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Abstract — The past few years have shown an increase in the amount of data that are being generated in all fields. This 

increase is due to human needs to all aspects from business to science. One of these fields is medicine with uncertain data. For 

these amount of data there exists computational methods and tools for analysis and it requires medical informatics researchers 

and specialists to choose the most appropriate method to cope with these data. This paper presents one of the common data 

mining tasks, association rule mining, when considering particular continuous time series measurements. The most important 

goal of this study is dealing with and processing time series data for the purpose of extracting linguistic rules. Also, comparing 

the results of this method with the results of classical statistical analysis is the second objective. A three-part analytical pipeline 

is used in this study as a new mining approach, consisting of data preparation, data transformation, and data analysis to elicit 

knowledge about the interaction of the parameters measured and the effect of different drugs on the rats. Weka data mining 

toolkit has been employed for extracting knowledge in the form of association rules and the important rules identified by this 

toolkit are interpreted for their medical significance. Discretizing time series data and linguistic representation of rules have 

been demonstrated. This study exhibits this new approach by analysis of the data of the cardiovascular responses to specific 

medications in rats that have been recorded by lab chart software in the laboratory. Once the time series was discretized, simple 

association rule mining methods are used to extract rules. The association rules that are discovered can provide the domain 

expert with new knowledge about the possible effects of injected rats or to help to improve annotation consistency1. 
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I. INTRODUCTION 

Central nervous system (CNS) has vigorous effects on 

cardiovascular regulation [1]. These affects mostly are 

mediated by the sympathetic nervous system. This system is 

also regulated by many supraspinal nuclei including 

pedunculopontine tegmental nucleus (PPT) that affects 

cardiovascular responses in certain conditions [2, 3]. 

Furthermore, many neurotransmitter systems are involved in 

blood pressure regulation including cholinergic system [4, 5]. 

Since the cholinergic system is well-known in the PPT 

nucleus, this study is conducted to understand its effects on 

blood pressure and heart rate [6]. For this purpose we used 

data mining techniques, a new method for analyzing time 

series generated data. 

Data mining (also known as knowledge discovery in 

databases [7]) is a process of discovering patterns in large 

databases. In fact, the main task of data mining is to analyze 

the data automatically or semi-automatically to extract 

previously unknown interesting patterns such as unsupervised 

groups of data records (cluster analysis), supervised groups of 

data records (classification), unusual records (anomaly 

detection) and dependencies (association rule mining). The 

most suitable method depends on the nature of the data in the 

dataset (numeric or nominal) and the purpose of the study. 

Some methods can be applied to both kinds of data at the 

same time (e.g., decision trees), while others are applied only 

to numeric data (e.g., linear regression) or only to nominal 

data (e.g., association rules). 

In the special situations, there are techniques to convert one 

type of data to the other. Clinical data mining should be 

concerned with deploying the results and extracted 

relationships and studying the potential influences they may 

have on clinical environments. Unlike the use of data mining 

in other fields such as business, data mining in medicine is 

critical in which decision making should always be supported 

by evidence and explanations as these decisions will be 

performed on humans [8]. Association rule mining is a 

popular method for mining possible hidden relationships 

among the variables in a database [9].  Association rule 

mining techniques are interesting because they represent the 

associations among the data linguistically. The Apriori 

algorithm is used for frequent item sets mining and association 

rules in which a subset of items is called an item set extraction 
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[10]. This method works by getting to know the one frequent 

item set and expanding them to larger and larger item sets. 

The frequent item sets extracted by Apriori algorithm can be 

used to determine association rules which show general 

relationships in the database. 

