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Application of Self Organizing Maps to Characterization of the Arterial Pulse Waveform
Andrew M. Walsh, Alberto P. Avolio, and Fernando Camacho.
Abstract— There has been renewed interest in the last decade in the analysis of the arterial pulse for characterization of arterial function. This study extends pulse wave analysis by using the Artificial Neural Network technique of Self Organizing Maps (SOM) to analyze a meta-database of 6500 non-invasively measured peripheral pulse waves in the radial artery of 1882 subjects and visualize the results on two-dimensional maps. The SOM aids visualization of inter-relationships between various arterial function parameters that affect peripheral pulse morphology. At any instant a subject’s pulse waveform may be placed at a locus on the map and may be related to other cardiovascular parameters associated with the position on the SOM. Time changes in the position of this locus may be plotted as a trajectory and signify changes in the state of the cardiovascular system. Such trajectories aid the visualization of the effects of pharmacological intervention or changes that occur in the cardiovascular system during conditions such as pregnancy and development of pre-eclampsia. Findings of this study show for the first time that the use of SOM methodology is a potentially useful tool that can be applied to large databases for characterisation of arterial function by means of pulse waveform morphological analysis.
Index Terms— arterial function, arterial pulse, blood pressure, pre-eclampsia, self organizing map.
I. INTRODUCTION
A
rterial pulse morphology is a fundamental cardiovascular parameter for characterization of arterial function[1]. While specific waveform features are conventionally used to obtain quantitative data, there has been continuing interest in the use of pulse wave analysis to obtain functional information beyond the conventional measurement of systolic and diastolic blood pressure. This investigation examines the use of Self Organizing Maps (SOM) for characterization of cardiovascular parameters by means of the arterial pulse waveform.

The SOM is a type of Artificial Neural Network (ANN) that is used to project a multi-dimensional dataset onto a two dimensional surface[2-5]. This surface, or map, is an ordered visualization of the probability distribution of the dataset. Generally, ANN can be divided into three major categories[4]:  (i) Signal transfer networks, (ii) State transition networks , (iii) Competitive learning networks. In the first two categories the input signal undergoes a transformation where the network has a number of  parametric basis functions and learning constitutes alteration of these parameters. State transition systems also include the dynamic properties of the system . In these systems not all inputs are applied to all the neurons of the different layers. However, in competitive learning networks, or self-organizing systems, the same input is applied to all the network neurons or cells of the network. The cells of the network also have lateral competition and learning is based on the concept of  a “winner” neuron[4].  

SOMs are a form of unsupervised learning since when they are generated there is no target variable i.e. there is no separation of the training set into input and output pairs. SOMs are related to algorithms for detection of clustering patterns and provide an ordered network across the map so that nodes in one area of the map are more similar to each other than nodes on the other side of the map. They uncover natural patterns in the dataset[2, 4, 5]. Since the early development of ANN in the 1960’s, SOMs have become the most popular ANN algorithm used in the area of unsupervised learning. They have been used in a very diverse array of real-world problems, from financial time series prediction[6] to speech recognition[7], organization of large documents[8] and fault detection in instrumentation such as power transformers[9]. They have also been used in biomedical applications such as EEG[10] and ECG classifications of different cardiac diseases (e.g. separation of anterior and posterior infarct )[11, 12]. To date there have been no applications for analysis using blood pressure waveforms, other than analysis of 24-hour ambulatory blood pressure profiles of systolic and diastolic pressure measurements taken at 15 minute intervals[13]. 

The time series nature of the arterial pressure pulse lends itself to the use of the SOM algorithm for detection of natural patterns in databases containing large number of subjects and measurements. This study aims to investigate the use of SOMs from a meta-database of radial artery pressure profiles obtained non-invasively for characterization of arterial function. 
II. METHODS
A. Waveform Meta-Database
Data were obtained from databases containing non-invasive measurements of radial artery pressure waves using the SphygmoCorTM device (AtCor Medical, Sydney, Australia) where central aortic pressure and waveform parameters are derived from a generalized transfer function[14-16]. Three individual SphygmoCorTM databases containing different age and sex distributions were combined to form one meta-database of 6500 recordings in 1882 subjects (Table I). 

Waveforms were analysed by application of the “intersecting tangents” method of pulse detection[17]  to each segment of arterial pressure recorded from the tonometer, sampled at 128Hz. The pulse length was standardized to 0.5 seconds, or 32 samples points.

