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Abstract  

A method for the discovery of temporal complex patterns (TCPs) in multivariate time 

series and their conversion into a linguistic knowledge representation is introduced and 

applied to sleep-related breathing disorders (SRBDs) recorded by polysomnography (PSG). 

This method enables a simultaneous evaluation of respiration related signals of a PSG in 

order to identify and classify different types of SRBDs and their severity. The main idea lies 

in introducing several abstraction levels that allow a stepwise detection of TCPs, in this case 

SRBDs. First, Artificial Neural Networks with unsupervised learning are used for the 

detection of elementary patterns in selected time series. At this level, a rule-based 

description of the detected structures is generated using a machine learning algorithm. In the 

following levels, temporal relations among them as well as higher level patterns are 

extracted until the final detection of TCPs using methods from Artificial Intelligence and 

Statistics. At each level, a conversion into a linguistic representation in form of temporal 

grammatical rules is performed. This method covers one of the main “bottlenecks” in the 

design of Knowledge Based Systems, namely the problem of knowledge acquisition. A 

qualitative evaluation of the knowledge base is made using a questionnaire. For the first time 

a linguistic description of SRBDs has been generated automatically. Compared to expert 

knowledge the different types of SRBDs and their total number have been correctly 

identified. An evaluation of the rules at a lower abstraction level lead to an overall sensitivity 

of 0,762 and a specifity of 0,758. This is due to the fact that the expert couldn´t give an exact 

answer (maybe or don´t know) referring to some of the pattern descriptions. However, none 

of the pattern descriptions was incorrectly described (answer no).  
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1. Introduction 

The increasing development towards more powerful computers in the last few years has 

conduced to the measurement and storage of a great amount of data from, for example, 

industrial processes or medical applications. Often continuous signal data are acquired in 

order to enhance the diagnosis or control of the underlying process. These signal data are 

frequently recorded for time periods leading to multi-signal recordings that describe the 

underlying physiologic or pathologic process.  

For example, consider a human being that suffers from daytime sleepiness. Sleepiness is 

often caused by insufficient sleep, which may result from shift work or poor sleep hygiene. 

However, the most common medical disorder causing excessive daytime sleepiness appears 

to be sleep apnea [36]. For the diagnosis of sleep apnea the dynamics of physiological 

parameters such as respiration and heart rate, have to be recorded and evaluated. Moreover, 

for an acurate analysis of sleep apnea, a large number of parameters are involved. These are 

sleep-related signals (EEG, EOG, EMG), signals concerning the respiration (airflow, ribcage 

and abdominal movements, oxygen saturation, snoring) and circulation-related signals 

(ECG, blood pressure). The continuous recording of these signals is known as 

polysomnography (PSG). The identification of the different types of sleep apnea, namely 

apnea and hypopnea, can be carried out just using signals directly related to respiration [26]. 

Counting the number of individual apneas and hypopneas per hour of sleep, which is the 

apneaindex and the hypopneaindex, gives a measure for the extend of these disorders. The 

respiratory disturbance index (RDI) is the sum of apneas and hypopneas per hour of sleep. It 

can be seen as pathological, when the RDI is larger than 20 events per hour. After 40 events 

per hour, the patient has to be referred to therapy.  

The diagnosis of sleep apnea, more exactly sleep-related breathing disorders (SRBDs), is 

made by physicians with the help of technical assistants who perform a visual classification 

of the different types of apneas using a PSG. An automatic identification of the SRBDs is a 

very hard task, as on the one side a great amount of signals have to be analysed 

simultaneously. On the other side, quite different patterns for the same SRBD may occur, 

even for the same patient. In addition, a strong variation of the duration of each SRBD may 

also occur [27],[28]. 

In order to solve these problems, we propose a step-wise identification of SRBDs, such 

that at different abstraction levels a progressively higher temporal abstraction of the 

underlying signals can be obtained. The proposed method introduces several abstraction 
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levels, where Artificial Neural Networks (ANNs) as well as methods from statistics and 

signal processing are used for the identification of the SRBDs. The advantage in using 

ANNs lies in their effectiveness in applications dealing with sub-symbolic data, in particular, 

with noisy or even inconsistent real-world data. Such a sub-symbolic processing seems to be 

more adequate for pattern recognition problems [5]. Usually supervised ANNs are used to 

solve these problems. We use unsupervised ANNs, since they are able to learn structures 

from high dimensional data without any a priori information, i.e. a pre-classification of the 

patterns [6]. 

Another main aim of our approach lies in the generation of a temporal knowledge 

representation of the detected patterns in form of temporal grammatical rules, understandable 

for a human beings as, for example, medical experts. This includes the use of a machine 

learning algorithms for the automatic generation of PROLOG rules. Consequently, those 

rules can be used as knowledge base in traditional artificial intelligence (AI) technologies as, 

for example, Knowledge Based Systems (KBS). Those systems have been successful in 

areas like diagnosis, control and planning [19]. 

The advantages of both technologies, AI-technologies versus ANN-technologies, are 

wide-ranging. However, both approaches show up some limits, for instance, the incapacity 

of ANN to explain their behavior and the problem of knowledge acquisition for AI-systems. 

Recently, there has been an increasing interest in hybrid systems that integrate both 

technologies [13]. Usually, hybrid systems entail several modules that cooperate with one 

another. Each module is implemented in a different technology. In contrast, we are mainly 

interested in hybrid systems that perform a knowledge conversion, i.e. a transition between 

different knowledge representation forms, a sub-symbolic and a symbolic knowledge 

representation [39]. Previous applications where a knowledge conversion is performed [38], 

[42] do not consider temporal dependencies among data. In this paper a method will be 

presented that extends those concepts to multivariate time series enabling a temporal 

knowledge conversion [14], [16]. 

In seccion 2 some basic concepts of the Self-organizing Maps (SOMs) for the detection of 

structures in high-dimensional data are given. The method is introduced in seccion 3. 

Seccion 4 entails a detailed description of the experiments made with data from three 

patients with SRBDs. The evaluation of the method applied to SRBDs will be given in 

section 5. Section 6 entails a discussion of the presented method and its application to sleep-

related breathing disorders. Conclusions are presented in section 7. 



4 

2. Self-organizing maps for the detection of structures in high-dimensional data 

Artificial Neural Networks (ANNs) may be classified according to their learning 

principles in ANNs with supervised and unsupervised learning. The most popular supervised 

learning algorithm is the Backpropagation algorithm [34]. These kinds of ANNs are often 

used for pattern recognition problems, where a classification of the data is a priori available, 

for instance, for the recognition of images representing handwritten characters [5]. 