Following the original definition by Agrawal et al. [9], 

association rule mining problem is defined as: Let "I = {i1, i2, 

i3… in}" be a set of items. A transaction is any subset of "I" 

such as "X". A frequent item set is a subset of I that satisfies a 

threshold (minimum occurrence of transactions). Support of 

an item set is defined as the number of transactions in the 

dataset that contain the item set. The support of the rule X 

==> Y is support of the item set defined by YX  . The 

confidence of the rule X ==> Y is a division of number of the 

items that are in YX   to the number of the items that are in 

X. Imagine X and Y are subsets of I that YX  = Ø. An 

association rule is a likelihood of implication of X ==> Y. X 

is called antecedent and Y is called consequent. An interesting 

rule is defined as a rule that has a support greater than a user 

defined threshold called minimum support (minsup) and 

confidence greater than a user defined threshold called 

minimum confidence (minconf) [9-11]. These are 

interestingness measures of the frequent item set generation 

phase. The highlighted difference between data mining and 

statistics is that the former usually deals with a large amount 

of data [8]. By using association rule mining, researchers can 

deal with different types of data from nominal to numbers and 

for different objectives from Boolean association rules mining 

to multivariate association rules mining. So it is being used 

widely in various fields such as business, medicine and etc. 

McCloskey et al. have used association rule mining to find 

mole rats which group together [12]. They have used the 

RFID system to achieve their goal and an example they 

mention is “when animals 5 and 6 are together it is likely to 

see animal 8 as well”. Suresh et al. have compared the single 

(e.g. a single Fuzzy approach for extracting general temporal 

association rules) and hybrid (e.g. utilizing an Adaptive 

Network based Fuzzy Interface System (ANFIS) for 

performing user constrained pattern recognition on time series 

data) approaches for association rule mining and have 

concluded that hybrid approaches have higher performance 

than single approaches [13]. Smith et al. have analyzed the 

spatial memory-related behavior following bilateral vestibular 

loss in the rat [14]. They have used classification as a data 

mining approach to classify the sham and BVD (Bilateral 

vestibular differentiation) animals (i.e., without knowing 

which were BVD or sham animals in advance). Kusiak et al. 

have used data mining techniques to predict dialysis patients’ 

survival time [15]. After generating data mining rule sets, they 

observed a list of important parameters, such as diagnosis, 

total dialysis time, potassium, calcium and sodium levels, 

deviation from target weight, arterial pressure, post-dialysis 

pulse rate supine, and the difference between post- and pre-

supine. The decision-tree algorithm produced correct 

predictions 67% of the time for the test data set. Unlike 

decision trees, that are used to predict a single class attribute, 

association rule mining can predict any nominal attributes or 

combinations of them. Also in association rule mining, it is 

possible to extract multiple association rules. As an 

illustration, Giraud-Carrier has reported a frequency of 67% 

of high blood pressure in patients with diabetes and arthritis 

[16]. A limitation of association rules is that they can be 

applied only to nominal data.  In contrast, numeric data can be 

discretized and then inspect them for association rules.  

A time series data set includes sequences of values or 

events that change during the time. Different methods have 

been proposed to deal with such data.  Likewise, Hu et al.  

have  introduced  a framework that deals with a database 

which has N entries and they treat the data as train and test 

sets that inquires RTS (Related Time Series) to predict the 

TTS (Target Time Series) and the objective of that study was 

to find a mapping function for each entry [17]. According to 

the time series data analysis, intra-transactional association 

rules would reveal correlations of multiple time series at the 

same time [18]. The success of the approach mainly depends 

on the quality of the database. There is no conclusion to show 

that which methods are better suited to special types of data 

[19].   Pradhan et al. have used real life time series data of 

muscular activities of human participants obtained from 

multiple Electromyogram (EMG) sensors and discovered 

patterns in these data that they have considered a two stage 

method for this purpose consisting of finding frequent patterns 

in multiple time series and then considering quantitative 

attributes if present in the first stage [20]. Breault et al. have 

claimed the difficulty of coping with time series data in 

diabetes database e.g. HgbA1c results [21]. For this problem, 

they have used the average HgbA1c of all the results for a 

given patient. In physiological data, time series characteristics 

are common [22]. According to this article that reviews the 

certainty of data mining methods, traditional data decision 

making frameworks on vital signs are based on the visible 

trends in the signal. 