B. SOM Methodology

6500 observations each containing 32 variables (ie number of time points in the waveform) were used to train the SOM. The SOM Toolbox for MATLAB[18] was used for this purpose but was modified to extend the minimum Euclidean distance concept to include a maximum correlation similarity index[4]. Since waveform shape not amplitude was of interest, the correlation measure gave improved results (Andrew Walsh, unpublished data, 2004), being less sensitive to uncertainty in the position of the pulse reference point. The SOM was trained from the normalized data and mapped to an array of 104 cells. The array size was determined by the inherent structure of the database and was related to the properties of the first two eigenvalues and eigenvectors of the meta-database matrix[4].

SOMs are not strictly restricted to time series data. Any relevant parameters may be used as input variables (e.g. age, weight, height, disease states, genetic information). However, as the main focus of this paper has been on the visualization that SOMs provide for the arterial pulse, the parameter space has been restricted only to time series data.
C. Construction of a SOM 

A set of k-dimensional inputs with N observations is mapped to M two dimensional output vectors[11]. Each position in the output space is represented by a node mj (j=1,..,M) with k-dimensional codebook vector 
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For each input vector xi, (i=1,..,N) the Euclidean distance (dj) is calculated between the input vector and each node of the map by:
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and the winner , mc, or Best Matching Unit (BMU) chosen such that:
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ie. each of the input observations is mapped to the closest node in the output space.

During the training phase, all codebook vectors 
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 are dynamically updated after each observation is presented to the network. The BMU for each observation is adjusted the greatest amount. The neighborhood function is generally chosen to be gaussian so that adjacent cells to the winner are also affected by each step but cells far away from the winner are not. Usually the learning rate will be set to 1 at the beginning of training and will reduce toward zero by the end of training, so that coarse training occurs early and fine tuning later in the training set[2-5, 11].  This procedure is shown in Fig. 1.

One problem encountered when applying SOM’s to blood pressure pulses is that the pulses do not have a constant width. SOMs are designed to be used with a fixed number of variables. This is a common problem with pressure pulse analysis. However, since most of the variation in wave shape occurs in systole and early diastole, it has been found that a fixed width of 0.5 seconds is sufficient to account for the majority of the variability.

D. SOM Regression 
SOM regression target values were the mean parameter value for each cell.

The parameter targets were obtained from the SphygmoCorTM estimates (where relevant). R2 values were determined from
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is the sum of square errors for the observations yi using cell means 
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is the sum of square errors using the entire population mean 
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as the estimate.

E. Normalization Procedure

The meta-database input data was normalized prior to training, to ensure that each input variable had equal significance to the similarity measure. This was achieved by subtracting the mean 
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and dividing by the standard deviation 
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F. Nitroglycerin Trajectory

To illustrate the potential of SOMs by means of visualising trajectories, data were obtained following the administration of a fast acting vasodilator, nitroglycerin. The CBM-7000 tonometer (Nipon Colin, Japan) was used to continually monitor the radial pulse of a supine male subject (age 55 years) for a period of 12 minutes. After a rest period of 5 minutes nitroglycerin was applied sublingually in 2 x 400 microgram doses. The resulting pulse waveform was applied to the pulse detection routine described previously. The pulses were ensemble averaged in one minute intervals to produce 12 different contiguous average waveforms. These were plotted on the meta-database SOM using the trajectory functions of the SOM Toolbox for MATLAB[18].

III. Results

SOM plot planes were generated for the total meta-database (Table I, Fig. 2). This represents the complete range of arterial pulse waveforms within the SphygmoCorTM meta-database. Fig. 2 shows both the normalized (left) and de-normalized (right) codebook vectors. Differences are much more evident for the normalized waves used to train the SOM.  

Fig. 3 shows the de-normalized plot planes on the left hand side with selected parameters overlaid on the SOM cells with a calibrated color scale to indicate intensity of the parameter on the map associated with the waveform in each cell. These planes are called non-component planes. Complex patterns can be discerned on the maps, which indicate inter-dependencies between the parameters.

Fig. 4 shows the SOM trajectory of a subject during a nitroglycerin intervention study. Although there are twelve points in the trajectory many are coincident so only six appear on the map (This apparent limitation could be improved by animating the trajectory so as to give a value of the time spent in each cell). The main effects are a decrease in blood pressure and decrease in wave reflection due to increased vasodilation and these are also seen in the non-component planes to be associated with large changes in central aortic parameters.

