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SILVA, V. C.. Explainable Time Series Tree: An explainable top-down time
series segmentation framework. 2024. 83p. Master’s Thesis (Master in Science in
Computer Science) — State University of Londrina, Londrina, 2024.

ABSTRACT

A wide range of Machine Learning algorithms can model time series to address classifica-
tion, forecasting, and clustering problems. However, time series may exhibit characteristics
that complicate these tasks, such as repeating patterns and seasonal variations. Time se-
ries segmentation could be a solution to these problems, but current approaches need to
be improved. Most of them employ linear regression to solve problems such as detecting
changes in a series’ behaviour, bypassing tools specifically designed for these challenges,
such as change detectors. Moreover, explainability is seldom taken into account during
time series segmentation. To automatically identify different time series patterns using ap-
propriate techniques while leveraging explainability, we proposed the eXplainable Time
Series Tree (XTSTree). XTSTree divides a time series into a binary tree, hierarchically
splitting it according to a criterion based on change detectors, ideally finding a cutting
point that creates the two most different sub-series. The segmentation process contin-
ues until it reaches a stopping criterion, which relies on a stationarity test that assesses
whether the series has a sufficiently homogeneous behaviour. Based on well-behaved seg-
ments, XTSTree paves the way for a more comprehensive pattern explanation and also
supports the application of explainable approaches. We applied XTSTree on several real-
life time series to isolate the series’ different behaviours. To evaluate the effectiveness of our
method, we used an implementation of Symbolic Regression using genetic programming
to find the best representation of the time series and its splits using algebraic expressions,
comparing the differences before and after XTSTree. We show an improvement in terms of
formula complexity, improving the model accuracy compared to the original time series.

Keywords: Concept Drift, Time Series, Meta-learning, Time Series Segmentation, Sym-
bolic Regression



SILVA, V. C.. Explainable Time Series Tree: Um framework de segmentagao top-
down de séries temporais explicavel. 2024. 83f. Dissertagao (Mestrado em Ciéncia
da Computacao) — Universidade Estadual de Londrina, Londrina, 2024.

RESUMO

Existem diversos algoritmos de Aprendizado de Maquina para modelar séries temporais
para problemas de classificagao, previsao e clusterizacao. Entretanto, séries temporais po-
dem apresentar caracteristicas que complicam essas tarefas, como padroes recorrentes e
variagoes sazonais. A segmentagdo de séries temporais pode ser uma solucao para esses
problemas, mas as abordagens existentes precisam ser melhoradas. Varias delas utilizam
regressao linear para solucionar problemas como deteccao de mudancas no comportamento
da série, ignorando ferramentas desenvolvidas especificamente para resolver esse tipo de
problema, como detectores de mudanca. Além disso, o conceito de explicabilidade rara-
mente é abordado na segmentacao de séries temporais. Para identificar diferentes padroes
de séries temporais usando técnicas apropriadas e ao mesmo tempo prover explicabilidade,
nés criamos a eXplainable Time Series Tree, ou XTSTree. A XTSTree transforma uma
série temporal em uma arvore bindria, dividindo-a de forma hierdrquica de acordo com
um critério baseado em detectores de mudanca e encontrando um ponto de corte que cria
as duas sub-séries mais diferentes entre si. O processo de segmentacao continua até que
chegue em um critério de parada baseado em um teste de estacionariedade que indica que
a série tem um comportamento suficientemente homogéneo. A XTSTree abre caminho
para uma explicacdo mais compreensivel de padroes e também oferece suporte para o
uso de outras abordagens explicaveis. Nosso estudo aplicou a XTSTree em diversas séries
temporais reais para isolar os seus diferentes comportamentos. Para avaliar a eficacia da
XTSTree, nés usamos uma implementagao de Regressao Simbdlica usando programagcao
genética para encontrar a melhor representacao da série e suas divisoes usando férmulas
algébricas, e comparamos as diferencas em diversas métricas antes e depois da XTSTree.
Mostramos uma melhora em complexidade da férmula, melhorando a acuracia do modelo
quando comparado com a série temporal original.

Palavras-chave: Mudanga de Conceito, Séries Temporais, Meta-learning, Segmentacao
de Séries Temporais, Regressao Simbdlica
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1 INTRODUCTION

Temporal data is a common type of data that has been increasingly used in sev-
eral tasks from different areas, such as e-health [2], Internet of Things systems [3], and
autonomous vehicles [4]. The most common way to represent temporal data for modelling
and prediction is through time series. Several studies have already demonstrated that time
series classification and prediction are suitable to building relevant applications. Doki et
al. [5] created a model for human behaviour which was subsequently used to indicate
and suggest actions for other humans. In another study, Chiang & Dey [3] use data from
a blood pressure monitor to predict blood pressure levels and point out which routine

changes caused the most amount of change in blood pressure.

One problem these techniques face is the change in data behaviour through time [6],
which often happens due to the nature of data, such as a temperature drop during a rain
period or a heart rate rise during stress. Often defined as concept drift, these changes
require retraining models along the time series, or assuring models are suited for every
behaviour present. Moreover, these behaviours can repeat over time, such as in seasons
over a year or Internet traffic over a week. Identifying areas with different behaviours can
ease time series modelling since different behaviours can be treated individually. One way

to identify similar behaviours in a time series is through time series segmentation [7].

Time series segmentation is the process of obtaining segments of a time series that
either have similar behaviour or behave differently from the rest of the series [7]. There
are three main types of segmentation algorithms: sliding window algorithms, which create
and repeatedly increase the size of a window from the start of the series until it reaches
an error threshold, repeating the process with a new window at that point [8]; bottom-up
algorithms, which partition the time series into several small pieces and merges the least
influential ones until a threshold is met [9]; and top-down algorithms, which finds the best
cutting point in a series, and then repeats the process for each sub-series that falls above
a user-defined threshold [10].

Currently, proposed top-down algorithms often derive the error value and stop-
ping criterion from a linear regression model [10]. Furthermore, the best cutting point is
either tied to the linear regression or is found through an exhaustive search of possible
partitions [11]. In the former, the position where the series deviates the most from the
expected value given by the linear regression model is chosen as a split point. This process
is similar to detecting a concept drift, a problem for which there are existing tools, such

as change detectors [12].

In this paper, we present the eXplainable Time Series Tree, or XTSTree, a top-
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down segmentation algorithm that uses a statistical test as a stopping criterion for the
segmentation process, and a change detector to find the cutting position. Unlike other
top-down segmentation methods, our approach uses a change detector to identify the
best cutting positions, instead of relying on an error function based on linear regression.
The primary goal of the XTSTree framework is to provide a tree-based structure that
enables in-depth comprehension of the diverse patterns within a time series in an ex-
plainable manner. By representing each leaf as a contiguous pattern, XTSTree facilitates
intuitive modelling and analysis of individual segments. This tree-based approach ensures
interpretability through the hierarchy of cuts, allowing users to understand and interpret
the diverse range of patterns captured within the time series. Additionally, XTSTree is
scalable due to the binary tree’s low memory cost and the change detector’s efficiency,
making it suitable for processing large and complex datasets. Since it treats the sub-series
as an individual time series, it allows for the integration of advanced techniques and al-
gorithms, further enhancing its accuracy and versatility in real-world time series analysis
scenarios. In this study, we created an implementation using the Page-Hinkley change
detector (PH) [12] and the Augmented Dickey-Fuller test (ADF) [13].

To test the effectiveness of XTSTree, we segmented several different weather-
related time series using the original XTSTree, two other segmentation methods and
one stopping criteria as baselines, and two implementations of the top-down segmen-
tation algorithm. Afterwards, we implemented Symbolic Regression (SR) using Genetic
Programming (GP) to create algebraic formulas that describe the series’ behaviour as a
whole and segmented. Finally, we compared formula complexity, prediction errors, num-
ber of cuts made, execution time and an entropy metric. All series were provided by the
Institute of Rural Development of Parana (IDR-PR). This work is part of the Artificial
Intelligence Center for Agriculture (CIA-Agro). The main goal of the CIA-Agro is to be a
transforming agent for social and technical development to provide wealth and well-being

through Artificial Intelligence (Al) in agriculture.

The manuscript is organized as follows. Chapter 2 presents definitions of con-
cepts related to explainability, time series segmentation, and tools that are part of the
methodology. Chapter 3 discusses related work in the field of time series segmentation and
presents a comparison between the proposed solution and works from the state-of-the-art.
Chapter 4 introduces the proposed approach and contains a toy experiment detailing the
step-by-step process through the segmentation of a synthetic time series, showing for-
mulas obtained from SR before and after segmentation. Chapter 5 presents experiments
comparing XTSTree with two variations of top-down segmentation algorithms and other
developed baselines, as well as a case study applying XTSTree in a real time series. Finally,

Chapter 6 makes the concluding remarks.
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2 BACKGROUND

In this section, we explain concepts relevant to understand the segmentation
method, the stopping criterion implemented by XTSTree, and the evaluation method

for its effectiveness.

2.1 Time Series

Time series is a commonly used type of data that has its data points ordered
over time. This kind of data can be divided into univariate time series and multivariate
time series. A univariate time series is a sequence of single values along time, such that
T, = (to,t1,t2, ..., t,). These values can be of any type but are most commonly numerical,
such as air temperature or monthly number of sales. Multivariate time series, on the
other hand, are sequences of multiple values representing different information at the
same timestamp, such that T,,, = ((to, ug, vo, Wo), (t1, U1, V1, W1 ), ..y (tn, Up, Uy, wy,)). This
type of time series enables us to monitor multiple pieces of information simultaneously at

the expense of simplicity.

Time series can provide a plethora of useful information, including trends, season-
ality, and stationarity. The trend of a series is defined as a continuous increase or decrease
in the series’ values, while seasonality is a periodic repetition of a pattern. A time series
is considered stationary if its mean and variance are constant, meaning that neither trend
nor seasonality are present. Stationarity is an important characteristic of time series be-
cause dealing with non-stationary series requires understanding multiple variables related
to their trend and seasonality, while a stationary series will have predictable behaviour
independently of the timestamp observed. For this reason, most tools applied in time
series analysis assume the series is stationary, requiring that some type of treatment is

carried out otherwise.

A series’ stationarity can be determined by visually observing its behaviour or

through several different specialized tools, such as stationarity tests and unit root tests.

2.1.1 Stationarity tests and unit root tests

Stationarity tests are a type of statistical test used to determine if a series is
stationary. Its null hypothesis is that stationarity is present, the alternative indicating its
absence [14]. A complementary test to stationarity tests are unit root tests, where the

null hypothesis is the presence of a unit root, indicating that the series is not stationary.

A unit root is a characteristic of a time series that indicates the value of an element

y; of a time series is dependent on t. One way to represent a time series is through a
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combination of its previous values. A model that determines the value at a timestamp
t using previous values is called an autoregressive model. These models are written as
Yt = O1Yi—1 + P2Yi—2 + ... + PpYi—p + €, Where p is the order of the autoregressive model

and e, is a random number with mean 0 and variance o2, i.e. N(0,c?) [15].

