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Abstract 

In this paper the problem of discovering rules, which 

are associations among patterns in the same time series, 

is considered. A novel algorithm, namely Rule Discovery 

Algorithm (RDA), appropriate for periodic time series 

data, like Electrocardiograms (ECGs) can be considered, 

is proposed. The first phase of the algorithm aims to 

break the sequence (i.e. an ECG) into overlapping, 

reconfigured length subsequences according to the 

sampling frequency and the types of ECG abnormalities 

to be studied. The Pearson Correlation Coefficient was 

chosen as the categorization metric, which is independent 

of the base line shifts and the amplitude scales. At the 

following phase the categorized sequence was scanned, 

so the most efficient rules would be mined. The format of 

those rules is “IF A occurs THEN B occurs WITHIN time 

T”, where A and B are categorized subsequences and T 

the time duration between A and B. RDA was evaluated 

on 60 congestive heart failure patients’ ECGs from a 

home care monitoring database. The mined rules are 

complementary to the ECGs’ plots allowing the physician 

to test various hypotheses and discover hidden 

knowledge. 

 

1. Introduction 

Data Mining (DM) is a new and interdisciplinary field 

merging ideas from statistics, artificial intelligence, and 

databases. Its main motivation is the phenomenal growth 

of data in all domains of human knowledge including 

medicine and the need of discovering valid and useful 

information from the collected data.  

Mining association rules in demographic dataset is one 

of the most popular data mining technique. To our 

knowledge association rules have firstly proposed in [1] 

aiming at capturing significant dependences between 

items in transactional datasets, like market basket analysis 

and financial analysis. For instance, in market basket 

analysis, where the items are the things bought and 

itemsets are several items together an association rule 

could be the “Beer→chips (83%)”, which states that 83% 

of the times someone buys Beer he or she also buys chips. 

Generally, an association rule is an expression of the form 

“X→Y”, where X and Y are sets of items from a given 

transaction database. 

The problem of mining association rules can be 

decomposed into two subproblems, firstly finding all 

frequent itemsets and secondly generating all rules with 

support (the most frequent) and confidence (the most 

efficient) higher than specified thresholds. However, 

many algorithms have suggested for extracting rules from 

transaction databases [2,3].  

During the last years there has been a great research 

investment in data mining information seeking 

knowledge building in medicine [4-6]. In [4] an 

uncertainty rule algorithm, named Uncertainty Rule 

Generation (URG-2), is proposed appropriate for 

discovering rules with confidence higher that a 

reconfigured threshold. URG-2 mines rules from dynamic 

databases containing missing values, without the need of 

recovering the already existing itemsets from the 

beginning. In [5] an improvement of the aforementioned 

algorithm called Adaptive Uncertainty Rule Generation 

(AURG) is illustrated.  

In this paper a novel algorithm, namely Rule 

Discovery Algorithm (RDA), appropriate for mining rules 

from periodic time series, like Electrocardiographs 

(ECGs), is proposed. The format of the extracted rules is 

“IF A occurs THEN B occurs WITHIN time T”, where A 

and B are categorized subsequences and T the time 

duration between A and B. 

The remaining part of the paper is organized as 

follows. In Section 2 the problem of time series 

categorization and its solutions are presented. Section 3 

briefly reviews the rule format and the required metrics. 

In Section 4 the RDA algorithm is described, while in 

Section 5 the results of an experimental evaluation of our 

approach on ECGs coming from a home care database are 

provided. Finally Section 6 concludes with the possibility 

of using the mined rules further in order to fill missing 

parts in an ECG. 

2. Time series categorization 

To cluster a given time series, which can be 

considered as sequence, into subsequences distance 

notions are required. Suppose a sequence s={x1, x2, …, 

xn} and a window’s length w are given. Then all 

subsequences s1, s2, …, sn-w+1 length’s w are obtained, 
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where si ={xi, xi+1, …, xi+w-1} and be denoted as W(s)={si 

/i=1, 2, …,n-w+1}.  

