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Abstract 
Data is the foundation of the Information Age. Knowing how to perform proper data analysis is 
essential and unavoidable for most companies today because it gives meaning to meaningless 
numbers and shows the hidden insights of information behaviour. From this perspective, change-
point analysis is one of the most interesting and crucial fields, as it studies change detection in data 
structures and the way these changes affect underlying relationships. 
Change-point analysis has a considerably long history. However, the biggest part of the proposed 
techniques in this field are designed with a number of model restrictions, which significantly 
reduces the number of possible applications. In this Dissertation, we aim to study and develop 
robust approaches to solve the change detection problem in high-dimensional predictive 
structures. In Essay I, we develop a technique that allows to estimate the unknown number of 
changes in large datasets under normality assumptions. The proposed approach, called PSA 
(Parametric Splitting Algorithm), appears to be considerably accurate and efficient. 
In Essay II, we study away to extend the PSA method to nonparametric settings and test it with 
different artificial datasets. We describe this extension as the new algorithm NSA (Nonparametric 
Splitting Algorithm), which solves the change detection problem in a robust manner. 
In Essay III, we continue considering the same problem and present the new method NDP 
(Nonparametric Dynamic Programming) along with the proofs of its consistency. We test NDP 
against NSA and other baselines and conclude that, although NDP has a higher accuracy, NSA is 
still more preferred due to its computational efficiency. Finally, we apply NSA to news analytics to 
study the financial crisis of 2006–2009. 
Taken all together, the Essays in this Dissertation present the continuous development of the ideas 
towards finding a robust solution for structural changepoint detection problems in predictive 
relationships. 

Keywords data analysis, structural change, time-series, predictive relationships 
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Preface

"I will never come back to Finland".
"I will always hate statistics".
"Economics is not a real science".

These were my actual words in the year 2013. Five years later, I’m defending
a PhD in Economics dealing with statistics at Aalto University, Finland. Little
did I know that my views would change that drastically. Indeed, change-point
analysis is crucial not only with respect to numerical data, but with respect to
our lives as well.

All these life-shifting changes would have never happened without the peo-
ple by whom I’ve been surrounded for the last four years. People like Pekka
Malo. Pekka, being the most supportive supervisor one could ever wish for, has
taught me to never give up on my dreams and goals. Together with Pauliina
Ilmonen, another outstanding supervisor I was happy to have guiding me, they
not only helped me to become a better scientist but also made me feel welcomed
in Finnish society.

This Dissertation would have never seen the light of day without help from the
person who has been a constant inspiration through my whole life – my mother.
Mom, you have been there for me during my first steps as a child and my first
steps as a scientist. Thank you.

I would also like to thank people who taught me to see the beauty of science
while I was studying at the National Research Nuclear University MEPhI. These
people are Valerii Galkin and Sergey Ermakov (heads of the Applied Mathemat-
ics Department at the time of my studies). Additionally, with the help of my
former supervisor, Andrei Andrianov, I realized that scientific research can be a
fruitful process that lets you enjoy your work.

A bunch who deserves a special place in this preface are my friends. Not only
because I love them, but because they won’t talk to me if I am not to mention

1



Preface

them here. Anton Frantsev, thanks for making my days in Academia full of fun
and joy. Victoria Budarina, as you have always believed in me, I will always
believe in you and our friendship, which began when we were only six years
old. And of course my dearest friends and sisters, Nina Gorskikh and Galina
Gorskikh: your hard-working nature has always been an inspiration for me.

I am a truly lucky person as at the beginning of my path towards this achieve-
ment I have met the best person of my life – my beloved husband Pavel Selezniov.
Thank you for your support, your love, and your patience. I will always cherish
it. This Dissertation is yours as well.

Helsinki, October 31, 2018,

Olga Gorskikh
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1. Introduction

1.1 Background

What is a change? How changeable is our world? In general, we call a change
a situation when the state of something becomes different from its previous
form. Today, we live in an Information Age when a large amount of various data
(called big data) is publicly available and could be analysed. Moreover, it should
be analyzed for a better understanding of phenomena surrounding us.

The data are usually coming every week, day, hour, second, and even more
often. Hence, they are usually time-dependent, and it may be wrong to assume
that the underlying trends always remain the same. This means that we need
to take into account the changeability of data during analysis. Talking more
precisely about the trends, in the current work, we consider structural change
analysis in the context of linear models.

A linear model (also called a linear regression) is a model that assumes a linear
relationship between the independent and dependent variables. Originally,
linear regression was developed in the field of statistics, but the machine learning
community quickly adopted it. It has become widely popular not only because of
its simple representation but also because it usually allows to easily interpret
the results.

