [+(x — 7)]; and ¢ (z,7) = [ (x — 7)]4, where [¢]; := max {0, ¢}
[65, [70]. Each function is piecewise linear, with a knot at the value 7, and the corre-
sponding couple of functions is called a reflected pair. The visualization of these basis
functions is demonstrated in Figure 1.1.

Figure 1.1: An illustration of the basis functions [70]].

A set of basis functions is given as follows:

QO = {(QZJ — T)Jr, (T — LC]')+ | T € {$17j,l’27j, ...,INJ}, ] c {1,2, ,p}} . (11)

A CMARS model function f is represented by a linear combination of basis functions
which is successively built up by the set @, as described below:

M
Y =fx)+e=00+> Onthn(x™) +e. (1.2)
m=1

Here, Y is a response variable, x™ = (xy, 2o, ..., xp)T a vector of predictors for the
corresponding mth multivariate basis function. Furthermore, 6,,, are the unknown co-
efficients for the mth basis function (m = 1,2, ..., M) or for the constant 1 (m = 0),
and € is an additive stochastic component, often called noise, which is assumed to have
zero mean and finite variance. In Eqn. , m (m =1,2,..., M) are basis functions
as products of two or more one-dimensional basis functions. The form of the mth basis
function can be written as follows:

Km

V@™ = [ [lswp - (2 = T (1.3)

J J J
j=1

these are nonsmooth spline functions. Here, x™ is the vector of variable contributed to
the mth basis function, K, is the number of truncated linear functions multiplied in
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the mth basis function, Ty is the predictor variable corresponding to the jth truncated
linear function in the mth basis function, Ty is the knot value corresponding to the
variable Tym, and Sxm is the selected sign +1 or —1 [[14}59].

Determination of all elements in the set of basis functions given in Eqn. (1.1) is an
important issue. For this purpose, the starting function is taken as 1y(x°) = 1. Then,
the basis function that causes the most amount of reduction in the Residual Sums of
Squares (RSS) is included in the model. The new basis functions can be restricted to
interactions of a maximum order. An advantage of the form given in Eqn. lies in
its ability to estimate the contributions of the basis functions so that both the additive
and the interactive effects of the predictors are allowed to determine the dependent
variable. Interaction basis functions are created recursively by multiplying an existing
basis function with a truncated linear function involving a new variable. In a CMARS
approximation, both the existing basis function and the newly created interaction basis
function are used. In order to demonstrate the interaction basis function form, the
basis function in Figure 1.2 is defined as the multiplication of two basis functions
Yy = max{0, M, — 5.7} and ¢, = max {0, R;, — 37.34} from the application of
CMARS for ground motion prediction [[71].

BF:

Figure 1.2: An illustration of the interaction basis function [[71]].

The MARS algorithm consists of two main parts [14]. In the first part (forward algo-
rithm), the basis functions are selected to minimize the lack-of-fit until a user-specified
maximum number of basis functions, M,,., is attained. This process results in a large
model which overfits the data. In the second part (backward algorithm), to overcome
this disadvantage, the basis functions contributing least to the residual squared errors
are removed, thus causing less complex model. In both parts, MARS algorithm uses
Generalized Cross-Validation (GCV) as a variable selection criterion. GCV is defined

as follows: N )
1 ; 1 Ja\A 2
GCV — _Zz:l(y~ f (x )) ’ (14)
N (1=C(a)/N)?
where C(a) := u 4 dK [14]. Here, N is the number of sample observations, u is

the number of linearly independent basis functions, K is the number of knots selected
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in the forward process, and d is a cost for basis function optimization as well as a
smoothing parameter for the procedure [14, 20]].

CMARS is developed as an alternative to the backward part of the MARS algorithm.
CMARS uses up to all basis functions generated by the forward algorithm of MARS
(65, [70]. CMARS is constructed by a Penalized Residual Sum of Squares (PRSS)
parameter estimation problem, instead of an ordinary least-squares estimation problem
as it occurs in MARS method. In the sense of a trade-off, the PRSS problem aims at a
highest possible accuracy and a smallest possible complexity of the model. PRSS with
penalty parameters \,, and with M,,,, basis functions which are accumulated in the
first part of the MARS algorithm, has the following form:

PRSS = (0~ FE)PH S A Y > [ o]
=1 m=1 |ee|=1 r<s

a=(an,a0)T T L SEVim

(1.5)

where V,,, 1= {m}”| j=12 .. Km} is the variable set associated with the mth basis

T
function, " = (tml sty s oo by > represents the vector of variables which con-

tribute to the mth basis function. Our integral for the mth basis function is defined
over Q™. The subdivision of )™ is determined with the special coordinates of #™.
Moreover, Dy ), (£7") := %(f") for a = (ay, )7, where
ag,az € {0,1} [65,[70]. As can be seen from Eqn. (1.5), PRSS is composed of two
parts representing accuracy and complexity, respectively [20]. They are tried to be

compromised by using the penalty parameters \,, [63]].

In Eqn. , the integral symbol, “ f ”, is used as dummy in the sense of f gm> where
Q™ is some appropriately large K,,-dimensional parallel-pipe where the integration
takes place. Since the multi-dimensional integrals in Eqn. are difficult to evaluate,
we discretize these integrals and rearrange PRSS in the following form [[70]:

N

PRSS ~ Z(y,-—z,b(;ii)O)Q

i=1

Mmaz (N+1)Km 2
+§N922 §: 3 [Dedw@E@) | A, (16)
=1 |a|=1 r<s

=(a1, a2)T r,8€EVm

where 1(d;) == (1,91(%}), . wm<>wmuﬂ“% s Uty (BM0)) T and

N T
0 := (69,01, ..., 0n,..,) with the pointd; := (¥},%7,....%} xM+1, ., %) " in the

R R y ¥

argument, and with (a””ﬂ')je{m ,,,,, »t € {0,1,2,..., N + l}Km
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To put the PRSS in Eqn. a simpler form in order to be able to handle the problem
easily, we use a uniform penalization, A\ = \,,, for each derivative term. Then, PRSS
turns into a Tikhonov Regularization (TR) problem as described below [3]]:

~ 2
PRSS ~ Hy—w(d)OH2+>\||L0H§, (1.8)

where L is constructed by the discretizations of the high-dimensional integrals given in
Eqn. (1.5). The model approximations as presented in Eqn. (1.8) are carefully prepared
[3,[70]]. They play an important role in order to raise a final model approximation which
is linear in the unknown spline parameters. After unifying some discretized complexity
terms and including them into inequality constraints, a Conic Quadratic Programming
(CQP) problem is obtained which uses the powerful Interior Point Methods (IPMs)
[41,149]. The formulation of a CQP is given as follows:

minimize ,
)

subject to Hy - ¢(&)0H <t L8|, < VM, (1.9)
2

Here, the optimization problem given in Eqn. (1.9) is solved by IPMs via the opti-
mization software MOSEK [37,41]. There can be many solutions to this problem for
some chosen complexity bound values, M, which are determined by trial and error
[20]. As a representative solution, however, we have plotted on a log-log scale. The

curve of the optimal values of ||L8||, and Hy - w(;l)@” often take on an efficiency
2

(or L) curve 65, [7/0]. An illustration of this L-curve is given in Figure 1.3. In this
figure, the optimal value configuration point at the L-curve is the corner point, which
is marked by a bold point. The selected value gives the best solution for both accuracy
and complexity in terms of PRSS in Eqn. (I.8). The L-curve, which is an efficiency
frontier, can be regarded as an implicit function of a parameter that is in the role of an
upper bound; in case of several such parameters, we obtain an efficiency surface.

In addition to the discrepancy principle, another popular criterion for picking the value
of )\ is the L-curve criterion in which the value of ) is selected that gives the solution at
or closest to the corner of the L-curve [70]. In fact, the use of these IPMs is one of the
main advantages that is prepared by our model-based mathematical approach. For this
reason, problem formulation in Eqn. is our preferred realization of the Tikhonov
regularization.

CMARS method is based on the CQP approach. This approach, supported by mathe-
matical programming, is elegant and powerful. Just as linear programming, semidefi-
nite programming, and robust optimization, CQP uses the theory of IPMs (also known
to be a class of barrier methods) which guarantees feasibility throughout the entire it-
eration procedures. On the other hand, penalty methods and Tikhonov Regularization
can be considered as exterior point methods with possible infeasibility [41]].

Moreover, CMARS is one of the nonparametric approaches that make no specific as-
sumptions to estimate model parameters based on given data sets. Real-world pro-
cesses from the financial sector or from nature are often characterized by their huge
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Figure 1.3: Demonstration of L-curve.

quantity and variation [13]]. CMARS is able to model such data by using the advan-
tages of recent developments in optimization theory, computer hardware and software.
The flexible, adaptive nature of CMARS modeling has led to a successful implemen-
tation on various processes with nonlinear structure, e.g., in industrial engineering,
image processing and earthquake engineering [32, 165, [71].

1.2 Applications of Conic Multivariate Adaptive Regression Splines and Com-
parison with Other Data Mining Methods

In order to assess the power of the CMARS method, several real-life data obtained
from well-known data repositories [65] as well as simulation data applications are
implemented. These data sets used in CMARS applications are gathered from various
study areas such as life, finance, industry, social and business, etc. Also, CMARS is
rigorously evaluated and compared with some other predictive data mining methods
such as MARS, CART and Generalized Additive Models with COQP (GAMs & CQP)
for classification and MLR and MARS for prediction [72].

In one of the CMARS related studies [S3]], CMARS and CART are applied to the area
of finance to model sovereign default. In this application, since the dependent variable
is type of categorical, particularly binary, classification trees are utilized to construct
the CART model. In that study, the classification capabilities of the models developed
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are determined by the scoring results of training and test samples. Results indicate that,
in the training sample, CART has a better classification capability than CMARS with
respect to the classification accuracy. In the test sample, however, CMARS gives more
accurate results than CART with respect to the same measure. As a result of CART
algorithm, modeling an additive structure with CART is not easy, and the estimation
variance of a CART model increases with continuous explanatory variables. On the
contrary, CMARS captures such a structure easily and, thus, it seems more suitable for
future predictions than CART.

In the comparison study, the data sets used for CART are also applied to GAMs & CQP
[S3]]; that approach can also be called Conic Generalized Additive Models (CGAMs).
Results indicate that the classification capabilities of CGAMs and CMARS in the test
sample are accurate. CMARS performs better than CGAMs and it discovers the main
structure of the data set better.

In the study where CMARS and MLR are compared, the models are developed for two
simulation data sets. When the structure of data is linear, CMARS performs as good
as MLR does; when there is nonlinearity, however, CMARS outperforms MLR. There
are two main disadvantages of MLR over CMARS. First, human expertise is usually
needed, and as a result, it may take a long time to develop MLR models. Secondly, the
white-noise assumptions should be satisfied to obtain statistically valid inferences but
these assumptions may not be realistic in most real-life applications (39, [73]].

The prediction performances of CMARS and MARS are evaluated both on real-life and
simulated data sets. In one of the simulation applications, both MARS and CMARS
models are developed involving lower- as well as higher-order interactions [6]. Ac-
cording to the results of the real-life applications, for all training data sets, CMARS
performs better and it is more robust than MARS with respect to all prediction per-
formance measures considered. In addition, although CMARS is more stable than
MARS, MARS is more robust than CMARS in stability with respect to most of the
prediction performance measures. While stability is measured by the proportion of the
performance measure values on training and test data sets, robustness is assessed by
standard deviation of the performance measures under different data features. Further-
more, an effect of sample size on the performance of methods is also detected. For
example, CMARS performs better than MARS mostly on medium to large training
samples. If we consider the performance with respect to scale, almost for all measures,
MARS and CMARS perform better (or the same) as the scale changes from small to
large. To compare the efficiencies of methods, computational run times (in seconds)
for each training sample is recorded on the same computer. Run times seem to be re-
lated to the sample size but not to the problem scale. MARS may provide solutions
very fast compared to CMARS since its applications are run on professional software,
Salford MARS. The run times of CMARS method increase almost up to 3 to 5 times
as much to that of MARS as the sample size increases. Moreover, in the same study, a
simulation study conducted shows that CMARS method has a better performance than
MARS on the noisy data [65} 70]].

Two studies have been conducted for comparison of MARS and CMARS for classi-
fication. In one of them, both methods are applied to Pima Indians Diabete data to



determine if a person has diabetes or not [59, 62]. According to the results, both meth-
ods perform almost the same. However, in term of the true diagnose of the disease,
CMARS performs better than MARS. In both training and test samples, MARS and
CMARS scoring models are almost the same; on the other side, CMARS discovers the
main structure of data better. Depending on these findings, the study in [S9] concludes
that CMARS gives a superior estimate compared to MARS.

The comparison of MARS and CMARS models for the data to predict the countries’
credit default possibilities show variations in training and tests samples [53]. CMARS
outperforms MARS according to the default country assignation. Also, its perfor-
mance measures reveal higher stabilities than MARS.

1.3 Extensions and Advances on Conic Multivariate Adaptive Regression Splines

The mentioned success of the applications using CMARS attracted the attention of
us to refine and extend the modern applications of CMARS by advanced methods of
applied mathematics and statistics. The main purpose of this thesis is to benefit from
the advances in the mathematics of data mining with optimization methods, and to
address the importance of the application of special data mining method on different
data sets, and to identify and explore the connections between data mining and other
applied sciences.

As an extension and modern application of CMARS method, Generalized Partial Lin-
ear Models (GPLMs) have been combined with CMARS. Here, a GPLM utilizes semi-
parametric methods and augments the usual parametric terms by a single nonparamet-
ric component of a continuous covariate. In recent years, the class of Generalized
Linear Models (GLMs) has gained popularity as a statistical modeling tool. This pop-
ularity is due in part to the flexibility of GLMs in addressing a variety of statistical
problems and to the availability of software to fit the models. In this thesis, GPLMs
- an extensions of GLMs - are motivated, introduced, and formally presented with
CMARS model and CQP-based optimization techniques. We call this new technique
as Conic Generalized Partial Linear Models (CGPLMs).

Another extension and a modern use of CMARS method have been made for the out-
lier identification problem. In statistical applications, regression models based on data
may give misleading results when data contain outliers. We deal with the outliers prob-
lem in linear regression in two stages. Firstly, we use the Mean-Shift Outlier Model
(MSOM) as a parametric method and providing a new solution by using regularization
and convex optimization techniques, CQP. Then, the power of CMARS method is used
and the proposed method is improved.

As an advance, we employ CMARS method for the parameter identification of Stochas-
tic Differential Equations (SDEs) in a simplified manner. SDEs are widely used to
represent noisy and dynamical real-world problems and they play an important role
in many field of applied science, especially, in finance [43l]. Since CMARS provides
a functional form of the model by using basis functions which is a special form of
splines, in our case, the parameters of SDEs are constructed by these “discretely” non-
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smooth functions. Then, coefficients of basis functions are found by using CQP. Both
systems of SDEs with standard multi-dimensional Brownian motions and systems of
SDEs having correlated Brownian motions are considered and identified in this thesis.
Moreover, various parameters of SDEs driven by fractional Brownian motions (fBms)
are identified by the mentioned approach. Here, we introduce the CMARS method to
estimate both the spline coefficients and, especially, the Hurst parameter of the SDEs
driven by fBms, too.

This thesis is organized as follows: In Chapter 2, we begin with CGPLMs, including
CMARS for the nonlinear model part. We introduce CMARS and CQP which is not
just method but a wide field of optimization, for the outlier identification problem
in Chapter 3. In Chapter 4, we give a new methodology based on CMARS for the
parameter estimation of SDEs. We analyze and focus on a numerical approximation
of multi-dimensional SDEs and correlated systems of SDEs in the same chapter. In
Chapter 5, we introduce the method CMARS, especially, for the estimation of the
Hurst parameter of SDEs driven by fBms. Finally, a conclusion of the thesis and an
outlook to future research are presented in Chapter 6.
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CHAPTER 2

CONIC GENERALIZED PARTIAL LINEAR MODELS WITH
CONIC MULTIVARIATE ADAPTIVE REGRESSION SPLINES

2.1 Introduction

Analysis of large and complex data sets is very important to describe social, physical
and biological systems, but is not easy. In order to comprise the best possible model for
the data on hand, most applied researchers use regression models [42]. The following
subsections provide information about extensions and improvements on well-known
regression models.

2.1.1 Generalized Linear Models

Almost in every field of science such as engineering, applied science, social science
or economics, scientists and engineers use regression models for analyzing and de-
scribing data sets to understand the underlying patterns and to disclose the relationship
between the predictors and response variable [42]. The most popular one is the class
of Generalized Linear Models (GLMs) which is an extension of traditional linear re-
gression models. This class will be our preparatory set of models based on which we
shall introduce Generalized Partial Linear Models (GPLMs) soon. This popularity of
GLMs is due in part to the flexibility of GLMs in addressing a variety of statistical
problems and to the availability of software to fit the models [40]. The class of GLMs
allows the mean of a dependent variable to depend on a linear predictor through a non-
linear link function, and it permits the probability distribution of the response to be
any member of an exponential family of distributions. Many widely used statistical
models belong to GLMs, since both linear and nonlinear regression models are unified
under the framework of GLMs. GLMs include traditional linear models with normal
errors, logistic and probit models for binary data, log-linear models for multinomial
data. Many other useful statistical models such as the Poisson, binomial, Gamma, and
normal distribution can be formulated as GLMs by the selection of an appropriate link
function and response probability distribution [40, |58]].

A GLM has the following basic structure:
n=H(u) =x"B,
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where H is a smooth monotonic link function, x is a vector of the observed values
of explanatory variables and 3 is a vector of unknown parameters. In addition, a
GLM usually makes the distributional assumptions that the response variables, Y;, are
independent and can have any distribution from exponential family density

yt —b(0)

YNfY(y797¢):eXp{ a(¢)

C(y,cb)},

where a, b and ¢ are arbitrary “scale” parameters, and € is called a natural parame-
ter. We can also obtain a general expression for the mean and variance of dependent
variable Y using log likelihood of §, n = E(Y) = b () and Var (Y) = b" (0) a (o).
Here, (-) and (-)” represent the first-order and second-order derivative of b in terms of
0, respectively. Generally, a (¢) is defined as a () := ¢/w and Var (Y) = V (i) ¢,
where V (1) := b" () /w [58}169]. Some commonly used exponential family density
functions are listed in Table 2.1.