As a following task is to cluster the set of all 

subsequences W(s). The latter can be realized by trying 

the W(s) of length w as elements of R
w
 and use various of 

distance metrics. Euclidian distance is one of the most 

used in time series [7] and is defined as: 
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Other alternative distance measures between time 

series can provide interesting results, as well. For 

instance, the general Lp metrics and the L∞ metric defined 

by : 
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However, for many applications one would like to see 

the shape of the subsequences as the main factor in 

distance determination [8]. It is frequent for two 

subsequences to have essentially the same shape although 

they differ in their amplitudes and baselines. One way of 

achieving this is by normalizing firstly the subsequences 

and then using one of the above metric on the normalized 

subsequence. 

A simple and well known way to normalize a 

sequence is by shifting the time series by its mean and 

then scaling by its standard deviation. 
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where )x(avg  is the average of x  and )x(std  is the 

standard deviation for x . 

An alternative way to deal with the problem of the 

different baselines or amplitude scales among time series 

is the Pearson Correlation Coefficient similarity measure. 

In this paper the above measure has selected, which is 

widely used in statistical analysis, pattern recognition and 

image processing [9]. 
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where yx ∗  is the inner product between x  and y . 

The Pearson Correlation Coefficient ranges from –1 to 

1. A negative coefficient indicates a negative relation 

while a positive coefficient indicates a positive relation. 

Finally, a coefficient equal to zero indicates that the 

compared time series do not comprise any relation. In this 

paper the Pearson Correlation Coefficient is chosen in 

order to find similar parts among an ECG. 

3. Rule format and metrics 

In this section the rules format, which are mined from 

a set of categorized sequences, and the required metrics 

are exemplified. The rule format of those mined rules 

from an ECG is “IF A occurs THEN B occurs WITHIN 

time T”, where A and B are basic shapes appeared in the 

ECG, i.e. a value of the categorized sequence, and T the 

time duration between A and B. The previous rule can be 

written as “A=>B within T”. 

Given a categorized sequence the frequency f(A) of A 

is the number of occurrences of A in the sequence, while 

the relative frequency of A, called support, is f(A)/n, 

where n is the whole number of the values in the 

categorized sequence. The confidence c(A=>B within T) 

of the rule “A=>B within T” is the quotient of 

occurrences of A that are followed by B within T, i.e.: 

c(A=>B within T)=
)A(f

)T,B,A(f
 (6) 

where f(A,B,T) is the number of occurrences of A that 

followed by a B within T. 

The above metrics are correspondingly to the well 

known notion of support and confidence in association 

rules [1]. Support is used in order to mine the most 

frequent itemsets in a sequence while confidence is 

responsible for discovering the most efficient rules. 

4. The RDA algorithm 

As it is already mentioned RDA is an algorithm for 

discovering the most efficient association rules amongst 

subsequences in a sequence. In this study sequences 

corresponds to ECGs when each subsequence 

corresponds to a waveform of the ECG. 

The first phase in RDA algorithm is to define some 

parameters. The initial sequence is categorized according 

to the windows length parameter and the correlation 

threshold. If the correlation between two subsequences is 

higher than the specified threshold, then they are 

categorized in the same category. Moreover, a time step is 

required scanning the sequence. Optionally a starting 

point and a search range can be selected, otherwise the 

entire sequence will be scanned. At last, a minimum 

support and a minimum confidence are needed. 

At the following phase the categorized sequence is 

scanned, so that rules with support and confidence higher 

than the reconfigured thresholds to be mined. For that 

reason for each possible value for T frequent of each 
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f(A,B,T) is counting. The number of possible rules is 

a×b
2
, where “a” is the number of the different categories 

in the sequence and “b” is the number of different 

possibilities for T. In Figure 1 the main idea of the RDA 

algorithm is demonstrated in pseudo code. 