In contrast, we are mainly interested in ANNs with unsupervised learning that adapt their 

internal structures to structural properties (e.g. regularities, similarities, frequencies etc.) of 

the data. This is due to the fact, that our main aim is the discovery of inherent structures in 

high-dimensional data without any a priori information. ANNs like Competitive Learning, 

ART and the Self-organizing Map belong to this type [33]. We are mainly interested in Self-

organizing Maps (SOMs), as proposed by Kohonen (1982), since here a topology preserving 

projection of data in a high-dimensional space to a lower dimensionality (usually the |R2) is 

performed, enabling the detection of the structures inherent to the data at a lower dimension. 

Another advantage of SOMs lies in the possibility in detecting new, not yet known structures 

in the data. 

During learning SOMs adapt their weights such that a high-dimensional input space is 

projected onto a, usually, two-dimensional map preserving the neighborhood of the input 

data on the map (see Fig. 1). This means that the result is formed by the properties inherent 

to the data itself, i.e. no master tells us if the classification is correct or not. Consequently, no 

previous knowledge is afforded about the structures in the data. The input layer has n units 

representing the n components of a data vector ),...,( 1 nvvv = . The output layer is a two 

dimensional array of units arranged on a map. Each unit in the input layer is connected to 

every unit in the output layer with a weight ),...,( 0 rnrr www = associated. All weights are 

initialized randomly. They are adjusted according to Kohonen's learning rule [19] 

)()()( rrrr wvthtw −⋅⋅=∆ ′η   (1) 
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that realizes the lateral inhibition. The learning rate determines the strength of the 

learning with 1)(0 << tη . The radius )(tσ determines the set of neurons in a neighborhood of 

the bestmatch that are included into the learning process. Both functions usually decrease 

monotonously during learning.  

On the map neighboring units form regions that correspond to similar input vectors. 

These neighborhoods form disjoint regions, thus enabling a classification of the input 

vectors. However, in order to perform a classification, a visualization of the network 

structures is needed, since the Kohonen algorithm converges to an equal distribution of the 

units in the output layer [32]. Therefore, a special visualization algorithm, called U-Matrix 

method, was developed [37]. This algorithm produces a three dimensional landscape that 

represents structural properties of the high dimensional input space on the map. The idea is 

to analyse the weights at each point of the grid with respect to their neighbors and then 

display the distance between two neighbor units as height into the third dimension. This lead 

to an interpretable, three-dimensional landscape, called U-Matrix. A U-Matrix has valleys 

where the vectors on the map are close to each other and represent data that are in the same 

class. Hills or walls represent larger distances indicating dissimilarities of the input data. 

Using this visualization technique, clustering of data becomes possible such that the method 

can be used for exploratory data analysis. In the last years SOMs together with the U-Matrix 

method have been successfully applied to a wide-ranging number of applications where a 

clustering of high-dimensional data was afforded [17], [21], [37], [40], [42]. 

3. A method for automated temporal knowledge acquisition 

In this section, the recently developed method for temporal knowledge conversion (TCon) 

[14] is presented. The method enables an automated temporal knowledge acquisition with 

extended Self-Organizing Maps (SOMs) for the discovery of temporal complex patterns 

(TCPs) in multivariate time series. After the discovery process, the results of the SOMs are 

used for an automatic generation of temporal rules using Machine Learning algorithms. 

These rules are a linguistic description of the discovered TCPs, intelligible for human beings, 

and are part of the temporal knowledge base of a KBS. In order to be able to perform such a 

temporal knowledge conversion, an adequate knowledge representation for multivariate time 

series has to be found considering the following constraints:  

•  It has to be simple enough such that both, the discovery and the automatic generation 

of a rule-based description, becomes feasible using methods from Artificial 
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Intelligence, such as ANNs with unsupervised learning and Machine Learning 

algorithms.  

•  The results must be interpretable and intelligible for domain experts, since exploratory 

methods are used for the extraction of temporal knowledge from multivariate time 

series and no a priori knowledge is presumed.  

•  Not too strong restrictions should be made in order to capture the main structures 

without a loss of information. 

The main idea lies in breaking down this highly structured and complex problem into 

several sub-problems introducing several abstraction levels (see Fig. 2), where at each level 

the main structures in multivariate time series as well as temporal relations among those 

structures are detected successively using SOMs. At each level, the discovered structures are 

converted into a symbolic knowledge representation in form of temporal grammatical rules. 

This includes the use of Machine Learning algorithms.  

Previous approaches for the generation of a syntactical description of signals in form of 

grammars or automata used a pre-classification of the signals, for instance, sub-patterns as 

the QRS complex in ECG signals [22] or used simple waveform recognition operations as 

local minimum or negative slope [4]. In this paper a new approach is presented, where the 

main structures in multivariate time series are extracted using clustering algorithms, such as 

SOMs. As we are dealing with more than one time series, rules are generated at different 

abstraction levels. In order to generate a temporal knowledge base from the results of the 

ANN, we propose to use a machine learning algorithm, called sig* [38], that generates 

PROLOG rules at the first abstraction level. At the following levels temporal grammatical 

rules are generated. An implementation of those rules could be using definitive clause 

grammars (DCGs) [15]. DCGs are an extension of context-free grammars introducing 

conditions and tests in the rules [29] such that temporal conditions, for instance, the duration 

can be specified. A PROLOG-Interpreter then can be used as a parser. 

Fig. 2 shows the different abstraction levels and steps of the proposed method. A 

multivariate time series )(),...,( 1 ntxtxZ
vv=  with 1,R )( >∈ mtx m

i
v

 sampled at equal time steps 

ntt ,...,1  from signals of complex processes is the input of the system. The results of the 

method TCon are the discovered TCPs and a linguistic description of the TCPs in form of 

temporal grammatical rules, as well. These rules should be interpretable and intelligible for 

human beings in order to permit an evaluation of the generated temporal knowledge. Next, 

we will describe the different abstraction levels. 
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FEATURES: First, all time series have to be transformed into a suitable representation 

form, such that clustering techniques, for instance, SOMs, can be used at the next level for 

the extraction of the main structures in multivariate time series. This step is a prerequisite for 

further processing, specially, when dealing with data provided from medical applications, 

where recordings from several persons have to be considered. For most practical applications 

the choice of an adequate preprocessing will be one of the most significant factors in 

determining the final performance of the system [5]. This means that for each application the 

feature extraction process may differ strongly. In addition, an improvement of the feature 

extraction may be achieved using domain knowledge.  