2.1.2 Generalized Partial Linear Models

A particular semiparametric model of interest is the Generalized Partial Linear Model
(GPLM) which extends the GLMs in away that the usual parametric terms are aug-
mented by a single nonparametric component. As a result, a GPLM separates the set
of independent variables into two subsets and combines a linear model with a nonlinear
model by addition. For example, in biological or financial sectors, many processes ex-
pressed by stochastic differential equations can be stated by a linear submodel for the
deterministic drift term and by a nonlinear submodel for the stochastic diffusion term.
Such combinations of submodels provide better accuracy and stability for complex and
large data sets [38]. Moreover, GPLM approach demonstrates the capability of han-
dling both classification and prediction problems, e.g., prediction of credit default [66],
image processing and speech processing [60]]. In this chapter, we consider GPLM as a
prediction tool. The general GPLM model is given by the following function

fX,T)=X"B+~(T)+¢ 2.1)

or, after modeling the response variable Y by Eqn. (2.1) and an additional noise com-
ponent €, and applying the expectation value, by

E(YIX,T)=G{X"B+~(T)}. (2.2)

Here, 3 = (51, P2, - - ,Bp)T is a finite-dimensional parameter and 7 (-) is a smooth
function which is introduced to estimate the nonlinear part of GPLM. In this chapter,
to represent the smooth function, nonparametric models are preferred because they
are more flexible than nonlinear models. Here, we also assume that vectors X and
T come from a decomposition of the set of explanatory variables. While X denotes
an m-dimensional random vector which typically represents discrete covariates, T is
a g-dimensional random vector of continuous covariates which is to be modeled in
a nonparametric way [38]]. The variable T can be seen as an extraneous or nuisance
variable.
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There are different kinds of estimation methods for GPLM. Generally, the estimation
methods for the model of Eqn. (2.2) are based on the idea that an estimate 3 can be
found for a known + (-) and an estimate ¥ (-) can be found for a known (3, especially,

for B Now, we will concentrate on special estimation types of v (-) and 3 based on
CMARS and with the help of CQP [60, [74].

The rest of this chapter is organized as follows. Section 2.2 includes Conic Generalized
Partial Linear Models (CGPLMs) and our estimation approach with CMARS. Finally,
Section 2.3 presents applications and results of the methodology.

2.2 Conic Generalized Partial Linear Models

Let us consider the model in Eqn. , where we assume that G = H ! is a known
link function which links the mean of the dependent variable, u = E (Y |X, T), to the
predictors. In this case, Eqn. (2.2) can be considered as a semiparametric generalized
linear model, because all terms are linear; i.e.,

H(p)=nX,T)=X"B+~(T) =) X;8+~(T). (2.3)

j=1

Now, to obtain the GPLM, we consider data values and data vectors: ;, X;, t; for
(i=1,2,...,N). Then, y; = G (n;) and n; = H (1) = X} B+ v (;), and v (-) is a
smooth function [58]].

In many studies, the theory does not put any restrictions on the form of y (-), i.e., it does
not say whether + (-) is linear, quadratic, increasing in T or its components, etc. [38]].
Hence, it is up to the empirical analysis uses data to find out more about 7 (). When
we take 3 = 0 in Eqn. (2.3), then the estimate of ~y (-) is based on a nonparametric
regression technique that contains a smoother, i.e., a “mollifying” operation, such as a
regularization.

A smoother can be described as a tool for briefly expressing the form of response
variable as a function of one or more predictor variables. The name smoother is coming
from the form of the estimation that includes less variables than the response itself.
Since a smoother does not suppose a rigid form for the relationship between response
and predictors, it has a nonparametric nature. Because of this important property, a
smoother is often preferred to be used for nonparametric regression [[19].

One of the main uses of the smoother is to estimate the relationship between the re-
sponse and the predictors and, hence, to provide an important structure for the estima-
tion of additive models [[16]]. There are many useful smoothers such as polynomial,
bin, running mean, running line, loess, Gaussian kernel, smoothing spline, regression
spline and natural spline. If we have more than one predictor, then an estimation of a p-
dimensional surface can be done easily by a generalization of the running mean, locally
weighted running line, and kernel smoothers. On the other hand, multivariate tensor
product splines are known as an another generalization [64]. These are functional to
generalize univariate regression splines. The process is based on the construction of
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multi-dimensional basis functions by multiplying one-dimensional basis function with
two or more than two one-dimensional basis functions. MARS basis function is an
example for this kind of a smoother [19} 20]. In this chapter, we prefer to present
smoothers by CMARS model and its algorithm.

CMARS uses expansions in piecewise linear basis functions; thus, 7 (¢) can be rep-
resented by a linear combination of these successively built basis functions and the
intercept, ¢, , such that Eqn. (2.3)) becomes

Mma.z

n=H(p) =x"8+0+ > Onthn(x™) +e. 24)

m=1

Here, ¢, (m = 1,2, ..., M,,,,) are basis functions from g or products of two or more
such functions, v, is taken from a set of M,,,, linearly independent basis elements,
and 6,,, are the unknown coefficients for the mth basis function (m = 1,2, ..., Myn4z)
or for the constant 1 (m = 0). A set of eligible knots is assigned separately for
each variable dimension and is chosen to approximately coincide with the input levels
represented in the data.

Let us consider Eqn. (2.3)). Here, we can write the equation as

n=H(u) =x"B+vy "0, (2.5)

where 0 = (6,61, ...,0x,..)" and 97 (£) = (L (), Urnae (tme))T. Fur-
thermore, let us refer to PRSS with M,,,,, basis functions having been accumulated for
the CMARS model. Now, PRSS has the following form [[60]:

N
PRSS = Y (n-xIB- () 6)
.
+ZA Z Z/ e (™) d", (2.6)

|ee]=1 r<s
a=(oq,00)T r,sEVm

where V,,, := {/-@;” li=12,.., Km} is the variable set associated with the mth ba-

T
sis function and ¢ = (tml sty s by ) represents the vector of variables which
contribute to the mth basis function. Moreover,

ala|¢m

Dzswm(tm) = W(tm) (27)

for a = (a1, a0)?, |a| := a1 + ay, where ay, ap € {0, 1}. Our optimization problem
bases on a trade-off between both accuracy, i.e., a small RSS, and not too high com-
plexity. This trade-off is established through the penalty parameters. In this chapter,
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we firstly represent that trade-off by penalty methods, such as regularization techniques
and by CQP [59, [70].

If we take into account the Eqn. (2.4) in Eqn. (2.6), then the objective function in Eqn.
(2.4) will be of the following form:

N Minaz 2
PRSS = Z (77Z —xZT,B - 90 - Z 9m¢m(t;n)>

i=1
Mmaz
a m 2 m
DY S Y [ # e, s
o r<s
a=(a1, ;2)T r,s€Vm,
where the vector £ = (&, 7, ... ,fﬁdm)T denotes any of the input vectors and
T
(t;"m1 N7 t;”ﬂd > (k=1,2,...,p™) stands for the corresponding projec-

tion vectors of £, onto those coordinates which contribute to the mth basis function,
¥, they are related with the ¢th link function 7;. We recall that those coordinates are
collected in the set V,,,. Let us note that the second-order derivatives of the piecewise
linear functions v, (m = 1,2,..., M,,..) and, hence, the penalty terms related, are
vanishing. Now, we can rearrange the representation of PRSS as follows:

N

PRSS = Y (m —xTB -y (d)" 9)2
=1
Mmax

+Z:1Am Z Z De (™)) e, (2.9)

|ae]=1 r<s
a=(a,a2)T r,s€EVm

where 11b (7) = (]" ,lvbl(tzl)a s 7meaz (t]wmaz>)T’ 0 = (907 91) s 79Mmaz)T with the
matrixd; = (t},¢2,..., thm”) in the argument. To approximate the multi-dimensional
integrals

/ 62, [D2 by (™))" de™, (2.10)

a suitable discretization and model approximation are used. In fact, we approximate
the discretized form of the integrals by Riemann sums as follows [[70]:

62, [D2 (™)) de™ =~

Qm

3

S

Z ezn [Dzswm<fxn,m ceey E?meﬂ)} ? (£ZH+1,H - EZn,fi) .

(O—R)HG{LQ ,,,,, p7”}€{071727"'7N+1}pm

x
Il
—

(2.11)
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We can rearrange PRSS in this form:

PRSS ~ i (m XT84 (Zli)T0>2

m

Mmaac 2 p
2 D= m m m m
+ g )\m § § § 9 7, PTEIEY tian,,‘{>:| (tian+1,li - t%n,ﬁ) )
m=1 |a|=1 r<s G—K k=1
a=(on, ag)T r,8EVm

where (07).cq1,2,.pm) € {0,1,2,..., N + 1}pm. Let us introduce some more notation
related with the sequence ("):

m

p
0= (), A =T] (Eygm,ﬁ _ z?;?;m> . 2.12)
k=1
By Eqn. (2.12), we can approximate PRSS as
N _ 2
PRSS ~ Y (m —xTB - ()" 0)
=1
Mumas (N+1)P™" 2
+ Z Anb2 > ST D) | AE" 213)
R U e

For a short representation, we can rewrite the approximate relation in Eqn. (2.13) as

PRSS ~ ||n—XB — 4 (d) 0|, + Z/\ Z L2602, (2.14)

where ¢ (d) = (1, (d1) , (ds) ,.... ¢ (c_iN))T and X are (N X (M,q: + 1))- and
(N x p)-matrices, respectively, ||-||, denotes the Euclidean norm and the numbers L? ,
are defined by their roots:

1/2
2 2
Lim == S D [Drn@) | A (2.15)
T
If we consider Eqn. (2.14), we can write PRSS as
MTVLCLCC N+1
PRSS = |n—XB 5+ Y A Z Lfmefn, (2.16)

m=1
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where X* = (X | ¥ (t_l)) is a block matrix constructed by (/N x p)-matrix X and

(N X (Mynqy + 1))-matrix 4 (d), and 8* = (8", OT)T is a vector composed of 3
and @ vectors. Then, we deal with the linear systems of equations, X*3* = n, ap-
proximately. This problem may be ill-posed (irregular or unstable). For this reason,
we firstly approach our problem, PRSS, as a TR problem [3, 9]; because this regu-
larization belongs to the most commonly used methods of making ill-posed problems
well-posed (regular or stable). A Tikhonov solution can be expressed quite easily in
terms of Singular Value Decomposition (SVD) of the coefficient matrix X* of a re-
garded linear system of equations, X*3* = 7.

For this purpose we consider the formula in Eqn. (2.16) again, arranging it as follows:

PRSS =~ |n—-X'B;

Mmax 2
+ Z Am {(leem)Q + (Lzmem)Q + ...+ (L(N+1)pmm9m> ] ,
m=1
Mmaa:
PRSS = |n=X"Bs+ > A lLubnll3 . (2.17)
m=1
T
where L,, = <L1m, Loy, ... ,L(N+1)pmm (m=1,2,..., Mpa). However, rather

than a singleton, there is a finite sequence of the trade-off or penalty parameters, A =
(A1, A2, .. Aar... )", such that this equation is not yet a Tikhonov Regularization with
a single such parameter. For this reason, let us make a uniform penalization by taking
the same A\ for each derivative term. Then, our approximation for the PRSS can be
rearranged as

PRSS =~ ||n — X*B%||; + \||IL*B*||3, (2.18)

where L is a diagonal ((M,,4. + 1) X (Mpae + 1))-matrix with first column Ly =
0( N1y and the other columns being the vectors L,, introduced above. Moreover,

0 is an ((M,,q + 1) X 1)-parameter vector to be estimated through the data points.
Furthermore, we consider the high-dimensional matrix L* = (R | L), where R is an
(p x p)-matrix formed by the zeroth-, first- or second-order derivatives of 3. These
derivatives are given by zeroth-, first- or second-order difference quotients of 3, re-
garded as a function that is evaluated at the points ¢, or 2 and ¢ + 1, 0or 7 — 1, 7 and 7 + 1,
respectively. Those later difference quotients approximate the first- and second-order
derivatives, whereas the zeroth-order derivative of the vector m is m itself. Altogether,
these terms are comprised by products R3 of 3 with matrices that represent the discrete
differential operators of zeroth-, first- and second-order, respectively. These matrices
are in the form of a band-structure with values 1 or -1, 1, or 1, -2, 1, on the band. To
achieve M, . + 1 row vectors, we can fill up the matrices R on Oth-, 1th- and 2nd-
order discrete derivatives, which have less many rows if M,,,,. + 1 > p, by rows o’,
respectively. Now, our PRRS problem looks like a classical Tikhonov Regularization
problem with ¢ > 0, i.e., A = ¢? for some ¢ € R\ {0}, as follows [39, [70]:

PRSS ~ |n—X"B°|5 + AIL*B"]5. (2.19)
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We easily note that our Tikhonov Regularization problem has multiple objective func-
tions through a linear combination of || — X*3*||5 and ||L*8*||3. In fact, we select the

solution such that it minimizes both the first objective || — X*3*||> and the second

objective |[L*6" |5 in the sense of a compromise (trade-off) solution. For a contribu-
tion to the dependence of locally linear embedding on regularization parameter(s), we
refer to [63]].

The penalty parameter A in the PRSS and the parametrical upper bound M in a con-
straint of the CQP can be chosen in a related way, determined via Tikhonov Regu-
larization. This regularization method utilities an efficiency curve that comes from a
plot of the optimal solutions to the problem in Eqn. (2.13) according to a large (finite)
number of parameter values, as points in a coordinate scheme with two axes. At one
axis, the complexity is denoted, whereas the other axis stands for the length of the
residual vector (or goodness-of-fit). In this regularization method, logarithmical scales
are employed such that some “kink” (corner) kind of a point on the efficiency bound-
ary, called the L-curve according to its more pronounced shape, is obtained. This point
is regarded to be the closest to the origin and therefore it is often chosen, together
with the corresponding penalty parameter [3]]. For our approach with CQP, in [70], a

lot of numerical experience is presented, related with varying upper bounds m by
using the software package of MOSEK. The solutions obtained at the upper bounds
are expected to be the same non-dominated solutions as obtained in Eqn. (2.19), to
the multi-objective problem of minimizing complexity and maximizing goodness-of-
fit [70].

Let us tackle the Tikhonov Regularization problem in Eqn. (2.19) with the CQP, which
is a continuous optimization technique. Indeed, based on an appropriate choice of a
bound M, we can state the following optimization problem:

minimize || — X*8*||
ﬁ*

subject to  [|L*3*||3 < M. (2.20)

Let us underline that this choice of M is the outcome of the careful learning process
as explained in Chapter 1 [20]. In Eqn. (2.19), we have the least-squares objective
function || — X*B”||5 and the inequality constraint function — ||L*3*||> 4+ M, which
is requested to be nonnegative for feasibility. Now, we equivalently write our optimiza-
tion problem as follows:
minimize ¢,
t,B*
subject to  ||n — X*37||, <t,

I8, < VM. (2.21)
Let us use modern methods of continuous optimization techniques, especially, from
CQP where we employ the subsequent basic notation [41]]:

minimize ¢’x, subject to |Dx —dill, <plx—q (i=1,2,...,k). (2.22)

X
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In fact, we see that our optimization problem is such a CQP program with

c = (1,0ﬂmaz+p+1)T, X = (t,ﬂ*T)T, D, = (0y,X*), d, =1, p, = (1,0,...,0)%,
q1 = O’ D2 = <0Mmaz+p+17L*>7 d2 = OMmam‘HH”LPQ = OMmaz+P+2 and g2 = —V M

Now, having written the Tikhonov Regularization task for GPLMs by evaluating the
CMARS with CQP problem, we call it Conic Generalized Partial Linear Models (CG-
PLM). In fact, CGPLM provides a solution by applying the developed CQP techniques.
These kinds of well-structured convex optimization problems have also been studied
by Weber et al. for new approaches to regression and classification. In this respect,
CGPLM has the advantage of higher speed and less complexity [65], and it permits the
use of IPMs [41]. In order to write the optimality condition for this problem, we firstly
reformulate the problem in Eqn. (2.21) as follows:

minimize t,
t?ﬁ*

X -
such that X = <0{V in/[ ) + <ﬁt*> + ( 0”) ;
maz+p+1

n = (OMmam+p+1 L ) ( t ) n (OMmaz+p+1)
= T * /A )

x € LNt n € LMmoatrt2, (2.23)

where LN+, [Mmaztr+2 are the (N + 1)- and (M, 4, + p + 2)-dimensional ice-cream
(or second-order, or Lorentz) cones, defined by:

LN+1 = {x = (1‘1,1‘2, ...,ZL’N+1)T € RN+1 | TN+1 Z \/$% —Fl‘% + ... —|—ZL’?V} (N Z 1)

The dual problem to the latter primal one is given by

maximize (n”,0)w; + (()Lmﬁpﬂ, -V ]\7[> Wo

0y 1 ) (OT 0 1
Such that ]}kf w _l_ ]\/[ma: +1 Wy =
(X 01]\—‘47"“1+p+1 ' (L )TE 0Mmaa:+p+1 2 OM"Law +p+1

wy € LN wy € [Mmaetpt2, 2.
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Moreover, (¢, 0, x,n, w1, ws) is a primal dual optimal solution if and only if

L ON X" t -n
(g () (V)
<0Mmaz+p+1 L* ) ( t ) . (OMma:ci‘erl)
0 0TM7na:c+p+1 X V- M 7

=
e (o)) e (o)
% w + maic Wo = 7
<X 0TMWGI+p+1 ' (L )IZE 0Mmaac+]7+1 ? OM'nLaw+p+1

wlTx =0, wQTn =0,
wl G LN+17 w2 E LMmaz+p+2,
X E LN+1’ ,rl E LMmaz+p+2' (2.25)

2.2.1 Estimation Procedure for Conic Generalized Partial Linear Models

After the unified theoretical treatment of our CGPLM in Section 2.2, we now come to a
practical treatment. Here, the basic idea will be that we first represent the given data by
the linear model. Then, we will subtract that model, along the different observations,
from the data, in order, finally to approximate the residual data vector by the nonlinear
model. In this bi-level approach, we call the first step a preprocessing, namely, for
our CMARS technique of the second step. Here, CMARS can be considered as a
refinement and fine-tuning step with respect to the linear model [60].

For the estimation of the linear parametric part of the CGPLM, a regularized least-
squares aproximation is applied [66]. As a result, the following form is obtained:

p
ypreproc _ XT,B +e= 50 + ZXjﬂj + €. (226)

Jj=1

Now, we get the linear model coefficients’ vector 37" “""°¢ after solving the Eqn. (2.26).
We apply our regularization technique with CQP for this purpose. Then, for each data
point, a value )_(iTBp "P" is subtracted (without intercept, () from the corresponding
response, and y is obtained by

3 Apbreproc

(n=)y=y—-XpB

In fact, y is the given response data vector, X is the given input data matrix except its
first column (of entries 1) which is multiplied by the intercept 35, and 3" " is the
vector of the further unknown parameters. Thus, the residual vector, y, is used as the
new response vector to construct our nonlinear CMARS model, based on the given
input data also, for an estimation of nonparametric part of CGPLM. Then, the entire
CGPLM is identified, constituted of two parts [60].
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2.3 Application and Results

In this section, the implementation of CGPLM algorithm (with CMARS) and the com-
parison study of the Linear Model (LM), CMARS and CGPLM (with CMARS) will
be presented. To solve the CQP problem, MOSEK software is preferred by us. Two
different data sets with different sample sizes and numbers of independent variables
are selected from regression test problems from the UCI Machine Learning Reposi-
tory [62]. The first data set is the Concrete Compressive Strength test data [62]. Based
on its sample size, this data set is the largest data set used in this chapter. It includes
1030 observations and 8 input variables, which are cement, blast furnace slag, fly ash,
water, super plasticizer, coarse aggregate, age, and fine aggregate. The second data set
for the application part of this chapter is the Concrete Slump test data [62]. This data
set includes 103 observations. There are seven input variables, which are cement, slag,
fly ash, water, SP, coarse aggregate, as well as fine aggregate, and an output variable
known as 28-day compressive strength (MPa). All input variables for each data sets
are quantitative.