Let us assume a time series created by the autoregressive model 4, = ¢y, _1+¢4,t =
1,2,..., » € R and ¢; being a random number with mean 0 and variance o2. If |¢| < 1,
since e; has a fixed variance, there is a value of y,_; where |py;_1 + ¢;| is unlikely to be
greater than |y, 1|. Therefore, Y will converge to a stationary time series of fixed mean

as t — oo [13], and is said not to have a unit root.

Similarly, if |¢| > 1, there is a value of y;_; where |¢py;—1| — |e;] is unlikely to be
smaller than |y;_1|, meaning the values of Y will change at an exponential rate. Finally, if
|¢| =1, Y will not converge towards a fixed mean, and its value at y; will be ¢ * N (0, 0?),
meaning the value of y; depends on the timestamp ¢, the series does not tend to converge
to a fixed mean, and the series has a unit root. This behaviour is known as a random

walk, and in such cases it may be appropriate to differentiate the time series.

One popular test used to determine if a time series has a unit root is the Augmented

Dickey-Fuller test [16]. It is possible to estimate the value of p to determine if Y is
:L:l YtYt—1

stationary through the formula p = Zéf_ﬁ By applying a statistical test using p and
comparing the result to the corresponding critical value as calculated by Mackinnon [17],
it is possible to ensure the correctness of the estimation, and consequently the stationarity
of the series. The ADF test has been thoroughly studied and improved upon, and there

are several open-source implementations.

Figure 1 shows a comparison between a stationary and a non-stationary series,
with their respective values for the ADF test. The top graph is a stationary series created
using the autoregressive model y; = 0.8y;_1 + N (0, 1), while the bottom graph is a non-
stationary series created with the model y; = 0.8y;_; + N(0, 1). It is evident that the top
graph has a constant variance and mean, while the bottom graph’s mean varies as the
timestep increases, and the results for the ADF test confirm the presence or absence of a

unit root.
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ADF test value: 6 x 107%2 (< 0.05 means stationarity)
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ADF test value: 4.37 x 107! (< 0.05 means stationarity)
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Figure 1 — Comparison between stationary and non-stationary series. Both series were
generated using the autoregressive model y, = py;_1+e,yo = 0and e = N(0, 1).
Top and bottom figures use p = 0.8 and p = 1 respectively.

2.1.2 Change detectors

Time series are mostly used to monitor variables over time, leveraging the vari-
ations in values to predict and classify future events, make decisions relating to man-
agement, and various other tasks. However, these variations can add up as time passes,
resulting in a different mean, trend, or behaviour and reducing the accuracy of these
tasks. Therefore, models trained using a past section of a time series can become out-
dated, resulting in an event called concept drift [18]. Figure 2 shows an example of a
series, highlighting a period of concept drift where it alternates between two different

behaviours.
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Figure 2 — Time series with a concept drift. Highlighted in grey is a period where the
series changes behaviours before it stabilizes again.

Several studies have been made to identify and work around these changes and
ensure that a model for the time series stays updated [19, 18], with one of the most
common algorithms utilized being the change detector. These algorithms monitor a time
series, possibly in real-time, and when a threshold for changes in the time series is met, it
triggers an alarm indicating a sufficient amount of change has occurred in the expected
behaviour of the series to consider a concept drift. This alarm can be used as an automated

trigger to start a retraining process for models monitoring the time series.

The Page-Hinkley test is an example of a change detector for univariate time series.
It continuously observes values from a given time series while monitoring the accumulated
difference between the current value and the mean of the preceding ones. This difference is
represented by the equation my = Y7, (z, — Ty — §), where ¢ is the observed timestamp,
Tt is the mean of the previous values, and § is an expected value of variability [20]. With
each new value observed, the value of mr is reduced by a factor of o € (0, 1], acting as a

forgetting factor to reduce the impact of older observations.

When the value of my exceeds a predefined threshold value, a change is detected,
my is set to 0 and the monitoring process restarts from that timestamp. Some implemen-
tations only monitor positive changes, while others monitor both positive and negative. A
degree of explainability of the changes detected can be achieved due to the fairly concise
behaviour of the PH detector since the series and difference between mean and threshold
can be monitored. Therefore, abrupt differences may indicate a drastic change in be-
haviour or an outlier, while more subtle changes over time may indicate a smoother and

longer transition.
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2.1.3 Time Series Segmentation

The main goal behind data analysis is to extract as much relevant information
as possible from data, identifying patterns and other significant features. This process
applied to large amounts of data is called data mining. Time series segmentation is a form
of data pre-processing for time series data mining. Its main goal is to divide a time series
made of various observations into smaller segments where observations belonging to the
same segment are similar in some manner. This segmentation can be beneficial in many
ways, such as facilitating the classification of different periods of a series or identifying

different behaviours to deal with possible concept drifts [7].

One example where it is desired to segment a time series is shown in Figure 2.
If done correctly, the segmentation could create separate subseries, which then could be
treated differently. Figure 3 shows one possible segmentation of Figure 2, where three
subseries with well-defined behaviour are defined, isolating the concept drift stretch, and

these segments could subsequently be addressed individually.

Figure 3 — Example of a valid segmentation of a series with concept drift. Each colour
represents a different subseries, and dashed lines are the divisions between
subseries.

Given a time series X such that X = [z1, xs...2,], 2; € R, the segmentation process
aims to find £ € NV distinct points such that kg = 0, kg = N and F(X) > F( X, k,0) 0 €

[1...K], where F is a modelling technique that outputs a score or error value. There are

i1
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several modelling techniques used in time series segmentation, such as black-box classi-
fication models or linear regression models. One implementation thoroughly explored is
based on Piecewise Linear Representation (PLR). PLR is the process of reducing a time
series to a sequence of lines [7], using mostly linear regression as a modelling technique.
There are three main types of segmentation algorithms: sliding window; bottom-up; and

top-down [11].

A bottom-up algorithm starts by dividing a series into several small segments.
Then, the error value of each segment is calculated using linear regression and, for each
adjacent segment, the error value of their combination is also calculated. The couple
of segments that provide the lowest increase in error when compared to their values
are merged, and the process repeats itself until a threshold value for the series’ error is
exceeded or a minimum number of segments remain. Algorithm 1 describes a bottom
up algorithm. Figure 4 shows a step-by-step of the segmentation process of a bottom-up
algorithm. It starts by creating several small segments, then joining pairs until a desired

segmentation is achieved.

Algorithm 1: Bottom-Up Pseudocode

1 Function bottom__up(series) begin

Data: series: Series to be segmented

Input: threshold: Threshold set by user

Input: min__segments: Minimum number of segments required

segments « [

create segments of size two for all elements of the series .S

calculate the error for all segments F

calculate the error for all couple of adjacent segments when combined E.

error_series <y Es

while error__series > threshold and length(segments) > min__segments do
find segments 7, j and combine segment ¢j such that min(E;[i] + Es[j] — Ec[ij])
remove segments i, j from S

10 add segment ij to S

11 error__series <— E E

12 end

13 return segments

14 end

© o0 ULk WN

Sliding window algorithms work by setting an anchor at the start of the time series.
That anchor is also the beginning of the first segment. Then, elements from the time series
are added to the segment while fitting a linear regression model to it. This happens until
the linear regression error exceeds a predefined threshold, at which point the end of the
segment is set. Afterwards, the anchor is set to the timestamp after the last added element,
a new segment is initiated and the process repeats itself [11]. Sliding window algorithms
belong to the class of online algorithms, meaning that the time series does not need to
be finite and new elements can be added to it. Algorithm 2 represents a sliding window
algorithm. Figure 5 represents a step-by-step of the sliding window algorithm. The grey
area represents the sliding window, and each differently coloured stretch is a different

segment.



Figure 4 — Example of the segmentation process of a bottom-up algorithm. From left to
right, the figures have 80, 10, 5 and 3 segments respectively. The bottom-up
algorithm creates several small segments and aims to reduce the number of
segments repeatedly until a satisfactory result is achieved.

Anchor New anchor

New anchor
Figure 5 — Example of the segmentation process of a sliding window algorithm. The sliding

window starts at the beginning of the series, expanding along it. When a certain
threshold is met, it defines the segment and starts a new window.
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Algorithm 2: Sliding Window Pseudocode

1 Function sliding_window(series) begin

Data: series: Series to be segmented
Input: threshold: Threshold set by the user
2 start < 0
3 end < 0
4 error < 0
5 segments « |
6 for element in series do
7 while error < threshold do
8 end < end + 1
9 calculate error for series[start:end]
10 end
11 add series[start:end] to segments
12 start < end
13 error < 0
14 end
15 return segments
16 end

A variation of sliding window algorithms referred to as Sliding Window And
Bottom-up was proposed by Keogh et al. [11]. It consists of creating a buffer window
large enough to fit a small number of segments, usually 5 to 6, at the beginning of the
series. The bottom-up algorithm is applied to the buffer and the segment at the start of
the buffer is removed as a segment. The same number of elements removed are added
to the buffer, sliding the buffer window, and the bottom-up algorithm is reapplied. This

process repeats until the complete series is segmented.

Top-down algorithms employ an opposite approach to the bottom-up. They first
take the complete series as a segment and apply linear regression to it. If that segment
produces an error value greater than the user-specified threshold, the segment is split in
two at the timestamp that produces the largest amount of error. This process is repeated
until every segment produces an error smaller than the user threshold [11]. Algorithm 3
describes a top-down algorithm. Figure 6 presents the step-by-step of a top-down seg-
mentation. The series is defined as one segment, which is then divided into two subseries.

This process repeats itself where the series does not have a defined behaviour.
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Figure 6 — Example of the segmentation process of a top-down algorithm. Each different
coloured background represents a segment, and the dashed lines are the divi-
sions between segments.

Algorithm 3: Top-Down Pseudocode

1 Function top__down(series) begin

Data: series: Series to be segmented
Input: threshold: Threshold set by the user
2 segments < ||
3 calculate error E for series
4 if E > threshold then
5 find position with greatest error ¢ in series
6 add top__down(series|0 : i]) to segments
7 add top_ down(series[i : length(series)]) to segments
8 return segments
9 else
10 return series
11 end
12 end

While there are other variations of segmentation algorithms [21, 22], most of them
employ a strategy similar to the bottom-up, top-down or sliding window algorithms, with

their greatest difference being a modelling technique other than linear regression.