For the feature extraction process, methods, for instance, from statistics or signal 

processing may be used [11], [23]. For the feature extraction one or even more than one time 

series SR )(),...,()(
1

∈= T
ijijiS txtxtx

S

v

 may be selected from the multivariate time series Z 

with skSjk ,...,1, =∈ , ||},,...,1{ SsmS =⊂ . A feature ))(),...,((),( liSiSiS txtxfltm += vv

 then 

is the value of a function R R : →×lsf at time it with },...,1{ lnl −∈  from selection S.  

PRIMITIVE PATTERNS: At this level, SOMs together with U-Matrices, as described in 

the previous section,  are used to find elementary patterns in temporal data, i.e. multivariate 

time series. The discovered patterns kjp j ,...,1, =  are named as primitive pattern classes. An 

element of a primitive pattern class is a primitive pattern kjtp ij ,...,1),( =  that belongs to a 

given primitive patterns class and is associated to a given time point it . Regions on a U-

Matrix that do not correspond to a specific primitive pattern class are associated to a special 

group, named tacet. We are now able to classify the whole time series with primitive patterns 

and tacets. This will be called a primitive pattern channel. 

Instead of determining primitive pattern classes for all time series simultaneously, several 

feature selections are made. For each feature selection several, but not all, features are 

selected. This results in several SOMs and U-Matrices. For example, for the detection of 

SRBDs, we may consider two feature selections, features concerning mainly the respiration 

and features concerning mainly the movements (see section 4). The main advantage of this 

proceeding lies in the possibility of dealing with a great amount of time series, performing a 

selection of contiguous features. This makes sense, especially if we have in mind to extend 

our method to a larger number of quite different time series, for instance, EEGs, ECGs, etc.   

After the determination of all primitive patterns classes for each feature selection, a 

symbolic description of the classes is generated. Therefore, Machine Learning algorithms, 
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for instance, CN2, NewId, CART or C5 [25] may be used. For this application, we used the 

machine learning algorithm sig* [38], since it generates a rule-based description of each 

primitive pattern class in form of PROLOG rules and each rule describes a primitive pattern 

class by its most significant features. Another important issue related to a rule-based 

description of primitive pattern classes lies in the generation of intelligible names for each 

primitive pattern class. This enables the generation of intelligible temporal grammatical rules 

at the next levels that just now can be interpreted by human beings as, for example, domain 

experts. 

For the first time, the machine learning algorithm sig* was applied to time series. It takes 

a classified data set in a high-dimensional space as input and produces descriptions of the 

classes in form of decision rules (see Example 1). In order to construct appropriate 

conditions that characterize each class, in this case primitive pattern classes, this algorithm 

selects significant features for each class. In particular, the generated rules take the 

significance of the different structural properties of the classes into account. If only a few 

properties account for most of the cases of a class, the rules are kept very simple. In order to 

formulize apt conditions for each selected significant feature, the distribution properties of 

the features of a class can be used. Assuming a normal distribution for a certain feature, this 

means that 95% of the feature values are kept in the limits [mean -2*dev ,mean +2*dev ], 

where dev is the value of the standard deviation of the attribute. If no normal distribution can 

be assumed, the median and quantiles can be used as limits. 

Example 1: Structure of a sig*-rule for primitive pattern classes 

A Primitive pattern is a ‘primitive_pattern_name’ 

if 

  ‘feature i’ ∈  [mini, maxi] 

 and  

  ‘feature j’ ∈  [minj, maxj] 

 and  

 … 

 and 

  ‘feature k’ ∈  [mink, maxk] 

Altogether, this abstraction level provides the dsicovered primitive pattern classes and the 

rules generated by the machine learning algorithm sig*, as well. 

SUCCESSIONS: Succeeding identical primitive patterns )(),...,( kijij tptp + , 

1,...,1 +−= kni  obtained from one SOM are a succession ),( eas j , where ita =:  is the 
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starting point, lite +=:  the end point and ael −=  the duration of succession js . Each 

primitive pattern is represented as a bestmatch on a U-Matrix. Trajectories of temporally 

succeeding primitive patterns, i.e. bestmatches, on a U-Matrix can be used for the 

identification of successions (see Fig. 3). If a trajectory remains in the same valley, those 

bestmatches, i.e. primitive patterns, belong to the same succession. A transition to another 

valley stands for a transition to a new succession. Such a transition may include regions on a 

U-Matrix, that do not belong to any primitive pattern class. Those regions represent a special 

group of neurons on a map, named as tacets.  If a transition includes one or more tacets, a 

delay between successions occurs. Since neighboring regions on a SOM represent similar 

bestmatches, a transition to a quite different primitive pattern can be identified considering 

the distance on the map. 

EVENTS: Since several SOMs are learned from different feature selections, two or more 

successions ),(),...,,( 111 qqq easeas may occur more or less simultaneously. At this level, more 

or less simultaneously successions that occur more than once, are identified as an event )(le . 

),...,(max 1 qaaA =  is the starting point, ),...,(max 1 qeeE =  the end point and AEl −=  the 

duration of the event. 

As there may occur differences in the frequency of the occurrence of events, a distinction 

between significant events (very frequently occurring) and less significant events (less 

frequently occurring) will be made. The significance of events is calculated using conditional 

probabilities. Rare events are omitted in the sense that they are regarded as delays between 

events, named as event tacets. The idea is to select the most significant events and associate 

less significant events to them. Therefore, similarities among significant and less significant 

events will be considered counting the number of the same types of successions occurring in 

both events. This results in a reduced number of events. Each event is described by one 

significant event and, possibly, one or more than one less significant events. At this level, the 

whole multivariate time series is described by a sequence of events mjeeF
jnj ,...,1,,...,1 == , 

with m as the number of different types of events in F. 

For each event a grammatical rule is generated with the name of the event at the left side 

of the rule. The right side of the rule entails alternatives of more or less simultaneous 

successions using the tokens ´more or less simultaneous´ and ´or´ . 