Learning a linear regression model means estimating the model coefficients
based on available data. In ordinary linear regression, the estimation is based
on minimizing the sum of squared errors. However, there exist also many other
techniques to do this. These are primarily concerned with minimizing some
well-defined empirical loss function. The choice of loss function usually depends
on the application and the underlying distributions. Knowing model coefficients
(or weights), it becomes possible to predict the output based on the input data.
Hence, their estimation is the initial objective of such a learning process. A
general scheme is presented in Figure 1.1. Here, the data are observed daily, and
the first variable is assumed to be dependent on other variables. The final aim
of the learning algorithm is to identify model weights such that the predicted
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values are as close to observed as possible.

Figure 1.1. General scheme of a learning process for a linear regression.

However, as mentioned above, we rarely assume that the dependencies within
the data remain the same over time. Thus, it is crucial to study the changeable
nature of linear models, which, in the current setup, means that regression
weights should be considered not as constants but as functions of time. Looking
at the problem from such an angle allows us not only to reduce prediction loss but
also to understand the behaviour of each variable’s contribution to the outcome.
Moreover, it also allows us to find out when the changes occurred, which gives
better understanding of the process being observed.

As an example, one might consider the following problem. Assume we have
the dataset containing average annual prices of gun bullets per kilogram and
demand values for those during the period 1900:1 to 2000:1 in Western Europe.
If we try to build a single linear model according to which the demand is a
variable dependent on price, the prediction loss will be considerably high. At
the same time, if we take into account some historical facts, i.e. hostilities in
the first half of the twentieth century, and split the dataset into at least three
segments (divided by, e.g., 1938:1 and 1945:5), we may decrease the prediction
loss by assessing the models for each segment separately. This example is a
stylized illustration of how the data structure can be influenced by some external
events and, thus, how relevant it is to allow for structural changes to take place
in considered models.

The field of change-point analysis is quite wide, as there are plenty of different
ways to determine a change in statistics. Hence, first of all, we need to define
which type of changes are studied in this research. Let us consider the following
situation. Assume, we have a dataset with 60 observations on two variables (see
Figure 1.2), and additionally, one variable is strongly dependent on the other.

Figure 1.2. Example dataset.
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The aim is to estimate the exact underlying linear model so that the prediction
loss is minimised. If we run the learning process for the whole dataset (Figure
1.3.A), then the model fits the data considerably badly, since the loss is large
(grey shaded area). However, if we take into account that at t = 21 the model has
changed and run the estimation for two segments separately (Figure 1.3.B,C), we
see that two models describe the given dataset much better than a single model.
However, usually we do not have a prior knowledge regarding the number of
models to consider and the locations of occurred changes.

Figure 1.3. Linear model estimation example.

1.2 Objectives and research problem

Given the aforementioned background, this thesis is devoted to the development
of techniques for structural change detection that are accurate not only under
the usual normality assumptions, but also under the presence of noise and heavy-
tailed error distributions. It is important to emphasize that the coefficients are
assumed to be piecewise-constant functions of time. This enables us to clearly
define the so-called structural change-points, i.e. points separating regimes with
different underlying structures (different coefficients). Today, the ability to
detect whether the data have such points or not is of considerable importance,
since in most cases practitioners are unable to establish a regression model for
some observed datasets before the introduction of a change-point hypothesis into
the regression study. Indeed, after the switching regression study was addressed
in a statistical analysis, the prediction accuracy of some previously poorly fitted
models was improved. However, most of the methods introduced in earlier
literature were designed for normally distributed data (or data driven from
some known distribution) without outliers, while real world datasets usually
do not meet these requirements. Thereby, conducting change-point analysis
along with estimation of corresponding linear models for nonparametric data
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in a noisy environment becomes a relevant problem, which is addressed in the
current thesis.

According to the stated research problem, the objectives of this thesis are
summarized as follows.

Figure 1.4. Objectives of the current thesis.

• The first objective is to develop a nonparametric change-point detection algo-
rithm that enables processing of data with a large amount of outliers in order
to identify not only the locations of changes but a set of corresponding linear
models as well.

• The second objective is to show the consistency of the proposed methods.

• The third objective is to conduct a large simulation study to test the finite
sample properties of the introduced algorithms under different conditions
along with a comparison to existing and widely used techniques in the same
field.

• The last objective is to evaluate the performance of the developed methods in
real-world applications. As an example, we consider a financial news analytics
case where the aim is to find how different news events affect stock prices of
banks and how the dependencies between the events and the returns have
changed over time.

With the objectives stated above, this thesis focuses on deep understanding
of the previous work in the field of change-point analysis, more precisely, on
structuring and classifying known methods not only for the stated narrow
problem but also for closely related problems from the same family. Overall, the
core objective of this work is to develop a new algorithm for structural change-
point analysis (see Figure 1.4), while other objectives are designed to prove its
novelty, applicability, efficiency and robustness.