For our approaches with CQP, many different upper bounds are tested by using the
software package of MOSEK to find non-dominated solutions as explained in Chapter
1. The M values used in our CQP problem between 1 and 200 are: 1, 1.5, 2, 2.5, 3,
3.5, ..., 199, 199.5, 200. For Concrete Compressive Strength test data, the selected M
values for CMARS and CGPLM (with CMARS) are 102 and 100, respectively. On the
other hand, for Concrete Slump test data, 87 is the M value for CMARS and 99 the M
value for CGPLM (with CMARS).

The formulation and evaluation of the well-known performance measures used in this
thesis are given in Table 2.2 [72].

Table 2.2: Prediction Performance Measures.

Name of Measure Evaluation Formula

Coefficient of Determination (R?) | Higher values are | R?:=1— %
the better. -

Adjusted R? (Adj-R?) Higher values are | Adj — R? :=1— (1 — R?) NIX;il
the better.

Mean Absolute Error (MAE) Smaller values are | MAFE := %Zil |377; — s
the better.

Mean Squared Error (MSE) Smaller values are | MSE := ﬁZﬁl (9 — 4:)?
the better

Proportion of Residuals within Higer values are PWI = &

Three Sigma (PWI) the better.

Here, §j; is ith observed response value; ¥; is ith fitted response; ¥ is the mean response;
N is the number of observations; p is the number of terms in the model; ¢; = y; — y; is
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ith ordinary residual; € is the mean of ordinary residual; o = \/ (Zij\il(ei - é)2> /N

is the standard deviation of ordinary residual; 7' = 3 - o denotes 3o as a threshold; a is
the sum of the indicator variables where the condition |e;| < T is satisfied [[72].

For the application of CGPLM, the independent variables for each data set are sepa-
rated according to their linear and nonlinear patterns by the help of statistical software
MINITAB [35]]. After the construction of LM as a parametric approach, CMARS as a
nonparametric approach and CGPLM as a semiparametric approach for both data sets,
the performance measures that are described in Appendix A are computed. The results
are presented in Table 2.3.

As it can be seen from Table 2.3, CMARS performs better than LM with respect to
all measures for both data sets. On the other hand, CGPLM performs better than
both LM and CMARS according to all performance measures. As a result, we can
say that nonparametric models, as represented here by CMARS give more accurate
results than parametric models (namely, LM), since nonparametric models are more
flexible and efficient to express the nonlinearities. On the other hand, semiparametric
models CGPLM give more reliable results than both parametric and nonparametric
models because they reveal not only the linear structures but also nonlinearities and
nonconvexities in the high-dimensional and complex data sets.

Table 2.3: Performance results of LM, CMARS and CGPLM for the given data sets.

Data Sets | Performance | Parametric | Nonparametric | Semiparametric
Measures LM CMARS CGPLM

Concrete MAE 8.2133 3.9924 *3.6797
Compressive | RMSE 10.3991 5.4516 *4.9373
Strength R 0.6155 0.8992 *0.9252
Data Set Adj-R? 0.6125 0.8935 *0.9202
PWI *0.9980 0.9932 0.9902

Concrete MAE 10.2559 7.6841 *7.2680
Slump RMSE 12.8583 11.4831 *10.4763
Test Data Set | R? 0.5010 0.6607 *0.7168
Adj-R? 0.4643 0.5444 *0.6519

PWI 1.0000 1.0000 1.0000

* indicates better performance
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CHAPTER 3

OUTLIER IDENTIFICATION WITH CONIC MULTIVARIATE
ADAPTIVE REGRESSION SPLINES

3.1 Introduction

Data sets are very important for statistical analysis and data mining. Some of the ob-
servations in a data set deviate from other observations to a great extent, arousing sus-
picion that they were generated by some different mechanism. These observations are
generally considered as an error but they might carry important information. Hawkins
(1980) called such an observation an outlier. However, Barnet and Lewis (1994) simi-
larly defined an outlier as an observation that appears to deviate noticeably from other
observations in the data set [4]. A geometrical representation of some outliers is shown
in Figure 3.1.

Figure 3.1: An illustration of some outliers in a two-dimensional space; the three
outliers are marked by ., +, X.

If the data set contains a single or few outliers, the identification of such observations
is not difficult. However, in most cases, data sets contain many outlier observations;
therefore, identifying such observations becomes rather difficult because of the effects
of masking and swamping [18]. Masking occurs when one outlier is not detected
because of the presence of others, while swamping occurs whenever a non-outlier is
wrongly identified, caused by the effect of some hidden outliers [44].

In such cases, these observations will cause biased parameter estimations; then, a sta-
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tistical study can yield a misleading interpretation of a model via the estimates of the
individual model coefficients. Therefore, it is very important to identify these observa-
tions and bound their influence through methods that are less sensitive against outliers
in the data, i.e., robust methods, or via the elimination of the outliers from the data set.
In this chapter, a mathematical alternative to robust statistical methods is provided by
constructing a CQP with its very efficient IPMs and CMARS [61].

In Section 3.2, outlier identification method for linear models are reviewed. In Section
3.3, an alternative approach with Tikhonov Regularization and CQP is presented for
mean-shift outlier model which is introduced in Section 3.2. In Section 3.4, by using
the power of CMARS, the proposed method is improved. Finally, in Section 3.5,
applications and comparisons of the presented methods are provided by using four
data sets with different characteristics.

3.2 Outlier Identification Methods for Linear Models

In this chapter, outlier identification methods are considered for parametric and non-
parametric methods. Parametric methods are not appropriate for high-dimensional and
nonlinear data sets since they require certain distributional assumptions to be validated
as well as a fixed structure for the parametric form.

Shortly recalling Chapter 2, as a parametric modeling, the LM [48], with p independent
variables, is given by

p
Y = 50+Zﬁij +6,
=1

where Y is the response variable and X, (j = 1,2,...,p) are the random input vari-
ables and X = (X, Xo, ..., Xp)T represents the vector of predictors. The coefficient
(or unknown parameter) [ is the intercept, the parameters 3; are the regression coef-
ficients related with the independent variables X; (j = 1,2, ..., p), and € is the random
error term, called noise. In other words, Y = f (X) + ¢ with f (x) = 8o + >°_, Bz,
(x € RP). The data response values and data input vectors are y;, x; (i = 1,2,..., N),
repectively. When these data values and points are inserted into the model, then the
LM turns into the following linear system:

y=XB+e (3.1

Here, y is an (/N x 1)-vector of the response data, y;, X is an (/N x (p + 1))-matrix of
independent variables with the (1 x (p + 1))-vectors x! (i = 1,2, ..., N) of input data
as the rows, Bisa ((p + 1) x 1)-vector of unknown parameters. Sometimes, we call X
as the design matrix. Furthermore, € is an (N x 1)-vector of residuals, identically dis-
tributed random errors whose conditional mean and variance are givenby E (e | x) =0
and Var (e | x) = a2l y, respectively. Here, o2 is an unknown parameter, and I y is the
identity matrix of order V. Assuming that we have at least as many observations as un-
knowns, i.e., N > p+1, and that the matrix X has full rank, the least-squares estimates
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of 3 and o2 are given by B = (XTX)leTy and y' (I —H)y/(N —p — 1), where
H = X" (XTX)_IXT is the so-called hat operator matrix, yielding the estimated
response y = HB [48]).

For LM, there are different approaches for outlier identification. These approaches
are separated into two categories: (i) direct approaches and (ii) indirect approaches.
Indirect approaches are using residuals from a robust fit.

Direct approaches: Hadi and Simonoff [18] presented two methods for direct ap-
proaches. In their first method, they initially separate the data set into a clean subset
without outliers and a complementary subset that contains all potential outliers. They
assume that the data set contains K outliers. The most likely outliers are defined as
the subset of K observations, which produce the largest reduction in the RSS when
deleted [18]. Then, they test the outlyingness of the remaining points relative to the
clean subset. Let U be the set of indexes of the observations in the clean subset with
initial size h = |(N + k — 1) /2], which means the integer part of (N + &k — 1) /2.
Here, k is the number of possible outliers. Then, they compute the scale d; based on
the clean subset U as follows:

T 3
v/ By ., if ieUl,
U \/ 1-xT (XEXU)

vix/ By it iU,

&U\/1+x{(X5XU)_1 ’

where d; is the scale Studentized residual if ¢ € U or the prediction errorif i ¢ U. Here,
yu and Xy together are the subset of observations, and BU and &y are the estimated
regression coefficients and the MSE, respectively, indexed by U. As a third step, Hadi
and Simonoff arrange the observations in ascending order according to the |d;| and
they compare d, 1 by t(a/2(s+1),s—k)- Here, dgiq is the (s + 1)th-order statistic of |d;|,
and t(q/2(s+1),s—k) 18 the upper critical value of the ¢ distribution with s — £ degrees of
freedom. If dsy1 > f(a/2(s41),5—k)» then Hadi and Simonoff declare all observations
satisfying |d;| > t(a/2(s+1),s—k) as outliers, and they stop the computation. Otherwise,
they construct a new subset, U, taking the first s + 1 ordered observations. If N =
s+ 1, then they declare “no outliers” in the data and stop computation; otherwise, they
continue to the second step. Their second approach is similar to the first one; however,
it just differs in step 1. For more details, one may refer to [18]. According to Pena and
Yohai [44], the success of the procedure is based on the initial clean subset of the data.
This procedure works well for low-leverage outliers, i.e., for values that are outliers
with respect to an independent variable. Deletion of this type of outlier shows a low
influence on the regression fit. However, this procedure may fail when the sample
contains a set of several high-leverage outliers. This type of deletion technique reveals
a strong leverage and influence on the regression coefficients.

Indirect approaches: An indirect approach to outlier identification can be achieved
through a robust regression estimate. The aim of robust regression is to provide resis-
tant (stable) results in the presence of outliers. To achieve this stability, robust regres-
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sion limits the influence of outliers on the parameter estimates. Three classes of prob-
lems have been addressed with robust regression techniques: problems with outliers in
the y-direction (response direction), problems with multivariate outliers in the covari-
ate space (i.e., outliers in the x-space, which are also referred to as leverage points)
and problems with outliers in both the y-direction and the x-space. Many methods
have been developed for these problems. In statistical applications of outlier detection
and robust regression, however, the methods that are most commonly used today are M
estimation (this class of estimators can be regarded as a generalization of Maximum-
Likelihood Estimation (MLE)) [23]] and Least Trimmed Square (LTS) estimation [31].
However, in this chapter, an outlier identification method called Mean-Shift Outlier
Model (MSOM) |11, 28] (see Subsection 3.2.1) is considered, which is different from
both M estimation and LTS estimation [61]].

3.2.1 Mean-Shift Outlier Model

In evaluating the given outliers detection methods, the MSOM has to be mentioned; it
is an indirect method. In fact, since MSOM gives the same RSS as the model fitted
after omitting the relevant observations, it is convenient for studying the regression
model in the presence of outliers. This model is given by

Y =X"B+ A6 +e, (3.2)

where A € {0,1} is a constant “switching” or selection term, and 0 is the unknown
parameter for outlier observation. In the presence of an outlier, A = 1, and the impor-
tance of an outlier are represented by the value 1 - §. The system after all data inserted
into the model is as follows:

y=XB+ed +e, (3.3)

where e; is the ith standard unit vector, i.e., e; = (0,...,1,0, ..., O)T (1=1,2,...,N).
In this model, it is assumed that either y; or x! 3 deviates systematically by some value
§ from the equation y; = x! 3 + ¢;. Then, according to the ith observation, (yl-,xl-T )
would have a different intercept than the remaining observations, and (yi, x7 B) would
hence represent an outlier. To check this fact, we test the hypothesis

Hy:0=0 (ie, E(Y)=XP)
against the alternative

Hy ) 7é 0 (i.e., E(Y) = Xﬂ +ei5>7

using the likelihood-ratio test statistic [46]]

_ (RSS(Hy) —~ RSS(,)) /1
B TRSSH) (N p- 1) oh
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Here, RSS(H,) is the residual sum of the squares in the model y = X3+ €, containing
all N of the observations, and RSS(H;) is the residual sum of squares in the model
y=X0B+e;0+e¢€,ie.,

RSS(Ho) = (yi —xIB)” =y" (I - H)y (N —p)5*,

i=1

N
RSS(Hy) = (i —xIB—4)",

=1

where §; will be  or 0 according to the outlier variable. Additionally, the relationship
between RSS(Hy) and RSS(H,) can be written as

RSS(Hy) = RSS(Hy) — - (3.5)

where ¢ = (I — H)y, ¢; = e! €, and el He; = h;;. When the ith observation (y;,x;) is

omitted, then the estimator of o7 is defined by

2 = y, (I —H))y, (3.6)

- N—-p—-1"~ '
where H; and y, represent the hat matrix and the response vector after omission of the
i1th observation, respectively; o; is the standard deviation of the ith residual. If o; is
taken as its estimation, 6; = s_;1/1 — h;;, then the test statistic in Eqn. (3.4) may be
written as

€2

-t ()2 (=
RECATE I G

where 1 is called the ith externally Studentized residuals [46l]. Furthermore, the non-
centrality parameter approaches zero as h;; increases. Therefore, the detection of out-
liers becomes difficult if the ith leverage h;; is large [46].

3.3 Alternative Approach for Mean-Shift Outlier Model with Tikhonov Regu-
larization and Conic Quadratic Programming

As we mentioned, the goal of robust regression is to provide resistant (stable) results in
the presence of outliers, limiting the influence of outliers on the parameter estimates.
For this reason, the Tikhonov Regularization [3] method is considered and applied by
us for MSOM. Tikhonov Regularization belongs to the most commonly used methods
for making ill-posed problems well-posed (regular or stable) as we mentioned before
in Section 2.2 [3, 9]. There are different types of basic formulation for the Tikhonov
Regularization problems, all of which are represented as minimization problems. In
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this section, a Tikhonov Regularization problem is constructed for the MSOM, and it is
solved by using CQP [7]]; this problem will be called Conic Mean-Shift Outlier Model
(CMSOM).

For CMSOM, we try to construct minimization problems mentioned by the Tikhonov
Regularization for the MSOM. Let us assume that m observations y;, where m <
N, deviate systematically from the corresponding model y; = x7 3 + ¢ by §;, as
detected by one of the direct methods such as the Hadi and Simonoff [18] test statistic
F; given by Eqn. (3.4), Cook’s distance [[11] or Studentized residuals [11]. That is, m
observations are outliers. Then, MSOM takes the form of the fallowing linear system

y=XB+Eb+e, (3.8)

where X is a full rank (N x (p + 1))-matrix of independent (or explanatory) variables,
E is an (N x m)-matrix with m indicator vectors, and ¢ is an (m x 1)-vector of the
regression coefficients of the indicator vector. In fact, MSOM can be stated as

y=X"8"+¢, (3.9)

where X* = (X | E) is a block-structured (N X (p + 1 + m))-matrix constructed by

the matrices X and E, and B* = (BT,ZST)T is an ((p +1+m) x 1)-vector, con-
structed by the vectors 3 and §. Under the discrepancy principle [9], the Tikhonov
Regularization problems for the regression model (3.8) can be written as

minimize [y — X"6[; + A ILB"[;. (3.10)

Here, A can be considered as a penalty parameter. This parameter establishes the trade-
off between both accuracy, i.e., a small RSS, and not too high complexity. The reg-
ularization matrix, L, is a diagonal ((p +m + 1) x (p + m + 1))-matrix to represent
the discrete differential operators of zeroth-, first- and second- order derivatives, filling
up with rows 07 if needed. In this section, L is specified as an identity matrix.

The Tikhonov Regularization problem in Eqn. (3.10) can be addressed through CQP.
Based on an appropriate choice of a bound M, the following optimization problem can
be stated:

minimize t,
t,B*
subject to [ly — X*87|, <+,

LB, < VM. G.11)

Note that through the thesis, M , the bound of the our optimization problem, is selected
by a trial and error approach.
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3.4 Improvements on Conic Mean-Shift QOutlier Model with Conic Multivariate
Adaptive Regression Splines

There are several well-known advantages of CMARS over traditional LM. One major
drawback of LM is that in spite of all corrective measures applied, in some cases the
constant error variance assumption may not be validated. In such a case, the theory
underlying LM fails, and it does not provide the best linear and unbiased estimators
for the model parameters anymore. For such data sets, CMARS is known to provide
better predictions powerfully and clearly, according to the different comparison criteria
[65]].

If there are linear relationships between the variables of the given data set, CMARS
method performs as good as LM does [[72]. However, for high-dimensional data sets
with a large number of predictors which exhibit nonlinear (complex) relationships, the
complex structure of the data may prevent LM from developing valid and adequate
statistical models. For these kind of prediction problems, there is numerical evidence
that CMARS method provides even a better fit than traditional LM [72].

Finally, traditional regression models require certain distributional assumptions to be
validated as well as a fixed structure for the parametric form. Thus these models need
human expertise in their use and it may take a longer time to construct parametric
models. In certain cases, we may even fail to develop LM models. On the other
hand, CMARS models are developed “automatically,” especially, adaptively requiring
less human intervention. In addition, for complex data sets, the prediction algorithm
should not adapt a parametric form prior to modeling but rather should explore the
inherent structure of the data set to propose a nonparametric form. Thus, for the outlier
detection problem, CMARS is employed as a novel and an effective tool.

The following model is constructed to remove the deficiency of CMSOM:

M’VTLH,(E
Y =0+ Y Onthm(X™) + Ad +e. (3.12)

m=1

Here, ¥, (m = 1,2, ..., M,,,,) are basis functions taken from a set of M,,,, linearly
independent basis elements, 6,,, are the unknown coefficients for the mth basis function
(m = 1,2, ..., My4,) or for the constant 1 (m = 0). A special advantage of the basis
function is lying in its ability to estimate the contributions of the basis functions so that
both the additive and the interactive effects of the predictors are allowed to determine
the dependent response variable. It should be noted that from now on we use the bar,
(%), on top of the data in order to distinguish them from both estimations and generic
variables. Thus, the model with data inserted is leading to the following linear system:

y =1 (d;)0+ES +e, (3.13)

- _ _ _ _ T
where v (d;) = (L,1(%}), .o, oar (BM), harr (), oo Vs (B105)) 7, 0 2=
(60,01, .., Oar,.,)" with the point d; = (¥},%7, ..., %M ¥}, ...,xiMm)T in the ar-

gument.

31



Now, our MSOM with CMARS (CMARS-MSOM) can be stated as

y=X'B" +e, (3.14)

where X* = (v (d;) |E) is a block-structured (N X (M,nq, + m + 1))-matrix formed

by the matrices X and E, and 8* = (6", 5T)T is an ((Mnee +m + 1) x 1)-vector
constructed by the vectors 3 and 4.