The right frame of Fig. 5 shows a histogram of the Royal North Shore database of 1388 observations in 558 subjects over the total meta-database SOM. As this database is predominantly of pregnant women it shows that pregnant women are mainly in the central lower left portion of the map.  The left frame of Fig. 5 shows a trajectory of a woman who develops pre-eclampsia during her pregnancy. From other investigations it was found that a number of parameters related to waveform features alter during pre-eclampsia (non-component place parameters such as systolic augmentation and pulse pressure)[19-21]. This allowed an estimation of an area in the SOM which was demarcated as the ‘danger’ area for pre-eclampsia (dotted line in Fig. 5). It is seen that the measurement taken at 33 weeks (Fig. 5, Table III) enters the ‘danger’ zone. The final two measurements (5 and 6, largest dots) were taken post partum.

Fig. 6 shows various meta-database SOM histograms of the Canberra Hospital data of 1187 observations in 378 subjects containing echocardiographic data. The ‘hits’ are superimposed on the total meta-database. The first from left is for the total database and shows it is not an even distribution across the population. A subset (297 out of 378) of the population were tested for left ventricular (LV) function by echocardiographic methods and defined as either having LV systolic dysfunction, LV diastolic dysfunction, impaired LV relaxation or normal LV function. The maps show separation between the four groups based on the SOM generated from the radial artery pressure waveform.

When a regression analysis was performed (as described by equations (5)

), a ranking order was found for parameters that can be represented by the SOM. This is shown in Table II. The highest correlations were found for ejection duration and central augmentation index. Generally, central pressure parameters had a higher correlation than peripheral pressure features.
(3)

-
IV. Discussion

This study is the first investigation on the use of unsupervised learning algorithms applied to blood pressure waveforms for the construction of Self Organising Maps. SOMs were constructed from databases containing non-invasive measurements of radial artery pressure waves, from which were derived central aortic pressure wave contours and associated variables. These databases were used to illustrate the potential use of SOMs.

The waveforms on the right hand side of the SOM plot planes in Fig. 2 initially appear to be relatively similar to one another, whilst the ones on the left bear no resemblance to blood pressure pulses. In fact, equivalent cell positions represent identical data; the waveforms in the left panel have simply been normalized as described in the methods section to obtain a ‘characteristic feature’ of  the waveform (formally called codebook vectors). There are obvious differences in the left frame waves and the gradual differences from one side of the map to the other can also be seen. Closer inspection of the right panel reveals that the waves at the bottom have narrower systolic peaks than those at the top. Left to right differences (in the right panel) are not so obvious. All waves have the same height because the wave standard deviation has been normalized.

A. Non-component planes

Fig. 3 illustrates the utility for visualization that arterial pulse SOMs possess. The large left panel shows the de-normalized SOM plot plane from Fig. 2. The right panel consists of eight non-component planes. These planes show the average value of the relevant parameter for all the hits of training waveforms in each cell. If the cell loci are correlated with the parameter values the planes will show distinctive patterns. Any arterial wave shape that maps into a given SOM plot plane on the left will also map into all corresponding cells on the right. These instantly show average values for these parameters via their color . 

The non-component planes also show how the various parameters are correlated. For example, the top left of the map corresponds to old age, high central pulse pressure, low heart rate, high central systolic pressure, medium central diastolic pressure, high central augmentation index, high ejection duration and medium time to peripheral first inflection point. Different areas of the SOM may correspond to certain pathologies under particular conditions. For example, it would be unusual for young people to be located in the upper left corner of the maps, which might correspond to low large vessel compliance or high peripheral vasoconstriction. Placement in these zones could be associated with pseudo- hypertension or possibly ‘white coat’ hypertension.

It is useful to know how well the non-component planes represent the various parameters. Correlation indices such as R2 values may be calculated for each model based on the amount of variance reduction it has over the total data set (see methods). These are tabulated in decreasing order for several parameters in table II. Some of the correlations are relatively high (e.g. ejection duration, central augmentation index). This is partially due to the fact that the central parameters are estimated from the same peripheral waveforms from which the SOMs are generated
B. SOM trajectories

Time series loci of peripheral wave shapes may be plotted on the SOMs to form trajectories as in Figs. 4 and 5. These trajectories have been used in other applications such as detecting faults in instruments such as power transformers and anaesthetic machines[4]. Fault areas are related to non-component planes, and the strength of the SOM methodology is both to map and visualise the areas which may be classified as ‘dangerous’ by a set of given criteria. This may also be relevant to pharmacological interventions as has been illustrated by the nitroglycerin experiment shown in Fig. 4.
C. Pregnancy and Pre-eclampsia

Smith et al studied changes to the derived central arterial waveform using SphygmoCorTM during normal pregnancy[19]. They determined that in comparison with non-pregnant women, pregnant women had increased heart rate, lower blood pressure, lower time to central augmented pressure and lower central augmentation index. From observation of Fig. 3 these changes are generally consistent with a shift toward the central lower left part of the SOM, which is consistent with the distribution shown in the right hand frame of Fig. 5.

