
International Conference on Computer Systems and Technologies - CompSysTech’06 
 
 

 
             

 

 
Testing of Compatibility of Medical Data Bases 

 
Antanas Žilinskas, Audrius Varoneckas 

 
Abstract: Data mining is one of prospective fields of the interaction of information technologies and 

medicine. Diversity of new medical diagnostic problems urges the development of special data mining 
methods. The latter, although based on different theoretical ideas from mathematics, statistics, and artificial 
intelligence, mainly are developed experimenting with real world data. To guarantee sufficiently wide 
applicability of the developed methods, experimentation should be performed with the databases 
representing relevant populations of patients. The present paper concerns the problem of compatibility of 
various medical databases related to the heart rate analysis aimed to diagnostics of sleep disorders. 
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INTRODUCTION 
Many information technology aided methods of medical diagnostics are related to the data 
mining in the relevant databases [3]. General data mining tools, although extremely useful, 
are yet not sufficiently universal. Therefore new methods are intensively created. We 
consider a problem of data mining related to sleep. The sleep illnesses and disorders 
frequently can be diagnosed via analysis of structure and duration of sleep stages. A basic 
method of evaluation of sleep structure is polysomnography [4]. This method is rather 
complicated, time-consuming, and expensive. On the other hand, the medical doctors, 
experts in sleep problems, can evaluate the sleep structure heuristically from RR 
sequences describing the heart rate of a patient [6]. Since recording of RR sequences is 
much cheaper procedure than polysomnography, recognition of sleep stages from the 
features extracted from RR sequences would be very advantageous. Experimental 
investigation of different methods of linear and non-linear analysis of RR sequences is 
important to creation of corresponding diagnostic methods. The preliminary results, 
although claimed optimistic, are not sufficiently reliable, and not always are corroborated in 
alternative experiments. One of possible reasons of such a discrepancy can be non-
compatibility of databases used by different research teams. To the best knowledge of the 
authors the problem of compatibility/complementarity of databases up till now was outside 
of the researchers’ attention. The present paper is devoted to analyse the problem and to 
guess possible ways to its solution. 
 

PROBLEM STATEMENT 
While creating the medical data bases their authors normally seek to warrant the 
representativeness of data, and to indicate the factors which can cause specifics of some 
subclasses of items in the data basis, e.g. indicating such characterizations of patients as 
sex, age, body mass, etc. However, such measures not always are sufficient to guarantee 
uniformity of data in specified subclasses. Because of multidimensionality, the data can be 
considered uniform from one point of view, but not uniform from another point of view. 
Because of such differences the data in different subclasses can represent the groups of 
patients requiring different approaches. Similar question on uniformity arises when 
merging different data bases, and training data mining methods on data of one data basis 
but examining them on the data of the other data basis. A similar problem of uniformity of 
data in different samples is considered in mathematical statistics where it is formulated as 
a hypothesis that two samples belong to the same parent population. There are several 
methods for testing such a statistical hypothesis. These methods are very useful to solve 
some particular problems of testing compatibility of medical databases. However, in the 
latter case the data in different databases can be similar with respect to some 
characteristics, but be different with respect to the other characteristics. At the moment we 
do not have the well justified methodology for the testing of compatibility of biomedical 
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data from different data bases. Emphasizing importance of the general problem, we have 
to restrict our analysis with some particular solutions. The problem is considered below for 
a particular case of two databases containing heart rate data. 
 
Important experimental results in investigation of heart rate related problems have been 
obtained by various researchers using PhysioBank [2]. However, this famous data bank is 
scarce in data needed for investigation of methods for development and validation of 
different methods for analysis of heart rate variability aiming for the recognition of sleep 
stages. The DataBank [5][7] was recently created for experimenting with the linear and 
non-linear methods of the analysis of heart rate variability during various sleep stages. The 
DataBank is larger than PhysioBank containing not only RR interval but also stroke volume 
data (with additional information about these records) from healthy subjects and from the 
patients with different forms of heart rate disturbances. To justify comparability of the 
experimental results obtained using both data banks a proof of uniformity of data in both 
banks is important.  
 