2.2 Explainability and Interpretability

Machine learning (ML) has been increasingly applied to several problems due
to its ability to outperform humans in both speed and accuracy. However, there are
certain tasks where a decision made by a model can be severely impactful. If a bank
uses an ML model for background checks and denies someone a bank loan, that person
may demand an explanation from the bank. A medical diagnosis becomes more valuable
if it is accompanied by a justification, which may even assist in treatment. Situations
like these have become even more relevant since the European General Data Protection
Regulation (GDPR), the Brazilian Lei Geral de Protecio de Dados (LGPD) and other
similar regulations have taken effect. These regulations legally require that companies

justify decisions made by models if requested.

The development of explainability has been primarily driven by situations like
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these. Models that are easier to interpret have become more valuable, and there are
various studies that aim to explain black-box models, either through input examples that
clarify a model’s behaviour, methods that grade data features in order of importance or

surrogate models that try to emulate a black-box model while being easily explainable.

The concept of Fxplainability and Interpretability is still not well defined. Kim et
al. [23] state that a method is interpretable if a user can correctly and efficiently predict
the method’s results. Miller [24] understands interpretability as “the degree to which an
observer can understand the cause of a decision”. Miller also defines explainability as
a combination of three processes: the cognitive process, where the causes for an event
are identified; the product, which is a subset of relevant causes from the previous step;
and the social process, which dictates how the knowledge obtained from the product is
transferred to a person. According to the author, since both definitions achieve the same

final objective, they are used interchangeably.

Nauta et al. [25] define the concept of an explanation in the context of explainable
AT as “.. a presentation of (aspects of) the reasoning, functioning and/or behaviour of
a machine learning model in human-understandable terms”. In the context of this defi-
nition, reasoning is the process behind a decision, functioning is how data is stored and
manipulated inside a model, and behaviour is how the model works from an outside view,
such as what input created a given output. Molnar [26] also uses explainability and in-
terpretability indistinguishably, defining the interpretability of a model as its capacity to

make its decisions easy to understand. In this work, both terms are interchangeable.

2.2.1 Interpretable Models

According to Molnar [26], there are two main ways to employ explainability in a
ML model: through the structure of the model or by using some method after training.
Some models are explainable by default due to their simple structure, such as linear,

logistic and symbolic regression and decision trees.

Decision trees are a type of tree-based model that tries to find several threshold
values to classify data points. It chooses the values, features and number of decisions or
nodes it should use. The main advantage of tree-based models in terms of explainability
is the ability to interpret the model by visually looking at the nodes and used values [27].
Figure 7 shows an example of a decision tree that differentiates observations between
the classes human, bird, cat and crocodile. Each non-leaf node represents a “question”
that divides observations between classes, and the leaf nodes are the possible classes. In
Figure 7, it first checks the number of legs of an observation, and based on that it either

sees if it has feathers or if it likes water, assigning a class to it afterwards.
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Number
of legs
<3 >3
Has
feathers
No Yes No Yes

Crocodile

Figure 7 — Example of a decision tree. Each node represents a question, and each connec-
tion is a possible answer.

Since decision trees have well-defined thresholds at each node, it is easy to predict
the output of the model given the input. In Figure 7, if an observation has two legs and
no feathers, the model’s output will be human. It is also easy to change the values of
selected features and understand if and why the final output changed. For example, by
adding feathers to an observation classified as human, it is apparent that the output will
change to the bird class, therefore we can say that the difference between a human and a

bird is the presence of feathers.

By looking at the visual structure of a tree, one can also understand certain re-
lations between features, and it is possible to calculate the importance of each feature,
making it easier to understand what features have more influence on the output [28]. Sup-
pose that the model described in Figure 7 had more bird-like classes and features such as
feather colour, wing size, beak length, etc. One could infer that, since these classes require
more divisions, they are more complex. Also, if a node divides data evenly between child
nodes, it means that the feature is important for the classification of that dataset. All of

these characteristics make decision trees good explainable models.

Another type of easily interpretable models are formula-based models. Since these
models use data features as input for a formula, it is simple to understand how each
feature influences the model’s output and to predict the output for a given input, two
characteristics that make these models very explainable. One type of formula-based model

are symbolic regression models.

Symbolic regression can be defined as a specialisation of linear regression. The goal

of linear regression is to create a model that correlates a set of input variables and output
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Formula: 0.0237index + sin (0.0194index)
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Figure 8 — Example of synthetic series and a representation using symbolic regression. The
blue line represents the original series, while the orange line is an approximation
using the formula shown in the image.

values using a linear formula, meaning that applying a linear regression will result in a
linear formula that uses a set of variables as input and produces an output close to the
set of output values. As linear regression can only create linear approximations, this type
of regression can be ineffective in some situations. To address this issue, it is possible to
let the algorithm find both the coefficients and operators of the formula. This process is
known as Symbolic Regression [29]. Figure 8 shows an example of a synthetic time series
and a possible representation using symbolic regression. The series was created using the
formula y; = (¢/100) *sint/50 +¢/50, and the approximation is shown in the image. It is
worth noting that due to the nature of machine learning and genetic programming, the
resulting formula is different, but it still emulates a similar behaviour to the originally

used.

One common method to find the best formula for a set of variables in symbolic
regression is by using Genetic Programming to create a syntax tree that represents the
formula [30]. The GP algorithm creates a set of syntax trees where each tree node is
either an operator or a terminal value. The input values are fed to the trees created and
an error value is calculated based on the target variable. The best individuals are chosen
to create the following generation, exchanging branches between each other, and repeating

the first step. Figure 9 shows an example of a syntax tree. GP is both effective in terms
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Figure 9 — Example of a syntax tree representing the formula a? + b%/3. Leaf nodes repre-
sent constants or variables, while non-leaf nodes represent operations between
its children.

of accuracy [31] and interpretability due to being able to produce simpler formulas that

are easier for humans to understand when properly adjusted [32].

2.2.2 Explainable Methods

Other ML models may need extra steps to become explainable. One example is
neural networks, which by default are not explainable, but have features and weights that

can be analysed to explain it.

To explain ML models that are not interpretable, we can resort to Model-agnostic,
Model-specific or Example-based methods. Model-agnostic are methods that work inde-
pendently from the ML model. They can be divided into Local, meaning they explain
individual outputs given by the ML model, and Global, meaning they explain the overall
behaviour of the ML model concerning data [26, 27].

Global model-agnostic methods, in general, try to extract information from the
features used to train the model, either ranking them, trying to measure how they af-
fect the final result or trying to measure the relationship between different features [22].
Another type of global method is the global surrogate model, which consists of using an
intrinsically explainable model to imitate the results of the black-box model [26]. Some
examples of global methods are Partial Dependence Plot, Feature Interaction, Functional

Decomposition and the Global Surrogate.

Local model-agnostic methods are diverse in terms of how they work. The indi-
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vidual conditional expectation method varies the value of one of the features fed to the
model while keeping the others unchanged to understand how that feature influences the
final output [33]. Counterfactual explanations are another type of local model-agnostic
methods which try to find the least amount of change it needs to make to an input to

cause the most amount of change in the value of the output [26, 34, 35].

If data can be represented in a way humans can understand, explainability can be
achieved through example-based methods. Similarly to model-agnostic methods, they can
provide explainability to any machine learning model. Example-based methods consist
of using one or more instances of data to explain the behaviour of the model [36]. One
example of an example-based method is the k-nearest neighbours, where a prediction of
value or class for an instance is the average of the k-nearest instances to it, and a possible

explanation for the result lies in the k-nearest instances used [26].

As the name suggests, model-specific methods trade flexibility for a more spe-
cific interpretation of the model. Any interpretation derived from internal model at-
tributes [27], such as linear regression coeflicients, rules from a rule-based model [31]
or split points for decision trees [28, 27|, is model-specific. Explainable methods that
work for only one type of model are also model-specific. To achieve explainability through
model-specific methods in the context of neural networks, one can either understand what
features or concepts the model learned, create an adversarial model to deceive the original
model, or in the case of image data, find what pixels of an image are the most influential
for the given result [26, 27].

2.2.3 Evaluating explainability

Explainability can be evaluated in three different layers: at the application, human
and function levels [37]. Application-level evaluation involves employing domain experts to
grade the output of a model. In this context, explainability is tied to how well the model
output and explanations assisted a domain expert in a certain task. In a classification
task, an explainable model will provide useful information as well as a label that the
domain expert can use. Although this type of evaluation provides strong evidence of an

explainable model, the cost and time required by the domain experts are high.

The human-level evaluation is similar to the application level in the sense that
humans are used to provide feedback. The difference between them is that a wide group
of non-expert users are accustomed to grade the human-level results. This method is less
expensive and provides a greater number of subjects at the cost of granting less specific
feedback. This type of explainability evaluation works well if the only end goal is to
provide a good explanation of the output, instead of possibly correcting it. One basic
example of this type of evaluation is presenting two different explanations to a user and

letting them choose the best one.



32

Function-level evaluations are mostly used when there is a known metric of the
model that is directly tied to explainability. One example applies to decision trees [27, 37].
Since each node represents a condition, a tree with fewer nodes can be said as more
explainable. If there are unnecessary nodes or more complex conditions, the model is less
explainable. Another example relates to algebraic formulas, where the more complex and
nested the operators are, the less explainable the formula is. One metric commonly used is
model stability [38], which is defined as the amount that a model’s output changes when

either the model or its input is perturbed.
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3 RELATED WORK

Time series segmentation is often addressed by using a variety of different names.
Despite that, it is mostly possible to abstract most methods to a variation of the bottom-
up, top-down or sliding window. These algorithms can be used for a plethora of different
problems, such as insight extraction or providing model explainability. This chapter aims
to explore these uses, in Section 3.1 we summarize other studies in the time series seg-
mentation field in order to understand how segmentation is traditionally employed when
the main goal is to create a simpler representation of the data. Section 3.2 will explore
other works that use segmentation as a tool to extract data insight and explainability.
In Section 3.3 we describe some works with the main objective of bringing explainability
to black-box models using segmentation techniques. Section 3.4 presents a comparative
table of XTSTree and other related works, highlighting key characteristics for each work
addressed.

3.1 Segmentation algorithms

Marti et al. [10] propose a top-down segmentation algorithm with the goal of
achieving a low computational cost and easy parameterization while maintaining a decent
performance. It applies linear regression on the time series and performs a statistical test
to evaluate if the output given by the linear regression and the time series are statistically
equal. If they are different, a division is made at the point with the greatest residual
error, and the whole process is repeated on the sub-series created. Comparisons between
the algorithm and other baselines, among them the top-down, bottom-up and sliding
window and bottom-up, showed that it achieves a similar performance while having lower

computational cost and simpler parameterization.

Li et al. [39] implement an algorithm to select which segments made using PLR
should be maintained. After obtaining the segments through any PLR algorithm, it uses
a coefficient of determination R? that reflects the reliability of the regression model to
represent the time series as a stopping criterion. It calculates R? for a segment and the
segments created by the cut made at the next depth, accepting the segmentation if at least
one of the new segments has a greater coefficient. Redundant segments are also filtered
using a minimum length set previously. The authors were able to achieve either better or

comparable performance while reducing the number of segments.