Example 2: Structure of a temporal grammatical rule for events 

An event is a ‘event_name’ 
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if 

  ‘succession i1’ and …  and ‘succession 1n’ 

 is more or less simultaneous 

  ‘succession j1’ and …  and ‘succession jm’ 

 is more or less simultaneous 

 … 

 is more or less simultaneous 

  ‘succession k1’ and …  and ‘succession kn’ 

SEQUENCES: At this level, we determine subsequences of events ki ee ,...,  that occur 

more than once in F. Events may succeed immediately or after a time delay, i.e. an event 

tacet. A sequence )maxmin()maxmin()maxmin( 11 kkki ,,...,e,e,sq =  then is a subsequence 

of events that occurs more than once (see Fig. 4). Each event type ie  in a sequence has a 

minimal imin  and a maximal duration imax . The minimal and maximal duration of  all 

subsequences ki ee ,...,  in F, is given by min and max. 

For the determination of sequences, probabilistic automata [6] as well as the duration of 

event tacets can be used.  Probabilistic automata describe transition probabilities between 

events such that paths trough such an automata describe possible sequences of events. The 

determination of sequences with the duration of event tacets is made by just considering the 

occurrence of larger event tacets that are interpreted as transitions between different 

sequences due to larger delays between succeeding events. 

For each sequence a grammatical rule is generated with the name of the sequence and the 

duration of the sequence at the left side of the rule (see Example 3). The right side of the rule 

entails a description of the succeeding events and their duration using the tokens ´followed 

by´ and ´followed after … by´. We emphasize, that the same event type may appear in 

different sequences. 

Example 3: Structure of a temporal grammatical rule for sequences 

A sequence is a ‘sequence_name’ [min, max] 

if 

  ‘Eventi’: ‘name of event i [mini, maxi]’ 

 followed by / followed after [mintj, maxtj] by 

  ‘Eventj’: ‘name of event j [minj, maxj]’ 

 followed by / followed after [mintk, maxtk] by 

  ‘Eventk’: ‘name of event k [mink, maxk]’ 
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 … 

 followed by / followed after [mintl, maxtl] by 

   ‘Eventl’: ‘name of event l [minl, maxl]’ 

TEMPORAL PATTERNS: At the last level, similarities among sequences are determined. 

Therefore, string exchange algorithms can be used [1]. Similar sequences 

)max,min(...)max,min( ii1 vvvsqsq ∨∨  will be joined together to a temporal pattern 

)max,(mintp , where )min...,(min minmin vi ,= and )max...,(max maxmax vi ,=  is the 

minimal and maximal duration of the temporal pattern, resp. 

At this level alternatives between similar types of sequences are described by a 

grammatical rule using the token “or” (see Example 4). This step may be dismissed, if a 

temporal pattern entails just one sequence. 

Example 4: Structure of a temporal grammatical rule for temporal patterns 

A temporal pattern is a ‘temporal_pattern_name’ [min, max] 

if 

  ‘sequencei’ [mini, maxi]’ 

 or 

  ‘Sequencej’ [minj, maxj]’ 

 or 

 … 

 or 

  ‘Sequencek’ [minv, maxv]’ 

4. The Method applied to Sleep-related Breathing Disorders 

The method was applied to a sleep disorder with a high prevalence, called sleep apnea. 

More exactly, sleep-related breathing disorders (SRBDs) consist of various types among 

which sleep apnea is best known. For the diagnosis of sleep apnea the temporal dynamics of 

physiological parameters such as respiration and heart rate, have to be recorded and 

evaluated. Moreover, for an analysis of sleep apnea, a large number of parameters are 

involved, such as sleep-related signals (EEG, EOG, EMG), signals concerning the respiration 

(airflow, ribcage and abdominal movements, oxygen saturation, snoring) and circulation 

related signals (ECG, blood pressure). The parallel recording of those signals during sleep is 

known as polysomnography (PSG).  

One of our main goals was the identification of different types of sleep related breathing 

disorders, mainly apnea and hypopnea. Therefore, only the signals concerning the respiration 
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had to be considered [27]. Severity of the disorder is calculated by counting the number of 

apnea events per hour of sleep. This is called apnea-index. The sum of the index of apneas 

and hypopneas is a measure for the respiratory disturbance index (RDI). It can be seen as 

pathological, when the RDI exceeds  20 events per hour of sleep. After having 40 events per 

hour of sleep, the patient has to be referred  to therapy.  

Technical assistants usually make the visual classification of the different types of SRBDs 

based on a PSG recording. An automatic identification of SRBDs is a very hard task, since 

all signals have to be analysed simultaneously. In addition, quite different patterns for the 

same SRBD may occur, even for the same patient during the same night, and a strong 

variation of the duration of each event may occur, as well [27], [28]. 

SRBDs can be subdivided into SRBDs with and SRBDs without an obstruction of the 

upper respiratory tracs. The different kinds of SRBDs are identified through the signals 

´airflow´, ´ribcage movements´ and ´abdominal movements´, ´snoring´ and ´oxygen 

saturation´, where a distinction between amplitude-related and phase-related disturbances is 

made (see Fig. 5). Concerning the amplitude-related disturbances, we distinguish 

disturbances with 50% as well as disturbances with 10-20% of the baseline signal amplitude. 

Phase-related disturbances are characterized by a lag between ´ribcage movements´ and 

´abdominal movements´. An interruption of ´snoring´ is present at most SRBDs as well as a 

drop in ´oxygen saturation´. We emphasize that only a simultaneous evaluation of all time 

series enables an identification of the different types of  SRBDs [27].  

We used 25 Hz sampled data from three patients having the most frequent SRBDs 

(altogether 27 patterns) and made a filtering to 2,5 Hz in order to reduce the large amount of 

data. No additional information was provided from the medical experts, since exploratory 

methods as ANNs with unsupervised learning are used in order to find inherent structures in 

the time series. Those methods include the possibility of finding new, not yet-known 

structures. In this section we will present the results for all SRBDs. However, the method 

will be explained using one of the detected SRBDs. 