12



2. Change-point analysis

2.1 Problem setup

As stated in Section 1, this thesis deals with the structural change detection
problem in a context of linear regression models. Assume we have observations
yt ∈Rq, xt ∈Rp over time t = 1, ..., N, which follow the linear model

yt = x′tβ(t)+εt

where εt ∈Rd stands for the model noise, and β is a p×d-dimensional piecewise-
constant function, i.e. β(t) ∈Rp×d is a weight matrix for every t. A change point
is defined as a time instant t̂ where β shifts. More precisely, a set of points
separating sequential regimes is a set of change points of the model. The overall
objective of change-point analysis is to identify the locations of break points
and to estimate the models’ weights at each of the stable periods. Although
change-point analysis has a comparatively long history (the first method in this
field was developed in 1954 [28]), there are still some cases, which have not been
paid appropriate attention.

Consider the following example. Assume the dataset has one dependent
variable (q = 1) and two predictive variables (p = 2), and the contributions of the
latter to the outcome are described by the weight function presented in Figure
2.1. As it may be clearly concluded from the graph, there are several exact points
separating constancy intervals. Specifically, for the first variable, it is t̂1 = 2,
while for the second, there is a set of such points (t̂2 = 3, t̂3 = 5). According to
the definition of a change point, the locations of exact breaks correspond to the
found points dividing the weight function. In this particular example, the data
model has three breakpoints at time stamps t̂1 = 2, t̂2 = 3 and t̂3 = 5. At the same
time, judging by the weight function, we may conclude that the first variable
has a significantly larger impact on the predicted value, and its contribution
appears to grow from one regime to another as a function of time.

The setup of the problem considered in the current thesis has some specific
assumptions and requirements presented below.
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Figure 2.1. Piecewise-constant function of two-dimensional weight vector.

• N, p might be very large. As far as we want to adjust the conditions to today’s
needs, we have to take into account that high-dimensional data analysis is of
a high relevance these days. This problem in statistical analysis is also known
as the so-called curse of dimensionality [41]. This requirement is rarely met in
change-point literature since it has arisen very recently, and it demands the
methods to be computationally efficient.

• β is a sparse piecewise-constant function. This means that although we have
many independent variables, a wide range of them does not contribute to the
outcome. This requirement reflects real-world data models, as usually not all
the factors (and even a very small amount of them) have a significant impact.

• εt does not follow any particular distribution. This assumption is often called
“nonparametricity” (and the corresponding methods are said to be nonparamet-
ric) because we do not know any parameters of the εt distribution and do not
even make any assumptions regarding its nature.

• The dataset has a considerably large amount of outliers. As we already
mentioned, we are aiming to model a situation which reflects real-world data
behaviour, which in turn means that the observed variables unavoidably have
to contain some noise.

• The number of changes in the dataset is unknown. This requirement is
natural, as the goal of the whole procedure is to analyse the data to find out its
inner structure and dependencies, and this does not imply any prior knowledge
about it.

2.2 Use of energy distance in structural change detection

Our research progresses in order of increasing difficulty before considering
the fully nonparametric setup with a heavy-tailed error distribution and the
presence of outliers. Therefore, to gain insight on the problem, we start by
considering a change detection problem where εt are assumed to be normally
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distributed. The initially proposed parametric approach (called PSA - Parametric
Splitting Algorithm [PI]) involves the usage of the Chow Test [11]. The idea
behind the method is the following: we split the time-series into consequential
regimes, then compare them with the Chow Test in order to detect which regimes
have differences in structure. Thus, we may narrow down the search to change
regions instead of suspecting every point to be a turning one. Under normality
assumptions and the absence of noise, PSA shows a high level of accuracy and
efficiency.

However, while developing any statistical method, one should take into account
that the fewer assumptions we have about the data, the more applicable the
developed approach becomes. First of all, we would like to get rid of the normality
assumption on the model noise, which is impossible if we leave the Chow Test
in the procedure. To solve this issue, we introduce energy distance [39] into the
analysis. Energy distance is a metric that measures the distance between the
distributions of random vectors. Based on it, we build a new nonparametric
change-point test NPT [PII] to replace the Chow Test. The main benefit of NPT is
its independence from any parametric assumptions on the data. Consequentially,
this leads to development of a new heuristic method called the Nonparametric
Splitting Algorithm (NSA) based on PSA. The method works by dividing the
dataset into smaller parts in order to narrow down the search area of potential
change points. The main features of the NSA are:

• The nonparametricity requirement is achieved by using the NPT test [PII] and
L1-based estimation of the models. The idea of NPT is to test the hypothesis
according to which two sets are identically distributed based on the energy
distance. We apply this approach to differently permuted sets of residuals
of the observed periods. Simulation study shows that NSA performs com-
paratively well when the underlying data distributions are non-normal, even
when the amount of outliers is considerably large. Other techniques, such as
[4],[31],[PI], appear to be not so robust under the same conditions.

• The sparsity of the β function is addressed by introducing a variable selection
step. Data preprocessing is performed at the first stage of the computations:
more precisely, cleaning equally segmented data from the variables, which
do not have a contribution to the outcome. This becomes possible by using a
Lasso-like regularization algorithm [40]. It is important to highlight that this
approach reduces the amount of data to be processed and, therefore, leads to a
decrease in the method complexity.