Wee & Nayak [40] implement a sliding-window algorithm to reduce a time series
to a simpler representation. Elements of the time series are added to the window until the

difference between the window’s mean and the next element is bigger than a predefined
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threshold, at which point a new window is created. Instead of updating the mean whenever
adding a new element to the window, it can be updated periodically according to a user-
defined value to speed up the reduction process at the expense of accuracy. Although a
good reduction is achieved and the algorithm that finds the segment position is similar
to Page-Hinkley, comparing the next time series value to the window means can lead to

interference from values at the start of a big window.

Keogh et al. [11], in addition to providing an extensive survey on time series
segmentation, combines both sliding window and bottom-up algorithms to create a new
segmentation algorithm. It initialises a window of size w with enough elements to create
about 6 segments using bottom-up. It then applies bottom-up to the window and removes
the leftmost segment from it. A process similar to the sliding window algorithm adds new
elements to w, and the process repeats itself. The final segments are the set of leftmost

segments removed throughout the process.

Fillon & Bartoli [41] propose a new segmentation approach suited for generic
datasets based on symbolic regression called Hyper-Volume Error Separation. This ap-
proach consists of running a preliminary GP model for Symbolic Regression and locating
discontinuity boundaries by analyzing where the greatest errors are given by the model
on a dataset. These discontinuity boundaries serve as divisions that segment the dataset
into two different partitions, and the previous process is recursively applied until either a
user-specified threshold is met or no boundaries are found. Tests made on synthetic time

series showed an improvement in final formula accuracy and overall runtime.

3.2 Segmentation for data insight

While there are several studies aiming to divide a time series to optimize the
performance of a model or create a simpler representation, there are also plenty of studies
in the area of segmentation that aim to find different patterns or behaviours present in
the series. These usually view segmentation as a problem of classification. A time series
can be segmented by classifying stretches into different classes, resulting in a segmented

time series.

One example is Min & Lee [42], where a Temporal Convolution Network creates a
latent representation of the time series, which is then sent to a clustering and classification
layer that both creates the segments and assigns them to a class. Since these classes
are presumed to have similar behaviours, one can create employ the same treatment all
segments of the same class instead of having to adopt different treatment for each segment.
The classification also helps to understand the patterns present in the series by looking

at similarities between segments of the same class.

Matsubara et al. [43] present a similar approach by using a Hidden Markov Model
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to create AutoPlait, an algorithm able to discover and identify many different patterns and
change points in a time series and create appropriately labelled segments. The algorithm
starts with a single class and segment, and uses a stack structure to store the possible
solutions. It then repeatedly pops elements from the stack and tries to split the class and
corresponding segment. If the split reduces a cost function based on the currently found
classes and segments, both splits and segments are loaded into the stack. Otherwise, they
are discarded. AutoPlait was compared with other segmentation algorithms, presenting
better results in terms of segmentation and clustering accuracy while not using any user-

defined parameter.

One challenge of clustering exclusive to time series is finding clusters based on
the structural similarities of data instead of the values or timesteps. Two time series may
have identical structures, but different means and variances. In such cases, the same model
could be applied to both series. On the other hand, two time series may have similar means
and variances but different trends. Therefore, even though they share some similarities,
they would be modelled differently. Due to being based on means or differences between
values, some segmentation algorithms may not perform adequate segmentation in these

situations.

To circumvent this issue, Hallac et al. [21] propose the Toeplitz Inverse Covariance-
Based Clustering method for multivariate time series. The method aims to cluster a time
series into K different clusters where each cluster is a network of dependencies called
Markov Random Field, each node of the network is a feature of the series and each edge
is a relationship between features. TICC managed to perform better than other baselines.
Besides bringing interpretability to a time series by classifying different behaviours, TICC

itself is also interpretable since relationships between features are observable.

As previously defined, a time series segmentation task can be defined as grouping
adjacent observations in segments, such that observations inside a segment are either
similar between themselves or different from observations in other segments. This task
involves establishing a similarity between two segments, which is a non-trivial challenge
in the context of time series. This is especially important in classification tasks when

trying to classify different segments as the same class.

A variety of different methods to establish this similarity have been proposed, such
as by Gharghabi et al. [44]. With the goal of creating a domain-agnostic segmentation
algorithm, the authors propose the Fast Low-cost Unipotent Semantic Segmentation al-
gorithm (Fluss). It uses an algorithm called STAMP [45] to find the similarity between
segments, assuming that every timestep of a time series is the start of a segment. There-
fore, for each timestep, it determines where the other segment of the same size that is to it
begins. Then, it segments the series based on which timesteps "separate" the most amount

of pairs of segments. The segments provide insight into data, since the divisions between
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segments are the timesteps where the series is most different, and adjacent segments have

different behaviours.

Instead of trying to define the similarity between two series, Chen & Huang [22]
implement a segmentation algorithm called TSExplain that leverages the relationship
between features and an aggregated metric relevant to the series, such as pack size and
total sales in a liquor sales dataset. In this algorithm, the relation between features and
the metric is monitored, and segments are based on how well the best m combinations of
features correlate to the metric. The authors experimented using three other segmentation
algorithms as baselines; Bottom-up, NNSegment [46] and Fluss. TSExplain has surpassed
all baselines and was able to effectively explain real datasets while baselines highlighted

key features less frequently and created segments with very similar explanations.

Muralidhar et al. [47] propose a segmentation algorithm for multivariate, geo-
graphically related time series named Cut-n-Reveal. Rather than formulating a similarity
between time series, the authors adapted a video segmentation algorithm that finds the
segmentation points by representing a timestep ¢ as a combination of previous impor-
tant timesteps and deriving an affinity matrix between them, creating segments where
timesteps are most different. Model explainability is achieved by employing an exter-
nal model that assigns an explanation vector to each cut containing information on how
important each feature is for it. The authors compared their solution to four other seg-
mentation algorithms; AutoPlait, TICC, DynaMMo and Fluss. The proposed solution
performed better segmentations than the baselines in 5 out of 7 datasets, and correctly

pointed out the most relevant series for each cut.

3.3 Explaining time series models using segmentation

Several studies aim to bring explainability to other models, and such is not a
trivial task, especially in the context of time series. Explainable algorithms, especially in
the field of images, heavily rely on visual representations or examples, which is not as

easily possible when working with time series.

Sivill & Flach [46] propose an adaptation of the LIME algorithm for image classi-
fication algorithms called LIMESegment. Given a black-box model for time series classi-
fication and a singular time series, the framework’s main goal is to grade how important
stretches of the time series are concerning the assigned class. The segments are made by
iterating two adjacent sliding windows through the series, segmenting where the mean and
variance of the windows are different enough according to a threshold. Each segment is
perturbed, resulting in a perturbed time series, and a label is given to it by the black-box
algorithm. The importance of each segment is given by the weights of a Linear Ridge Re-

gression model that fits the perturbed segments to the assigned label. The LIMESegment
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was found to be more faithful and robust than other baselines, faithfulness being defined
as how much worse the black-box classifier performs when the most important segment is
modified, and robustness being defined as how much different the explanations given are

when the time series is perturbed using random noise.

One common method to bring explainability to black-box models is through a
feature importance analysis. When applied to time series, these solutions fail to capture
changes in feature importance over time. Tonekaboni et al. [33] try to solve this by assign-
ing importance values to each timestep of the series. After a set of features from the time
series is selected, the algorithm calculates a metric representing the black-box model’s
expected drop in accuracy when the last observation is omitted. The same metric is also
calculated, except the last value of the time series is replaced by only the selected features
instead of removed. The importance value of the set of features at a timestamp is the dif-
ference between these metrics, measuring if adding the set of features helps or hinders the
model’s performance. The author’s method either performed similarly or outperformed
other baselines while presenting an importance value for each timestep instead of one for

the full series.

3.4 Discussion

In this section, we highlight features from each related work and compare them
with XT'STree to better distinguish it from other state-of-the-art works. Table 1 presents
a comparative table summarizing the main goals and achievements of XTSTree and the
related works presented in this section. Column Study identifies the work, while column
Most similar segmentation type shows the most similar segmentation technique to the
one used by the algorithm, with the options being the previously explained top-down,
bottom-up and sliding window algorithms, and machine learning algorithms. Machine
learning includes algorithms such as neural networks, Markov models and other learning-
based classification techniques. Column Main goal presents a short sentence describing
the work’s main goal to distinguish works with different scopes. Data insight and Al-
gorithm explanation indicate if the algorithm provides insight into the data’s behaviour
and if it provides some sort of explainability for the segmentation process, respectively.
Finally, Doesn’t require training depicts if the algorithm requires some kind of training or

adaptation before being applied to a time series.



Table 1 — Comparative table between XTSTree and related works.

Most similar . Doesn’t
Study segmentation Main goal iI]l)S?:'E ¢ eilglgzgili?n require
type ° P training
Segment a time series based on
XTStree Top-down its behaviour through an [X] X] X]
explainable method
Segment a time series efficiently
Marti et al. [10] Top-down while achieving a low [] [] [X]
computational cost.
Optimize the selection of
Li et al. [39] Top-down segments made by a top-down [] [] [X]
algorithm
Wee & e Segment a time series based on
Nayak [40] Sliding-window the mean of a sliding window X] [] X]
Combine the sliding-window and
} Sliding-window bottom-up algorithm to take
Keogh et al. [11] and Bottom-up advantage of both algorithm’s [l [] X]
qualities
Fillon & Top-down and dS'e:gmir'lt a tdat@e‘z ‘bz.%.sed (;)n X] X (]
Bartoli [41] Machine learning 1SCOLLINHILY OIS given by
symbolic regression
Cluster and classify elements of
Min & Lee [42] | Machine learning | a time series to identify hidden [X] [] [
behaviours
Matsubara et Top-down and Identify and cluster a group of X] (] (]
al. [43] Machine learning behaviours in a time series
Sliding-window Segment a time series and assi,
Hallac et al. [21] and Machine & _ &t [X] [X] []
. segments to predefined classes
learning
Gharghabi et Divide elements of a time series
al. [44] Bottom-up where they are most different X] [] X]
Chen & Segment a time series based on
0 Machine learning how features interact with an [X] (X] []
uang [22] .
aggregated metric
Create a relation between
Muralidhar et o1 . timesteps and segment a time
al. [47] Machine learning series where the relation is [X] X] []
weakest
Sivill & Explain the behaviour of a
Flach [46] Sliding-window | black-box model by highlighting [ X] [X]
relevant stretches of a time series
Tonekaboni et Calculate feature relevance for a
al. [33] Machine learning black-box model across time [X] X] [
steps

Several segmentation algorithms resort to some form of linear regression or error-
based heuristics to find the best segmentation point, essentially employing a detector
for a change in the behaviour of the time series [10, 39, 11]. These solutions may not
be the best ones, since there are more robust change detector algorithms. They also
do not address explainability for the segmentation process nor data insight, as shown in
Table 1. Gharghabi et al. [44] and Wee & Nayak [40] employ segmentation to extract data
insight, but both of them fail to provide meaningful explanations for the segmentation
method.

