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Abstract - Obesity-hypertension is an emerging concept in pathophysiology. Obesity and hypertension
have been turned into an epidemic afflicting all the word, being among the mainly factors that have
been burning the health costs. This paper reports a study whose purpose was to develop an objective
method to better diagnose and manage this pathophysiology. A data management and data mapping
system was developed. Kohonen topological mapping was used in the classification of obesity-
hypertension considering clinical characteristics and laboratory results. Thus, the n-dimensional space
of physiopathological parameters was converted into a 2D space of the following obesity classes:
healthy subject, overweight, obesity class I, obesity class I-hypertension, obesity class II, obesity class
[I-hypertension, obesity class III, and obesity class Ill-hypertension. Transient changes in the
individual state could also be analyzed using the proposed self-organizing map based model.
Characteristics of the designed maps, such as topology and quantification errors, were studied.
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|. Introduction

Obesity is rapidly turning into an “epidemic” afflicting much of the industrialized world. A study
carried by the Institute of European Food Studies (IEFS) in 1997 in the 15 European Member States
showed that the prevalence of obesity is higher in United Kingdom (12%), followed by Spain (11%),
while it was lower in Italy, France and Sweden (7%) [1]. Medical expense for obese people is at least
25% higher than for normal weight people [2]. Obesity accounts for 2-6% of total health care costs in
several developed countries; some estimates put the figure as high as 7% [3]. The true costs are
undoubtedly much higher as not all obesity-related conditions are included in the calculations.

There is a lot of knowledge on obesity, but thoroughly view of the phenomenon remains to be done.
Despite a sustained preventive work against increase obesity and hypertension, the efforts to manage
obesity and hypertension have been soundly defeated. A new perspective is needed for better diagnosis
and management of obesity-hypertension. Few works on stratification of risk factors and associated
clinical conditions with obesity have been done [4]. To deal with these issues, much research is needed
to develop improved statistical methods. In the last years, bio-informatics approach to detect complex
pattern and dynamics has been developed. Many researchers are exploring variations and modifications
of logistic regression, and automated detection of informative combined effects (e.g. [5]). Additional
explorations are being conducted in data mining and machine learning research. Data reduction
involves a collapsing or mapping of the data to a lower dimensional space. Pattern recognition, on the
other hand, involves extracting patterns from the data to discriminate between groups by using the full
dimensionality of the data. Examples of pattern recognition methods include cluster analysis [6],
cellular automata [7], support vector machines [8], self-organizing maps [9] and neural networks [10].
We used a self-organizing map (SOM) algorithm because of its ability to visualize multidimensional
data in a two-dimensional format, and to make data reduction and abstraction by generating prototype
vectors from measurement data. The SOM is especially suitable for exploratory data analysis of large
data sets [11,12,13].

We focused on potential cumulative risk of hypertension and obesity. Organ damage and associated
clinical condition in obese people increase with the extent of risk factor clustering. Furthermore,
according to the ESH-ESC guidelines, hypertension induces high-added risk for target organ damage,
diabetes, or associated clinical conditions [14]. Therefore it is worth to diagnose obesity-hypertension
relation.

The problem with the diagnosis and management of obesity is that the relationship between different
items (e.g. laboratory results and/or symptoms) is not always well established, and that there exists a
myriad of exceptions for every rule. Worldwide, 45% of all physicians reported never measuring waist
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circumference, and 52% overestimated the waist girth that puts their patient at risk. More than half
(59%) of at risk patients had not been informed by their doctors about the link between abdominal
obesity and heart disease [15].

Since today, data analysis related with obese population using SOMs was little explored. A study in
Finland has shown that SOM is a usefully tool in describing and modelling data for extracting cluster
related to insulin resistance syndrome and cardiovascular disease from a large prospective population-
based study in middle aged men [16]. Also generational trends in obesity in the United States were
better analysed using wavelet based SOM analysis that emphasized that older people had a lower
prevalence of obesity than younger adults [4]. These results challenged an assumption that all age
groups were equally exposed to increasing sedentary behaviours, unhealthy foods, and over
consumption of food calories.

The aim of this study was to describe the usefulness of the SOM algorithm in modelling and
presentation of multivariate clinical related with ethiopathogeny of obesity-hypertension syndrome.