• The efficiency of the algorithm is achieved not only by a variable selection
feature but also by using a division (splitting) procedure allowing to omit excess
operations and thus to reduce computational costs. Instead of considering every
point to be a possible change point, we consider only the regions of possible
structure breaks. This feature is essential since in the current research
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we aim to analyze high-dimensional data, which normally requires efficient
techniques.

• The accuracy of NSA is shown to be considerably high in a large simulation
study. Even though we consider a change point to be correctly detected if it
was precisely identified, NSA performs quite well under various conditions
(different distributions, amount of outliers, etc.).

Furthermore, since NSA is a heuristic algorithm, we additionally propose a
theoretically more solid approach, called NDP (Nonparametric Dynamic Algo-
rithm). NDP uses the same nonparametric test NPT, but its main idea is to
systematically explore the change locations in order to minimize prediction loss.
The tests show that the accuracy of NDP is comparatively higher than of NSA,
but it is very heavy computationally, which makes NSA preferable for large
datasets.

However, these two methods of analysis have a number of limitations. First
of all, we assume that the distance between two change points should not be
smaller than some pre-determined value (which is a parameter of the algorithm).
Additionally, we require the changes not to occur close to the beginning and
to the end of the observed period. Such assumptions are dictated by the fact
that learning algorithms for linear regression require some exact amount of
observations (depending on the amount of variables) to fit the model well.

In summary, although NDP and NSA techniques have some restrictions, they
meet all the requirements of the stated problem. Additionally, during a large
simulation study, the methods are proven to be robust and accurate in compari-
son with other known approaches in the field of structural change-point analysis.
And finally, NSA appears to be much more efficient and, hence, more applicable
than NDP, which is obvious from its design.

2.3 Overview of the literature

Change-point analysis literature has a very wide range of different variations of
problem formulation, from univariate to multivariate, parametric to nonpara-
metric, structural to distributional, etc. As was already mentioned above, the
first study in this field was conducted in 1954 [28]. The author introduced a
method called CUSUM (coming from CUmulative SUMs of residuals), enabling
to detect changes in the mean of a sequence of independent variables. This
approach was also used in [12] but applied to cumulative sums of recursive
residuals.

Since the family of change-point methods is comparatively large, it is appro-
priate to classify the existing techniques in this field and further analyse those.
A general classification scheme is presented in Figure 2.2. Initially, any specific
problem in a change-point analysis might be characterized by dimensionality,
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parametricity and the model the data are assumed to follow. Let us consider
some relevant examples of each of the presented cases.

Figure 2.2. Classification of change-point detection methods.

2.3.1 Parametric techniques

The largest part of all methods in the scope of change-point analysis is designed
for parametric tasks. This type of problems implies some prior knowledge on the
data distributions, which significantly narrows down the applicability of such
techniques in practice.

For a univariate case, Harchaoui and Lévy-Leduc [16] introduced an approach
to detect changes in one-dimensional piecewise-constant signals. Based on a
least absolute squared shrinkage estimator (widely known as Lasso [40]), it
presents a sub-quadratic change-point identification algorithm, which is called
LS-TV (Least-Squares with Total Variation penalty). Lebarbier [21] also studied
one-dimensional signals in order to detect the changes in the mean of a sequence.
The author proposed an estimator using a penalized least-squares criterion,
which allows to choose the best least-squares estimator for the data. In turn,
a penalty function is constructed by automated calibration, since initially it
depends on unknown constants. One more method dealing with changes in the
mean of random processes is presented by Lavielle and Moulines [20]. This
study includes a least-squares estimate like previously mentioned techniques,
and additionally, it contains a generalization of fluctuating normalized partial
sums, which is further used for consistency and convergence proofs. All these
methods are examples of distributional change-point analysis.

On the other hand, Davis et al. [1] considered changes in non-stationary
time series, assuming to follow a parametric nonlinear model. The principle of
minimum description length (MDL) was adopted for simultaneous estimation of
the number of breaks, their locations and a set of corresponding models. The best
timeline partition is selected by MDL minimization, which in turn is performed
by a genetic algorithm.

In addition to classical approaches to the switching models, some authors

17



Change-point analysis

propose the solution of such problems from a Bayesian point of view. For ex-
ample, Barry and Hartigan [7] used a posterior distribution for different time
stamps being change points as well as for the number of those applied to the
sequences of independent observations. The objective of the approach focuses on
examining the differences between the parameters of the distributions within
the data. Based on this technique, Erdman and Emerson [13] developed an R
package called ‘bcp’, which allows to perform estimation of change points of the
mean in a time series. At the same time, Ruggieri [34] introduced a (batch)
Bayesian Change Point algorithm to analyse response trends in predictive linear
regression models, which was further enhanced and transformed by Ruggieri
and Antonellis [35] to a sequential form.