Moreover, 0 is an (M, + 1) x 1)-parameter vector to be estimated through the
data points. One of the components of the high-dimensional matrix, L* = (R | L),
is R which is an ((Mnez + 1) X (Myqe + 1))-matrix formed by integrals of squared
first- or second-order derivatives of the basis functions of CMARS. Now, our PRRS
problem turns to a classical Tikhonov Regularization problem with penalty parameter,
A, as follows [59, [70]:

minimize [l — X*7, + A[IL"8°]), (3.15)

Now, we equivalently write our optimization problem as follows:

minimize t,
t,B*
subject to [y — X*3"(|, <+,
IL*B*l, < VM. (3.16)

To write the optimality conditions for this problem, we first reformulate the problem
of Eqn. (3.16) as follows:

minimize ¢,
t,6*
such that

o ) () (3
= + * )
X <1 OC(TMmam—l-m—l-l)Xl ﬁ

Lo
O(Mmaz+m+1)><1 L* ) ( ) <0(M'max+m+1)><1)
= + = ,
K < 0 O{Mmax-i-m—f—l)xl vV M

x € LNV, g € [Mmastmt2
where LNTL, [Mmaztm+2 are the (N + 1)- and (M4, + m + 2)-dimensional Lorentz
cones. A primal-dual optimal solution is (¢, 0, x, 1, w1, w2).

In this chapter, we are addressing a need for regularization and perform it in two ways
and different respects:

1. We take possible outliers into account at all by mathematically modeling and
then determining to what an amount we let any such data having an impact on
our model, herewith also “identifying” them. This is a first way to make the
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model “regular” with respect to the existence of outliers. We may say that by
the basic settings of our model, we “reach out” to possible outliers and represent
their possible character and contribution to the model by a parameter ¢, which
has to be assessed numerically.

2. As always in this thesis, whether we are in a standard LM or in our nonlinear
CMARS model, we do a regularization with the help of CQP programs which
represent a Tikhonov Regularization problem that, besides of model accuracy,
addresses its complexity, too. Besides through the linear system, which bases
on model and data, the parameter vector of the outlier detection and assessment
of item 1 is included. Now, that item of our efforts has become subordinate to
the regularization of item 2 also. One may say that we even assess the basic
problematic of outliers and to what an extent to take it into account via this
second respect of item 2.

3.5 Numerical Performance Comparisons of LM, MSOM, CMSOM and CMARS-
MSOM

In this section, the performances of four approaches (LM, MSOM, CMSOM and
CMARS-MSOM) are compared according to some general measures. Firstly, the data
sets and the performance measures are described. Then, the outcomes of the compari-
son studies are presented.

3.5.1 Data Sets

To compare the performance of the LM, MSOM, CMSOM and CMARS-CMSOM,
four data sets, with different sample sizes (/) and numbers of independent variables
(p), are selected from regression test problems. These test problems are application
taken from the industry, chemistry and computer science areas.

Data Set 1: The first data set is the delivery time data taken from Rousseeuw and Leroy
[50], page 155, Table 23. In this data set, which contains 25 observations collected
from the service of a vending machine, y is the delivery time, X; is the number of
cases that the product stocked, and X5 is the distance walked by the route driver.

Data Set 2: As the second data set for comparison, the stack data set is considered.
This data set is a well-known stack-loss data set presented by Brownlee [52] and was
taken from SAS Customer Support. The data describe the operation of a plant for the
oxidation of ammonia to nitric acid and consist of 21 4-dimensional observations. The
explanatory variables for the response stack-loss (y) are the rate of operation (X7), the
cooling water inlet temperature (X5), and the acid concentration (X3).

Data Set 3: The third data set, a simulation data generated by using MATLAB [34]],
has 100 observations. To determine which methods perform better, a test problem is
taken from [22]. In this problem, data are artificially created from the following model

33



function:

F(X) = 24.55X, + 26.75X, + 39X3 + 40.50X,,

where the regressors X, X5, X3, and X, are assumed to have a uniform (-10, 10)
distribution. To obtain the response, normally distributed noise with O mean is added
to the model function f(X).

Data Set 4: The fourth data set of this chapter is the Concrete slump test data [[62]]. The
data set includes 103 observations. There are seven input variables, which are cement,
slag, fly ash, water, SP, coarse aggregate, and fine aggregate, and an output variable
known as 28-day compressive strength (MPa).

3.5.2 Applications and Results

For these applications, a special code has been written using MATLAB for CMSOM
and CMARS-MSOM. Besides, we use MATLAB while implementing LM, MSOM,
CMSOM and CMARS-MSOM.

To find the potential outliers for each data set, we apply the following outlier detection
procedure:

—

. LM is constructed to fit the data.
The fit values and ordinary residuals are computed from Step 1.

Studentized residual and Cook’s distance values are calculated.

S

The potential outlier specified after Step 3 is removed from the data set, and
Steps 1 and 2 are repeated to check for a better fit. (An observation is a potential
outlier if it has larger Cook’s distance and Studentized residual values.)

5. To find and remove the other potential outlier observations, Step 1 is repeated
until all of the outlier observations are eliminated.

After applying above procedure to all data sets, The number of potential outliers is
presented in Table [3.1]

In our applications, to solve the CQP problem, MOSEK software is preferred [37]]. As
an upper bound of the CQP problem for CMSOM and CMARS-MSOM methods, the
selected M values are listed in Table 3.2.

The performance of the methods LM, MSOM, CMSOM and CMARS-MSOM are cal-
culated for all data sets, and the results are given in Table The values of some
measures such as MAE and RMSE vary with the data set studied, i.e., there are no
well-defined bounds on these values of the performance measures. For others, the
values close to one are the better. For Data Sets 1 and 3, CMSOM gives a slightly
better performance than LM and MSOM, according to all the chosen measures. For
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Table 3.1: The number of potential outliers for the given data sets.

Data Sets Data Features | # Potential Outliers
Number Name N P k
1 Delivery time data 25 2 2
2 Stack data 21 3 5
3 Artificial data 100 4 3
4 Concrete slump test data | 103 7 5

Table 3.2: The selected M values for the applications of CMSOM and CMARS-
MSOM methods on the given data sets.

Data Sets 1| 2 3 4
M for CMSOM 35169 | 101 | 98
M for CMARS-MSOM | 84 | 76 | 112 | 100

the other data sets, CMSOM and MSOM produce the same performance with respect
to all the performance measures. When considering outliers, the results for LM show
a weak or inferior performance compared to CMSOM and MSOM. Besides, with the
advantages of CMARS method, CMARS-MSOM performs better than the other mod-
els. Since CMARS works effectively for high-dimensional and nonlinear data sets,
CMARS-MSOM is successfully applied to more complex data sets containing outlier
observations.

3.6 Concluding Remarks

This chapter provides a new contribution to the challenges of the mean-shift outlier
regression problem by enabling the accessibility and usability of modern methods of
continuous optimization and data mining. Herewith, a bridge has been offered between
statistical learning, inverse problems and the strong tools prepared for well-structured
convex optimization problems [61].

This chapter on the detection and following treatment of outliers benefits from prior
data and, hence, model regularization, which we achieve with the help of CQP. Fur-
thermore, the handling of outliers itself can be regarded as an extension of this process
of regularization. Both are measurements oriented in the same direction of “smoothen-
ing” the data via a model that represents core information and they are orchestrated in
this chapter.

In the field of the stochastic process of financial mathematics, there is a particular case
of an outlier, which is called a spike [25]. As time proceeds, it can be regarded as a
double jump, i.e., a jump up or down followed by a jump down or up, respectively.
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Table 3.3: Performance results of the methods LM, MSOM, CMSOM and CMARS-

MSOM for the data sets studied.

Data Set Models MAE RMSE R? Adj-R* | PWI
1 LM 2.2867 3.3367 | 0.9596 | 0.9538 | 1.0000
MSOM 1.6654 2.5473 | 09787 | 0.9743 | 1.0000
CMSOM 1.6589 24826 | 0.9787 | 0.9755 | 1.0000
CMARS-MSOM | *1.2634 | *2.2048 | *0.9890 | *0.9798 | 1.0000
2 LM 2.3974 3.2846 | 09114 | 0.8957 | 1.0000
MSOM 0.7383 1.2735 | 0.9898 | 0.9843 | 1.0000
CMSOM 0.7383 1.2735 | 09898 | 0.9843 | 1.0000
CMARS-MSOM | *0.5603 | *1.2722 | *0.9929 | *0.9843 | 1.0000
3 LM 30.8827 | 39.6762 | 0.9901 | 0.9897 | 1.0000
MSOM 29.8022 | 37.7668 | 0.9914 | 0.9907 | 1.0000
CMSOM 27.6567 | *35.5002 | 0.9924 | 0.9920 | 1.0000
CMARS-MSOM | #27.3291 35.6751 | *#0.9926 | *0.9916 | 1.0000
4 LM 1.8938 2.6087 | 0.8969 | 0.8892 | 0.9903
MSOM 1.5020 2.1310 | 0.9348 | 0.9261 | 1.0000
CMSOM 1.5020 2.1310 | 0.9348 | 0.9261 | 1.0000
CMARS-MSOM | *0.6906 | *0.91818 | *0.9882 | *0.9868 | 1.0000

* indicates better performance

Here, the second jump can be regarded as a type of (maybe partial) “withdrawal” of
the first jump, which explains the outlier property of the spike. On the other hand, in
different areas of technology, such as electrical engineering and mechanical engineer-
ing, an outlier can have an infinite response value as a Dirac delta (impulse) function.
Then, it is an “infinite outlier” or “infinite (double) jump,” and through infiniteness, it
becomes very essential and can be employed systematically [3].
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CHAPTER 4

PARAMETER IDENTIFICATION OF STOCHASTIC
DIFFERENTIAL EQUATIONS BY CONIC MULTIVARIATE
ADAPTIVE REGRESSION SPLINES

4.1 Introduction

Financial processes as well as processes in nature and technology are subject to ran-
dom effects and noise. Generally, these time-dependent processes are characterized
by their large number and by a high frequency. Describing high-frequency financial
observations is a challenging issue because of the discretely discontinuous piecewise
constant structures of their large data sets [26]. Thus, any related mathematical model
for such given observations has to be constructed with a careful learning process since
it faces a high sensitivity with respect to the slightest perturbations, as well as non-
smoothness of the data. Such a mathematical model serves as the basis of prediction
for the future [57]].

Stochastic Differential Equations (SDEs) turn out to be an increasingly common tool
for the representation of natural processes, and they play an important role to model
the physical phenomena whose dynamics are affected by random noise [31]. In fact,
these equations find application in many fields such as physics, biology, engineering,
medicine, telecommunication and, in particular, finance. SDEs, however, are often
hard to represent and to resolve because they involve unknown parameters or model
functions nonlinearly, which need to be estimated from observations of the process

[43].

Several approaches have been developed for parameter estimation of SDEs. Gener-
ally, these are difficult and sometimes impossible to apply because of the assumptions
that have to be provided [8]. Therefore, we deal with this challenge by expressing
SDEs with their parameters in a simplified manner of approximation with our CMARS
method.

As already stated in Chapter 1, CMARS is one of the nonparametric approaches that
make no specific assumptions to estimate the components of SDEs on some given
stochastic process. Real-world processes from the financial sector or from nature are
often characterized by their huge quantity and variations [13]. CMARS is able to
model such data by using the advantages of recent developments in optimization the-
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ory, numerical mathematics, computer software and hardware. The fundamental ob-
jective of our study is to propose CMARS as an identification tool for SDEs and to
test this method on different kinds of stochastic processes without any assumptions
[65, [70]. In this chapter, the stochastic processes could be price, logarithmic price,
volatility, interest rate, wealth processes, etc. For studies in financial mathematics
where our work could contribute as a tool or module, the references can be given as
examples [13, 26, 31].

This chapter is organized as follows. In Section 4.2, a brief introduction to one-
dimensional SDEs is given. Section 4.3 represents the proposed methodology for the
parameter estimation of one-dimensional SDEs. In Section 4.4, some information on
the problem of parameter estimation of multi-dimensional SDE:s is presented. An in-
troduction to multi-dimensional SDEs and the proposed methodology for parameter
estimation of multi-dimensional SDEs are given in Section 4.5. In Section 4.6, corre-
lated systems of SDEs are considered and analyzed.

4.2 One-dimensional Stochastic Differential Equations

Dynamical processes in nature, technology and economy are usually modeled by means
of a deterministic differential equation such as ordinal differential equation (ODE),
partial differential equation (PDE), impulsive differential equation (IDE), or delay dif-
ferential equation (DDE). Consider an ODE with initial vector z, € R:

i(t) = <;_ %m)) = a(z,t),  (ty) = 0.

where z(+) : [0,00) — R is a solution satisfying the initial condition x(ty) = x and
a : R x R™ — R is a smooth function. In general, x(¢) is not known explicitly, but
it can be approximated by a(x,t). We note that, rather than the initial value, we may
also refer to a terminal value z (t7) = zr at some “maturity time” 7" > 0.

On the other hand, in many applications, the process contains random effects and de-
pendencies, and it cannot be modeled by the ODE. If the coefficients of the differential
equation contain random effects, we cannot obtain a realistic mathematical model.
Therefore, in order to describe the behaviour of the noise in differential equations, the
SDEs are used. We call this real-valued special case among the system of SDEs stud-
ied in Section 4.5-4.6, a one-dimensional SDE. In this section, we briefly recall some
concepts of SDEs and, especially, of a Wiener process, which is also called a standard
Brownian motion.

Suppose we have a stochastic process X = (X;: t > 0), also written as (X}),-,,
defined on a probability space (€2, F,P) and presented by the following mathematical
model [43]:

dX; = a(t, Xy)dt + b(t, X3)dW,, 4.1)

where a(t, X;) and b(t, X;) characterize the drift and diffusion terms, respectively.
These terms satisfy the conditions to guarantee existence and uniqueness of unknown

38



process (X}),-, on a certain interval, given values X, and X7, respectively. Finally,
(W4),>o denotes a Wiener process at time ¢.

A Wiener process is a continuous-time stochastic process that fulfills the following
three properties [2]:

e Wy =0and E[W;] =0 forall t > 0.
o W, —W,is N(0,t —s) forall 0 < s < t.

e Given any finitely many times 0 < t; < t9 < ... < ty, the random variables
(increments) Wy,, Wy, — Wy, ..., Wy, — W, _, are independent.

From the Central Limit Theorem we learn that a Wiener process is a continuous and
centered Gaussian process with the following conditions [43]]:

EW;) =0, E(W?) = Var(W;) =t foranytime ¢t > 0.

Even over a small time interval, a Wiener process has an oscillating behavior of so-
called infinite variation. Therefore, it is not differentiable for any time ¢ > 0. To
obtain our approximate and, then, smoothened model, we symbolically treat the real-
valued stochastic process (W;),, as if it was differentiable; this is the first approach
and a widespread notation in literature. We emphasize that this notation and SDEs, in
general, can be exactly defined by integral equations which are based on Ito calculus
(2 29]].

4.3 Parameter Identification of One-dimensional Stochastic Differential Equa-
tions with Conic Multivariate Adaptive Regression Splines

Estimation of the parameters of SDEs is very important in practice because in many
applications, such as modeling the behavior of stock prices, the deterministic compo-
nents in the dynamics is hard to represent [8]]. The method which we adopt to estimate
the drift and diffusion terms of SDEs is based on both discretization of the SDEs and
our CMARS method. Since the realizations of the unknown z; = X;(w) (w € Q) are
not known exactly, we want to numerically approximate the time-discretized version
of it and, hence, the time-continuous version, by this approach. In the following, we
may suppress w often for the sake of convenience.

4.3.1 Discretization of One-dimensional Stochastic Differential Equations

Simulation methods for SDEs are usually based on discrete approximations of the
continuous-time solution curves. There are many discretization schemes for SDEs
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such as Euler and Runge-Kutta discretization. Some of the discretization methods
have a strong-order convergence. Although one of the most widely applied schemes of
approximation is the Euler method which is also used to generate solutions to ordinary
differential equations, we choose the Milstein scheme which employs 1to’s Lemma to
increase the accuracy of the approximation by adding a second-order term [29].

In this section, we consider one-dimensional real valued stochastic process, X;. In the
one-dimensional case, we represent the Milstein approximation of the unknown values
x; := X,, at any increasing times ¢; > 0, in short: Z; (i = 1,2, ..., N), as follows [77]:

Tip1 = &+ a(@,6) (L — ) + (24, ) (Wi — W)
L. . . .
+§b($i, t)be (24, t:) ((Wis1 — W3)* — (tigr — ) -

Here, b, is the partial derivative of b(z;,t;) with respect to = and w; stands for an
estimation of IW;,. As soon as we refer to sometimes ¢;, we may denote W;, by W,.
We write W; in order to denote real-valued specifications in the context of random
numbers drawn and data referred to. If we particularly address the finitely many given
data points (7;,;), where 0 < t; < t5 < ... < t; < t;41 < ... < ty are sampling
times, we obtain a more symbolic form:

—\2

where the value y; represents the difference quotients raised on the ith data values T;
(t=1,2,...,N) and on step lengths At; := h; = t;;1 — t; between neighbouring
sampling times:

(1/hi) - (Tiy1 — 73), if i=1,2,...,N —1,
Yi = B
(1/hn) - (Zn —Zn-1), if i=N.

However, Eqn. (4.2)) cannot be expected to hold in an exact sense, since it includes real
data, affected by uncertainity; therefore, we satisfy them best in an approximate sense
that refers to a minimal value of RSS, which is also called Least Squares of Errors. For
the ease of exposition, the symbol, “=,” is used instead of the approximation symbol

Since W, ~ N(0,t), the increments AW, are independent on non-overlapping inter-
vals and, moreover, Var(AW,,) = At;. Therefore, the increments having normal distri-

bution can be simulated with the help of standard normal distributed random numbers
Z;. Herewith, we obtain a discrete model for a Wiener process [29]:
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If we insert Eqn. (4.3) into our Milstein approximation and draw random numbers Z;
of Z; (by a pseudo random number generator) [56,77], we receive the following form:
Z; 1., - _ =\ /9

+ b(Z, 1)ba (T3, 1) (2 — 1), 4.4)

N

Ny

which we abbreviate by

HCI'C, Cc;, = 21/\/]_1_“ dz = (1/2) : (ZZZ - 1), Gz = a(fi, Ez) and Hz = b(f“ t_z)
(1t =1,2,...,N). In view of the large number of functions, parameters and variables
implied by us, as a small abuse of notation, here we exceptionally use capital letters
for real-valued functions and for real numbers. For simplicity, we use prime “(-) ” to
denote the partial derivative with respect to the variable x [56].

2

4.3.2 Construction of the Minimization Problem for the Parameter Estimation
of One-dimensional Stochastic Differential Equations

To determine the unknown values of G; and H;, we consider the following minimiza-
tion problem:

N

L L 2
minimize Z (yz — (Gi + Hic; + ( Z»Hl-) dz)) ,

=1

where the vector 8 comprises all the parameters in the Milstein approximation. We
point out that also vector-valued processes can be studied, referring to sums of terms
in the squared Euclidean norm ||-||3.

This optimization problem could be solved with classical Gaussian least-squares esti-
mation. However, the data underlying our stochastic process, especially, in the finan-
cial sector, have a high variation and oscillation. Therefore, a parameter estimation
method has to be used which will take into account this high variation and will give a
smoother approximation of the data [S6].