Other segmentation algorithms provide good results and achieve data insight and
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algorithm explanation by employing sophisticated solutions involving machine learning
tools such as neural networks or hidden Markov models [41, 21, 42, 43, 22, 47]. However,
this is at the expense of using a more complex and costly learning-based algorithm.
Another subarea aims to explain black-box models through segmentation, such as achieved
by Tonekaboni et al. [33] and Sivill & Flach [46]. These works can often bring both data
insight and model explanation, but they are not stand-alone solutions and rely on a
proper black-box model. XTSTree provides data insight and explainability without using
similarly complex algorithms, since the change detector and stationarity test it uses do

not require training and are simple by themselves.

In general, most studies that aim to provide data insight in the area of time series
analysis are seldom related to segmentation [48, 25, 49], and those that are related either
fail to provide explainability for their segmentation process or rely on some sort of complex
machine learning model. In all studies addressed, XTSTree is the only algorithm able to
provide data insight and explainability for its segmentation method while using simpler

methods that do not rely on a training process.
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4 PROPOSED APPROACH

Our proposed approach is a combination of a change detector and a unit root
test that aims to provide insight into the segmentation process. These are implemented
through a top-down segmentation framework called XTSTree that simplifies the segmen-
tation process in a segmentation step and a stopping criterion. Although it is possible
to implement the segmentation step and stopping criterion as any generic algorithm,
XTSTree is specifically designed for a change detector and a stationarity or unit root test.
Moreover, the experiments shown in this work use an implementation of XTSTree using
a segmentation method based on the Page-Hinkley change detector and a stop condition
based on the ADF stationarity test. The following sections will be dedicated to describing

the proposed approach and framework implementations.

4.1 XTSTree Framework

The XTSTree’s segmentation is recursive: first deciding where to split the data
using a decision function, referred to as the segmentation step; and then deciding when
to stop splitting by using a stopping criterion that grades the segment. When the seg-
mentation step uses a change detector, the cutting position is the point where a change
was detected with the highest possible threshold value, such that only the point with the
most amount of change was detected. When using a unit root test, the recursion stops

when a stationarity test is applied to the series and the series is sufficiently stationary.

A binary tree stores the cutting points, which can then be retrieved in an ordered
manner to create the segments. We chose a binary tree data structure because it treats
each sub-series independently for the segmentation step. The binary tree also provides
explainability in a similar way to a decision tree. Due to how cuts are made, divisions
made closer to the root of the tree signal a more drastic change in the behaviour of
the time series, and divisions made closer to the leaves represent less drastic changes in

behaviour that are still deemed relevant by the stopping criterion.

Algorithms 4 and 5 shows the recursive segmentation process and creation of the
binary tree. Algorithm 4 starts the recursive call of Algorithm 5. Algorithm 5 checks the
stopping criterion, and if it is not met, finds the best cutting point, stores it in a new
node in the tree, and repeats the described process on the sub-series before and after the

cutting point. Figure 10 shows a flowchart of the XTSTree segmentation process.
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Algorithm 4: Finds cut positions for given series
1 Function find_splits(series) begin
Data: series: Series to cut

Result: XTSTree: Binary tree containing cut positions
2 XTSTree < Noderoot

3 XTSTree.root < find_recursive_splits(series,depth = 0) /* recursively creates the
tree and returns the root */

4 return XTSTree

5 end

Algorithm 5: Recursive function to decide if cuts should be made

1 Function find_recursive__splits(series) begin

Data: series: Series to cut
Result: Node: Root node containing cut position and children nodes
2 if should stop cutting then return null ;
/* find best cut according to cut method */
3 cut__position < find_ cut(series)
4 if cut_position = @ then return o ;
5 node < newN ode(cut__position)
6 node.right__child < find_recursive__splits(series|0 : cut_position])
7 node.left_child < find_recursive__splits(series[cut__position : series.length])
8 return node
9 end

4.2 Page-Hinkley and ADF implementation

The stopping criterion we explored uses the unit root test Augmented Dickey-Fuller
(ADF) test to determine if a series is non-stationary to stop the segmentation process.
We use a version of the ADF test that does not take the series’ seasonality into account,
meaning that a series that is non-stationary due to being seasonal will be classified as
stationary. The intuition behind this is that along a change detector as a segmentation
process, series that are stationary will not yield any cuts. Therefore, when the ADF tests
signal that the series is stationary, it either is stationary, and the segmentation process
will not produce any cuts, or it is non-stationary, but there are seasonal patterns inside
it, and the segmentation process will separate these patterns into subseries. If a series
is stationary, and after being cut it is non-stationary, we interpret that it had seasonal

patterns contained in it that now were successfully isolated.

In order to provide explainability for the cuts, the ADF test result is stored as an
indicator of how close the segmentation process is to stopping. Therefore, it is possible
to monitor how each cut changes this value, indicating how effective it is. Algorithm 6
describes the ADF stopping criterion. If the series has the minimum length required by
the ADF test, the test values for the series are calculated. Then, the difference between
the specified stopping value and the calculated p-value is returned as the test score, and

the segmentation stops if the score is positive.

We suggest an implementation for the segmentation method that uses the Page-
Hinkley change detector to find the point with the most significant change in the series’

behaviour. To achieve this, the threshold value for the detector is chosen such that only one
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Algorithm 6: Augmented Dickey-Fuller test stopping criterion function

1 Function adf__stop__condition(series; stop_value) begin
Data: series: Series to be checked
Input: stop_ value: Minimum critical value required to stop cuts
Result: test__confidence: The more positive the value, the more confidence that the series is
non-stationary
if series is too small then return O ;
test__confidence < adfuller(series) — stop_value
return test confidence
end

change is detected for the whole series. The method finds the best Page-Hinkley threshold
value by performing a binary search, reducing the threshold value if no cuts are found
on the series, and increasing it if more than one cut is found. The cutting process stops
either after a threshold that produces only one cut is found, or after a specified number of
iterations have passed. If the cutting process stopped due to exceeding the iteration limit,
then for each cut found by the biggest threshold value, the stopping criterion is applied
to both subseries created by it. The cut that created the pair of subseries that have the
greatest combined score is chosen. If there is not a threshold that produces at least one
cut, then the series is not cut at all. Algorithm 7 describes the implementation for the
described method.

4.3 XTSTree Example

To better illustrate the proposed solution, we present an application example where
it is desired to create a SR model for a time series with different behaviours, greatly ben-
efiting from a segmentation using XTSTree. In this example, as well as throughout the
rest of the work, SR is leveraged as a powerful tool to enhance explainability. Symbolic re-
gression provides a concise mathematical representation of a numerical sequence, thereby
offering improved interpretability. This formal mathematical transcription not only gives a
clear understanding of the underlying patterns but also facilitates a more comprehensive
explanation of the time series data. The series used in the example, presented in Fig-

ure 11, is a combination of several sinusoidal-like series with added noise, as shown below.



Algorithm 7: Page-Hinkley segmentation method

1 Function find_page_ hinkley__cut(series; starting_threshold, max_number_iterations, delta)
begin

Data: series: Series to be cut
Input: starting threshold: Starting value for the page-hinkley threshold
Input: mazr_number_iterations: Maximum number of iterations before making a decision
on the cut
Input: delta: Delta parameter for the Page-Hinkley change detector
Result: cut_position: Position that yields the best cut
2 min__threshold < 0
3 max__threshold < —1
4 threshold < starting_threshold
5 for iteration in max__number_ iterations do
6 pagehinkley < newPageHinkley(threshold, delta)
7 initiate cuts as empty lists
8 for element in series do
9 update pagehinkley with element
10 if drift detected by pagehinkley then adds index of element to cuts ;
11 end
12 if cuts.length = 1 then return cut[0] index ;
13 if cuts.length > 1 then
14 min__threshold < threshold
15 if max__threshold is negative then
16 | threshold < threshold 4 threshold/2
17 else
18 | threshold < (maxihreshold — threshold)/2
19 end
20 end
21 if cuts.length = 0 then
22 max__threshold < threshold
23 threshold < (threshold — min__threshold)/2
24 end
25 end
26 if no cuts found after maz_number_iterations then return null ;
27 if cuts.length > laftermax_number_iterations then
28 pagehinkley < newPageHinkley(min_threshold, delta)
29 initiate cuts as empty lists for element in series do
30 update pagehinkley with element
31 if drift detected by pagehinkley then adds index of element to cuts ;
32 end
33 final__cut < first_cut_in_ cuts
34 max__stat < stop__function(series|0 : cut]) + stop_ function(series[cut : series.length])
35 if stat > max__stat then
36 mazx__stat < stat
37 ‘ final__cut < cut
38 end
39 end
40 return final cut
41 end
5 —0.05z 4 sinz/20 + e, if z <100
sinx /20 + e, if x > 100 and z < 300
0.03x — 10 + sin /20 + e, if x > 300 and x < 450
50 — 0.1z 4 sin /20 + e, if z > 450 and z < 500
sin /20 + ¢, if z > 500 and z < 700
flz) = e {—02,0.2}

0.03z — 23.3 4+ sinz/20 + ¢, if x > 700 and = < 850
90 — 0.1z + sin /20 + e, if z > 850 and z < 900
sin z/20 + e, if x> 900 and x < 1100
0.03z — 36.7 4+ sinz/20 + ¢, if x > 1100 and = < 1250
130 — 0.1z + sin /20 + e, if x> 1250 and = < 1300
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The first step of our example is to apply Genetic Programming for SR over the
whole series, without any segmentation, to extract a formula that can represent the entire
series. Figure 12 shows SR results along with the actual series. The presented model was
the one that yielded the best accuracy. As can be seen, the formula found can barely
describe the series’ behaviour. The formula should ideally reproduce not only the more
prominent periodic behaviour seen every 400 steps, but also the smaller repetitions every
100 steps. Aiming to get better results from SR, we now employ XTSTree to cut the
series, with ADF-test as the stopping criterion and Page-Hinkley as the cut method. The

outcome is presented in Figure 13.

XTSTree subdivided the original time series into 8 sub-series, which have a way
simpler behaviour. The colours used in the series help us understand the reasoning behind
the cuts. The darker the series’ colour, the more it has deviated from the initial behaviour
according to the Page-Hinkley change detector, and when it reaches the threshold, the
series is cut. With the series now divided into stationary segments, SR can be applied to

each of them. Figure 14 depicts these results.