Detection of structural breaks in predictive relationships might be viewed
from a different angle, if one wants to split the data not into parts ordered in
time but into parts depending on the variables’ values. This means that the aim
of such problems is to divide the variable’s range space, not the time space (as in
the current thesis). Among recent examples there is Hastie and Wang [9], who
introduced a tree-based varying coefficient technique using regression trees as
the base learner and boosting to improve predictive performance. Additionally,
Burgin and Ritschard [8] developed an R package ‘vcrpart’ containing the method
based on recursive partitioning for varying coefficient generalized linear models
and ordinal linear mixed models.

Attempting to analyse high-dimensional time series from a multiple change-
point detection point of view, Cho and Fryzlewicz [10] proposed a Sparsified
Binary Segmentation method (SBS), which is a combination of CUSUM statistics
[28] and cross-periodograms of the components of the input. The approach was
designed for segmenting second-order structures.

A significant contribution in the field of analysing changes in time-dependent
linear regression coefficients was proposed by Bai and Perron [4] and further
computationally improved by a dynamic programming approach introduced
in Bai and Perron [5]. We consider this technique in detail, since it is has
been one of the most widely used approaches in change-detection analysis
in various application fields for many years. First, the authors specify the
problem so that some of the explanatory variables’ impacts on the response
are assumed to vary over time in a piecewise-constant manner, while others
are treated as stable throughout the whole observable period. The dates of the
breaks, the number of breaks and the models’ coefficients are considered as
unknown variables. The overall estimation method is based on the least-squares
principle [4], more specifically, on minimizing the sum of squared residuals
among all partitions of the timeline. The computational efficiency is achieved by
constructing and analysing a triangular matrix of the sum of squared residuals
instead of considering all possible sample splits combinations.

This method is available in the R package ‘strucchange’ [45] (all the imple-
mentation details are discussed in [44]), which allows to test, compare and
analyse the performance of this method with a variety of others, also available
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in this package. The method was further extended to analyse small datasets by
Souto et al.[36], where the authors used Monte Carlo simulation to determine
sample-specific critical values. Bai and Perron’s approach was also used in the
work of Baltagi et al.[6]. The authors studied heterogeneous panel data with
a general multifactor error structure and unknown common structural breaks.
However, the whole approach presents an extension of Pesaran’s work [30].

One more important group of methods in the parametric family is presented
by shrinkaging techniques. Among such, Qian and Su [31] proposed two ap-
proaches: penalized least squares (PLS) and penalized general method of mo-
ments (PGMM), both based on adaptive group fused Lasso (least absolute shrink-
age and selection operator). The estimation of the number of breaks and model
parameters is performed simultaneously, and the tuning parameter for the pro-
cedure is determined automatically by a proposed new BIC-type information
criterion. Another example of this group of methods is presented by Marečková
[25]. This technique uses a fusion penalty to shrink the differences between
parameters to zero, and the algorithm stops when the change in value of the
objective function is small enough. The points at which the differences are
non-zero are treated as change points.

All the techniques discussed above are designed for the problems when data
distribution assumptions are appropriate. However, it is not always relevant,
and thus, we need to consider the nonparametric family of methods.

2.3.2 Nonparametric techniques

Due to the fact that distributional restrictions simplify the problem being solved,
the family of nonparametric methods is comparatively much more narrow. How-
ever, there is a number of studies in this field dealing with change-point analysis.
James and Matteson [2] considered the problem of retrospective analysis of
changes in distribution for a set of time-ordered observations. Hierarchical
clustering lies in a basis of estimation, and the authors propose both divisive
and agglomerative algorithms. Changes are identified by making use of the
energy statistic proposed by Székely and Rizzo [33]. Additionally, the number
and locations of breaks are identified simultaneously, and the authors provide
proof that the method is able to consistently detect any type of distributional
changes within a time series. Both variations of this approach (E-Divisive and
E-Agglo) are implemented in the R package ‘ecp’ [2], and the authors showed
that the running times are quadratic relative to the dataset size.

Khaleghi and Ryabko [19] also dealt with heterogeneous time series having
a changing probability distribution generating the data. They propose an algo-
rithm based on empirical estimates of distributional distance and provide both
empirical and theoretical proofs of its convergence. In addition, the method was
shown to be computationally efficient and easy in implementation.