4.3.3 Parameter Estimation of One-dimensional Stochastic Differential Equa-
tions using Conic Multivariate Adaptive Regression Splines

Spline approximation is very flexible, because it is adaptive, as it is explained below.
It can be regularized in order to avoid too large an oscillation of the solutions; such
an oscillation might be permitted by a high-degree polynomial approximation and be
based on strongly varying data, by outliers or “spikes” existing. Splines can be de-
scribed as linear combinations of basis splines which are usually low-dimensional. We
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will approximate the data (Z;, ;) “smoothly,” but we will compromise smoothness by
the simplicity of certain discrete nondifferentiabilities [20]. In this chapter, we use
CMARS’ basis functions as our splines. The nondifferentiability at the knot points is
a compromise for having “easy,” in fact, piecewise linear one-dimensional basis func-
tions.

CMARS is a powerful estimation method and it approximates the data in a “smoothen-
ing” way. In this section, a special CMARS application is done in the dimension p = 2.

For this reason we approx1mate each function underlying the numbers G; := a(Z;, t;),

H; = b(z;,1;) and F; := H,H; by using the basis functions of CMARS and then
introducing a regularlzatlon of the basic model. This treatment is very useful for the
stability of our model in the presence of many and highly varying data [77]].

The basis functions can be established in an additive way with respect to some subsets
variables (coordinates), i.e., of subvectors, rather than separated variables known from
Generalized Additive Models (GAMs) [S7)]. Referring to each such a subvector, the
basis functions are multiplicative, as we shall state below. Here, it is also possible to
construct G;, H;c; and Fyd; as products of two basis functions, respectively. These
are taken from a set of linearly independent one-dimensional basis elements. The
construction of G;, H;c; and F,d; with CMARS’ basis functions are represented as
follows:

d9
Gi = Bo+ > _Bibi(al,)
=1
dh
Hie; = ’YO"‘ZWmCm(l_lZLC);
m=1

Fid; = 60+ Y 0ndn(a}y), (4.6)

l

where we use the unifying notation u;,, uj., ujy = (7;,t;) (i=1,2,...,N), and

d?, d", df € Ny are suitable integers. The forms of by, c,, and d,, in Eqn. (4.6) given
by CMARS basis functions are constructed subsequently:

k=1
2
cm(g') = H[Sﬁ}f’ : (’7‘&2.” - Tﬁ’,f)]%
k=1
2
dn(ﬁg) = H

[Sﬁz : (ﬁﬁz — T/{"kl)]+- (47)

Here, [¢]+ = max{0,q} (¢ € R), #,i, ity and it,;p are the input variables correspond-
ing to the kth truncated linear function in the /th, mth and nth basis functions, Tl s
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W » and Tyn are the knots value corresponding to the variables u,, s Uy and Upr, and
Syl s Sk and sxn are the selected signs +1 or —1, respectively. For thls case, permltted
interaction is only up to two factors [14, 165, [70].

4.3.3.1 Construction of the Penalized Residual Sum of Squares Problem

We construct the PRSS as a regularization procedure for Eqn. (4.5) in the following
form [20]:

PRSS = Z(@i — (Gi + Hic; + Fidy) )?

=1

+Dz Z 3 / 82 (D2 bu(a)]? dud

|a|=1 r<s
a=(o1, az)T r,seV)

+Zum Z Z/ V2, [Dg e )}Qdugn

|ae]=1 r<s

a—(oq )T T s€Vim

+Zun Z Z/ 02 [D2 d, (@) dui, (4.8)

lae]=1 r<s
a=(on,00)T r,5€Vn

where V; = {sl|k =1,2}, V,, .= {x"| k= 1,2} and V,, := {x}| k = 1,2} are the
variable sets associated with the [th, mth and nth basis functions b;, ¢,,, and d,,, and ﬁ{),
u!" and u] represent the vectors of variables which contribute to the /th, mth and nth
basis functions, respectively. Furthermore, we refer to the derivative terms

Dbl = )
Dy (') = 8@13;:%(&?)’
DLE) = g ). “9)
where a = (a1, )7, |a] := a; + an, and oy, ay € {0,1}. Indeed, we note that in

any case where «; = 2, the derivatives Dg b (@}), D ¢, (@) and D¢ d,, (@) vanish,
and by referring to r < s, we have applied Schwarz’s Theorem [70].

Our optimization problem in Eqn. (4.8) is based on the trade-off between accuracy,
i.e., a small RSS, and a reduced complexity. This trade-off is established via penalty
parameters \;, [, Vv, > 0. Large values of \;, u,, and v, yield smoother curves and
smaller ones result in more fluctuation. In this section, we approach that trade-off by a
penalty approach, such as regularization techniques, and we conduct it through CQP.
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When we use our multiplicative-additive form based on our multiplicative-basis splines
for each model function, then the first part of the PRSS becomes

N
> (@ — (Gi+ Hie; + Fudy))? =
dd dr af
D\ B | Bt D_Abu(ELy) + 20+ D (B +d0 D Budu (@)
- =1 m=1 n=1

For the sake of convenience, we introduce the following matrix notation:

d9 dh af
Bo+ Y Bibildly) + 90+ > G (@) + 8o + Y _0ndn(@]y) = A0,
=1 m=1 n=1

withA; := (b;, ¢;, d;), where b; := (1,by (@},) by (@l}),...,bas (al})),

¢; = (1o (@) co (@), ...,con (@),

di = (1,dy (@2y) ,do (@2y) , .., dgr (@0)), and @ := (B7,~7,87)", where
B 1= (Bo, Br: Bas s Ban) o ¥ = (Y0, 71 Y2 s Yar) T 6 1= (80,01, 62, ..., Gao)

Then, firstly, we obtain the residual sum of squares as the squared length of the differ-
_ _ o T
ence vector between y and A6, where the matrix A = <A1T,A§7 ...,A%) contains the

row vectors A;, and the vector of difference quotients, y = (1, %, ..., J N)T, represents
the change rates of the given data |65} [77]]:

N

D> (5~ Ai8)* = [y — A6,

=1

Secondly, we obtain a discretized form of each integration term in Eqn. (4.8) by us-
ing Riemann sums. To approximate the multi-dimensional integrals, subsequently,
the discretizations and model approximations are carefully prepared and refined. In
a canonical way, the input data generate a subdivision of any sufficiently large paral-
lelpipe Q', Q™, Q™ which contain all data points as elements. Let ', Q™ and Q" be
a parallepipes which encompass all our input data; we represent them by

2 2 2
Q' =]Je. @ =]Jer. @ =[]
k=1 k=1 k=1

where Qf = [af,by] and af < w;p < bf (k=1,2;i=1,2,..,N; x=1[,m,n).
Without loss of generality, for all & we may reorder the coordinates of the input data
points: ik j, < Uy, < ... < gy, Where I = 1,2, N (k=1,2; 0 =1,2,..,N),
and u 1., the kth component of & is the [*th input vector after reordering. Without
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loss of generality we can assume u ;, 7# ik forall o, = 1,2, ..., N, with ¢ # ¢;
e, wpk g, < gy < ... < ;. Indeed, whenever “=" is attained for some coordinate,
we obtained subparallelplpes of a lower d1mens1on and its approximation, i.e., zero
sets within the following integration process. Now, let us denote

= — X gk _ = X —
ulg,k — ak, ZO — O, and ulllcv bk)’ ZN+1 N"’ 1

In order to increase the readability of the following formulas, we make a small simpli-
fication without loss of generality. Therefore, we assume [ = [, (k = 1,2). Other-
wise, we could just replace the index (or discrete parameter) [, by a k-depending, i.e.,
feature-depending, one called I¥. Now, we can represent ()} as

2
H kot k] (k=1,2; x =1,m,n).

??‘X
Il
\TCZ

The notation, the subdivision and the approximation presented above are done for
all functions [D,ﬁfsbl(ﬁf,)]Q, [D;’jscm(ﬁgn)f and [Dzsdn(ﬁg)}2, with the correspond-
ing variables and lower dimensions of @}, #™ and &} also. Then, if we apply this idea

to our case, we discretize and represent each integration by the squared length of a
vector after Riemann sum discretization as follows [[65, [70]:

(N+1)? 5
1712 .
gloem ) a ~ Y | Y Y Dz, | A,
Q' i=1 lal=1 r<s
a=(a,a2)T r,s€EVm

- Z )67 = ] where

1/2

E?l = Z Z 51 [Da by (u )r Aﬁli,b

la|=1 r<s

a=(a1,a2)T r,8EVm

P R _ e |- _ -
with @;,, = (ul ke ’%), Au;y =11, [ul Lo T 7,{2} and with the
o'k )

o k1
sequence (677) ;115 € {0,1,2,..., N + 1}2.
The same process is applied for the following multi-dimensional integrals:

(N+1)?

[t Dren@] dur = 3 (16)" 9 = Il

=1

2 g 2 2
a —n n T yd
o (D)) dui~ 3 () 02 = [E8en]|

Qn
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Here, we refer to

- 1/2
T 2
C _ o ~Mm
Lim - E : E P)/m D Cm )] Aui,c ’
|ae|=1 r<s
| a=(a1,00)T r,8EVm
- 1/2
2
Fd 2 [ e An 2 ~n
L, = § § On )} A”z‘,d )
|ex|=1 r<s
| a=(a1,a2)7T r,8€Vm
~m — — ~m 2 — = .
where u; . = (ul s e M, n;n) and Au;, = | [ulanzm+l,nkm uzgﬁgz,ngt],
ATl _
uy = (Ml e ul A ) and Aujy = Hk L [ T ulw?”’“z} [65,70].
o

For a short representation, we can rewrite the approximate relation in Eqn. (4.8) as

~ ds - 9 dh - df 9
PRSS % ||y = 46|, + Y N L2+ Dt sl + v L] @10)
=1 m=1 n=1

yo T T T T T c c Tc T
for £ 1= (L, Ly o L) (0= 12,0, K5, 5= (L Lo s L)

(1=1,2,.d"), and L, = (I Lgn,...,EgNH)zn) (1=1,2,...d"). However,

1In>
there is not a singleton, but an M,,,, = (dg +dh+df )—tuple of penalty (or trade-
off, or smoothing) parameters: (A1, Ao, ..., Agg, f1, {42, -, figh, T1, T2, ..., Tqs ). There-
fore, the minimization of PRSS is not a Tikhonov Regularization problem already as
that need to have a single such multiplier. Therefore, let us make a uniform penaliza-
tion by taking the same A for each derivative term. Then, our approximation of PRSS
can be rearranged as

PRSS =~ ||y — A6||> + A |L6|3 .

where L is a diagonal (M,q, + 1) X (Mq, + 1)-matrix with first column Ly = 0(x41)2

and the further columns I:?, I::n and I:i, which we presented above. Moreover, 6 is an
((Mpae + 1) x 1)-parameter vector to be estimated through the data points. Now,
finally, our PRSS problem looks as a standard Tikhonov Regularization problem [3],
however with a particular regularization matrix L.

4.3.3.2 Construction of the Conic Quadratic Programming Problem

Not solving the Tikhonov Regularization problem, but explaining how to treat this
problem by using convex optimization techniques which we suppose to become a com-
plementary and alternative technology to the concept of Tikhonov Regularization on
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inverse problems we apply the elegant framework of CQP. With the statistical learning-
based choice of the bound M as we explained in Chapter 1, we represent the Tikhonov
Regularization problem, as the following optimization program [65, [70]:

minimize t,
t,0
0y A t —y |
such that x := + ,
0M77Laa:+1 I_‘ t [ 0Mma1+1
n:= . + _ )
O 0 TFL(11+1 0 L M
x € LNt n g [Mmaat2, 4.11)

In order to state the optimality conditions, we firstly write the dual problem to the latter
problem as

maximize  (¥7,0)w; + (Of/lmﬁl’ -V M) wo,

such that wi + Wy =

=T =T
A 0y L 00/,00+1 00,0, 11

w1 € LNJrl, Wy € LMmaerQ.

Furthermore, (¢, 0, x,n, w1, wg) is a primal-dual optimal solution if and only if

-y
X = + )
Mmasn"rl 0
00,0041 [t 00,0041
n= + ;
0 050 VM
0y 1 0, ., 0 1
wi + wy = )
A" o7 Moo +1 L" | YA—— 00,0, +1

T
w;x =0, an =0,
w1 E LN+17 wQ E LMmaz+2’ X E LN+1’ ,r’ E LMmazJFQ'

For the application parts of Chapters 4 and 5, we do not give M values. Let us refer
to Subsection 1.1 where we explain our choice of the parameter value M given a
concrete problem and particular data set. In the future, we aim at including M into the
optimization problem as a further decision variable. Thus, our optimal solution will be
model-free, data set dependent and heuristic parts of our methodology turn to become
integrated, calculus supported approaches and techniques.
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4.3.4 Applications and Results of One-dimensional Stochastic Differential Equa-
tions

In order to test our approach and its theory presented in Section 4.3, two different
stochastic processes are selected from the field of finance. In applications, while
CMARS’ basis functions are built by using Salford MARS, the CMARS model is con-
structed by running a MATLAB code [34]. To solve the CQP problem, MOSEK [37]]
software is preferred. At the beginning, we describe the data sets and the performance
measures. Then, we present the outcomes of the proposed approach.

Data Sets: As a numerical example, we choose a data set of simulating equity markets
of different countries. These data sets are obtained through default simulate method
in the Econometrics Toolbox in MATLAB. By using this method, a single path of
correlated equity index prices is simulated for Canada, France, Germany, Japan, United
Kingdom (UK) and United States (US) over one calendar year, respectively. In our
numerical example, we select two of these processes: the US and the UK prices. These
stochastic processes include prices of 250 trading days with the initial value of 100.

Firstly, we construct our CMARS model for the whole data set of the two countries
(US and UK) to show and analyze the approximation of the model. The representative
set of basis functions for the drift and the diffusion terms of the stochastic processes
are listed below:

Pus = {¢17 wZa @Ds, ¢4> w57 wG}a

where
Yy = max{0,z,, —109.67}, 1 =max{0,109.67 —z .},
Y3 = max{0,z,, — 11599}, ¢, = max{0,z,, — 107.59},
s = max{0,z,, — 11826}, s =max{0,z,, — 119.56}.
And
Pus = {%7 ¢2> T/J:s, ¢47 ¢5> %7 ¢7, ¢87 %},
where

Yy = max{0,z,, —96.89}, o =max{0,96.89 —z,,},
Y3 = max{0,z,, —100.97}, ¢4 =max{0,z,, — 102.83},
s = max{0,z,, —114.31}, 1 =max{0,z,, — 104.88},
v, = max{0,z,, —108.30}, g =max{0,z,, —112.86},
Y9 = max{0,z,, —111.58}.

The CMARS algorithm constructs 6 basis functions for the US price; on the other
hand, for the UK price it produces 9 basis functions. For both processes, each basis
function is piecewise linear. Therefore, it provides convenience for interpretation and
demonstration.
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Figure 4.1 shows the path of the US price and the proposed approximation to this
stochastic process with CMARS. The same is done for the UK price also. Figure 4.2
shows the path of the UK price and the proposed approximation to it. The approxi-
mation gives a promising result and captures the structures of both US and UK prices.

120 T T
*  Data poits .
— Proposed approximation with CMARS

18

US Price

100

] Eil 100 150 200 250
time

Figure 4.1: Demonstration of proposed approximation with CMARS for US price.

120 T = 1 T
* Datapoints -

——Proposed approximation with CMARS .

e

UK Price

100

0 50 100 150 200 250
time

Figure 4.2: Demonstration of proposed approximation with CMARS for UK price.

After the models are built, comparison measures listed in Table 2.2 are calculated
to show the estimation performance of CMARS method for each data set. For the
stochastic processes used in this study, our approximation reveals a good performance
according to these measures, as shown in Table 4.1. The smaller values of MAE and
MSE indicate a strong estimation of the process parameters. On the other hand, the
further measures (R?, Adj-R?, PWI) indicate a better performance if their values are
closer to 1.0.
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Table 4.1: Evaluation of proposed approximation with well-known statistical mea-
sures.

Performance Measures | US Price | UK Price
R? 0.9950 0.9623
Adj-R? 0.9946 0.9573
MAE 0.3012 0.9018
MSE 0.1836 2.0669
PWI 0.9800 0.9720

4.3.5 Conclusion and Outlook for of One-dimensional Stochastic Differential
Equations

Identification of SDEs plays an important role in many application areas, including
biology, chemistry, epidemiology, mechanics, microelectronics, economics and, es-
pecially, finance. A fundamental problem in estimating parameters in SDEs is the
structure of the stochastic processes that can be of any distributional characteristics
and any nonlinear and nonconvex form of the data set.

CMARS is a data mining methodology applied by us on a problem with dynamical
contents and properties: the evolvement of financial and economical characteristics
in time and under stochastic uncertainty. By this, the number of data grows at each
point in time (a discrete time, after the approximation that we do), where it could be
responded by another “constraint” or model compartment. By this, we could close
the gap in terms of degree of freedom. We really gain from the regarded data set in
terms of geometry and topology, do really “get into,” or adapt to, the data and their
spatial-temporal patterns, benefitting from structural characteristics of the data. In this
sense, CMARS is a very good choice as in each dimension of the two input variables,
we obtain a zig-zagging (piecewise linear) function, where the linear pieces mimic the
data along subintervals. This adaptive approach is learning-based and “smart,” and we
use modern optimization theory for this purpose.

SDEs, incorporating random effects, are computationally expensive, especially when
the processes are very complex, hence, when the number of parameters to be estimated
is high. Therefore, advanced regularization and optimization techniques are required.
In this chapter, using CQP programs gives us the opportunity to handle such problems.
In addition to benefiting from well-structured optimization, CMARS basis functions
yield a higher flexibility for the estimation of the stochastic process’ parameters.

Differently from the approach by GAMs, which we used for the identification of SDEs
in [67, 68], our approach by CMARS is a multiplicative one, herewith taking into
account “interactions,” e.g., any kind of dependence patterns between the input dimen-
sions of time and space, as much as it can be “learned” through our adaptive method
of CMARS. In fact, while the additivity of GAMs is understood in terms of sepa-
rated variables where each input dimension receives its own spline functions, in our
CMARS method, the additivity is understood in the multivariate terms of subvectors,
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where multiplication of one-dimensional splines goes along the indices of the subvec-
tors’ components.

Finally, our adaptive method with elementary basis splines is much more flexible than
classical models, from finance and other fields, with their few parameters at their fixed
places [32, 165, 71]. Applications of our proposed approach to simulate equity markets
are successfully demonstrated. We believe that the presented approach provides an
alternative tool for the modeling of SDE:s.

The next section will concentrate an extension to the general case of parameter estima-
tion in the multi-dimensional systems’ case of SDEs based on our approximation with
CMARS, in theory, methods and applications.

4.4 Parameter Identification of Multi-dimensional Stochastic Differential Equa-
tions with Conic Multivariate Adaptive Regression Splines

While we have addressed one-dimensional SDEs in previous sections, from now on we
focus on a numerical approximation of multi-dimensional SDEs. If a finite number of
SDEs are in the model, the multi-dimensional case should be considered. In finance,
there are some examples which include this situation, such as modeling the price evo-
lution of multiple stocks. This arises if a decision maker wants to know the properties
of some portfolio strategy with multiple assets. Other examples are the modeling of
the evolution of interest rates, volatilities or variances. Often, these models occur in
short-rate models and in complied systems, respectively. Let us add consumption and
portfolio processes, together with wealth processes that imply both, they are addressed
in modern portfolio optimization as control and state variables, respectively [21}147].