Employing SR on the stationary segments yielded a set of formulas that describe
the series significantly better than before, as can be seen in Figure 14. Moreover, if the
initial series was part of a seasonal time series, such as in temperature or energy consump-
tion over a week, the extracted formulas could be applied to future time steps, as seen
in Figure 15. In this figure, the same pattern from the initial time series is repeated but
using a different seed for random components and concatenating both series. Then, the
formulas given by the leaf models were reapplied for the newly created series. As shown
in Figure 15, the values obtained from the formulas are visually well-adjusted to the new

series.

Figure 16 provides an overview of the XT'STree, illustrating the segmented series
and associated formulas. It offers a comprehensive view of the entire XTSTree generated
from the time series example. The tree structure follows a binary tree formation with six
depth levels. At the root level, the complete time series is depicted. Moving to the first
layer of depth, we observe the split generated by the most divisive sample, resulting in
two nodes without any leaves. This indicates a point where a change in the time series
pattern occurs but does not present leaves capable of representing the expected level of
simplification. Each split was designed to avoid complex formulas by merging segments

with completely different behaviours.

In the second layer, we can observe three leaves and a node. Each leaf displays an
optimized formula obtained through SR. The corresponding nodes represent large windows
from the original time series, where it is not possible to produce the expected level of
explanation according to the experimental setup. Layers 3 to 5 illustrate a sequence of

multiple splits identifying small segments represented by simple formulas based on sine and
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hyperbolic sine functions. These formulas typically consist of less than five trigonometric

operators.

As we delve deeper into the layers, more complex formulations become apparent,
but they remain less complex than the complete formula. XTSTree effectively represents
each segment as a simple formula. Moreover, the XTSTree’s structure can be utilised to

assess the time series’ complexity, serving as a meta-feature in the observed domain.
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Figure 11 — Time series created using a combination of several sinusoidal-like series with
added noise.

RMSE: 1.63 Complexity: 14

Nonp
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Figure 12 — Symbolic Regression applied using accuracy for formula selection. RMSE was
computed for the formula against the complete series. Complexity is a com-
bination of number of operators and how nested they are in the formula, as
computed by PySR [1].



f

e W

750 1000 1250

1.00
0. 78
0.50
0.25

48

Figure 13 — Time series used in the example after the cuts performed by XTSTree. The

colour scale ranges from 0 to 1.

Mean RMSE: 0.443 Std RMSE: 0.465
Mean Complexity: 15.555 Std Complexity: 3.205
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Figure 14 — Symbolic Regression applied on the resulting leaves. colour scale ranges from
0 to 1. RMSE was computed for each formula against the corresponding
sub-series. Complexity is a combination of the number of operators and how
nested they are in each formula, as computed by PySR [1]. In both metrics,

the mean and standard deviation were taken for each leaf.
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Figure 15 — The same series shown in fig. 11 concatenated with another series created
using the same method and another random seed. The red line represents the
formulas shown on fig. 14 and applied to the new series.
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Figure 16 — Representation of the XTSTree obtained from an example Time Series using
ADF and Page-Hinkley.
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5 EVALUATION AND RESULTS

We conducted experimental studies in order to evaluate the capabilities of our
proposed solution. Two tests were made, first by comparing XTSTree using the Page-
Hinkley segmentation method and ADF stopping criterion against other two additional
segmentation methods and one additional stopping criterion serving as baselines. Our
second experiment aims to compare XTSTree using Page-Hinkley and ADF with two
implementations of the classic top-down segmentation algorithm. Finally, we present a
case study on a real-time series to exemplify how XTSTree provides data insight as well

as explainability.

5.1 Comparison with XTSTree baselines

Our first experiment aims to guarantee that the Page-Hinkley segmentation method
and ADF stopping criterion are effective for the segmentation problem. Since the main
goal of XTSTree is not to perform some kind of error reduction, but to provide data in-
sight and explainability, we compare our method against a set of naive solutions to check
if our method can outperform them. We implemented two baseline segmentation steps
for comparison where cuts are made randomly and at the middle of the series. As for the
baseline stopping criterion, we implemented one based on the depth of the tree. All three

baselines are used with the XTSTree framework.

5.1.1 Baselines implementation

The Depth stopping criterion is based on the tree’s depth and acts as our baseline
for the stopping criterion since we can set multiple depths as stopping points for test-
ing purposes. Two baseline segmentation methods were implemented: one creating cuts
periodically at the middle of the series, and another creating cuts at random positions.
These segmentation methods address different biases. Periodic cuts produce predictable
subseries of the same size, whereas Random cuts may create sub-series that are bigger or
smaller than needed, or break patterns by chance. These stopping criteria and segmen-
tation methods were combined with the Page-Hinkley and ADF, creating a total of six
different models using each segmentation method (Page-Hinkley, Periodic, and Random)

and stopping criterion (ADF test and Depth).

In total, six models were compared, these being combinations of different methods
for the segmentation steps of XTSTree with the main goal of validating the individual

variations.
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5.1.2 Datasets

We carried out the experiments using real data that represents humidity data
collected by the Rural Development Institute of Parand (IDR-PR), Brazil. Readings were
collected by a sensor every fifteen minutes starting from January 2015 up to November
2021, totalling 96 samples per day. These readings were then split into segments of 5, 10,
15 and 20 days, resulting in 747 univariate time series of four different lengths (480, 960,
1440 and 1920 readings).

These time series were chosen because they fit the expected scenario for XTSTree:
seasonal time series that change over time, have seasonal patterns and can benefit from
explanations about their behaviour. Table 2 briefly describes these datasets, and Figure 17

shows one of the series used.

100 A
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60 -

0 500 1000 1500 2000

Figure 17 — Series of twenty days containing information on air humidity.

Table 2 — Meta-data of the time series analysed in the experiments

Days Length +# Time Series

5 480 358
10 960 179
15 1440 120
20 1920 90

5.1.3 Evaluation

To compare the quality of the six XTSTree versions and showcase the potential
for explainability, we used the SR algorithm presented in Cranmer [1]. First, we modelled

the original time series with SR using the timestamp as a feature and the value as the
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prediction target. Then the series is segmented and the signals on the XTSTree leaves
are modelled using the same parameters as before. In our experiments, we utilized the
PySR [1] and Julia [50] implementations of SR. We selected both because they are high-
performance platforms for implementing SR algorithms, which can be particularly useful

for time series data.

The hyperparameters chosen for the Page-Hinkley segmentation method were the
standard parameters, these being delta: 0.005, alpha: 0.999, min number of iterations:
100, and other methods require no parameters. We chose a stop value of 0.05 for the
ADF stopping criterion, meaning that the test will label a series as stationary correctly
with 95% confidence, and a depth value of 3 for the Depth stopping criterion. As for
the PySR algorithm, 10 iterations, 20 populations and a population size of 40 were used.
These parameters refer to the genetic algorithm and are the implementation standard.
Two model selection options were leveraged, ’accuracy’ and ’best’. The former chooses
the model based on model accuracy, while the latter also takes into account the model
complexity. The possible operators chosen were the standard for PySr, being '+, -7, "’
’/” and 'pow’ for binary operators, representing the four basic math operations and expo-
nentiation. As for unary operators, we chose negative, exponential, absolute, logarithmic,
square root, sine, tangent, hyperbolic sine and sign. The XTSTree implementation can be

accessed in this public repository®.

5.1.4 Accuracy Improvement

The length of a time series is an important factor when trying to create a model
for it. As a time series grows in length, so does its complexity. However, identifying the
proper segmentation point in a series to best improve its representation is a tricky task.
To assess the XTSTree’s capacity to improve model accuracy, we compared the error
obtained for the whole signal (original series) and the mean of the models’ error obtained
from the signal of each leaf. We used Root Mean Square Error (RMSE) to measure the

error, defined by the formula:

RMSE — \/Z?:l(yt - Qt)Z.
n

where y; is the value of Y at time ¢, g; is the predicted value of Y at time ¢ and n is Y’s
length. In our experiment, Y is obtained by giving the timestamps as input to the best

model given by PySR.

Figure 18 shows the RMSE according to the series’ length. The red and blue dots
represent the RMSE for SR models applied on the whole series and for models applied
on XTSTree with ADF as the stopping criterion, respectively. The lines represent the
average RMSE for both methods. The results show the contribution of the ADF test as

1 github.com/BobVitorBob/XTSTree
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the stopping criterion, improving the XTSTree’s scalability. As presented in Fig. 18, the
average RMSE for models applied using XTSTree remains constant regardless of the series
length, whereas the ones that were applied on the whole series exhibit increased error as

the series length increases.

e Original Series e XTSTree (leaves)
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Figure 18 - RMSE by series’ length in days, Symbolic Regression on XTSTree leaves
using ADF test as stopping criterion. Red dots represent formulas fitted to
the original series while blue dots represent average RMSE for formulas fitted
on the XTSTree leaves.

To highlight the significance of ADF as a stopping criterion, we carried out further
experiments using different stopping criteria. A fixed depth of three levels was used as the
stopping criterion for XTSTree. Figure 19 presents the same graph as Figure 18, but with
grey dots representing models relying on XT'STrees with depth as the stopping criterion.
Although XTSTree obtained more accurate models in comparison to the original time
series, both results show a similar error-increasing pattern proportional to the original
signal length. This is due to the number of cuts being fixed to a maximum depth of three.
The bigger the series is, the greater the number of cuts it generally needs. Should the depth
value be increased, the XTSTree performance would be increased on lengthier series, but
too many cuts would be made for smaller series. Moreover, this depth parameter would
need to be chosen for each series length, while the ADF test addresses well all series sizes.
This demonstrates the benefits of using the ADF test as the stopping criterion to improve
both the accuracy and scalability of XTSTree.
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Figure 19 — RMSE by series’ length in days, Symbolic Regression on XT'STree leaves using
a fixed depth of 3 as stopping criterion. Red dots represent formulas fitted
to the original series while grey dots represent average RMSE for formulas
fitted on the XTSTree leaves.

We evaluated different segmentation methods for XTSTree. To determine if there
are any significant differences between using Periodic, Random, or Page-Hinkley as the
segmentation method, we conducted a statistical analysis based on the non-parametric
Friedman test over 140 time series. We used the post hoc Nemenyi test to infer which
differences are statistically significant. To find statistical superiority in terms of RMSE
reduction, we compared the three segmentation methods using ADF as the stopping
criteria. Figure 20 shows the Nemenyi post hoc test results on the obtained error (RMSE),
where we can observe that Random and PH obtained the most accurate models, with no
significant differences between them, and the Periodic segmentation methods performed

the worst.

It is important to mention that the number of splits and the tree depth obtained
from the Random segmentation method was bigger than Page-Hinkley, which means that
even though Page-Hinkley and Random are equal in terms of accuracy improvement,
Page-Hinkley is better because it produces fewer leaves, which means fewer segments
to model using SR. Page-Hinkley also has the benefit of being consistent due to being

deterministic, and also explainable since cuts are made intentionally.
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Figure 20 — Critical Distance diagram based on the Nemenyi post hoc test using CD
of 0.282 considering the RMSE of three segmentation methods (Periodic,
Random, and PH) with 140 paired time series.