A similar recent study compared SphygmoCorTM parameters between pregnant women with pre-eclampsia, hypertension and normal blood pressure[20]. They determined pre-eclamptic women had lower heart rate than normotensive women. In comparison with both normotensive and hypertensive women, pre-eclamptic women had longer ejection duration, higher brachial systolic, mean, diastolic and pulse pressures, higher central systolic, mean, diastolic and pulse pressures and higher central augmentation index. All of these changes are consistent with a shift toward the top left of the SOM in Fig. 3.

Faber et al have also analyzed peripheral blood pressure waveforms of pregnant women using the PORTAPRES finger cuff device[21]. They determined that an increased pulse pressure, as measured by PORTAPRES, correctly classified 15 women with pre-eclampsia from 23 healthy pregnant women and 14 women with pregnancy induced hypertension. On the SOM of Fig. 3, such a change is also toward the top left of the map.

Pre-eclampsia is characterized by a state of sympathetic overactivity and peripheral vasoconstriction[22]. It is yet not established whether the vasoconstriction precedes pre-eclampsia or if it is a secondary event[23]. If vasoconstriction precedes pre-eclampsia it is possible that the time trajectory of the arterial pulse wave shape on the SOM could aid in early detection of the disease.

To illustrate the potential use of the SOM technique in situations like pre-eclampsia, the following description of events is estimated on the limited data available. With reference to table III and Fig. 5, the initial measurement in week 31 shows a high systolic pressure but the SOM locus is well in the safe area at the bottom of the map. Week 32 shows a reduction in systolic pressure but a shift toward the danger zone. The first measurement in week 33 is inside the danger area but systolic pressure is borderline. It is possible the abrupt change in SOM locus in the second measurement from week 33 was due to the vasodilator hydralazine. Post partum measurements in week 34 indicate an abrupt reduction in systolic pressure and return to normal SOM locus. The interpretation of the sequence of such events could be improved by having more precise data on when the subject developed pre-eclampsia.

D. SOM histograms

Fig. 6 shows histograms for the Canberra database. A subset of the database underwent echocardiographic studies to determine LV  function and were classified as having either LV systolic dysfunction, LV diastolic dysfunction, impaired LV relaxation or normal LV function. The first panel from left of Fig. 6 shows the histogram for the entire database. It can be observed that the database does not evenly cover the meta-database SOM. The other panels show histograms for the various classifications. Differences between the plots are discernable. These differences might be enough for a classification algorithm to identify and separate differences such as a Classification and Regression Tree (CART)[2]. Variables other than wave shape could also be incorporated (eg. anthropometric data, symptoms). The SOM is a useful tool to show that such a categorization might be possible. 

This study has provided the first evidence of the potential use of SOMs for characterization of the arterial pulse waveform. It is expected that the use of SOMs with cardiovascular variables and associated genetic information which is forthcoming in large epidemiological studies could provide a powerful tool for data visualisation and statistical analysis of interdependent variables which would aid investigators to make decisions on how to manage the large amount of data which will be made available and to optimize methods of risk stratification.
V. Perspectives