Although numerical approximations of multi-dimensional stochastic processes and
SDEs are computationally costly problems, they are an important methodology of cop-
ing with several sources of randomness and correlation. Both systems of SDEs with
standard m-dimensional Brownian motions and systems of SDEs having correlated
Brownian motions are considered in the following section.

4.5 Multi-dimensional Stochastic Differential Equations

A system of SDEs is the formulation of a d-dimensional stochastic process X =
(X, : t €[0,00)), also denoted by (X;),-,, in terms of d differential equations com-
prised: -

dXt :a(Xt7t)dt+b(Xt,t)th, (412)

where a(X;, t) represents a deterministic part, b(X;, t)dW, is a stochastic part, and W,
denotes an m-dimensional Brownian motion (or a Wiener process) at time ¢. Here,
a:RYxRY — Riand b : R? x RT — R¥™ are measurable vector and matrix
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functions, respectively. For the underlying probability space (2, P, F), e.g., equipped

with a filtration (F;) 1>0» We tefer to [43, 47].

Let us write the system of SDEs with its components (namely, d processes of state and
m-dimensional Brownian motions):

dX} = a'(X,,t)dt + 0H(X,, )dWE+ .+ b (X, t)dW,
dX? = a(X,, t)dt + b2 (X, AW} + .+ bP(Xy, ) dW,

dX¢ = a’(X,, t)dt + 6" (X, ) dW} + .+ 0(X, ) dW (4.13)

In Eqn. (4.13), we refer to

th al(Xt, t) thl
X? a*(Xy,t) AW
Xt = . ) a(Xt7t) - : ) th - . )

Xa(t) a(Xy,t) dwm
V(X t) 02X t) ... WXy, t)
VLX,,t) b2(X,t) ... bP™(X,t
ity < | I E) KD &)
V(X t) 02Xy t) ... bI(Xy,t)

For further details on multi-dimensional SDEs, we refer the reader to [21,147]].

One of the simplest ways to discretize a multi-dimensional process of SDE is the Eu-
ler method, which approximates the integrals by using the left-point rule. The Milstein
scheme, which has the order 1.0 of strong convergence, is stronger than Euler method.
The Milstein approximation is identical to the Euler approximation if there is no func-
tion of x in the diffusion term of the SDEs. Generally, Milstein method converges to
the correct stochastic solution process more quickly than Euler method when the step
size goes to zero [29].

Since the distribution of the process is not known, the simulated discretized version of
the SDE should be simulated [76]. For multi-dimensional case, the kth component of
Milstein Scheme, where k£ = 1, 2, ..., d, is given by

B = &+ d ()t — 1)
+ Y W@ ) (@ — )+ D DR (R ) L, g, (4.14)
j:l j17j2:1

Here, for j; = ja:

I

o = 5 (0] = @) = (tia — 1))

N | —
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and, for j; # jo:

s = 5 (00 — @) — (@3, — 0))

DN | —

and we refer to the operator

d
Lk’]1 = E bk’]l(.ﬁi,ti)—a R
X

If we rearrange Eqn. (4.14) and insert the data values and also simulated values of the
Brownian motions for the equation, the approximation looks as follows [29]:

—k J— kv] r .]
VA xZ, g b™ (X5, t; w T — W)
l

+— Z LR (%, 1)1, .- (4.15)

Y g1,g2=1

Here, the value ¢ represents the difference quotient raised on the ith and (i + 1)st data
values z¥ and z¥ ', 1, respectively, and on step lengths At; := h; = ;1 — t; between
neighbouring sampling times:

ﬁii'(jfﬂ—fk), if i=1,2,.... N —1,

v =
e (@ —ahy), ifi=N,
Since Wj ~ N(0,t) (j = 1,2,...,m), the increments AW] are independent on non-
overlappmg intervals which means that Wth Wi, ... W] WtJN | are independent

with any times 0 < t; < ty < ... < ty. Moreover, Var(AVVfi ) = At;, where we refer
to increments AW}, := W} — W/ and At; := t;,1 —t;. With respect to this setting,
the increments having normal distribution can be simulated with the help of standard
normal distributed random numbers Z;,. In order to simplify the rest of the equations,
we prefer to write IV and Z] instead of 1/ and Z] , respectively. Herewith, we obtain
a discrete model for a Wiener process [29]:

AW? = ZI\/At;, 72 ~ N(0,1); (4.16)

the multivariate distributions and correlations will be referred to in next section. Based
on these preparations,

1 o
yr = d" (%, t; +Zb’w Xi, 1;) +ﬁ Z LRpRa (%, 1)1, 5, (4.17)



For simplicity, if we choose m = d = 2, we obtain:
1

Aw; _ :
. bk,2 7i7ti -4
I + 0% (x4, ;) 3

1 (Awil)z kL bL(x,, T
+§( B —1]b" z;t Zb xl; ’L

>
2

gr o= d"(xt) + 00 (X, 1)

)

In a more compact form, this can be written as follows:

gF = G¥ + HF + FF. (4.19)

Here, G} := a*(%;,1;), Hf == (1/h;)- >0, 0% (%, 1) (W], —w!) and FF := (1/h;) -
S Lkﬁjlbk’”(xl,tl)IJMQ.

J1,J2=1

In order to find the minimum of the difference of the right- and the left-hand side of
Eqn. (4.19), the following minimization problem is introduced [77/]:

N
e —k ~k gk o k)2
minimize E (yf — (Gf + HF + F}))", (4.20)

i=1

where the vector @ comprises all the parameters in the Milstein approximation.

In the previous sections, our computationally efficient estimation method called CMARS,
was proposed and used for the parameter identification of a one-dimensional SDE. In
this section, we aim to estimate multi-dimensional SDEs in a simplified manner by
using CMARS method. Therefore, for each function, we use additive form of the
CMARS’ basis function:

Gf = (xzv i BO"‘ZB!M zb

dh
— 1 _7 —m
sz = B_ Z bk] xz, z 2+1 Z) =% + Z’ymcm(ui,c)’
2 m=1
_ 1 ) .
Fz‘k _ B_ . Z LILpkode (jzﬁ DI = + Z(S d 4.21)
b jiage=1
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The summation of these three terms in Eqn. (4.21) gives the following expression:

d9 d af
GY+ HE+Ff = Bo+ Y Bbuliay) + 70+ D _ymCm(@]2) + G0+ Y 0ud(@
=1 m=1 =

= Ao, (4.22)

f = (bf, ck, df) where bY := (1,by (@) by (@ly) ..., bas (l})),
( L (@) eo (7)o can (&), .

( | (@) . d (ul-7d) ooy dgr (@hy)), and 6* := (B", 4", 6")", where

- (ﬂOaBl?B% "'aﬂdh)Tﬂ 7k = (707717727 "-77df)T’ 5k = (607517527 "'76d9>T-

Then, we can represent the summation term in Eqn. (4.20) as follows:

w1th

N _ _ 2
> - Aleh? = |y - Aot
2
1

The matrix notation of two-dimensional case is given below:

!

Y

: Al 0> 0!

N Nx((143m)-Mmaz)  UNx((14+3m)-Mmaz) ((143m)-Mmaz) X1
—gN - 1 2 2 ’
YN+1 0N><((1+3m)-MmaI) ANx((1+3m)-me) 0((1+3m)-Mma1)><1

| v

where the dimensions of y is 2N x 1, of A is 2N x ((2 + 6m) - 2M,,4), and of
0 is ((24 6m) - 2M,4,) x 1. To approximate the multi-dimensional integral, the
same procedure as described in Section 4.3 is followed for each dimensions of multi-
dimensional SDEs. Firstly, PRSS is constructed for a regularization as by Eqn. (4.10):

dh
z+ Zum‘ m%nH +Zun
m=1

dk2

Y

d9
2
PRSS ~ Hk —A’“ekH A Hibyk
y 2+12:1: LILy By

where (I =1,2,...,d?) L := (E*;;’“,ng,.. L*(’]’;H)Zl) C(l=1,2,..d") LS =

T T
(ESh 5 I 1) and (1= 1,2, I35 = (D5 ESE T8 )
Here, M,,,, = d9 + d" + d/ is the number of penalty parameters. After turning to a
uniform penalization via a single factor A for each derivative term, the approximation
of PRSS becomes a task of Tikhonov Regularization. Now, we refer to a minimization

of the following right-hand side:

_ 2
PRSS ~ Hyk _Alg
2
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where L* is a diagonal ((Mynaz + 1) X (Myas + 1))-matrix with first column L; =
0(n41)2. Then, the Tikhonov Regularization problem is formulated as a CQP problem
as in Eqn. (4.11):

minimize t,
t,0
0y A" t —y*
such that x := + ,
OMmaz+1 ik t 0Mmaa:+1
mn = + _ )

After these steps, the unknown parameters of the SDEs’ components are obtained by
solving the CQP problem.

4.5.1 Numerical Example of Multi-dimensional Stochastic Differential Equa-
tions

As a numerical example of the given procedure, the simulating equity markets de-
scribed in Section 4.3 are used. These data are preferred in order to examine the dif-
ferences between one- and multi-dimensional SDEs.

The data sets are demonstrated in Figure 4.3.

140 T .
—=—Canada [A]
France I
L

1

=== Germany

i
——Japan F

b=t )

Uz I

130H

Price

30 I 1 I I
1) a0 100 150 200 250
time

Figure 4.3: Demonstration of the multi-dimensional market model data sets.
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For the numerical example, UK and US prices are selected again, as in Section 4.4.
The discretization and approximation approaches are built for each process. The com-
parison measures listed in Table 4.1 are calculated. For the stochastic processes used
in this study, our approximation reveals a good performance according to these mea-
sures, as shown in Table 4.2. The smaller values for MAE and MSE indicate a strong
estimation of the process parameters. On the other hand, the further measures (12,
Adj-R?, PWI) indicate a better performance if their values are closer to 1.0. If we
compare these results with the previous results given in Table 4.1, the approximation
is improved for both processes.

Table 4.2: Evaluation of proposed approximation with well-known statistical mea-
sures.

Performance Measures | US Price | UK Price
R? 0.9921 0.9854
Adj-R? 0.9921 0.9853
MAE 0.3462 0.4692
MSE 0.2498 0.5341
PWI 0.9840 0.9800

Considering that there is not a correlation between these stochastic processes, the pro-
posed approximation gives a promising result and captures the structures of both US
and UK prices. In order to see the two processes in a single figure synoptically, Figure
4.4 is provided.

130 I I T
= USRrice

‘‘‘‘‘‘‘ Proposed approximation with CMARS far US Price
|| —*— UK Price
-+-#-Proposed approximation with CMARS for UK Price EX

i
5]
1

US and UK Prices
= =1 = = =
=] & o &l 5]
2 T

=}
5l

90 1 1 | 1
1) a0 100 150 200 250
time

Figure 4.4: Demonstration of proposed approximation with CMARS for US price ver-
sus UK price.
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4.6 Multi-dimensional Stochastic Differential Equations for Correlated Brown-
ian Motions

One of the main concerns of this section is to transform the referred system of SDEs
with correlated Brownian motions to a one having uncorrelated Wiener processes and,
then, to apply our proposed approach given in Section 4.3 to the transformed systems.

Many practical situations and scientific configurations that depend on a variety of fac-
tors can be modeled as a stochastic process that is driven by a multi-dimensional
Wiener processes. These random factors may be independent, but in reality, there
is often correlation between them. Usually, the statistical correlation p of two random
variables X; and X, is defined as

cov (X, X
p(XbXZ) ( : 2)

N \/Var (X;)/Var (X5)

Note that if p (X7, X5) = 0, X; and X, are uncorrelated; otherwise, there is a correla-
tion between X; and X5.

The correlation between W, and Wt] is represented by the (constant in time) corre-
lation coefficients p;; (i,7 =1,2,...,m), at any regarded time ¢ [63]. For correlated
multi-dimensional Wiener processes, the following correlation matrix is introduced:

P11 P12 - Pid

P P Tt Pad
R:= |70

Pd1 Pd2 " Pdd

where —1 < p;; < 1forall ¢, j with ¢ # j and p;; = 1. The matrix R is a symmetric
and positive definite d X d-matrix, e.g., pij = p;i (1,7 = 1,2, ...,d) and x"Rx > 0 for
allx € R™\ {0}. This implies det (R) # 0. To create noise processes with a specified
correlation, we can use Cholesky decomposition as a fast algorithm through an upper
(or lower) triangular matrix I' = (Fij) [63]. The Cholesky decomposition of R
is:

1<i,j<m

R=TIT7?,
where I'" is the transposed matrix of T'. We take Z = (Z;),~., Z: = (Z}, Z2, ..., zm7,
as a standard m-dimensional Brownian motion whose components are independent at
all times ¢ and we define a correlated vector-valued process W = (W;),.,, W, =

(WE W2, ..., Wm)", as follows:
Wt = FZt7

or, in terms of the components:

Wi =Y TyZl (i=12..,m).
j=1

58



The multi-dimensional correlated Brownian motion, (W), of dimension m, with its
correlation matrix R has the following properties:

o W, =0, the zero vector in R™.

o If s < ¢, then the increment W; — W, is multivariate normal distributed, with
mean 0 and variance-covariance matrix (¢t — s) - R:

W, — W, ~N(0,(t—s) R).

o If 0 < r < s < t, then the random variables W, — W, and W, — W, are
independent. This means that each component of the former is independent of
each component of later.

e The paths ¢ — W, are continuous with probability 1.
If R = I, the correlation matrix is an identity matrix, then (W;),-, is a standard Brow-
nian motion. Thus, for such a case, independence means having zero correlation.

Let us mention that it is possible to write the system of SDEs for correlated Brownian
motion [43]]:

dX; = a' (X, t)dt + b (X, )T 1dZ} + ..+ 0" (X, )Ty, d 2],
dX? = a®(Xy, t)dt + b (X, t)TndZ} + ... 4+ 0*™ (X, t)Dond 2™,

dX? = a®(X;, t)dt + o™ (X, ) TqndZ + ...+ 0" (X, )T gdZ™.  (4.24)

For simplicity, we continue with the two-dimensional case. Then the system turns into
the following form:

dX} = a*(Xy, t)dt + b (X, )T11dZ} + b2 (X, )T 12d 27,
dX}? = a®(Xy, t)dt + 0* (X, )To1dZ} + b2 (X, t)Ted Z7. (4.25)

Here, the correlation matrix R can be written as:

_| e
R_{Pl}’

since R is a symetric matrix, we take p;2 = pa1 = p. By Cholesky decomposition, the
matrix R can be written as follows:

1 0 1 p
R_{ 1—f1[0 1—#]'

1 0 Z1
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Eqn. (4.25) becomes
dX}! = d"(Xy,t)dt + b (X, t)dZ},
dX} = a*(Xy,t)dt +0* (X, t)pdZ}! + b2 (X, t)\/1 — p2dZ;.  (4.26)

For the two-dimensional system of SDEs given in Eqn. (4.26), the first component of
Milstein Scheme is as follows:

Tiy = & +a' (&, 1)t — 1)

1 1 1
+ E b ] x“ 1 Z+1 —Z E L Jlb JQ xl, 2>Ij1,j2-

J1,j2=1

The first component of the system of SDEs has just the term b'!(x;, ;), Milstein ap-
proximation gets the following form:

A

x}H = & +a' &, )ty — 1)
PO (g, 1) (2L — 2D+ LM (R, ) 1 (4.27)

After rearranging Eqn. (4.27), the approximation becomes
g = a'(@.h)
1

1 _ _
—Fﬁbl’l(j?i, tz)(izlﬂ — 211) + FLl’lbl’l(j'i, ti)Il,l'

If we replace L' and I ; with their open forms, we get subsequent equation:
Azl 1 ((az) (S _ a
y; = o) b ) == + = | e — 1) b (R btl(x .

On the other hand, the second component of Milstein Scheme for the given SDEs is as
follows:

B, o= f2+a2(fi>t‘)(ti+1 —t)
2
+Zb2 B ) (B — )+ Y LR ), g, (428)
jlaj2:1

Equivalently to Eqn. (4.28),
g = @) +p (/) 0 x1) (Z — )
+ (VI=07) (1/hs) B2 (80, ) (22 — 22)
( ) L2 1b2 ! xz, Il 1+ 1-— p2> (1/}_?,1) L2’1b2’2(.i'i, t_i)Il’Q
)/

—i—p ( ) L2 2b2 ! xz, IQ 1+ < 1-— pQ (]_ ;Lz) L2’2b2’2(.fi, 72)]212.
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If we replace L*', L*? and [ 1, I 2, I21, I with their open forms, we get the equa-
tion below:

) Az} Az

o= E) )+ (V) B )

+p? (% (% —~ 1) > (%, 1;) (Z > (%, m%))

=1

) (5 (ot s (o )

2

1 ) ) . .
1— p2> <2_}_LZ (AZZQ . Azil) b2 (g, 1) (Z b2’2<xi7ti)axl

=1

+< 1— 02)2 <% (% _ 1) bQ’Q(J?i,t_i) (Z 52’2()7?1‘,{1' i)) '

=1

Q
&N

Then, we apply the same procedure as presented in Section 4.3. In order to avoid
repetition, we continue with the numerical example of the multi-dimensional SDEs
with correlated Brownian motions.

4.6.1 Numerical Example of Multi-dimensional Stochastic Differential Equa-
tions for Correlated Brownian Motions

This subsection includes the implementation of the proposed methodology to multi-
dimensional stochastic processes inducing dependence and correlation. In order to
simulate the data set, the nested functions for simulating equity markets in MATLAB
are used. The simulated data set induces 1358 observations, i.e., roughly more than
four years of daily data.

The daily prices of six countries (Canada, France, Germany, Japan, UK and US) are
converted to returns. For simplicity, two simulated processes, France and UK, are
selected for the application of this part. The reason to select France and UK is having
a stronger relationship than the other equity index prices. Thus, we can predict one of
the process with the other process more accurately. The estimated correlation matrix
for France and UK is as follows:

R [ 1 08575
France, UK — 0.8575 1

The value 0.8575 shows that there is a strong correlation between those two processes.
The lower and upper Cholesky factors of the given correlation matrix is:

. T 0 1 0.8575
France, UK = | 8575 0.5145 | | 0 0.5145 |-
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After this we construct CMARS basis functions for each generated process. For
France, the following basis functions are obtained:

1/}1 = max {0, XFrance - 00329} y w2 = max {07 0.0329 — XF'r'ance} )

3 = max {0, Xyx — 0.0355}, 1y = max {0,0.0355 — Xy},
s = max {0, Xyx —0.0190}, g = max {0,0.0190 — Xy},
by = max {0, Xrranee — 0.0345} ,  thg = max {0,0.0345 — Xp,ance}
do = max{0, Xpx — 0.0250}, 1o = max {0,0.0250 — Xy} .