FEATURES: Altogether, 12 features have been calculated (see Fig. 6 for the extracted 

features of one of the SRBDs). For the feature extraction we considered the already 

mentioned characterization of possible occurring disturbances (see Fig. 5). In order to 

capture changes in the amplitude, the volume of each of the time series ´airflow´, ´ribcage 

movements´ and ´abdominal movements´ with a lag of 2*d+1 (this corresponds to a single 

breath) has been calculated. As multimodal distributions occurred, we deduced fuzzy-

membership-functions [43] from the histograms of the volumes of each time series. We 
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obtained the linguistic variables ‘no airflow’, ‘reduced airflow’ and ‘strong airflow’, resp. for 

‘ribcage movements’ and ‘abdominal movements’. For the identification of lags between 

‘ribcage movements’ and ‘abdominal movements’ cross-correlations have been calculated. In 

addition, a rescaling of the measure ‘snoring’ was made. Since ‘oxygen saturation’ is not a 

relevant feature for the pattern detection process, a switch was implemented, enabling the 

identification of a  drop (decline) of at least 4% of the oxygen saturation for the past 10 sec.  

PRIMITIVE PATTERNS: After the feature extraction SOMs together with U-Matrices 

are used for the detection of primitive patterns. As we are searching for structures in time 

series related mainly to airflow to the movements, two feature selections have been made:  

•  Features concerning mainly the airflow: ‘strong airflow’ ∈  [0, 1], ‘reduced airflow’ ∈  [0, 

1], ‘no airflow’ ∈  [0, 1], ‘lag of respiratory movements’ ∈  [-1, 1], ], ‘snoring intensity’ ∈  

[0, 1].  

•  Features concerning mainly the movements: ‘strong ribcage movements’ ∈  [0, 1], 

‘reduced ribcage movements’ ∈  [0, 1], ‘no ribcage movements’ ∈  [0, 1], ‘strong 

abdominal movements’ ∈  [0, 1], ‘reduced abdominal movements’ ∈  [0,1], ‘no abdominal 

movements’ ∈  [0, 1], ‘lag of respiratory movements’ ∈  [-1, 1], ‘snoring intensity’ ∈  [0, 

1].  

The advantage of a feature selection lies in the possibility of detecting elementary 

structures in time series not having to consider all of them at the same time. We remark here 

that one feature may occur in several feature selections. For example, consider the feature 

‘snoring intensity’ that occurs in both feature selections.  

Consequently, two feature selections lead to the generation of two SOMs and U-Matrices. 

The latter are called ‘AirflowUMX’ and ‘MovementsUMX’ (see Fig. 3). Regions on a U-

Matrix that do not correspond to a specific cluster are associated to a special group, called 

tacet class. All other regions are associated to a primitive pattern class. We now are able to 

classify the whole time series with primitive patterns and tacets (see Fig. 7).This will be 

called a primitive pattern channel. Altogether, 6 primitive pattern classes 61,..., AA  have been 

identified from ‘AirflowUMX’ and 9 primitive pattern classes 91,...,BB  from 

‘MovementsUMX’.  

Although primitive patterns classes have already been identified, until now no meaningful 

and intelligible names have been given to the classes. This is, however, an important task, as 

we aim to obtain a symbolic and intelligible description of the discovered patterns at all 

abstraction levels. Therefore, a machine learning algorithm, called  sig* [38], was used to 



14 

generate a rule-based description of each primitive pattern class. This means that for each 

primitive pattern class a characterizing rule is generated with the most significant features. 

The naming of each primitive pattern class is straightforward, since each rules entails the 

most significant and characterizing features for each class. Values nearby one mean that this 

feature occurs with a high probability, while values nearby zero mean that this feature will 

probably not occur. For example, primitive pattern ‘A2’ was named as ‘no airflow without 

snoring’, since the feature ‘no airflow’ occurs with a high probability with values in [0.951, 

1] and a strong ‘snoring intensity’ will probably not occur with values in [0, 0.241]. The 

following example shows some of the sig* rules for two primitive pattern classes from 

different U-Matrices. 

Example 4: sig* rules for the primitive patterns ‘A2’, ‘A4’ and ‘B3’: 

A primitive pattern is a ‘A2’ 

if 

 ‘no airflow’ ∈  [0.951, 1] 

and  

 ‘reduced airflow’ = 0 

and 

‘snoring intensity’ ∈  [0, 0.241] 

This primitive pattern class was named as ‘no airflow without snoring’. 

 

A primitive pattern is a ‘A4’ 

if 

 ‘strong airflow’ ∈  [0.367, 1] 

and  

 ‘no airflow’ = 0 

and 

‘snoring intensity’ ∈  [0.15, 1] 

Name of the primitive pattern: ‘strong airflow with snoring’. 
 

A primitive pattern is a ‘B3’ 

if 

‘no ribcage movements’ ∈  [0.772, 1] 

and  

‘no abdominal movements’ ∈  [0.641, 1] 

and 

‘reduced ribcage  movements’ = 0 

and 
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‘snoring intensity’ = 0 

Name of the primitive pattern: ‘no respiratory movements without snoring’. 

These names will be used at the next level for the description of the temporal grammatical 

rules of the events. The following names have been generated from the sig*-rules for all 

primitive pattern classes: 

Primitive pattern classes from ‘AirflowUMX’: 

•  A1: ‘reduced airflow with snoring’ 

•  A2: ‘no airflow without snoring’ 

•  A3: ‘strongly reduced airflow with snoring’ 

•  A4: ‘strong airflow without snoring’ 

•  A5: ‘reduced airflow without snoring’ 

•  A6: ‘strongly reduced airflow without snoring’ 

Primitive pattern classes from ‘MovementsUMX’: 

•  B1: ‘reduced parallel respiratory movements with snoring’ 

•  B2: ‘reduced parallel respiratory movements’ 

•  B3: ‘no respiratory movements without snoring’ 

•  B4: ‘laged respiratory movements’ 

•  B5: ‘reduced by strong laged respiratory movements’ 

•  B6: ‘strong respiratory movements’ 

•  B7: ‘no strong laged respiratory movements’ 

•  B8: ‘reduced ribcage  movements and no abdominal  movements without snoring’ 

•  B9: ‘reduced parallel and laged ribcage  movements and no abdominal  movements 

without snoring’ 

SUCCESSIONS: At this level, temporal relations among the primitive patterns in a 

primitive pattern channel have been considered for the identification of successions. Each 

succession has a corresponding primitive pattern type. We identified 6 different types of 

successions ‘AirflowUMX’ and 9 different types of successions from ‘MovementsUMX’. 

All of them start at a different time point and most probably have different durations. 

Successions can be identified by trajectories visualized on U-Matrices (see Fig. 3). A 

transition through a region on the U-Matrix associated to the tacet class means that a delay 

between two succeeding successions occurs (see Fig. 7).  