1. Methods

The data acquisition, data management and data mapping system software block diagram is presented
in Fig.1. Thus, the input data associated with the patients obtained from instruments are uploaded in the
database that is connected to the self-organizing map (SOM). The input, output structure and training
algorithm, the most important items in the designing of a clinical parameters distribution model, are
discussed next.
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Fig.1. The data management and data mapping system block diagram

A. The input of the model

There is a lack of studies that may give a thorough view on the main clinical indicators [see 19], which
may better describe pathophysiological changes to obesity and obesity-hypertension. Since there were
no well-characterized real datasets available that fit all obesity classes described in our study, a
simulation study was needed. The values for different obesity classes were adjusted according to
published data, considering a Gaussian distribution of the values. The maximum values for the morbid
obese group were built taking into account clinical cases of obesity described in the 19™ century —
Daniel Lambert. At the time of the Lambert’s death, in 1809 in Stamford, England, he was 39 years of
age and weighed 336 kg. The SOM was designed using the simulated data expressed by 1600x19
matrix (SOMjg) of individuals under test. Using 19 parameters for each individual, an accurate
characterization of obesity-hypertension or tendency is carried out. However, in practice a small
number of clinical data are used on diagnosis of obesity hypertension. In this case a SOM approach
using 1600X10 matrix (SOM;,) was used to design a low complexity SOM. In Table 1 are represented
the data range for variables include in SOM;9 and SOM;, characteristics to the normal and obesity-
hypertension class III. The model input data include essential clinical information from an obesity-
hypertension associations that are expressed by the values of the following parameters: body mass
index (BMI), waist girth, waist-to hip ratio, blood pressure, insulin, triglyceride, plasma free fatty
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acids, leptin, protein C, glucose, fibrinogen, angiotensin II, atrial natriuretic peptide, HDL cholesterol
[17], total cholesterol [18,19], LDL cholesterol [20,21], heart rate as an index of sympathetic
autonomic control activation [21] and circulating ghrelin levels [22].

Table 1. Variables range used to describe obesity-hypertension syndrome class 111

Variables Normal Obesity class
111+Hypertension
Body mass index * (kg/m®) 18.5-24.9 40-85
Waist girth * (cm) 58-88 150-170
Waist-to-hip ratio (cm/cm) 0.6-0.9 1.4-1.6
Systolic blood pressure * (mmHg) 90-125 140-190
Diastolic blood pressure * (mmHg) 55-84 90-120
Heart rate * (bpm) 55-95 90-140
Serum triglycerides * (mg/dL) 30-173 200-350
Total cholesterol * (umol/L) 250-680 200-350
Serum HDL cholesterol * (mg/dL) 50-60 35-50
Serum LDL cholesterol * (mg/dL) 50-130 30-40
Plasma free fatty acids (umol/L) 250-680 700-1100
Leptin (ng/mL) 4-15 9-35
Insulin (pmol/L) 36-140 500-1600
Ghrelin (ng/mL) 0.3-0.9 0.1-0.2
Angiotensin II (pg/mL) 5-16 10-22
Atrial natriuretic peptide (fmol/L) 15-27 9-12
Glucose (mg/dL) * 70-110 90-220
Fibinogen (g/L) 2-4 10-12
Protein C reactive (mg/L) 5-15 20-30

a — variable included in SOM ;9 and SOM 4 algorithm
The data from 30 adult patients (12 men and 18 women) with voluntary participation in the study were
used to test sensibility of SOM algorithm to classify patients with obesity-hypertension syndrome. The

main characteristics of the subjects included on the study are represented in the Table 2.

Table 2. The main characteristics of the patients included on the study

Median Average
Age (y) 58.50(33-87) 60.37
BMI(kg/m?) 24.37 (18.57-46.88) 25.21
Waist Girth (cm) 101.00 (67-131) 100.90
SAP (mmHg) 158.10 (112-189) 161.00
DAP (mmHg) 81.50 (56-101) 78.90

The simulated data were not defined using sex-specific observation points. However, a future study
considering the data distribution versus sex and age will be considered. Although the parameter settings
are not exhaustive of the physiopathologically plausible situations, the outlined conditions are
reasonable, mainly designed to differentiate obesity and hypertension features.

Actually diagnosis of obesity is made mainly according to the BMI index:
m
BMI kg /m2]=h—2 M

Normal people have a BMI in the range 18.5-24.9. Obesity is defined when BMI>30; morbid obesity
corresponds to BMI>35 [23,24,25]. A continuous relationship between gradation of BMI and health
risk and between waist circumference and health risk exists. Individuals with central obesity (android
or visceral obesity type) are considered to have higher cardiovascular risk. Moreover, to better
characterize central obesity, waist-to-hip ratio [17,20] and visceral adipose tissue assessed by

multidetector computerized tomography [26] should be used.