For UK, the basis functions are as follows:

1 = max {0, Xpx —0.0280}, by = max {0,0.0280 — Xyx},
v3 = max {0, Xrrance + 0.0768},  1hy = max {0, Xy — 0.0109}
s = max{0,0.0100 — Xyx}, g =max{0, Xyx — 0.0318},
¢r = max{0,0.0318 — Xyx}, s =max {0, Xrronce — 0.0049},
Yo = max{0,0.0049 — Xpyaneet, 1o = max {0, Xyx + 0.0559} .

There are 10 basis functions with main effects for each one of our processes. For this
two-dimensional SDE system, we generate parameters of the SDEs to find the best fit.

Finally, the performances of the proposed approximation with CMARS are calculated
according to well-known performance measures described in Appendix A. The results
of this application are summarized in Table 4.3.

Table 4.3: Evaluation of proposed approximation with well-known statistical mea-
sures.

Performance Measures | France Return | UK Return
R? 0.5324 0.5659
Adj-R? 0.5203 0.5398
MAE 0.0101 0.0077
MSE 0.0002 0.0001
PWI 0.9853 0.9801

By this numerical example, we are able to identify the parameters of the given corre-
lated stochastic processes with the help of our data mining method. This advance gives
knowledge and insight about stochastic processes.

The main concern of modeling stochastic processes is how to determine data values
and to forecast future values of the process based on available information in-between.
The special feature of stochastic processes such as stock prices or exchange rates are
changing over time. Furthermore, there may be several missing data or not available
data due to many reasons such as regular holidays for stock prices.

If already forecasted, anticipated, ““ideal” or “desired” future data are presumed [1],
then our methodology can be applied over such a future horizon. However, in this
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regard, future research will need to contribute to stochastic foundations of it in terms
of martingales and related concepts [S3]].

Nonparametric methods are very promising to estimate the parameters of stochastic
processes, because the functional forms of the processes are obtained without any as-
sumptions. For this reason, CMARS model is suggested to explain volatility or vari-
ance in stochastic process, and it has been successfully applied to finance data. By
CMARS technique and its functional form, not only the structure of the stochastic pro-
cess is specified fully, but also future values of the process can be estimated from them,
in the aforementioned sense and in future research.
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CHAPTER 5

PARAMETER IDENTIFICATION AND ESTIMATION OF
HURST PARAMETER OF STOCHASTIC DIFFERENTIAL
EQUATIONS DRIVEN BY FRACTIONAL BROWNIAN
MOTIONS USING CONIC MULTIVARIATE ADAPTIVE
REGRESSION SPLINES

5.1 Introduction

Fractional Brownian motions (fBm) is a widely used concept for modeling various
situations such as the level of water in a river, the temperature at a specific place, em-
pirical volatility of a stock, the price dynamics of electricity. That utilization appears
naturally in those phenomena because of its capability of explaining the dependence
structure in real-life observations. A main purpose of introducing the concept of an
fBm, (WtH ) >0 lies in a notion of random fluctuation of a time-continuous stochastic
processes, (X;),-,, Which is wider than that given by a Brownian motion (W}),,.
fact, the connection between (X}),, and (W}),-, or, in our case, (W) 1>o» 18 implied
by our model which is a SDE, where the (fractional) Brownian motion is a key com-
ponent in the second, actually, random or diffusion term. Since the (fractional) Brow-
nian motion fulfills certain axioms, it can be regarded as a formatted or normalized
random fluctuation; moreover, fBm is a continuous zero-mean Gaussian process with
stationary increments. Therefore, in the SDE a factor occurs in front of the differential
(fractional) Brownian term; that factor plays the role of volatility. The fBm is charac-
terized by a parameter, the so-called Hurst parameter /. A fBm with Hurst parameter
H > 1/2 is called a persistent process, i.e., the increments of this process are posi-
tively correlated. On the other hand, the increments of fBm with H < 1/2 are called
an anti-persistent process with increments being negatively correlated. For H = 1/2,
fBm corresponds to a Brownian motion which has independent increments. The fol-
lowing references are for more information on fBm and its applications [36, 43| 45].
We will estimate the Hurst parameter together with the model coefficients that will be
linearly involved in the representation of the entire SDE, to be more precise: in the
time-discrete approximation which we will study. This estimation will be based on
given data and supported by modern optimization techniques [[75]. In this chapter, the
aforementioned items will become represented more closely.

In
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It is highly important to identify the value of a Hurst parameter in order to understand
the structure of the process and its applications since the calculations dramatically dif-
fer according to the value of H. Therefore, some techniques have been developed
to estimate Hurst parameter which can be categorized into three groups; heuristics,
maximum-likelihood and wavelet-based estimators. In the group of heuristics estima-
tors, there is the so-called R/S estimator which was firstly proposed by Hurst [24]],
followed by the methods of correlogram, variogram, variance plot, and partial corre-
lations plot. Due to lack of accuracy of heuristics estimators, Maximum-Likelihood
(ML) estimators were developed. Being weakly consistent is the main disadvantage of
ML estimators. In parallel to ML estimators, wavelet-based estimators were suggested
because of the popularity of wavelet decomposition of fBm [[10} 154]].

In search of faster and efficient ways to estimate the Hurst parameter H, we suggest a
new numerical and computational method [[75]].

This chapter is organized as follows: In Section 5.2, we start with explaining the prop-
erties of our madel given as SDEs driven by fBm. In Section 5.3, we introduce the
method CMARS relating it to the Hurst parameter estimation of our model. In Section
5.4, we give an application of our study, in order to test the theory which we have
developed. Finally, we present a brief conclusion and a general outlook based on our
study.

5.2 Stochastic Differential Equations with Fractional Brownian Motions

SDEs generated by fBm are widely used to represent noisy and real-world problems.
They play an important role in many fields of science such as finance, physics, biotech-
nology and engineering. In this section, we briefly recall some concepts of fBm and
stochastic differential equations driven by fBm.

5.2.1 Fractional Brownian Motions

Let H be a constant in the interval (0,1). An fBm with Hurst parameter H, W :=
(WH);>0, is a continuous and centered Gaussian process with covariance function

1
EWHWH] = §(t2H + s — |t — 5|2,

We note that, for H = 1/2, fBm corresponds to a standard Brownian motion which
has independent increments. For a standard fBm, W

o Wi =0and E[]W/] = 0forallt > 0.

e W has homogenous increments, i.e., W/, — WX has the same law as W, for
all s,t > 0.

e W is a Gaussian process and E[(W/)?] = t* (¢ > 0), for all H € (0,1).
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e W has continuous trajectories.

The Hurst parameter H of fBm explains the dependency of data [[12, 43, 45]]. Indeed,
the correlation between increments for s,¢ > 0 can be obtained by

E[(W[H,) — WIYWH, = W] = B2 [(n + 1)27 + (n — 1)2 — 2n2M),

2

s

1 1 1 1 1 1 1 1 L
0 100 200 300 400 500 600 700 800 Qo0 1000

Figure 5.1: Sample paths of fBm with Hurst parameter values, //=0.3, 0.5, 0.8, simu-
lated by Cholesky method.

Observations with H > 1/2 have positively correlated increments and display long-
range dependence, while the observations with H < 1/2 have a negatively correlated
increments and display a short-range dependence structure. Figure 5.1 shows the paths
of fBm with different Hurst parameter values. While the Brownian motion case (i.e.,
H = 1/2) represents a “formatted” or normalized rondom fluctuation, with a conic
corridor of variance, given by time ¢ itself, the cases H > 1/2 (H < 1/2) mean some
kind of self-supporting and self-sustaining (or self-degrading, respectively) of the fBm
process in time t. Therefore, it is crucial to find the Hurst parameter of a stochastic
process for understanding various phenomena in diverse fields from engineering to fi-
nance. For example, it is observed that the prices of electricity in a liberated electricity
market have spikes which can be regarded as negatively correlated increments. This
phenomenon can be modeled by a SDE driven by a fBm with H < 1/2. On the other
hand, in financial markets, the prices of stocks usually display a long-range depen-
dence which can be explained by an SDE driven by a fBm with H > 1/2. In this
chapter, we concentrate on finding H for the stochastic processes which are the strong
solutions of SDEs with fBm. Hence, we first recall some fundamental properties of
them.
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5.2.2 Stochastic Differential Equations Driven by Fractional Brownian Motions

Suppose we have a stochastic process X = (X, : ¢ > 0), or (X;),, defined on a fil-
tered probability space (€2, F, (F;)i>0, P) which is the strong solution of the following
SDE:

dX; = a(t, X;)dt + b(t, X,)dW} . (5.1)

Here, a(t, X;) and b(t, X;) represent the drift and diffusion terms satisfying the condi-
tions of existence and uniqueness theorem for ¢ > (. Furthermore, the distribution of
the variable X is unknown because it depends on the functional form of the drift and
diffusion terms. Later, in Section [5.3.1] this variable is estimated by discretization of
SDE. For some classes of such SDEs, where the functions a(¢, X;) and b(¢, X;) obey
a certain, mostly easy analytical or model representation, the distribution of (X;),-,
is known, especially, by explicit solution formulas existing. In the possibly most fa-
mous cases of so-called geometric or arithmetic Brownian motion with H = 1/2,
standing for price or logarithmic price processes, solution formulas of initial value (or
terminal-value) problems of Eqn. are well-know, together with the probability
distribution of the variable X;. That distribution is usually expressed through its mean
and variance; in other cases, one knows moments (of some order) of the distribution
or data-based approximations of the moments [43]. We note that it is necessary to
have the integrator as a semi-martingale in the theory of stochastic integration. How-
ever, since fBm is not a semi-martingale, one should extend the usual settings as in the
definition of the It0 integral and define the integration with respect to fBm in a new
pathwise integration technique. Alos et al. [2] construct the theory of integration with
respect to general Gaussian proceses to overcome this obstacle [36} 45]].

There have been comprehensive studies on statistical inferences for processes satisfy-
ing SDEs driven by Brownian motion. However, the recent interest is on SDEs driven
by fBm since there have not been adequate studies on this topic. The purpose of this
chapter is to estimate the Hurst parameter of the following SDE with initial value
To € R:

dX, = a(t, X,)dt + b dW}H, X(0) = xo, (5.2)

by CMARS methodology, together with the spline coefficients. Let us note that the
b(t, X¢) = bterm in Eqn. (5.1)) is taken as a constant.

5.3 Estimation of Hurst Parameter Using Conic Multivariate Adaptive Regres-
sion Splines Method

In this section, as an alternative to the existing methods for estimation of the Hurst
parameter, CMARS and the proposed methodology on SDEs will be introduced [635,
/'7]. For that purpose, firstly, we present the methodology and show how to apply this
technique for finding the Hurst parameter of SDE defined in Eqn. (5.2).
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5.3.1 Discretization of Stochastic Differential Equations with Fractional Brow-
nian Motion

In general, the distribution of the stochastic process (X;),- is not known. Therefore,

the discretized version of the SDEs, Xi, should be simulated [29]. There are many
discretization schemes for the SDEs generated by fBm such as Euler and Milstein
scheme [15]]. In this chapter, Euler approximation is used since Milstein approximation
contains the derivatives of the diffusion term in Eqn. which is equal to 0. The
Euler approximation of the Eqn. (5.2) is:

For finitely many given data points (Z;, ;) (i = 1,2, ..., N), the symbolic form of the
approximation can be given as follows:

Ui = a(Zi, t;) + (T, 1) —— (5.4)

where Aw/! = w1, — w! is a centered Gaussian random variable, h; = ¢, — t; :=

At; represents step lengths and
T f i=1,2,., N —1

7

Y

INENDLf = N,

are the difference quotients raised on the ith data values (i = 1,2,..., N). A more
compact form of the Eqn. (5.4)) is defined by

yi = G; + Fye;, (5.5)
where G; = a(%;,1;), Fi := b(Z;,t;), and ¢; :== Aw! /h;. We note that Eqn. (5.5)
can be considered as an approximation of the problem. The expressions stated sub-

sequently until the end of Section 6.3 are described parametrically with respect to the
Hurst parameter . In Section 6.4, we shall specify it by numeric values.

5.3.2 Parameter Estimation of Coefficients and Hurst Parameter

To determine the unknown values in Eqn. (5.5), the following minimization problem
is constructed using some abbreviated notation of the approximation [56]:

N
minignize Z ||§1 — (Gi + Flcz) H; .
i=1

Here, 8 comprises all unknown parameters in the Euler approximation. To solve this
optimization problem and to give a smoother, regularized approximation to the data,
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we employ CMARS method which controls any high “variation” in the data. CMARS’
basis functions are gradually constructed for the approximation of GG; and F; with data

l_]i, 5> Uic = (%;,t;) according to the following approaches [77]:

dB
Gi=ao+ Y aBi(Uy), and Fe;=F+ Y BuCon(U
=1 =

Here, the forms of the basis functions are B,(U') = Hizl[sf,k - (:L’flk - TEL )]+ and

7™ — TT2 [C c c B c
Cn(Uc) = [T lsip - (@in — 7im)] 4. Here, we choose the numbers K" and K as
maximal, namely, as 2.

We construct the PRSS for our minimization problem in the following form:

PRSS := Z(i{i—(@ﬁﬂ@))ﬂ

ZAl DS / DB vl +

|a|=1 r<s

a=(o, az)T r,s€V]

Zum >y | nCa @] e 66

lar|=1 r<s
a=(o,00)T r,s€EVm

Here, the multipliers \;, u,, > 0 are smoothing parameters and they provide a trade-
off between both accuracy and complexity. To approximate two multi-dimensional
integrals in Eqn. , parallepipes QF = [a} 5,0 5] x [ab 5, 0h 5] = T[{, Q% 5
and QY = [a’{fc,b’fc} X [af'e, b5c] = HileZfC which encompass all our input
data are constructed. Then, the following discretization is applied for the first multi-
dimensional integral:

(N+1)?

/ af [D;ffsBl(UlB)rdU’B Sy Z S o [Da B/(U )r AU, ,
l i=1 Joe]=1 r<s

a=(a,a9)T T5€Vm

(N+1)2

= > () et =Ll

i=1

2
. (5.7
2

The same discretization is also applied for the second multi-dimensional integral in
Eqn. (5.6). For simplicity, we introduce PRSS in the following matrix-norm notation:

PRSS ~ Hi?al z HLfnﬁmHz , (5.8)
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where X — <X1,X2,...,XN> VA = (AT,AQT,...,AJTV) 0 = (af,8"), a =
(Oéo,Oél,OéQ, ...,OédB)T and ﬁ = (Bo,ﬁl,ﬁg, ...,5dc>T. MOI‘COVCI’, Gz + FiCi = 2‘0,

_ T _
forl = 1,2,..,d% LP = (Lﬁ,Lg,...,LB and for m = 1,2,....d° L

(N+1)21
T
(L?m, LS. .., LfNH)Qm) [771.

3Q

Using uniform penalization by taking the same A for each derivative term, the regular-
ized approximation problem of PRSS turns into a Tikhonov Regularization problem:

- _ 2 _
PRSS ~ HX—A9H2+AHL9||§. (5.9)

Here, \= X\ = ... = A\gs = 11 = ... = pigo,and Lisan (Mae + 1) X (Mypae + 1))-
diagonal matrix with first column Ly = 0(y41)2 and the other columns being the vec-
tors L?, LY, introduced above, where M, ., = d” + dC.

As we mentioned in previous chapters, Tikhonov Regularization problem can be solved
by a CQP program. In order to write the optimality condition for this problem, we
firstly reformulate our program as the subsequent primal problem [75, [77]:

minimize t,
t,0
O A t -X
such that x := + ;
1 0y 0 0
0nr,.. 41 L t 001,00 +1
n = + ;
0 0.0 Vil
x € LNt g [Mmast2, (5.10)

The dual problem to the latter problem is given by

maximize (iT, 0)w; + (O&Mﬁl, —V M) wa,

0y 1 Ofmwﬂ 0 1
[O35] + Wo — s
A" Oﬁlmax+1 L' 00,0041 Orrpnast1
wy € LN w, € [Mmast2, (5.11)

A primal-dual optimal solution (¢, 0, x,n, w1, ws) is obtained when the optimality
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conditions given in Eqn. (5.12) are satisfied:

0y A t -X
X = + ,
[ OMmax"l‘l 1_4 t 0MmagEJrl
n = + |,
0% 1 05{maz+1 0 1
3 w1 ‘I" B w2 — ,
AT 07]\14171(11“1’1 LT OMmaz“Fl OMmaz"Fl

w{x =0, wQTn =0,
wy € LN Wy € [Mmast2  y c [N ¢ [Mmaat2, (5.12)

5.4 A Numerical Application

In order to test the theory developed in the previous section, we start with simulating
the stochastic process for a fixed Hurst parameter /1 using Cholesky method [12].
Now, our aim is to estimate the exact value of this Hurst parameter of the simulated
data. We generate various stochastic processes which are the strong solution of SDEs
driven by fBm with different Hurst parameters. Next, we construct CMARS model
for each generated process to find the best fit. For the implementation of CMARS
algorithm, basis functions are built using Salford MARS software program [33] as in
[34,165]. The optimization problem given in Eqn. is solved by using IPMs via
the optimization software MOSEK [37, 41]. Finally, we examine the performances
of CMARS fits according to well-known performance measures. The steps described
above are applied for H=0.2, H=0.3, H=0.7 and H=0.8. The results of the applications
are summarized in Table 5.1 [73].

In the case of anti-persistent processes, namely, [/=0.2, H=0.3, the values of MAE and
MSE are lower and the values of R?, Adj-R? and PWI are higher than the values for the
other Hurst parameter values. Similar results are also obtained for the case of persistent
processes. Hence, this shows that according to performance measure criteria, the best
CMARS fit gives us the correct Hurst parameter value.

72



Table 5.1: CMARS performances for fBm generated by H=0.2, H=0.3, H=0.7, and
H=0.8.

Performance Measures
Hurst index | MAE MSE R* Adj-R* | PWI
H=0.1 0.8766 | 1.4827 | 0.0370 | -0.1651 | 1.0000
H = 0.2 *0.7480 | *0.9868 | *0.9739 | *0.9684 | 1.0000
H=0.3 0.8861 1.5266 | 0.0098 | -0.1979 | 1.0000
H=04 0.8770 | 1.4733 | 0.0430 | -0.1577 | 1.0000
H=05 0.8839 | 1.5201 | 0.0164 | -0.1900 | 1.0000
H=01 0.7138 | 09776 | 0.0679 | -0.1276 | 1.0000
H=02 0.7162 | 0.9901 | 0.0576 | -0.1401 | 1.0000
H =10.3 *0.2516 | *0.984 | *0.9699 | *0.9636 | 1.0000
H=04 0.6926 | 0.9387 | 0.1055 | -0.0821 | 1.0000
H=05 0.7053 | 09763 | 0.0697 | -0.1254 | 1.0000
H=05 0.7031 | 09719 | 0.2250 | 0.0623 | 1.0000
H =06 0.7048 | 0.9784 | 0.2198 | 0.0560 | 0.9898
H =0.7 *0.2602 | *0.9582 | *0.9182 | *0.9010 | 1.0000
H =038 0.7041 | 0.9506 | 0.2419 | 0.0828 | 1.0000
H=0.9 0.7081 | 0.9781 | 0.2200 | 0.0563 | 1.0000
H=05 0.6068 | 0.7841 | 0.3498 | 0.2133 | 1.0000
H=0.6 0.6359 | 0.8015 | 0.3345 | 0.1948 | 1.0000
H=0."7 0.6053 | 0.7389 | 0.3815 | 0.2517 | 1.0000
H = 0.8 *(0.0822 | *0.9883 | *0.9768 | *0.9720 | 1.0000
H=0.9 0.6006 | 0.7294 | 0.3894 | 0.2613 | 1.0000

* indicates better performance
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CHAPTER 6

CONCLUSION AND OUTLOOK

Recent developments in computer science provide environments in order to collect nu-
merous data from various sources. Data mining methods enable us to analyze data for
different purposes in many fields, such as science, economics, finance, environment,
engineering and energy. One of the modern methods of data mining, CMARS, has been
developed as an alternative to the backward stepwise part of the MARS algorithm [65].