EVENTS: This level entails the identification of more or less simultaneous successions 

occurring at the different primitive pattern channels. Therefore, the number of 
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simultaneously occurring primitive patterns has been calculated, since very small deviations 

are allowed for more or less simultaneous successions. In order to determine the significance 

of events (significant, less significant and rare events), conditional probabilities have been 

calculated for all primitive patterns 6,...,1, =iAi of ‘AirflowUMX’ with 

( ) ( )
( )j

ji
ji BP

BAP
BAP

∩
=  (3) 

and for all primitive patterns 9,...,1, =jB j of ‘MovementsUMX’ with  

( ) ( )
( )i

ij
ij AP

ABP
ABP

∩
= . (4) 

We distinguish between significant and less significant events calculating histograms over 

the conditional probabilities  (see Fig. 8). Most significant events have probabilities 

( ) 5.0≥ji BAP  or ( ) 5.0≥ij ABP , while less significant events have probabilities 

( ) 5.012.0 <≤ ji BAP  or ( ) 5.011.0 <≤ ij ABP . The probability for all rare events, i.e. event tacets, 

lies below these values. Altogether, 6 significant and 11 less significant events have been 

identified. In order to join less significant and significant events, the number of the different 

types of successions in different events was calculated. For example, ´Event5´ was identified 

as an event that entails one significant and two less significant events. The significant event 

entails the successions 6A :‘strong airflow with snoring’ and 4B :‘strong respiratory 

movements’ that occur more or less simultaneously. The less significant events are 

characterized by the following more or less simultaneous occurring successions: 1A :‘reduced 

airflow with snoring’ or 0A :‘tacets’ occurs more or less simultaneously with 4B :‘strong 

respiratory movements’. See example 6 for a temporal grammatical rule of ‘Event5’.  

The occurrence of tacets in a rule means that small interruptions may occur in a 

succession or that a succession, for example, from one primitive pattern channel occurs 

simultaneously with irrelevant information at the other channel. 

Example 6: Temporal grammatical rules for ‘Event2’ , ‘Event3’ and ‘Event5’:  

An event is a  

‘Event2’ 

if 

  ‘no airflow without snoring’ 

 is more or less simultaneous 
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(‘no respiratory movements without snoring’ 

  and 

 ‘tacets’) 

An event is a  

‘Event3’ 

if 

  ‘no airflow without snoring’ 

 is more or less simultaneous 

(‘reduced ribcage and no abdominal movements without 

snoring’ 

An event is a  

 ‘Event5’ 

if 

 (‘strong airflow with snoring’ 

  and 

 ‘reduced airflow with snoring’ 

 and 

  ‘tacets’) 

is more or less simultaneous 

 ‘strong respiratory movements’ 

 

The following intelligible names for all events have been derived from the temporal 

grammatical rules. The naming is straightforward, since already intelligible names have been  

derived from the sig*-rules at a lower abstraction level for the primitive pattern classes and, 

therefore, also for the successions:  

•  Event1: ‘reduced airflow with snoring’ 

•  Event2: ‘no airflow and no respiratory movements without snoring’ 

•  Event3: ‘no airflow and reduced ribcage movements and no abdominal  movements 

without snoring’ 

•  Event4: ‘no until reduced airflow and reduced parallel and laged respiratory  

movements without snoring’ 

•  Event5: ‘strong breathing with snoring’ 

•  Event6: ‘reduced airflow and laged respiratory  movements without snoring’ 
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SEQUENCES: At this level, the whole multivariate time series is represented by a 

sequence of events. TCPs then are subsequences of events that occur repeatedly in this 

sequence. Now, the main problem lies in the identification of starting and end events, in 

order to be able to identify relevant sequences. Therefore, probabilistic automata (see Fig. 9) 

as well as very large event tacets (delays) between two succeeding events (see Fig. 10) have 

been considered.  

The following references to sequences have been found from the probabilistic automata:   

•  (Event5 ⇒) Event4 ⇒ Event5 

•  (Event5 ⇒) Event2 ⇒ Event3 ⇒ Event5 

•  (Event5 ⇒) Event1 ⇒ Event4 ⇒ Event5 

•  (Event5 ⇒) Event4 ⇒ Event6 ⇒ Event5 

•  (Event5 ⇒) Event4 ⇒ Event5 

All cycles end up at ‘Event5’.  

Using the method that considers very large events tacets between two succeeding events, 

the following results have been obtained: ‘Event5’ was identified as a very special event, 

where the most sequences end up. All other events, with exception of ‘Event3’, are probably 

starting events. See Fig. 11 for all detected sequences.  

For each sequence a grammatical rule was generated. See Example 7 for an example of a 

temporal grammatical rule. It describes ‘Sequence1’ with ‘Event2’, ‘Event3’ and ‘Event5’ as 

well as their durations and a reference to event tacets between succeeding events.  

Example 7: Temporal grammatical rule for ‘Sequence1’ 

A sequence is a  

‘Sequence1’ [40 sec, 64 sec] 

if 

‘Event2’: ‘no airflow and no respiratory movements without   snoring’ 

[13 sec, 18 sec] 

followed by 

‘Event3’: ‘no airflow and reduced chest and no abdominal  movements 

without snoring’ [20 sec, 39 sec] 

followed after [0,5 sec, 5 sec] by 

‘Event5’: ‘strong breathing with snoring’ [6 sec, 12 sec] 

 

TEMPORAL PATTERNS: Finally, similar sequences will be joined together to a 

temporal pattern. Therefore, string exchange algorithms have been used, where similarities 
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between occurring events in the sequences and the duration of the events have been 

considered, as well. Similarities can be calculated using the following operations on strings: 

insertion of a character (weight = 2), deletion of a character (weight = 2), conversion of two 

characters (weight = 3) and replacement of a character (weight = 1). Since for this kanid of 

applications the duration plays an important role, the weights will be increased by one for 

each 5 sec of duration.  Fig. 12 entails two examples for the calculation of the similarity 

between sequences using string exchange algorithms. 

For all the sequences we obtained the following distances (see Table. 2) This lead to four 

temporal patterns, two of them having two similar sequences (see Fig. 11). 

If a temporal pattern entails more than one sequence, then it will be described by an 

alternative of similar sequences (see Example 7). 