B. Model architecture and training

A Kohonen Self-Organizing Map (K-SOM) [15,16] was designed and implemented for our study
taking into account a data compression that preserves the most important topological and metric
relationship of the primary data. The internal parameters of K-SOM (weights connection) are obtained
based on an unsupervised learning process. Thus, for a given number of map cells (neurons) the K-
SOM prototype vector, mpp;, associated with the cells is randomly initialised and updated during the
training according to the following learning rule:
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M pp; (t+1)= M pp; (t)+ hci '(pp(t)_mppi (t)) (2)
where pp(t) represents an input vector randomly drawn from the input data set at time t, pp(t)=[pp: pp:
...pPgl, and hy; is called neighbourhood kernel around the winner cell ¢ and defined by:

o = @ (hxew [‘ 2r_ar(t)] 3)

0<au(t)<l is the learning rate at time t, ”I’i =, " is the distance between cells ¢ and I within the output

space (map), and o(t) corresponds to the width of the neighbourhood function [15,16]. A practical
approach concerning the evolution of topology error and quantification errors for different number of
neurons is considered on the map.

C. The output of the model

We developed a model that simulates and optimises an obesity diagnosis. The model’s output is
expressed by the designed map including mxn neurons distributed in different clusters (8 clusters in the
present application) associated with the obesity classes. Based on the best matched unit (BMU), an
algorithm for new incoming data permits the visualization on the designed K-SOM map of individual
diagnosis, thus providing a fast obesity-hypertension diagnosis. The accuracy of the match for the input
vectors was studied.

I11. Results and discussion

Using a set of 19 physiopathological parameters considered for 1600 individuals distributed in 8
classes, an 8x25 K-SOM 9 was designed. Additionally, a reduced number of considered parameters for
data mapping were considered. Thus, for 10 parameters, the 8 classes are expressed by 9 X 22 K-
SOM,y. The cluster separation for both cases is presented in Fig. 2. The K-SOMs performance was
expressed by quantification errors qe;p=1.35 and qe;y=2.16 while the topologic errors were: te;,=0,04
and te;4=0.04. In order to better express the distribution of the input data between clusters, two
representations were used on the designed map: hit histograms and bar-plane distribution. For the
above considered case, the bar-plane distribution is presented in Fig. 3.

The complexity of the etiopathogenesis of the obesity-hypertension syndrome is visualized in the SOM
hit histogram. Thus, overweight tendency is expressed by distribution of some physiological
parameters interference, expressed by superposition of parts of hit histogram. A normal (red color
histogram) is superposed on overweight (blue colour histogram). A practical approach concerning the
introducing of a new parameter for a better separation between the clusters, as well as the optimal K-
SOM design, was considered. The utilization of the histogram can be used to better express the relative
proportion of each component (e.g. leptin) on the sum of all components in the map unit. The incoming
vector, including the considered parameters, is expressed on the map.
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Fig.2. Obesity-hypertension diagnosis based on K-SOM results: SOM;y and SOM, clusters of data
distributions for 19 and 10 variables
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In the hit-histogram, better clustering of data in SOM;y than in SOM;, can be observed (normal
individuals are represented in red, the overweight individuals in blue, obesity class I in black, obesity
class II in green and the obesity class III in white, mangenta — obesity class [+hypertension, yellow-
obesity class II + hypertension, light-blue — obesity class III+hypertension,). The identification of
normal, overweight and obesity class I clusters is not straightforward in SOM,,, and needs further
clarification by using additional variables.
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Fig. 3 Obesity-hypertension diagnosis based on K-SOM results: K-SOM bar-plane distribution for
different obesity classes and different input parameters: 19 parameters on the left and 10 parameters on
the right

The histogram expresses the distribution of the considered parameters for individuals for each K-
SOM;y and K-SOM;, cells. From left to right the included parameters were defined in the methods
paragraph (Table 1).

After SOM;, designing process, testing data obtained from a group of the study mentioned above was
used to characterize the data mapping capabilities of the designed architecture. Thus, the representation
accuracy associated with defined clusters of obesity classes was checked out. For a small dimension
testing set (30X10) the designed SOM proves to be a good classifier: there was a 70% success of
representation of the experimental input data on the right cluster, 10% indecision and 20% wrong
classification.

An implemented SOM software module permits also to represent the patient’s obesity state according
to transient on obesity characteristics parameters measured on different time intervals (weeks, months).

IV. Conclusion

Obesity and overweight, as part of the metabolic syndrome, are important risk factors for the
development of diabetes, hypertension, coronary heart disease, hyperlipidemia, stroke, sleep apnea
syndrome, osteoarthritis and certain forms of cancer. In our developed model, we provide an
instrument for primary care physicians to better diagnose and monitoring individuals with risk factors
associated with the clinical obesity-hypertension syndrome. The presented classification of biomedical
data gave satisfactory results on a preliminary screening examination stage. The self-organized map
proved to be an important tool to better characterize obesity and obesity-hypertension association. The
developed algorithm permits diagnosis and management of obesity-hypertension physiopathology.
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