To obtain better efficiency in solving high-dimensional problems, Sugiyama
et al. [37] introduced a new principle, according to which, during analysis, it

19



Change-point analysis

is possible to operate with ratios of probability densities (of data-generating
distributions) instead of densities themselves, which makes the estimation
process easier and faster. Based on this strategy, there has been developed
a number of methods in the field of change-point analysis. One of them was
proposed by Sugiyama et al. [38]; it presents a Kullaback-Leibler importance
estimation procedure (KLIEP) using a density-ratio estimator, which was applied
to change-point identification in probability distributions of multidimensional
time series (Kawahara and Sugiyama [18]), and it was shown to be promising
in experiments. Liu et al. [22] also applied KLIEP, but to study Markov models
with sparse changes. In the same field and line of research, Kanamori et al. [17]
performed break detection with the unconstrained least-squares importance
fitting (uLSIF), the idea of which is to learn the density-ratio function in the least-
squares fitting framework. Among the benefits of this approach are the existence
of an analytical solution, optimal numerical stability and higher robustness
than KLIEP. However, since the density rations can be unbounded, it might
lead to some potential weaknesses of uLSIF. Therefore, this technique was
further improved by introducing relative density ratios, which are smoother and
bounded from above. It was proposed by Yamada et al. [43] and called RuLSIF.
Furthermore, it was shown theoretically and empirically to be a better estimator
than uLSIF. Liu et al. [23] applied both versions to deal with a problem of
distributional change detection.

Overall we may conclude that although the field of change-point analysis has
a comparatively large history, the case studied in the current research has not
been widely covered in the literature, which again highlights the relevance of its
development.

2.4 Applications

2.4.1 Inflation modelling

Change-point analysis in linear models has always been an important issue
in econometrics, since lots of economic and political factors usually cause the
changes in relationships among economic variables over time. As an example,
Onel [27] studied the problem of estimating a switching linear regression in the
nominal interest rate and inflation interest rate in Turkey between 1980:1 and
2004:12. The author tested the dataset containing monthly measurements of
the 90-days consumer price index inflation rate and time-deposits interest rate
(yielding 300 observations). The relevance of considering this problem is dictated
by the fact that inflation is especially influenced by economic conditions and
changed significantly over time in the Turkish economy. Aiming to understand
the nature of instability of interest and inflation rates, the author performed
change-point analysis on the described data.
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After applying Bai and Perron’s approach [4] to the data, there appeared to
be two break dates in the model, at 1987:9 and 2000:2. Attempting to describe
the nature of these changes, the author found that the breaks coincide with
important economic facts such as financial liberalization, high government debt
in 1980s, the financial crises in 2000-2001 and others.

2.4.2 Stock return modelling

Another example in this application field is analysis of international stock
returns with respect to some state economic variables. Paye [29] examines insta-
bility in linear models for excess returns dependent on the lagged dividend yield,
short interest rate, term spread and default premium. Interest in this problem
appeared after a number of authors ([3],[15],[24]) found evidence of instability
of return models. Furthermore, studying structural breaks in predictive return
regressions may allow to further analyse related economically interesting issues
like estimation of conditional expected returns in the presence of breaks. In
his research, Paye analysed two datasets: (i) monthly data containing a broad
range of historical data for the US and UK during 1952:7–2003:12; (ii) monthly
data containing forecasting variables listed above for the ten OECD countries
during 1970:1–2003:12. The first dataset has more different values and a longer
observed period but includes only two countries, while the second dataset has a
comparatively smaller period and amount of variables but covers a wider range
of countries. This choice of the data was motivated by the desire to address both
a comprehensive empirical study and maximum data coverage.

The deep analysis of the stock data included Monte Carlo experiments, the
Bai and Perron method [4] and others. It also showed that for the UK and US
there was a change in 1974, while for the cluster of other countries it was in the
period of 1978–1982. These changes most likely correspond to the introduction
of the European Monetary System in 1979 and to the oil price shock of 1974.

2.4.3 Wage growth modelling

One more illustration of how change-point analysis can solve some real-world
data processing issues is presented by Western and Kleykamp [42]. The au-
thors analysed data across 18 OECD countries during 1969–1992, containing
only a response variable (wage growth rate) and several explanatory variables
(unemployment, inflation, productivity growth, bargaining centralization, labor
government and union density). The aim of the analysis was to identify a single
change point in the dataset and explain its nature. Taking this into account,
the authors introduced dummy variables to the model formulation (to increase
computational efficiency) and considered the problem from a Bayesian point of
view.

The results obtained during the analysis indicated a clear existence of struc-
tural change in wage growth in 1976. In the first stable interval (before 1976),
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the response was influenced by leftist government, unemployment, and produc-
tivity growth. On the other hand, during the second stable period, the effects of
leftist government and inflation have become increasingly negative.

2.4.4 Bioinformatical modelling

Although the main focus of the current thesis is to study change detection in
linear models, we should also take into account some other types of change-
point analysis problems. Among such, Mihin et al. [26] explored processes with
changing distributional parameters; more precisely, they considered change iden-
tification in recombination among aligned nucleotide sequences. In these terms,
recombination presents one of the evolution engines, enabling species to adapt
to changing environmental conditions. The key point of the study is to analyse
the frequency and locations of recombination break points, which improves the
understanding of the whole phenomenon. Authors modelled aligned DNA or
RNA sequences with several parameters: bifurcating tree topology, mean of
branch lengths and rate of continuous-time Markovian nucleotide substitution
process along each branch. The authors claim that a stability assumption for the
stated parameters is unrealistic because of the initial nature of evolution. In this
research, authors considered the human immunodeficiency virus (HIV) dataset
from Kaliningrad, Russia (accession number AF193276), from a Bayesian point
of view. The results of considering a dual multiple change-point (MCP) model
shows that the recombination detection is accurate even in the presence of
sparse and noisy data.