Using time series databases for the purpose of extracting 

rules has been a debatable issue. For quick analysis of 

continuous distribution of attributes for association rule 

mining, it is necessary to discrete the continuous format of 

data to representative symbols.  When the time series is 

discretized, we use simple association rule mining methods to 

get rules from the sequence. Every time that the system 

generates some rules, a domain expert is needed to analyze 

and interpret the rules. In the present study, the data of rats 

that are gathered have been interpreted by using the 

association rule mining technique to get linguistic 

interpretation of data that makes it easier for the domain 

expert to interpret findings. 
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II. METHODS  

A. Construction of Database 

In this research we used 80 male Wistar rats (250-300 g, 

Mashhad, Iran). The animals were randomly divided into eight 

groups (n=10 for each group) including control group 

(received normal saline) and seven groups which received 

different drugs including Acetylcholine (90, 150 nmol), 

Atropine (3, 9 nmol), Hexamethonium (100, 300 nmol), and 

the co-injection of Atropine and Hexamethonium. The 

animals were maintained on a 12/12 hours light/dark 

environment at 25 oC with free access to food and water. In 

the beginning of the experiment, the animal was weighed and 

anaesthetized by urethane (1.4/kg).  The femoral artery was 

cannulated, and cardiovascular responses were recorded by 

power lab system, after anesthesia. 

All the signals were obtained in analog form from the 

corresponding monitoring devices and then were 

simultaneously sampled using the Lab-chart data acquisition 

system. Each data stream is associated with quantitative 

attributes consisting of heart rate, mean arterial blood 

pressure, systolic blood pressure, and diastolic blood pressure. 

As the behavior of each group for each experiment is different 

(for different drugs injected), we need to discover different 

sets of rules corresponding to each experiment. So a dataset 

was recorded for each group. There were no missing values in 

the database. The total number of database entries is different 

in each group because after the histology, some injections 

were not in the desired region. So these cases were excluded. 

Final total number of rats was 56. To reduce data noise, 

averages of variables were computed every two minutes 

during the data collection for 16 minutes. We recorded the 

data for 16 minutes because after this time, the effect of the 

drug diminishes and the behavior of rats recovers to its normal 

status. Dependencies between time series data reveal events 

that may happen simultaneously.  Furthermore, discovering 

hidden relationships in these time series databases is 

interesting. 

B. Data Preparation 

Different sources claim that data preparation and cleansing, 

include about 60% of the effort in any data mining project 

[23]. In the present study, once all the experiments were done, 

all the data were extracted to different files, each file 

corresponding to each group. The standard association rule 

mining technique is not capable of dealing with time series 

data. Because of this reason, the time series data can be 

converted to nominal data that are suitable for mining. If times 

series are mapped into strings, it is possible to extract 

interesting patterns. For this, we divided the data into five 

intervals according to the domain expert’s idea that are 

illustrated in table 1. 
 

TABLE I. DIFFERENT INTERVALS FOR DIFFERENT PREDICT 

Predictor Very low low Normal High Very high 
Heart rate <80 80-100 100-110 110-120 >120 

Mean 

arterial 

<200 200-250 250-350 350-450 >450 

blood 

pressure 

Diastolic 

blood 

pressure 

<50 50-75 75-85 85-100 >100 

Systolic 

blood 

pressure 

<70 70-110 110-120 120-140 >140 

 

All these intervals are not constant, the mean for each 

predictor of control group was considered that all rats were 

only injected normal saline. After discretization of all data 

into symbols as mentioned above, different times as new 

predictors were chosen to be able to extract rules. For this 

purpose a linguistic phrase plus time was used. For example, 

MTime0 means mean arterial blood pressure at the time of 

zero (time of injection). In all groups, there may be some 

predictors (columns) that may have exactly the same value 

and in this case the number of rules extracted were so many. 

For reducing the number of rules, the predictors that had 

exactly the same values were merged. For instance, HTime0 

represents the heart rate at the time of zero (time of injection) 

and Htime2 represents the heart rate at the second minute 

(heart rate two minutes after the injection). If both of these 

had the same values, they were merged to one predictor as 

Htime0-2). Also the predictors that had the same value in all 

records were excluded. With these two simple steps, the 

number of the rules reduced significantly. Weka toolkit has 

been employed to extract rules that is an open source software 

for machine learning [24]. Also simple association rule mining 

technique (Apriori) was applied on the data of each group of 

rats. 