Example 7: Temporal grammatical rule for ‘Sequence1’ 

A temporal pattern is a  

 ‘Temporal Pattern 2’ [19 sec, 37 sec] 

if 

 ‘Sequence 2’: [36 sec, 37 sec] 

 or 

 ‘Sequence 3’: [19 sec, 35 sec] 

We remark here, that no names can be given to sequences and temporal patterns 

automatically by the system. If possible, i.e. the TCPs are well-defined, names will be given 

by a domain expert. 

5. Results 

Knowledge acquisition is one of the main “bottlenecks” in the design of KBS [2]. The 

presented method can be used as a tool of automated temporal knowledge acquisition for 

KBS. At this stage of the KBS design and development, a qualitative evaluation of the 

knowledge base is afforded [3], [26]. Therefore, a questionnaire was developed that enables a 

structured interviewing of a domain expert for the evaluation of the discovered TCPs, 

including the identification and rule generation process. As we are dealing with exploratory 

methods, it should also be verified, if some kind of “new” knowledge was found. 

The questionnaire provides a structured interviewing of a medical expert, since the rules 

describe the knowledge at different abstraction levels. Therefore, we used the figures the 

discovered successions, events, sequences and temporal patterns (see Chapter 4), as well as 
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the temporal grammatical rules and the rules of the sig*-algorithm. The following questions 

have been considered in the questionnaire:  

•  Were the temporal patterns, sequences and events correctly identified? 

•  Is the duration of the temporal patterns and sequences in a valid range? 

•  Are the rules of the temporal grammar understandable and intelligible for an expert? 

•  Could the expert give names from the domain to the temporal patterns and events? 

•  Was some kind of “new” knowledge detected? 

Compared to expert knowledge the different types of SRBDs and their total number have 

been correctly identified with a sensitivity of 100% and a specifity of 100%.  

However, another important part of the knowledge base evaluation concerns the temporal 

grammatical rules of the events and their descriptions. Therefore, the successions in the 

events have been examined within the questionnaire. The expert could give the following 

answers: yes (successions must occur in the event), maybe (successions may occur in the 

event), don´t know (no statement can be made) and no (successions must not occur in the 

event). Altogether, 56,25% of more or less occurring successions were correctly associated 

to the events (yes). This corresponds to events that allocate 80,16% of the whole time period. 

For 37,5% of more or less occurring successions the expert couldn´t give an exact answer 

(don’t know). This merely corresponds to events that allocate 18,21% of the whole time 

period. The latter is mainly due to the occurrence of tacets in the rules, that don´t have a 

meaning in medicine. For 6,25% the expert couldn´t give an exact answer (maybe), 

corresponding to 1,63% of the whole time period. It is remarkable, that none of the events 

was incorrectly described (answer: no). An evaluation of the rules at this level lead to an 

overall sensitivity of 0,762 and a specifity 0,758 (see Table. 1). This is due to the fact that the 

expert couldn´t give an exact answer (answer maybe or don´t know) referring to some of the 

event rules.  

´Event5´ was correctly identified as a special event, called ´hyperpnea´. SRBDs always 

end up with a ´hyperpnea’. In some cases the duration of ´Event5´ was too short. The 

duration of all other events were in a valid range. The interpretation of the rules was 

straightforward, since all rules were regarded as well understandable descriptions due to the 

tokens used in the grammatical rules, such as ´more or less simultaneous´, ´or´, ´followed by´ 

and ´followed after … by´, and due to the intelligible names generated for the primitive 

patterns and events.  
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In order to verify the extracted knowledge, the expert was asked to give a name from the 

domain to all the temporal patterns and events: 

•  TemporalPattern1: ‘mixed (obstructive) apnoe’ 

•  TemporalPattern2: ‘obstructive hypopnoe’ 

•  TemporalPattern3: ‘mixed obstructive apnoe’ 

•  TemporalPattern4: ‘obstructive snoring’ 

•  Event1: ‘obstructive snoring’ 

•  Event2: ‘central part (of a mixed obstructive apnoe)’ 

•  Event3: ‘obstructive part (of a mixed obstructive apnoe)’ 

•  Event4: ‘obstructive apnoe’ 

•  Event5: ‘hyperpnoe’ 

•  Event6: ‘hypopnoe’ 

This means that all discovered TCPs could be associated to important properties of 

SRBDs from medicine. 

The last question was related to the detection of possibly “new” knowledge in the data. A 

reference was found for ´TemporalPattern3: mixed obstructive apnoe´ that entails two 

different types of patterns not yet well defined in medicine: 

•  mixed obstructive apnoe with an interruption and snoring having a central and an 

obstructive part 

•  mixed obstructive apnoe without an interruption and without snoring ending in an 

hypoventilation  

The latter has to be verified with further experiments. 

6. Discussion 

Systems that integrate several intelligent technologies, for instance, from traditional AI, 

ANNs and Genetic Algorithms, are called Hybrid Systems (HS) [13]. However, most HS can 

be regarded as merely cooperative HS, where, for instance, the main component of a 

technology in the HS is replaced by another (function-replacing HS), several independent 

modules are implemented in different technologies (cooperative HS) or several technologies 

are simulated by just one technology (polymorphic HS). In contrast, we are mainly interested 

in HS, where a knowledge conversion from sub-symbolic knowledge into a symbolic 

knowledge takes place [39]. HS with a knowledge conversion have already been successfully 
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applied to multi-dimensional data from medicine with data gathered from patients with blood 

anaemia, acidosis, and cerebrospinal fluid diseases [42], [41].  

This work extends this approach to multivariate time series, being so far much more 

complex, since several abstraction levels have to be introduced, as proposed in [14]. At each 

level temporal rules are extracted automatically from the results of the unsupervised ANNs 

and other exploratory methods, such that a step-wise knowledge conversion of multivariate 

time series in form of an automated temporal knowledge acquisition becomes feasible.  

The acquisition of expert knowledge is a hard task, since a computer-based processing of 

the knowledge, for instance, through an inference machine, must be achieved and the 

acquired knowledge should be complete and extensive, as well. For very large data bases 

such a process might be very prolonged [24]. Usually tools for an interactive knowledge 

acquisition are used [8]. However, the usually existent lack of time of domain experts often 

limits those tools for the development of KBS [9]. In addition, expert knowledge and 

experience is hardly communicable and convertible into rule-based knowledge. Experts often 

aim to describe exceptions or, on the other side, trivial rules. Frequently, associations to 

similar cases are searched for. The use of ANNs for such tasks is quite evident, since ANNs 

have the capacity to learn from examples and operate as an associative memory.   