2.4.5 Climatological modelling

At the same time, a wide range of studies was conducted in the field of simple
distributional change detection. For instance, Gallagher and Lund [14] consid-
ered this problem for climate time series. Performing analysis in this field is
relevant since the nature of climate data is initially changeable. However, the
authors aim to prove that for the series with trends it is erroneous to conclude
that mean shifts occur near the series’ center. One of the applications presented
in the paper includes annual temperatures for the contiguous United States
from 1895 to 2011. The change was detected in 1997, and this break point shifts
temperatures upward. However, localized considerations, like moving a station
into or out of an urban heat zone, may lead to the necessity to assume more
complicated regression structures in the data.

2.4.6 Financial news analytics

Change-point detection techniques might be relevant generally in any situation
when the data relationships do not remain the same over time. An interesting
application is discussed in PIII, where the authors considered the changeability
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of public news influence on stock prices of several banks.
They studied the Thomson Reuters financial news-wire dataset from 2006

to 2009 in order to check whether the change detection techniques are able
to identify the financial crisis. The following banks were considered: Bank of
America, Bank of New York Mellon Corp, Citigroup, Capital One Financial
Corp, Goldman Sachs, JP Morgan Chase & Co, Morgan Stanley, PNC Financial
Services Group, U.S. Bancorp, Wells Fargo & Co. For each of them, a set of news
was collected during the chosen years. Averagely, Reuters published 530 news
items per day dealing with the selected banks. Each of the news items was then
processed with a deep neural network to obtain a set of events that appeared
there. On average, there were 3580 mentions of the event per day. In the end,
for each day, the sum of occurrences for each event type was calculated, and
these numerical data were considered as descriptive variables for daily stock
prices. Such analysis has been performed for each of the banks separately as
well as for all of them simultaneously, i.e. the authors did a single multivariate
study followed by a set of univariate assessments.

The results obtained were quite consistent and reasonable. Three changes
were detected in the multivariate case (May 2007, May 2008 and August 2008),
which generally reflect the real situation in the banking industry during those
years. Although the number of changes in different univariate datasets were not
always the same, the change locations were quite close to those identified before.

2.4.7 Possible future applications

Summarizing this section, we may say that change-point techniques are applica-
ble in different situations and problems when one needs to understand the data
behaviour, its inner dependencies, how they change and when it happens, which
is of a big importance. Above we discussed a number of existing applications in
this field; however, this list might be extended to some other cases as well. For
instance, it might be appropriate to test the changing behaviour of relationships
within some medical data in order to maintain healthcare systems or predict
and understand different diseases better. Furthermore, change detection could
be applied to some historical data to describe the dependencies between different
events and how these dependencies change over time. Sociological data might
be also analysed from this point of view, for instance, if we want to understand
how social characteristics of an individual affect his level of happiness in differ-
ent time periods, when the trends change, how they change and which factors
contribute depending on time.
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3. Summary of original articles

3.1 Essay I: Splitting Algorithm for Detecting Structural Changes in
Predictive Relationships

In the current article, we introduce the first parametric version of the algorithm
solving the change-point detection problem in time-dependent series following a
piece-wise constant linear regression model. The approach is based on repeated
application of the Chow Test statistic [11] to compare segments in the considered
time series to evaluate whether they have a similar linear structure or not. Since
this statistic is applicable only for normally distributed data, the whole algo-
rithm has parametric restrictions on the residuals. The proposed method PSA
(Parametric Splitting Algorithm) is a heuristic algorithm designed such that,
instead of suspecting every point to be a break, it first assesses possible regions
of changes and further narrows down the search to small areas of changes. Thus,
omitting excess calculations, PSA becomes quite efficient computationally.

In a simulation study, we show that the method appears to be computationally
efficient in comparison to the naïve baseline. Furthermore, we assess change
detection rates as well as accuracy of the results. PSA performs quite precisely
while dealing with changes of a considerably large magnitude, which is in line
with expectations.

The key point of this paper is to present the first parametric version of a
new technique which allows to detect structural changes in linear relationships
involving multiple descriptive variables and a univariate response. The proposed
approach is also applicable to comparatively large datasets since it contains a
variable selection step, which increases data processing efficiency significantly.
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3.2 Essay II: Nonparametric Splitting Algorithm for Detecting
Structural Changes in Predictive Relationships

Usually, when dealing with real-world problems, a practitioner rarely knows
the nature of the data to be analyzed. This implies that in most cases one
cannot make any assumptions regarding data distribution. Moreover, realistic
numerical measurements are usually at least somehow contaminated, which
also dictates the need for robust techniques to perform reliable analysis. These
considerations should also be taken into account if one faces a change detection
problem within linear relationships in time series. In turn, this means that
although the PSA proposed in Essay I is quite accurate and efficient for normal
data, it cannot be guaranteed to have the same levels of confidence for some
arbitrary data.