5.1.5 Complexity Reduction Analysis

We performed an analysis of complexity reduction based on default PySR hyper-
parameters for inducing SR. We define complexity reduction as the difference between
the complexity of the formula, as calculated by [1], for the original series and the average
complexity of the leaves’ formulas. The XTSTrees had all three different segmentation
methods and used ADF as the stopping criterion. Figure 21 shows a positive difference
when using PH as a segmentation method for all series lengths. It is important to mention
that the highest reduction of complexity was observed for series with 15 days of signal
acquisition. The random segmentation method was able to deliver slight improvements
within 5 days of signals and remarkable results with 10 and 15 days. However, when
processing 20 days, the random selection of a split point led to more complex equations.
The periodic segmentation method presented a slight improvement with 10 days, but for

other signal lengths, it resulted in more complex representations than the whole signal.
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Figure 21 — Average complexity reduction using three segmentation methods (PH, Ran-
dom, and Periodic) with ADF stopping criterion.

To verify the statistical validity of the complexity reduction, we followed the same
statistical test that was previously employed (Friedman and Nemenyi post hoc test).
Figure 22 shows the Nemenyi post hoc test results on the obtained complexity analysis.
In the figure, it is possible to observe that all results were statistically different, with
PH being the most promising method for reducing complexity, followed by Random and

Periodic, respectively
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—
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Figure 22 — Critical Distance diagram using CD of 0.282 based on the Nemenyi post hoc
test considering the difference of complexity between XTSTree and original
series using three segmentation methods (Periodic, Random, and PH) with
140 paired time series.
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We considered that interpretability could also be evaluated in terms of the XT'STree
number of splits, i.e., the number of recommended segmentations on a time series. Using
the same experimental setup, we observed that the Periodic segmentation method gener-
ates fewer segments driven by the hyperparameters employed. Conversely, Random as a
segmentation method generates more cuts without reaching the improvements in terms of
the reduction of complexity provided by PH. Finally, the PH segmentation method proved
to deliver the best trade-off, improving the accuracy and reducing complexity when using
XTSTree to process a time series. Figure 23 presents the relation between the number of

segments (cuts) with various time series lengths with the different segmentation methods.
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Figure 23 — Number of segments (cuts) with various time series lengths for different seg-
mentation methods.

5.1.6 Computation Time Comparisons

To study how XTSTree affects computation time, we investigated several scenarios
and observed that the impact is mainly related to the final size of the tree. The time cost
of using XT'STree was negligible during our experiments when compared to the time spent
on SR, hovering around less than 1s. When using the max depth stopping criterion, there
was a small increase in the time cost of modelling the original series. However, when

growing an XTSTree using the ADF stopping criterion, deeper trees are created, more
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splits are processed, and more time is spent on modelling. Figure 24 shows the difference
obtained using ADF and Max Depth of 3 levels. Experiments were made on an I15-1035G1
with 16 GB RAM.

Stop Criteria = adf Stop Criteria = depth

50001 .
0 4000
£
= 3000 % Method
() " o . .
2000 ; . Original Serie
= . x  XTSTree (leaves)
21000

50 75 100 125 150 175 200 50 7.5 10.0 12.5 150 17.5 20.0
Series Length Series Length

Figure 24 — Average time consumption by length of series in days with ADF and Depth
as stopping criterion.

Figure 25 shows the Nemenyi post hoc test results on the obtained time. We
investigated the influence of the different segmentation methods. Due to the nature of
the Periodic method, it was the fastest one to create the cuts, and since it creates less
leaves, it was also the fastest to apply SR. The Random method provided deep trees, but
the computational cost of this criterion is very low. Finally, PH provided average depth
trees but is the slowest to create splits. The statistical evaluation based on the Friedman
and Nemenyi post hoc tests shows that there are no methods statistically similar, with

Periodic being the fastest to create splits, and Page-Hinkley the slowest.
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Figure 25 — Critical Distance diagram using CD of 0.282 based on the Nemenyi post hoc
test considering the time of three segmentation methods (PeriodicC, Ran-
domCut, and PageHinkl) with 140 paired time series.

5.1.7 Entropy evaluation

One way to evaluate the effectiveness of the segmentation step is to compare how
much it contributes to reaching the stopping criterion. Should two methods have the

same performance in other areas, the segmentation that reaches the stopping criterion
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more efficiently is better. This can be done by computing the difference between grades
given by the stopping criterion before and after a cut. The smaller this grade gets, the
closer the algorithm is to stopping. Therefore, an algorithm that can reduce this grade
more efficiently is also one that creates better cuts. Moreover, since these values are stored
with the cut position, it is possible to understand which cuts are more important for the

segmentation, bringing a level of explainability to the tree.

This experiment was made with the same datasets described in Table 2. We applied
the same models of the experiment described previously. For each tree, the grade given
by the ADF stopping criterion was stored for each subseries. Then, at each cut, the
difference between the grade before and after the cut was calculated. We then calculated
the average value for all cuts of each tree, yielding a mean entropy reduction grade for each
tree. The results can be seen in Figure 26, where each bar represents the mean reduction

and standard deviation.
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Figure 26 — Entropy comparison between segmentation methods. It represents the mean
approach towards the stop condition, with a more negative value representing
a greater approach.

Figure 26 shows us that the random cut performed the worst by far due to its
random behaviour, with a high variation and almost zero mean reduction per cut. Periodic
cut performed best, but as seen in the complexity reduction analysis, while it is more

efficient at reaching the stopping criterion, its cuts provide a worse complexity reduction
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than the other methods. Page-Hinkley provides a balance between segment quality and

cutting efficiency.

5.2 Comparison with top-down algorithms

Intending to understand how XTSTree compares to the classic top-down models
from literature, we implemented two versions of the top-down algorithm. Both implemen-
tations follow the top-down method described in the background section of [11], using
linear regression to find cutting positions and stop the process. The difference between
them is that one uses the index of the series as input, while the other uses a lag window

containing the series’ values.

5.2.1 Top-down implementation

The two variations of the top-down segmentation algorithm implemented follow
closely the description in [11]. Both variations are based on linear regression, creating a
model for each segment and segmenting the series at the position where the regression
error was the highest. Segments are created until the root mean squared error of the model
reaches a predefined threshold. The first variation uses the series’ timesteps as input, while
the other uses a lag window of a predefined size. To choose an appropriate lag, window
sizes of 4, 24, 48 and 96, representing 1, 6, 12 and 24 hours respectively were tested in a
preliminary test. A window size of 48 was chosen since it had the best trade-off between

execution time and performance.

The predefined thresholds used for both variations were chosen between 25%, 50%
and 75% of the RMSE given by the linear model fitted to the full series after a run of
preliminary tests. The chosen thresholds for the timestep and lag variation were 25% and
50% of the original error, respectively, since the greater threshold values resulted in almost
no cuts made. A value of 50% of the original RMSE for the index-based often required

only one cut due to how the algorithm works.

5.2.2 Datasets

Our experiments for this section were made using the same data described in Sec-
tion 5.1, but with a reduced number of series due to the extended execution time of the
top-down algorithm. The reduced number of time series was due to an extended execution
time of the index-based top-down algorithm. In series containing 20 days, some execu-
tions took as long as 8 hours. In contrast, the other methods finished the same series
in as little as 10 minutes. This is mainly due to the number of segments created by the
index-based top-down algorithm, and it will be discussed in the evaluation subsection.

To better compare XTSTree and lag-based top-down using a greater number of time se-
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ries, we decided to stop the index-based top-down execution. Comparisons between all
three algorithms used the datasets described in Table 3. and a more extensive compari-

son between XTSTree and lag-based top-down was made with the datasets described in
Table 4.

Table 3 — Meta-data of the time series used by all three models

Days Length # Time Series

5 480 47
10 960 7
15 1440 9
20 1920 8

Table 4 — Meta-data of the time series used only by Page-Hinkley and Lag-based top-down

Days Length # Time Series

3 480 340
10 960 168
15 1440 112
20 1920 81

It is worth noting that some segments created by all algorithms failed to exe-
cute the symbolic regression. All series that could not run on all available models were
discarded, and all series described were successfully executed with all models. In some sit-
uations, XTSTree decided to not segment the series due to it already being non-stationary.

Therefore, two evaluations were made, with and without series where no cuts were made.

5.2.3 Evaluation

We segmented each series from the dataset using the three models, applying sym-
bolic regression to each segment evaluating MAE, RMSE, execution time, number of
segments, mean segment complexity and standard deviation of segment complexity. Al-
though similar to the previous experiment, the parameters for the symbolic regression
were different. We used the ’best’ model selection criteria, 10 populations with a popu-
lation size of 30, and 40 iterations, due to providing similar performance with a faster
execution time. For the binary operators, we used the four basic math operations and
exponentiation, represented by '+’, -, "*’ 7/ and 'pow’. The unary operators used were

‘sqrt’, ’sin’, representing square root and sine, respectively.

This change in hyperparameters was made after experimentation with the PySR
tool. We realized a relation between iteration size and formula complexity, where a small

number of iterations resulted in a smaller general complexity. We also noticed that several
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operators were either redundant or too specific, making the final result worse. These
changes led to an overall increase in computation time, which is why we opted to use
only the ’best’ selection criteria. We note that preliminary tests were made using both
criteria, and the results between the models tested were similar. Figures 27 to 30 show

the comparison between the models using data described in Table 3.
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Figure 27 — Metric comparison between XTSTree (PageHinkley), Lag-based Top-down
(TopDownReg) and Index-based Top-down (TopDownlndex) for time series
with a length of five days.
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Figure 30 — Metric comparison between XTSTree (PageHinkley), Lag-based Top-down
(TopDownReg) and Index-based Top-down (TopDownlndex) for time series
with a length of twenty days.

The Index-based Top-down algorithm performed better in terms of MAE and
RMSE. However, this is due to the number of segments it creates for even the smallest
series, an average of more than one hundred segments. These segments naturally are very
small, making it very easy to create formulas for them. This is not a positive outcome,
because even for a series of nearly five hundred items, it takes about one hour while the
other two models take less than three minutes, not justifying the reduction in error. More-
over, these small segments hold very little value in terms of data insight. To continue with
a more meaningful result analysis, we present the results obtained using only XTSTree

and Lag-based Top-down in Figures 31 to 34.
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Figure 31 — Metric comparison between XTSTree (PageHinkley) and Lag-based Top-
down (TopDownReg) for time series with a length of five days.
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Figure 32 — Metric comparison between XTSTree (PageHinkley) and Lag-based Top-
down (TopDownReg) for time series with a length of ten days.
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Figure 33 — Metric comparison between XTSTree (PageHinkley) and Lag-based Top-
down (TopDownReg) for time series with a length of fifteen days.
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Figure 34 — Metric comparison between XTSTree (PageHinkley) and Lag-based Top-
down (TopDownReg) for time series with a length of twenty days.