III. RESULTS 

The results of the association rule mining, which had the 

objective of determining dependencies between time series, 

could reliably be used to analyze the effects of the injected 

drugs on different groups of rats. After discretizing the data, 

the minimum support threshold of 0.6 frequency and 50% 

confidence were set. The results that did not meet this 

constraint were discarded. The names for the predictors  are 

HTime,  MTime, MiTime, and  MaTime that are heart  rate, 

mean  arterial blood pressure, minimum blood pressure 

(diastolic BP), and maximum blood pressure (systolic BP), 

respectively. An example of the mined rules in the group that 

achieved Acetylcholine with the dose of 90 is as follows: 

HTime4 = Normal and HTime6-8 = Normal ==> HTime10 

= Normal 

That means if the status of heart rate at the time points of 4, 

6, and 8 is normal (4, 6, and 8 minutes after the injection), 

then it would be normal at the time of 10 (ten minutes after the 

injection). The rule represents that Acetylcholine with the 

dose of 90 did not have an effect on rat’s heart rate. Another 

example is as follows: 

MTime0 = Normal and MTime4 = Low ==> HTime12 = 

Normal 

That means if the value of mean arterial blood pressure at 

the time of zero (time of the injection) is normal and at the 
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time of 4 (four minutes after the injection) is low then the 

value of heart rate at the time of twelve (twelve minutes after 

the injection) would be normal. 

The main findings of the study that will be published later 

reveal that the injection of normal saline did not affect the 

heart rate and blood pressure of the control group. In the 

groups of Acetylcholine with the doses of 90 and 150, the 

drugs with the mentioned doses decreased the mean arterial 

blood pressure significantly however, had no effect on heart 

rate. In the group of Atropine 9 nmol a decrease in the effect 

of Acetylcholine was observed. Also Atropine had no effect 

on heart rate. Moreover, in Atropine 3 nmol group, Atropine 

had no effect on the decreasing effect of Acetylcholine. 

Neither of the doses of Hexamethonium (100, 300 nmol) had 

significant effects on the decreasing effect of Acetylcholine, 

and also had no effect on heart rate. In the group of Atropine 

plus Hexamethonium, like the group of Atropine 9 nmol, the 

effect of the Acetylcholine was decreased. These findings that 

have been analyzed by the statistical methods that will be 

published later agree with the findings of this study by the use 

of data mining approach. Two top scoring rules for different 

groups are listed in table 2. 
 