Previous approaches that generate a knowledge acquisition for time series are limited to 

univariate time series, such as ECGs [22] or carotid pulse waves [4]. Here, the main patterns 

in the time series are pre-defined, for instance, classifying P-waves or QRS-complex of an 

ECG signal or using simple waveform operations as local minimum or negative slope. The 

main difference to our approach lies in the fact that we discover the main patterns in 

multivariate time series using unsupervised methods.   

An analysis and description of multivariate time series not only affords the development 

of a knowledge representation that describes succeeding events in the time series, but also 

the introduction of simultaneity. In medicine, usually, overlapping intervals are described  

using Allen´s (1984) interval calculus [10], [12], [18]. Here, 14 temporal relations between 

intervals are precisely described considering different starting and end points as well as 

precedence relations between two intervals. However, for pattern recognition tasks this 

approach would lead to a enormous amount of patterns, such that a more vague 

representation, as used in Kowalsky and Sergot (1986) event calculus seems more 

appropriate.  Therefore, we introduced a “more or less simultaneity” that enables an 

extraction and description of the main patterns in SRBDs. 
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7. Conclusion 

This paper presents a recently developed method for temporal knowledge conversion 

(TCon) [14],[16] applied to sleep-related breathing disorders (SRBDs). Therefore, 25 Hz 

recorded data of a polysomnography from three patients have been used having the most 

frequent SRBDs. In order to handle this complex and structured problem, several abstraction 

levels have been introduced allowing a successive detection of SRBDs, i.e. temporal 

complex patterns in multivariate time series. It was shown that Self-organized Feature Maps 

(SOMs), as proposed by Kohonen [19], together with a special visualization technique, 

called U-Matrix-Method [37], have been successfully applied for the detection of elementary 

patterns in time series, called primitive patterns. Features obtained from the time series 

´airflow´, ´ribcage  movements´ and ´abdominal  movements´ and ´snoring´ have been used 

as input to the SOMs. This step is a prerequisite for further processing, specially, when 

dealing with data from several patients. The detection of primitive patterns represents the 

first step in a chain of steps with several abstraction levels until the final detection of SRBDs 

and can be seen as a step towards a successive higher knowledge abstraction.  

Another main aim was the extraction of temporal knowledge, understandable for human 

beings. At the first level, a machine learning algorithm, called sig* [38], was used to generate 

a rule-based description of the detected primitive patterns in form of PROLOG rules. One 

advantage lies in the generation of an intelligible name for each primitive pattern that can be 

used at the next abstraction levels. Temporal grammatical rules are generated for the 

description of the patterns at higher abstraction levels, as events, sequences and temporal 

patterns. An implementation of those rules with definitive clause grammars is straight-

forward [15]. All rules represent an automatically generated temporal knowledge base of a 

knowledge base system. In addition, a linguistic representation of the detected patterns at 

different abstraction levels is generated.   

The evaluation of the extracted knowledge in form of decision rules was made in a 

structured and step-wise form using an especially for this purpose conceptualized 

questionnaire. Altogether, all four SRBDs have been correctly identified and for the first 

time a linguistic description of SRBDs was automatically generated using machine learning 

algorithms. Such a representation allowed an evaluation of the discovered SRBDs and a 

verification of the extracted temporal knowledge by a domain expert. The presented results 

show some of the potentials of our approach. Our next goal will be the application and 

extension of the method to a greater number of time series and to other domains, where 
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temporal complex patterns are searched. In addition, further research will be needed to verify 

the possibly  “new” kind of knowledge found in one of the SRBDs. 
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Tables 

 Sensitivity Specifity 

Event1 0,909 0,719 

Event2 0,933 0,717 

Event3 1 0,709 

Event4 0,509 0,822 

Event5 0,467 0,836 

Event6 0,754 0,741 

All 0,762 0,758 

Table. 1. Sensitivity and Specifity for the temporal grammatical rules of the events 

 

Distances S1 S2 S3 S4 S5 S6 

Sequence1 (S1)  14 17 14 16 >20 

Sequence2 (S2)   2 6 9 >20 

Sequence3 (S3)    8 6 >20 
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Sequence4 (S4)     2 >20 

Sequence5 (S5)      >20 

Sequence6 (S6)       

Table. 2. Calculated distances between all the sequences using string exchange algorithms  

Figures 
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Fig. 1. Two-dimensional Self-organizing Feature Map (SOM) as proposed by Kohonen [19] 
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Fig. 2. Abstraction levels and steps of the method TCon enabling a conversion of temporal 

structures in multivariate time series into a symbolic knowledge representation form [4] 

  

PrimitivePatterns: 
A1, A2, A3, A4, A5, A6 

A1
A1

A6

A2

A3
A4 A2

A5

A3
A4A4

 

 

(a) 
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(b) 

 

Fig. 3.  (a) AirflowUMX: U-Matrix generated from features related mainly to the airflow. 

The trajectory entails a transition from succession A2 to succession A6. A visual analysis of 

the U-Matrix enabled the detection of 6 primitive pattern classes 61,..., AA . (b) 

ChestAbdomenWallUMX: U-Matrix generated from features related mainly to the 

respiratory movements. A visual analysis of the U-Matrix enabled the detection of  9 

primitive pattern classes 91,...,BB . 
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Event jEvent i Event k...
 

Fig. 4. A possible sequence of events, whereby a transition between events may include a 

delay. 

 

Fig. 5. Disturbances of the signals related to both, amplitude and phase. 
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Fig. 6. Small excerpt of multivariate time series and resp. features of a SRBD  

 

Fig. 7. Multivariate time series and resp. primitive patterns/successions from a patient with 

SRBDs 

 

 

Conditional Probabilities P(Ai Bj) Conditional Probabilities P(Bj Ai)
 

Fig. 8. Conditional Probabilities for the determination of significant and less significant 

events  
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V ery  frequent transitions
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Fig. 9. Probabilistic automata for the determination of  starting and ending events 
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Fig. 10. Number of events before and after a longer event tacet in percents 
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Fig. 11. Temporal Patterns with corresponding sequences and events for all SRBDs 
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Event 6 Event 5

22 sec = 5 13 sec = 3

Event 6 Event 5Event 4

4 sec = 1 14 sec = 3 13 sec = 3

.1 2 + 0 + 0 =   2
 

 

Fig. 12. Two examples for the calculation of the similarity between sequences using 

string exchange algorithms 
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Fig. 13. Results of the questionnaire for the events 
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