We observe that the results are similar across all series’ sizes. XTSTree performed
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worse regarding MAE and RMSE, although by a small margin. It performed marginally
better than the Top-down in terms of complexity, number of segments and execution
time. We note that the difference between the number of segments and execution time
is proportional to both error values, meaning that both algorithms performed similarly,

with XTSTree creating fewer cuts at the expense of accuracy.

It is important to note that by analyzing the evaluated metrics, there is no mean-
ingful distinction between top-down and XT'STree, instead there is a trade-off between the
number of segments and error. However, X'T'STree provides value through a tree structure
that offers data insight while maintaining explainability for the segmentation method.
Moreover, XTSTree addresses the task of detecting a change in behaviour using a change
detector. These distinctions favour the use of XT'STree for the segmentation task over the

Top-down algorithms.

5.3 Case study on explainability

This section presents a case study where XTSTree can gather data insight on real
time series provided by the Institute of Rural Development of Parand (IDR-PR). The
main goal is to exemplify how XTSTree provides data insight in a real context, while
also highlighting which of its features provide explainability on the segmentation process
and data insight. Figure 35 shows two different time series containing information for air
humidity over five days. It is visually noticeable that these series have periodic behaviours

with a mean duration of about a day.
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(a) Series on air humidity between 2016-06-23, 12:15:00 and 2016-06-28, 12:15:00 with readings
collected every 15 minutes.
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(b) Series on air humidity between 2020-08-08, 00:00:00 and 2020-08-13, 00:00:00 with readings
collected every 15 minutes.

Figure 35 — Two time series measuring air humidity over five days.

As an analyst, it may be of interest to divide the series into smaller series with
behaviours that are easier to analyse. We can apply XTSTree to both series, yielding
the structures depicted in Figure 37. These structures represent the binary tree utilized
by XTSTree to store its cuts. The time series on which the PH segmentation method
was applied, the selected cut positions and stop condition values are also depicted. At
the top of each series is the result of the stop condition, with a number greater than 0
meaning that the series requires a segmentation. Figure 36 shows the complete series with

all segments made, represented by the grey lines.
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(a) Time series measuring air humidity over five days. Grey lines represent segmentation points
created by XTSTree.
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(b) Time series measuring air humidity over five days. Grey lines represent segmentation points
created by XTSTree.

Figure 36 — Two time series with segments created using XTSTree.
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(a) XTSTree structure created for series 1. Numbers above series and segments represent the

stopping value given to that segment.
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(b) XTSTree structure created for series 2. Numbers above series and segments represent the

stopping value given to that segment.
Figure 37 — Two structures created by segmenting a time series.
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XTSTree can guide our analysis to individual segments that have noteworthy be-
haviour through its structure and segmentation positions. We will first extract insights
into the data by looking at the tree’s structure and afterwards will analyse the series

based on the information XTSTree has given us.

In Figure 37a we observe that the tree’s structure is very imbalanced towards the
left. This suggests a more complex behaviour on that side of the series, but knowing
that the first cut was made near the end of the series (the last day of the series), this is
expected. XTSTree creates cuts at positions where changes are most impactful, therefore
a cut at the end of the series indicates that, if a cut had been created earlier, another one
would be found near the end. The cut shown at Figure 38 happens at the end of the series,
which means that either there is a drastic change near that region, or the segment to the
left of the cut has some sort of change similar to what happens near the cut position,
and the PH had to be tuned to ignore the first change and signal the second, otherwise it
would have found two changes. Therefore, the stretch of data around this cut should be
looked at. We also note that the last stretch of the series has a stopping value close to 0,

which means its behaviour is not as clearly defined as other segments.

2.2066

1.6073 -0.1519

Figure 38 — Segmentation at depth 1 of the first series.

The next cut depicted by Figure 39 was created at the start of the series. Due to
how PH works, we can deduce that there is a behaviour to the left of the cut that is unique
when compared to the remaining subseries, meaning this segment is also of interest. This
is reinforced by its stopping value being very negative. The cut created at Figure 40 lies
near the middle of the series. PH finds the optimal threshold that is just enough to find a
single segment in the series. If the behaviours present are sufficiently homogeneous, the cut
position will happen after about half of the number of behaviours have occurred, which is
usually near the middle of the series. Knowing this, we can deduce that the series cut at
Figure 40 has homogeneous behaviours. XTSTree then cuts both segments, with the right
segment shown in Figure 42 being cut near the middle, following the same logic as before.
The final segment shown in Figure 41 is cut near the beginning of the series, resulting in a
series with a stopping value greater than 0, but with a series’ length too small to continue
cutting. Both of these characteristics indicate that a noticeable behaviour is present at
the left of the cut.
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Figure 39 — Segmentation at depth 2 of the first series.
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Figure 40 — Segmentation at depth 3 of the first series.
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Figure 41 — Segmentation at depth 4 left side of the first series.
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Figure 42 — Segmentation at depth 4 right side of the first series.

By analysing the tree’s structure, we can conclude that readings made between
06/23, 12:15 and 06/24, 16:45 should be closely analysed, as well as readings made close
to 06/27, 09:00. We can also state that the segments shown in Figure 40 has a somewhat
homogeneous behaviour, and that the segment created after 06/27 may still have some
interesting behaviour. Observing these periods in Figure 36a, we notice that the segment

before 06/24 has the greatest increase in humidity in the smallest period. Moreover,



74

the segment between 06/24, 07:30 and 06/24, 16:45 has a noteworthy drop in humidity.
Between 06/24, 07:30 and 06/27, 09:00, the series has a relatively stable behaviour, with
the previously mentioned drop being the only outlier. The last stretch of the series appears
to present two different behaviours, starting with a drop in humidity and then becoming
somewhat stable. Finally, the cause behind the first segment created is likely the repeated
steep drops in humidity, especially the one between 07:30 and 16:45 on 06/24.

Figure 37b also presents a left-leaning tree, however, as seen in Figure 43 the first
cut was made near the middle of the series, indicating that this five-day period has a more
erratic behaviour during the first half. The cut made at the segment shown in Figure 45
happens near the end of the subseries, which indicates that there is a noteworthy behaviour
nearby. The cut in Figure 44 is near the beginning of the series, suggesting an analysis
is needed. The same is true for the segments shown in Figure 46 and Figure 47. We can
conclude that along Figure 35b, stretches between 08/08, 00:00 and 08/09, 18:00 contain
interesting behaviour, as well as the stretch directly before 08/12, 9:15.

Focusing on the aforementioned areas in Figure 36b, we notice that the segment in
Figure 43 has a great increase in humidity over a small period. The segment in Figure 44
has the greatest increase in humidity of the series, and the Figure 46 also has a big increase,
although generally smaller, it is the greatest increase in humidity between readings. The
cut position shown in Figure 45 happens during a drop in humidity, and by looking at
the left segment created, we can conclude that its cause is the fast and drastic drops in

humidity, as opposed to the longer periods of increasing humidity.
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Figure 43 — Segmentation at depth 1 of the second series.
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Figure 44 — Segmentation at depth 2 left side of the second series.
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Figure 45 — Segmentation at depth 2 right side of the second series.
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Figure 46 — Segmentation at depth 3 of the second series.
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Figure 47 — Segmentation at depth 4 of the second series.
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After applying XTSTree to these series, one could also use the segments created

to model different, more accurate models that can more easily address each increasing or

decreasing trend, as opposed to one model that leverages the complete series.

5.4 Takeaways

The result section has three main goals: validate XTSTree as a method that per-

forms better than naive solutions while providing explainability, analyse the XTSTree’s
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performance compared to already consolidated top-down segmentation methods, and
present an example of which valuable information XT'STree provides when applied to

a real time series.

When compared with a fixed depth limit, the ADF stopping condition provides
a better performance at best, and an equal performance at worst, meaning it is more
scalable and requires little to no user input. The Page-Hinkley segmentation method
on average is equivalent to a random segmentation method in terms of prediction error.
However, the PH segmentation provides the greatest reduction in formula complexity. The
PH segmentation also presents a greater mean approach towards the ADF stop condition
at each segmentation than the random method. All in all, the PH and ADF methods both

prove to be equal or better than naive methods.

XTSTree performs either better or similarly to other top-down segmentation al-
gorithms, having at worst a greater error at the expense of creating fewer segments. This
means that XTSTree maintains an equal performance relating to the base top-down while
providing data insight and explainability. The data insight provided comes from the tree

structure and segmentation method, as shown in section 5.2.
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6 CONCLUSION

As the amount of time series data collected increases, so does the amount of concept
drift present in these data, which is reflected in more model retraining and adaptation.
Several algorithms are created specifically to identify these different behaviours and avoid
a cycle of model retraining. One type of algorithm capable of identifying these changes in

behaviour is time series segmentation algorithms.

Although segmentation algorithms successfully divide time series’ into segments
with different behaviours, they mostly use tools such as linear regression that may not be
ideal to find the approximate point where the behaviour change happens. Furthermore,

they seldom take into account the explainability of the cuts.

In this thesis, we proposed an algorithm for top-down segmentation that leverages
explainability in the form of the XTSTree. XTSTree combines a segmentation method
based on change detectors with a stopping criterion that uses a stationarity test to cut
a time series into several sub-series with similar behaviour. Employing a change detector
and a stationarity test allows XTSTree to approach the time series segmentation problem

while leveraging the explainability of the cuts.

We made a study on related works where several studies addressing time series
segmentation as a simplification process, a data insight tool and an explainability tool
were described. These were classified and compared against XTSTree to highlight the

differences between our method and other studies in the state of the art.

We implemented two other segmentation methods and one other stop criterion
for control purposes. Performance tests using SR were used on several time series, and
XTSTree managed to improve formula accuracy by a considerable amount. Among the
several combinations of segmentation methods and stopping criteria, the ADF stopping
criterion proved to be the most adaptable to the series’ length. The Page-Hinkley seg-
mentation method also performed better than other methods, having a statistically lower
error and a more consistent number of cuts and mean leaf error while achieving a level of

explainability through the hierarchy of cuts.

Two variations of the classic Top-down segmentation algorithm were implemented,
one using a lag window and the other using the series’ index as input. These were compared
against XTSTree, with experiment results showing that the index-based top-down creates
way more cuts than other methods, while the other two methods presented similar results.
XTSTree stands out as the only one capable of providing insight into a time series, as
well as explainability of its cuts. This is shown in a case study where it was used to guide

the analyses of two weather-related time series, helping to find prominent events.
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In future work, XTSTree features that provide explainability or data insight can
be explicitly presented through natural language. It is also possible to implement a post-
execution optimization to fine-tune the segmentation positions. Finally, there are also tree
optimisations that can be done through the tree structure used to reduce the number of

cuts and cluster sub-series created after segmentation.
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