TABLE II. TWO TOP SCORING RULES FOR DIFFERENT GROUPS 

Rules Group Support Confidence 

MaTime2=Low  ==> HTime12-16=Normal Acetylcholine 90 
1 1 

MaTime4=Low  ==> HTime12-16=Normal Acetylcholine 90 1 1 

MTime4=Very Low HTime0-6=Normal  ==> MTime6-12=Very 

Low 

Acetylcholine 

150 
1 1 

MTime2=Low  ==> HTime10-12=Normal 

Acetylcholine 

150 
1 1 

MaTime4=Low MaTime6-8=Low  ==> MiTime2=Low 

Atropine + 

Hexamethonium 
1 1 

HTime6-10=Normal MiTime0=High  ==> HTime2-4=Normal 

Atropine + 

Hexamethonium 
1 1 

HTime2=Normal HTime14=Normal HTime16=Normal  ==> 

HTime0=Normal MaTime2=Low 

Atropine 3 
1 1 

MaTime4=Low  ==> HTime0=Normal HTime2=Normal 

HTime4=Normal MaTime2=Low 

Atropine 3 
1 1 

MTime4=Normal  ==> MTime0=Normal MiTime4=High 

MaTime0=Normal 

Atropine 9 
1 1 

MTime0=Normal  ==> MTime4=Normal MiTime4=High 

MaTime0=Normal 

Atropine 9 
1 1 

MTime10-12=Normal HTime14-16=Normal ==> 

MTime4=Normal 6 

Control 
1 1 

MTime4=Normal HTime14-16=Normal  ==> MTime10-

12=Normal 

Control 
1 1 

MTime16=Low HTime6-16=Normal  ==> MaTime8=Low 

MaTime10=Low MaTime14-16=Low 

Hexamethonium  

100 
1 1 

MTime16=Low MaTime14-16=Low  ==> HTime6-16=Normal 

MaTime8=Low MaTime10=Low 

Hexamethonium 

100 
1 1 

MTime2=Very Low  ==> MTime4=Very Low HTime6=Normal 

HTime8-14=Normal MaTime0=Low MaTime6-10=Low 

Hexamethonium 
1 1 
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MaTime12-16=Low 300 

MTime2=Very Low MTime4=Very Low HTime6=Normal  ==> 

HTime8-14=Normal MaTime0=Low 

Hexamethonium 

300 
1 1 

IV. DISCUSSION 

A randomized control trial (RCT) is a special type of 

scientific experiment that is a golden standard for clinical 

trials. This method is specially used for trials that contain 

groups, in which groups receiving treatments are compared to 

the groups that do not receive any treatments. The former is 

called control group and the latter is called intervention group. 

Sometimes it is not possible to get evidence based information 

such as, visits to the doctor. Because in these kinds of studies 

that the extreme impacts have not been proved yet, the 

experiment cannot be performed on humans. So conducting 

this study on animals like rats is a common method. The data 

that are gathered in different studies can be analyzed by 

various methods. In this study, data mining techniques 

(association rule mining) are used to analyze these data. 

There exists different data mining methods such as 

unsupervised groups of data records (cluster analysis), 

supervised groups of data records (classification), unusual 

records (anomaly detection) and dependencies (association 

rule mining). This experience describes in detail the 

experimental structure and the computational methods used, 

therefore discovering the rules directly from the medical time 

series data was mentioned in this work. 

An important challenge is dealing with time series data with 

association rule mining techniques in order to discover 

possible hidden relations between already known data. There 

are two steps in extracting rules from time series data. Firstly 

the recorded waves had to be converted to symbolic 

representations. And secondly these symbolic representations 

had to be converted to linguistic forms that the domain experts 

could be able to interpret them easily. In comparison to the 

results of Das et al., that the study was conducted on non-

medical data [25], the present study has employed association 

rule mining with a new type of discretization that was 

implemented on medical data. Eight databases each one 

corresponding to a different group of rats (control group and 

seven intervention groups) were considered for this purpose.  

The predictors included mean arterial blood pressure, heart 

rate, systolic and diastolic blood pressures.  Extracting rules 

from the time series data was the goal, therefore a 

combination of time and the mentioned predictors as new 

predictors such as HTime0 which means the heart rate at the 

time of zero (time of the injection) were used to make it 

possible to get linguistic rules. By merging the columns that 

have exactly the same values, the number of the rules were 

reduced significantly (e.g. in the group of Acetylcholine 90 

the extracted rules were about 32000 rules that by applying 

this step they reduced to 32).The experiment was conducted in 

Weka statistical toolkit. In comparison with statistical analysis 

of data that will be published in another paper, the results of 

this paper represent the same results in a linguistic form. In 

addition to these expected rules, our main contribution is to 

make the interpretation of the data easier. Regarding the 

interpretability issue, linguistic rules are easier to understand 

than statistical methods. Also the obtained results strengthen 

the previous results of these data that have been performed. 

The results represent that the association rules mining 

technique can be used to extract linguistic rules from limited 

time series data. 

 

V. CONCLUSION 

The association rule mining technique has been employed 

to mine rules from time series dataset. After the interpretation 

of the rules by the domain expert and in comparison to 

statistical analysis that has been employed on the data it is 

concluded that the association rule mining technique can be 

implemented on limited time series data after discretizing 

these data and using alphabetical symbols instead of the 

numbers.  This change is important because it suggests that 

representation of a scientific finding might be better 

evaluated for general population.  
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