SOMs can be constructed from arterial pulse waveforms other than just those acquired by tonometry. Invasive radial blood pressure waveforms recorded, for example, from hospital emergency rooms could be constructed into a much larger meta-database that more completely covers the range of human arterial pulse waveforms. A SOM built from such a database could be used with similar techniques as described in this study to aid in the visualization of the status of the subjects being monitored. Physionet is a worldwide web resource that could form the basis of such a meta-database[24].
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Fig. 1 – Training the SOM. The blood pressure pulse is first normalized, then presented to all cells and a distance metric calculated (equation 1). The best matching unit (BMU) or “winner” is the cell with lowest distance to the input vector (equation 2), which is then adjusted to be closer to the new input. Cells within the neighbourhood are also adjusted to a lesser extent.
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Fig. 2 – Self Organizing Map plot-planes for the meta-database of SphygmoCorTM radial artery pulse wave shapes of 6500 observations in 1882 subjects.. This represents the entire range of morphologies contained within the databases. The left panel shows the normalized codebook vectors for the SOM. The right hand cells are the de-normalized versions of the left hand cells. Variability of the cells is much more pronounced for the normalized data.
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Fig. 3 – SOM of radial artery waveforms (left) with non-component planes (right) for (left to right, top to bottom) age (years), central pulse pressure (cpulse, mmHg), heart rate (hrate, b/min), central systolic pressure (csys, mmHg), central diastolic pressure (cdias, mmHg), central augmentation index (cai, %), ejection duration (ed, msec), time to first inflection on peripheral waveform (pt1, msec). The non-component planes aid visualization of inter-relationships between various parameters and waveshapes.
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Fig. 4 - SOM of radial artery waveforms and pulse trajectory of a 55 year old male subject during a 12 minute period following administration of sublingual nitroglycerin. The nitroglycerin has the main effects of lowering vascular resistance and blood pressure (when compared with non-component planes of Fig. 3). Recent points in the trajectory time series have larger dot size. Numbers correspond to the time (minutes) after nitroglycerin administration.
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Fig. 5 – The right panel shows a histogram of the Royal North Shore database on the meta-database SOM for arterial pressure waves. Large hexagons correspond to a large number of hits. This shows that pregnant women are underrepresented in the top area of the SOM. The left frame shows a trajectory of sequential measurements of a subject known to have developed pre-eclampsia. The trajectory goes into the hypothetical danger area (dotted line) for pre-eclampsia. The final two measurements (5, 6) were made post-partum and show a return to normal waveshape. The dotted line, indicating the danger area, is estimated based on recent studies of central cardiovascular parameters (non-component place parameters such as systolic augmentation and pulse pressure) during normal and abnormal pregnancies including subjects that developed pre-eclampsia [19-21].
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Fig. 6 - Histogram of the Canberra hospital database on the meta-database SOM for arterial pressure waves.. The first plot (from left) shows the total hits for the database, the second is for normal ventricular function from echocardiography. The third is for those with left ventricular systolic dysfunction, the fourth with left ventricular diastolic dysfunction and the extreme right with impaired left ventricular relaxation. This indicates that different forms of ventricular dysfunction cluster in different areas in the SOM

	(1) Hospital
	records
	male
	female
	total
	mean age (std)
	age range

	St Vincents
	3925
	610
	336
	946
	66 (15)
	5-101

	Canberra
	1187
	232
	146
	378
	70 (11)
	19-87

	Royal North Shore
	1388
	79
	479
	558
	38 (13)
	18-88

	total
	6500
	921
	961
	1882
	61 (18)
	5-101


Table I – Subject data for the individual databases used in the SOM pulse study.

	Parameter
	ED
	cAI
	pt1
	HR
	cPP
	cSP
	Age
	pPP
	pSP
	pDP
	cDP
	Ht
	Wt

	SOM R2
	0.8
	0.8
	0.57
	0.47
	0.44
	0.38
	0.27
	0.21
	0.2
	0.16
	0.16
	0.1
	0.06


Table II - Comparison of R2 ( equation  3 ) in estimating various parameters. The greater the R2 the better the parameter is represented by the SOM locus. (cAI: central augmentation index (%); ED: ejection duration (msec); pt1: time to peripheral first pressure peak, t1 (msec); Age (years); wt: weight (kg);ht: height (cm), HR: heart rate (bpm); pSP: peripheral systolic pressure (mmHg); pDP: peripheral diastolic pressure (mmHg); cSP: central systolic pressure (mmHg); cDP: central diastolic pressure (mmHg); cPP: central pulse pressure (mmHg); pPP: peripheral pulse pressure (mmHg).). Note that central pressure parameters generally have a higher R2 than peripheral pressure parameters

	point #
	gestation week
	PSYS

mmHg
	PDIAS

mmHg
	Drugs

	1
	31
	150
	85
	Methyldopa

	2
	32
	130
	95
	Methyldopa

	3
	33
	135
	95
	Methyldopa

	4
	33
	150
	95
	Methyldopa,hydralazine

	5
	34
	118
	78
	Methyldopa,hydralazine

	6
	34
	118
	78
	Methyldopa,hydralazine


Table III – Notes on trajectory of a subject who developed pre-eclampsia at 33 weeks gestation as shown in Figure 5.
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