 

Rule_Discovery_Algorithm (MinCorrelation, 

                         MinSupport, MinConfidence, TimeStep) 

for all subsequences sj   

  for all already defined categories ci   

    corr=correlation(ci,sj) 

    if (corr>=MinCorrelation) then define sj as ci  

  endfor 

  if (no category math) then define sj as a new category ck  

endfor 

for (t=0;t<T;t=t+TimeStep) 

  for each categorized subsequence ci   

    if (itemset {ci ,ci+t } is new one) then add this itemset  

                                        into to the itemset list and count  

                                        itemsets {ci ,ci+t } frequent 

endfor 

for each counted itemset {ci ,cj} 

  if (|{ci ,ci+t }|>=MinSupport && 

                                 |{ci ,cj }|/|{ci}|>=MinConfidence) 

    then add  the rule ci =>cj within t into to the rule list 

endfor 

Figure 1. RDA Algorithm 

5. Experimental results 

In this study, the used ECGs’ database was created at 

the Laboratory of Medical Informatics in the Aristotle 

University of Thessaloniki, Greece. It consists of ECGs 

of 11 Congestive Heart Failure (CHF) patients who 

participated in an EC project named CHS (Citizen Health 

System) between September 2001 and January 2003 [10]. 

The main goal of CHS was to develop a generic contact 

center which in its pilot stage could be used in the 

monitoring, treatment and management of chronically ill 

patients at home in Greece, Spain and Germany. Patients 

were able to communicate with the contact center via a 

variety of interfaces, like public telephone, Internet or a 

mobile device. During the period of this project, the heart 

failure patients were monitored for a period of 8-13 

months and they were sending their ECG (record with the 

help of electronic microdevices) once a week. 

We ran the RDA algorithm for each ECG separately 

(over than five ECGs for each patient). The initial ECGs 

(32 seconds duration) were categorized into 100 values 

length subsequenses. The standard metrics of 50% 

minimum confidence and a range of 75-90% minimum 

correlation were applied. The correlation threshold was 

depended on the quality of the corresponding ECG, as 

better quality a specific ECG had as higher threshold 

correlation was selected. Applying those metrics a mean 

of 1643.7 rules/ECG were mined (ranging from 1405 to 

1912). 

A significant number of the extracted rules could be 

considered as diagnostic criteria [11] aiding the physician 

to establish various hypothesis. For example, in patient’s 

number 1 (#1) ECG 66.7% of the times his PR interval is 

following by T complex within 0,124 (±0.008) seconds. 

For patient’s #2 ECG his TP segment is followed by QRS 

complex with in 0.266 (±0.008) seconds with a 

confidence of 100% while in an other ECG of the same 

patient 85,7% of the times the duration of QRS complex 

and of PR interval is less than 0.3 seconds. Figures 2 

shows the graphs of the above examples. 

  
(a) 

 
(b) 

 
(c) 

Figure 2. In (a) PR interval is following by T complex 

within 0,124 with confidence of 66.7%. In (b) TP 

segment is followed by QRS complex with in 0.266 

seconds with a confidence of 100%. In (c) the duration of 

QRS complex and of PR interval is less than 0.3 seconds 

in 85.7% of the times. 

From the previous examples, the Initial ECGs was 

categorized into 100 values length subsequences using 

90% for minimum correlation and 2 values length for the 
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time step. 

6. Conclusion 

On the contrary from the previous algorithms that 

have mentioned before, the RDA is an algorithm 

appropriate for discovering associations rules in periodic 

time series. Subsequences are considered as items in such 

rules. RDA was evaluated on 60 ECGs coming from 11 

congestive heart failure patients. The results have 

expressed that RDA can be an complementary way to 

ECGs’ plots allowing the physician to test various 

hypotheses and discovering hidden knowledge. 

In the future, an improved algorithm for RDA could be 

developed for filling missing parts in a periodic time 

series. First of all, the rules be obtained by the use of the 

RDA algorithm could be continuously combined in order 

to fill missing parts internally according to the rest of the 

time series. Particularly, for each missing part only the 

corresponding rules have to be mined so that significant 

CPU time will be saved. 
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