CMARS is a parameter estimation method for regression and classification, which
simply involves regularization and employes continuous optimization. It constructs a
functional form of the model by using basis functions, which are a special form of
splines. In fact, our splines will be “discretely” nonsmooth, herewith reducing com-
plexity also. Then, it estimates coefficients of basis functions using CQP. The flexible,
adaptive nature of the CMARS modeling has led to a successful implementation on
various processes with nonlinear structure, e.g., in industrial engineering, image pro-
cessing and earthquake engineering [32, 165, [71]].

The success of the CMARS applications led to adapting the CMARS model into a wide
frame of advanced methods of statistics and applied mathematics. In the following
paragraphs, we summarize the refinements and extensions of the CMARS method to
identify and explore the connections between data mining and other applied sciences.

CGPLM, the first extension of CMARS, is become a very popular tool and shown to
be effective in many areas such as finance, actuarial science, medicine, etc. Embed-
ding our data mining methodology and optimization approach to GPLM is more recent
and its popularity in the finance community is increasing. The main reason for using
CMARS method here is that it is computationally fast and also overcomes some well-
known deficiencies of traditional methods. In this thesis, we have aimed to present how
the advantages and strengths of GPLM can be effectively combined with the compu-
tational power of data mining methods by incorporating CMARS and estimating all
the related unknown coefficients of GPLM by the CQP. As a future work, CGPLM
(with CMARS) can be applied to large data sets, e.g., related with the dynamics in the
financial sector, with many potential predictors and various other emerging application
areas.

In this thesis, the mean-shift outlier regression problem is newly represented as a CQP
and it achieved excellent numerical results with CMARS, compared with a new regu-
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larized, CQP supported approach by a linear model. These new methods can be applied
to a wide range of application areas, such as medical signal processing, quality analy-
sis and control in manufacturing, early warning systems in meteorology, ecology and
the financial sector, especially for a new view at the analysis and control of financial
“bubbles.”

SDEs play an important role in the many field of science, especially, in finance. These
equations, however, are usually hard to represent and resolve by a computer. In order
to identify them in a simplified manner, we aim to use CMARS method. CMARS
provides the opportunity for statistical inference of stochastic process parameters with
the help of basis functions. Especially for large sample size, our estimation procedure
based on special discretization and optimization techniques captures the behavior of
the stochastic process very well.

In this thesis, a parameter estimation procedure for SDEs is presented and imple-
mented. This procedure is based on a discretization of the SDEs and on the CMARS
algorithm. CMARS holds for a reasonable approach to nonparametrically estimate the
complete functional form of the deterministic drift and the diffusion term of a SDE by
identifying unknown parameters of these functions based on discretization of Milstein
approximation.

Differently from ODEs, SDEs incorporate random effects and they are computationally
expensive. In the case of multi-dimensional stochastic processes, strong solvers are
necessary to explore characteristics of systems. As introduced before, a main problem
in estimating parameters of SDEs is the structure of the stochastic processes that can
be of any distributional characteristics and any nonlinear and nonconvex form of the
underlying data set.

In this thesis, a parameter estimation procedure for multi-dimensional SDEs has been
presented and implemented. This procedure is based on a discretization of the SDEs by
using Milstein approximation and CMARS. In addition to them, using CQP programs
gives us the opportunity to benefit from well-structured convex optimization.

In this thesis, we particularly deal with the system case of SDEs driven by correlated
Brownian motions which are experienced in real-life problems of finance such as in
stochastic volatility and credit risk with stochastic interest. Moreover, implementations
of the given approaches to financial data are successfully demonstrated.

Our future work will proceed on the generalization of parameter estimation for the
multi-dimensional systems’ case with vectors of fractional Brownian motions, in the-
ory, methods and applications.

This thesis gives a new contribution to Hurst parameter estimation theory for the strong
solution of SDEs driven by fBms using CMARS technique. The main superiority of
our approach to the others is that it does not only estimate the Hurst parameter but also
finds spline parameters of the stochastic process. Furthermore, our representation of
financial and other processes is empowered by all the modeling and numerical advan-
tages of the CMARS. By this, a bridge has been offered between convex optimization
and Hurst parameter estimation theory.
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In present thesis, we follow a two-level approach with the determination of the pa-
rameters at the lower level, except for the Hurst-parameter which was chosen at the
following upper level. This approach can be regarded as a parametric optimization
[17, 27]. In future research, we will deepen and extend this approach by both more
model-free strategies (e.g., from statistics and data mining), especially, more model-
based ones, and with a comparison of them. The model-based approaches will be of a
more integrated mathematical nature and in the analytical line that we initiated in this
thesis.

As a future investigation, the results and achievements on SDEs, presented in Chapter
4 and 5, can be applied to new research and application areas for them such as biology
and medicine. By using the advantages of our new methodology based on CMARS and
optimization theory, real-world processes from the nature are able to model. Thus, this
extension in view of interest and application will be useful. Furthermore, we want to
compare the performance of our methodologies to other parameter estimation methods
of SDEs based on different stochastic processes.

The choice of the upper bound, M, in our CQP problems is based on an L-curve.
In future, the optimal value of M can be determined by an appropriate optimization-
based approach where M is included as a state or decision variable. Thus, our proposed
approaches based on a CQP problem can select a better model for us. For this purpose,
multi-objective approaches can be used.

One drawback of proposed methodologies is their computational speed. In our ap-
plications, preparation of the data sets, construction of the basis functions and dis-
cretizations of the given equations were made separately. This takes a lot of time. In
this respect, we are going to improve our coding and make a user-friendly tool for its
prospective users.
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APPENDIX A

Performance Measures Used in Comparisons

The performance measures with their general notations are presented as follows:

Mean Absolute Error (MAE): MAE is the average magnitude of the error; it is defined
by

where 7; is ith observed response value and ; is ith fitted response value and N is the
number of observations. The smaller value for this measure gives the better model.

Mean Square Error (MSE): MSE is defined as

1 .
MSE = ——> (4 — %)%
i

where p is the number of terms in the model. The MSE represents an unbiased estimate
of the error variance, and it depends on both the residual and number of predictive
variables. Similar to the MAE, smaller values for the RMSE indicate a better model.

Multiple Coefficient of Determination (R?): R? is a coefficient of determination. As
the R? values become higher, a better fit is obtained for the model. The formulation of
R? is as follows:

SN G-

Adjusted R®> (Adj-R?*): This value is used to compute the number of predictors in
the model. It is useful for comparing models with different numbers of independent
variables. The higher the Adj-R? value is, the better the model fits the data. The
formula is:

N -1

Adj—R*=1-(1-R})———
dj— R ( R)N—p—l’
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where N —p — 1 # 0.

Percentage of Residuals within Three Standard Deviation of Mean (PWI): PWI is
obtained by the sum of indicator variables over all observations divided by the to-
tal number of observations. The indicator variables take the value of 1 if the abso-
lute value of the difference between the actual and predicted response is within some

user-specified thresholds. In this thesis, 3 standard deviations of mean are used as a
threshold.

86



CURRICULUM VITAE

PERSONAL INFORMATION

Surname, Name: Yerlikaya-Ozkurt, Fatma
Nationality: Turkish

Date and Place of Birth: 1983, Igdir
E-mail: fatmayerlikaya@ gmail.com

EDUCATION
Degree Institution Year of Graduation
M.S. Scientific Computing, IAM, METU 2008
B.S. Department of Mathematics, Ankara University 2005

AWARDS AND SCHOLARSHIPS

METU Best MSc. Thesis Award Winner, A New Contribution to Nonlinear Robust Re-
gression and Classification with MARS and Its Application to Data Mining for Quality
Control in Manufacturing (May 27, 2009).

TUBITAK higher education scholarship for MSc. Degree (2006-2008).
TUBITAK higher education scholarship for PhD. Degree (2008-2013).

PROFESSIONAL EXPERIENCE

Year Place Enrollment
2013- Aerospace Industries Project consultant
2007-2009 Department of Industrial Engineering Project assistance

87



PUBLICATIONS

Books/Chapters in a book

F. Yerlikaya-Ozkurt, I. Batmaz and G. W. Weber, A review of conic multivariate adap-
tive regression splines (CMARS): a powerful tool for predictive data mining, chapter
in book, Springer volume Modeling, Optimization, Dynamics and Bioeconomy, series
Springer Proceedings in Mathematics, D. Zilberman and A. Pinto, eds., 2013.

Papers/Conference Proceedings

P. Taylan, G. W. Weber and F. Yerlikaya-Ozkurt, Continuous optimization applied in
MARS for modern applications in finance, science and technology, ISI Proceedings of
20th Mini-EURO Conference Continuous Optimization and Knowledge-Based Tech-
nologies (Neringa, Lithuania, May 20-23, 2008) 317-322.

P. Taylan, G. W. Weber and F. Yerlikaya-Ozkurt, A new approach to multivariate adap-
tive regression splines by using Tikhonov regularization and continuous optimization,
TOP (the Operational Research journal of SEIO (Spanish Statistics and Operations
Research Society)) 18, 2010, pp. 377-395.

I. Batmaz, F. Yerlikaya—Ozkurt, E. Kartal-Kog, G. Koksal and G. W. Weber, Evaluating
the CMARS performance for modeling nonlinearities, in the Proceedings of the 3rd

Global Conference on Power Control and Optimization, Gold Coast (Australia), 1239,
2010, pp. 351-357.

P. Taylan, G. W. Weber, L. Liu and F. Yerlikaya-Ozkurt, On foundations of param-
eter estimation for generalized partial linear models with B-splines and continuous
optimization, Computers and Mathematics with Applications (CAMWA) 60, 1, 2010,
pp-134-143.

O. Sezgin-Alp, E. Biiyiikbebeci, A. Iscanoglu-Cekic, F. Yerlikaya-Ozkurt, P. Taylan
and G. W. Weber, -CMARS and GAM and CQP- modern optimization methods ap-

plied to international credit default prediction, Journal of Computational and Applied
Mathematics (JCAM) 235, 2011, pp. 4639-4651.

G. W. Weber, 1. Batmaz, G. Koksal, P. Taylan and F. Yerlikaya—@zkurt, CMARS: A new
contribution to nonparametric regression with multivariate adaptive regression splines

supported by continuous optimization, Inverse Problems in Science and Engineering,
20, 3, 2012, pp. 371-400.

P. Taylan, F. Yerlikaya-Ozkurt and G. W. Weber, An approach to mean shift outlier

model (MSOM) by Tikhonov regularization and conic programming, Intelligent Data
Analysis, 18, 2014, pp. 79-94 .

F. Yerlikaya—Ozkurt, C. Vardar-Acar, Y. Yolcu-Okur and G. W. Weber, Estimation
of Hurst parameter of fractional Brownian motion using CMARS method, Journal of

88



Computational and Applied Mathematics, 259, 2014, pp. 843-850.

F. Yerlikaya-Ozkurt, A. Askan and G. W. Weber, An alternative approach to ground

motion prediction problem by a nonparametric adaptive regression method, Engineer-
ing Optimization, 2013. (DOI: 10.1080/0305215X.2013.858141)

TECHNICAL PRESENTATIONS

F. Yerlikaya-Ozkurt, A. Askan and G. W. Weber, A Novel Nonparametric Adaptive
Regression Methodology for Ground Motion Prediction, EURO XXVI 2013 EURO-
INFORMS Joint International Conference, Rome, Italy, July 1-4, 2013.

F. Yerlikaya-()zkurt, C. Vardar-Acar, Y. Yolcu-Okur, and G. W. Weber, Estimation of
Hurst Parameter of Fractional Brownian Motion Using CMARS Method, International
Conference on Applied and Computational Mathematics Ankara, Turkey, October 3-6,
2012.

F. Yerlikaya—Ozkurt and G. W. Weber, Estimation of Multi-dimensional Stochastic Dif-
ferential Equations with CMARS Method, EURO XXV 2012, Vilnius, Lithuania, July
8-11, 2012.

F. Yerlikaya-Ozkurt, P. Taylan and G. W. Weber, Mean Shift Outlier Model with
MARS and Continuous Optimization, IFORS 2011, Melbourne, Australia, July 10-
15, 2011.

F. Yerlikaya—Ozkurt, P. Taylan and G. W. Weber, CMARS Method for Stochastic Dif-
ferential Equations, OR 2011 Zurich, August 30 - September 2, 2011, Zurich, Switzer-
land.

F. Yerlikaya-Ozkurt, P. Taylan and G. W. Weber, Parameter Estimation for Semipara-
metric Models with CMARS and Its Applications, EURO XXIV 2010, Lisbon, Portu-
gal, July 11-14, 2010.

P. Taylan, F. Yerlikaya-Ozkurt and G. W. Weber, A New Contribution to Mean Shift
Outlier Model with Continuous Optimization, EURO XXIV 2010, Lisbon, Portugal,
July 11-14, 2010.

F. Yerlikaya-Ozkurt, G. W. Weber and P. Taylan, Parameter Estimation for Semipara-
metric Models with CMARS and Its Applications, Sth International Summer School
Achievements and Applications of Contemporary Informatics, Mathematics and Physics,
National University of Technology of the Ukraine, Kiev, Ukraine, August 3-15, 2010.

F. Yerlikaya-Ozkurt, P. Taylan, I. Batmaz, G. Koksal and G. W. Weber, A Modifi-
cation of MARS by Tikhonov Regularization and Conic Quadratic Programming for
Modeling Quality Data, EURO XXIII 2009, Bonn, Germany, July 5-8, 2009.

F. Yerlikaya-Ozkurt, G. W. Weber and A. Ozmen, Robustification of CMARS, 14th In-
ternational Congress on Computational and Applied Mathematics (ICCAM), Antalya,

89



Turkey, September 29 - October 2, 2009.

F. Yerlikaya—@zkurt, G. W. Weber, P. Taylan, I. Batmaz and G. Koksal, CMARS ile
Dogrusal Olmayan Veri Yapilarinin Modellenmesi, YA/EM’09: Y6neylem Arastirmast
ve Endiistri Miihendisligi 29. Ulusal Kongresi. Ankara, Tiirkiye, 22-24 Haziran, 2009.
94. CDROM.

F. Yerlikaya, G. W. Weber, P. Taylan, I. Batmaz and G. Koksal, MARS Algorit-
masinda Tikhonov Diizenlemesi ve Cok Amagli Optimizasyon Kullanimi, YA/EM’08:

Yoneylem Arastirmasi ve Endiistri Miihendisligi 28. Ulusal Kongresi. Istanbul, Tiirkiye,
30 Haziran-2 Temmuz, 2008. CDROM.

MEMBERSHIP IN PROFESSIONAL SOCIETIES

EURO - Association of European Operational Research Societies
EUROPT - The Continuous Optimization Working Group of EURO
SIAM - Society of Industrial and Applied Mathematics

YA/EM - Yoneylem Arastirmasi ve Endiistri Miihendisligi

90



	ABSTRACT
	ÖZ
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	LIST OF FIGURES
	LIST OF TABLES
	LIST OF ABBREVIATIONS
	CHAPTERS
	INTRODUCTION
	The Conic Multivariate Adaptive Regression Splines Method
	Applications of Conic Multivariate Adaptive Regression Splines and Comparison with Other Data Mining Methods
	Extensions and Advances on Conic Multivariate Adaptive Regression Splines

	CONIC GENERALIZED PARTIAL LINEAR MODELS WITH CONIC MULTIVARIATE ADAPTIVE REGRESSION SPLINES
	Introduction
	Generalized Linear Models
	Generalized Partial Linear Models

	Conic Generalized Partial Linear Models
	Estimation Procedure for Conic Generalized Partial Linear Models

	Application and Results

	OUTLIER IDENTIFICATION WITH CONIC MULTIVARIATE ADAPTIVE REGRESSION SPLINES
	Introduction
	Outlier Identification Methods for Linear Models
	Mean-Shift Outlier Model

	Alternative Approach for Mean-Shift Outlier Model with Tikhonov Regularization and Conic Quadratic Programming
	Improvements on Conic Mean-Shift Outlier Model with Conic Multivariate Adaptive Regression Splines
	Numerical Performance Comparisons of LM, MSOM, CMSOM and CMARS-MSOM
	Data Sets
	Applications and Results

	Concluding Remarks

	PARAMETER IDENTIFICATION OF STOCHASTIC DIFFERENTIAL EQUATIONS BY CONIC MULTIVARIATE ADAPTIVE REGRESSION SPLINES
	Introduction
	One-dimensional Stochastic Differential Equations
	Parameter Identification of One-dimensional Stochastic Differential Equations with Conic Multivariate Adaptive Regression Splines
	Discretization of One-dimensional Stochastic Differential Equations
	Construction of the Minimization Problem for the Parameter Estimation of One-dimensional Stochastic Differential Equations
	Parameter Estimation of One-dimensional Stochastic Differential Equations using Conic Multivariate Adaptive Regression Splines
	Construction of the Penalized Residual Sum of Squares Problem
	Construction of the Conic Quadratic Programming Problem

	Applications and Results of One-dimensional Stochastic Differential Equations
	Conclusion and Outlook for of One-dimensional Stochastic Differential Equations

	Parameter Identification of Multi-dimensional Stochastic Differential Equations with Conic Multivariate Adaptive Regression Splines
	Multi-dimensional Stochastic Differential Equations
	Numerical Example of Multi-dimensional Stochastic Differential Equations

	Multi-dimensional Stochastic Differential Equations for Correlated Brownian Motions
	Numerical Example of Multi-dimensional Stochastic Differential Equations for Correlated Brownian Motions


	PARAMETER IDENTIFICATION AND ESTIMATION OF HURST PARAMETER OF STOCHASTIC DIFFERENTIAL EQUATIONS DRIVEN BY FRACTIONAL BROWNIAN MOTIONS USING CONIC MULTIVARIATE ADAPTIVE REGRESSION SPLINES
	Introduction
	Stochastic Differential Equations with Fractional Brownian Motions
	Fractional Brownian Motions
	Stochastic Differential Equations Driven by Fractional Brownian Motions

	Estimation of Hurst Parameter Using Conic Multivariate Adaptive Regression Splines Method
	Discretization of Stochastic Differential Equations with Fractional Brownian Motion
	Parameter Estimation of Coefficients and Hurst Parameter

	A Numerical Application

	CONCLUSION AND OUTLOOK
	REFERENCES
	APPENDICES
	Performance Measures Used in Comparisons
	CURRICULUM VITAE