TESTING OF STATISTICAL HYPOTHESES 
We consider all 18 records from PhysioBank, and 45 records of healthy persons from 
DataBank. The simplest characteristics of RR sequences are sample mean and sample 
standard deviation. We have estimated these characteristics for every record of RR 
sequences of both databases. Let us consider two samples of 18 and 45 estimates of 
mean values. Our null hypothesis is that the means of both samples are equal against the 
alternative that the mean values are not equal. This hypothesis has been tested using the 
Student criterion at the 0.05 level of significance. The empirical value of t-statistics 5.77 is 
larger than the critical criterion (two-tailed test) value 2.00, implying rejection of the null 
hypothesis. Although such a result shows that the data in both data banks can not be 
considered similar, it is interesting to compare the samples of empirical standard 
deviations of both sets of RR sequences. Similarly we consider two samples of 18 and 45 
estimates of standard deviations. Null hypothesis is that the standard deviations of both 
samples are equal against the alternative that the standard deviation values are not equal. 
The hypothesis has been tested using the same criterion as above. The empirical value of 
t-statistics 3.11 is in the critical region, so the null hypothesis is rejected. 
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Fig. 1. Cumulative distribution functions of two samples of a) estimates of means, b) 

estimates of standard deviations 
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The results of testing of the statistical hypotheses show the differences of data sets, 
however does not suggest explanation of these differences. More insight into the problem 
gives graphical presentation of empirical cumulative distribution functions of the 
considered samples; see Fig.1. 
 
Comparison of empirical cumulative functions clearly shows that the records of the 
PhysioBank represent the patients with the faster heart rate than that of DataBank. Mean 
and standard deviation of RR sequences reflects level of autonomic heart rate regulation 
during sleep. Heart rate variability (HRV) can be assessed by standard deviation of RR 
sequences. It shows that HRV changes during the sleep are similar in records presented 
in both databanks. Therefore it seems possible to indicate similar subclasses in these 
databases. The new sample of RR records of DataBank was generated collecting subjects 
with similar autonomic regulation level of heart rate to PhysioBank. A sample of 13 records 
from PhysioBank and a sample of 14 records from the DataBank were used for further 
analysis. The hypothesis of equality of the mean values for samples of estimates of 
average and of standard deviation of the RR sequences in PhysioBank and in DataBank. 
The empirical value of t-statistics in the case of estimates of mean values (equal to 1.047) 
is smaller than the critical criterion (two-tailed test) value 2.06 implying acceptance of the 
null hypothesis that means of both samples are equal. In the case of estimates of standard 
deviation the empirical value of t-statistics (equal to -1.829) is also smaller than the critical 
criterion value implying acceptance of the null hypothesis on equality of mean values of 
both samples. 
In Fig.2 the empirical cumulative distribution functions for these two samples (13 from 
PhysioBank and 14 from DataBank) are presented. The differences in these estimates of 
the distribution functions can be explained by the randomness of the samples; the 
hypotheses are accepted by Kolmogorov-Smirnov test with 0.05 significance level. 
Empirical values of Kolmogorov-Smirnov test statistics for cumulative distribution functions 
of two samples of means and of standard deviations are respectively 0.335 and 0.478.  
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Fig. 2. Cumulative distribution functions of two samples of a) estimates of means, b) 

estimates of standard deviations 
 

VISUALIZATION 
The testing of hypotheses on one dimensional probability distributions is not sufficient to 
evaluate a distribution of vectors of parameters. Although methods of multivariate statistics 
can be applied, the visualization of data sample is even more desirable here than in the 
analysis of one dimensional data. Let us consider the 9 dimensional vectors of parameters 

- IIIA.26-3 -



International Conference on Computer Systems and Technologies - CompSysTech’06 
 
 

 
             

 
normally estimated from RR sequences while considering recognition of sleep stages. 
These vectors consist of 7 linear functionals, and 2 parameters estimated by non-linear 
methods. Linear functionals are: RR mean value, RR standard deviation, relative weight of 
very low frequencies, relative weight of low frequencies, relative weight of high 
frequencies, sum of relative weights of low and high frequencies, and ratio of weights of 
low and high frequencies. Non-linear functionals are: approximate entropy and slope of 
curve of progressive detrended fluctuation analysis. 
 
For visualization we have applied methods of multidimensional scaling [1] as well as 
standard statistical method of principal components. The parameter vectors are visualized 
in Fig.3 and Fig.4; the images of 13 items from PhysioBank and of 14 items from 
DataBank are well mixed.  
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Fig. 3. Visualization of 13 PhysioBank MIT-BIH and 14 DataBank records by means of 

Multidimensional Scaling. 
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Fig. 4. Visualization of 13 PhysioBank MIT-BIH and 14 DataBank records by means of 

Principal Components. 
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Dispersion of images in DataBank is slightly larger than in PhysioBank. The statistical 
testing and visualization of data in the considered databases enabled us to select a 
subclass of the union of both databases with nearly uniform distribution of parameters. 
Also some deviations from uniformity are indicated which should be taken into account in 
further analysis. 
 

CONCLUSIONS  
An approach is proposed to test compatibility of data presented in different bio-medical 
databases. It combines methods of testing of statistical hypotheses with methods of 
visualization of multidimensional data. The proposed approach is applied to test the 
compatibility of two databases containing heart rate data. 
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