In Essay II, we present the new algorithm NSA (Nonparametric Splitting
Algorithm), which is a previously introduced technique (PSA) adjusted for non-
parametric settings. The core of the approach remains the same: we use the
consequential division of time series for further comparison between regimes in
order to identify the regions containing structural changes. However, if before
we used the Chow Test to make conclusions regarding structural similarities (or
differences) between neighbour time segments, in this paper we apply a fully
nonparametric test (NPT) based on energy distance [33] to the model’s residuals.

Additionally, we removed the variable selection step, since the main goal of this
paper is to analyze the behaviour of NPT applied to change-point problems. First,
we test whether it is better to use the L2 or L1 norm while computing NPT. The
performed large simulation study shows that there is no difference between these
two test modifications if the data have no outliers and are normally distributed.
But in all other cases involving non-normal noise or contamination or both,
there appears to be an advantage of using the L1 norm instead of L2. Therefore,
we keep the best modification while computing NPT for NSA, and the results
appear to be promising. The change detection rates are quite high not only in
ideal cases but also under noisy settings. Judging by the conducted test study,
NSA is still efficient compared to naïve strategy, although computationally, NPT
is much heavier than the Chow Test.

As was mentioned before, one of the most popular techniques in the field of
change detection was proposed by Bai and Perron [4]. This approach is based
on building a triangular matrix of residuals and sequentially testing the null
hypothesis of l breaks against l +1 breaks. Our empirical results show that
NSA outperforms the BP only when we add outliers or non-normal noise. This
means that combining NPT with initial splitting logic of the algorithm leads to
the desired robustness, which is a main focus in this Essay.
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3.3 Essay III: Non-parametric Structural Change Detection in
Multivariate Systems

The third and final Essay in this Dissertation contains the biggest part of the
conducted research. Usually, if one is developing any algorithm, especially a
heuristic one, it is never sufficient to provide the descriptions and simulation
study, even if they are reasonable and promising. There still remain three parts
without which this research would not meet the specified research objectives:
specifically, the methods need to be able to handle multivariate responses, have
a theoretical basis and work in real data applications.

In this paper, we consider change detection in high-dimensional problems with
multivariate responses. Practitioners do not usually have a priori information
on the relevance of different variables. This makes the variable selection step
crucial, and thus, the final problem is a simultaneous estimation of breaks
and variables coefficients. To address this challenge, we combine penalized
regression techniques with the principle of minimizing nonparametric energy
distance [33], and finally, we prove the consistency of the model.

The paper presents two alternative algorithms. First, the theoretically jus-
tified nonparametric dynamic programming (NDP) technique for solving the
problem, which is designed to detect change locations precisely but is not opti-
mal computationally. Additionally, we introduce the final version of NSA as a
faster alternative to NDP, solving the same problem efficiently but in a heuristic
manner. These two methods are implemented in R for further testing.

To get the full understanding of the developed approaches, we perform a large
simulation study, varying different configurations of the underlying models (such
as the magnitude of a change, the amount of outliers, noise distribution). For
every possible combination of these configurations, we generate 1000 datasets
and then average the results for each assessment and each separate method to
get the most reliable statistical values. Although there are not many methods
in this field allowing to perform change-point analysis and compare the perfor-
mance of the proposed techniques to the existing methods, we still present our
findings on the generated datasets. First, we consider the case with a univariate
response. There are three methods introduced by us within this research (PSA,
NSA, NDP) and one additional mentioned before – BP [4]. For the case with a
multivariate response, we again test NSA and NDP. As an independent baseline,
we address QP (Qu and Perron [32]), which is based on likelihood ratio type
statistics and normal errors. All the methods perform with nearly 100% accuracy
under normality and absence of noise, but the detection rates for other cases
are significantly lower. However, NDP and NSA appear to be quite robust even
under “non-perfect” settings.

The last part of Essay III is related to a real data application. We study
Thomson Reuters financial news data between 2006 and 2009 and apply NSA
to them, since NDP is too heavy to process such a large dataset. We aim to
understand whether NSA is able to detect the banking crisis as a structural
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change in dependencies between the news events and banks’ stock prices. We
consider several banks separately and then simultaneously as a response vector
to perform the analysis. The obtained results are promising, and the introduced
approach evidently identifies the breaks in relationships in May 2007, May 2008
and August 2008.

Overall, in this paper, we present, justify, implement and test the two solu-
tions for the change-detection problem involving simultaneous estimation of
regression coefficients. As for the future development, we are planning to deploy
an R package containing NSA, so that it might be used by other scientists to
solve different problems.
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