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Abstract - There is a recent increase of identification of coronary disease using computer aided methodologies. The information
required for the diagnosis is gathered from different biomedical signals. In this paper we have proposed a fuzzy logic based diagnosis
system of hypertensive heart disease (HHD) after optimizing the number of feature using firefly algorithm. Initially the bio signals
such as: electrocardiography (ECG) and photoplethysmography (PPG) are collected and using the method from our previous research
the blood pressure (BP) can be calculated. The feature extracted from ECG, PPG and the calculated BP was used through firefly
algorithm and subsequently fuzzy logic approach to diagnose HHD. The proposed method was evaluated against physionet database
and it shows improved performance while diagnosing HHD. The performance measures used for diagnosis of HHD showed sensitivity
of 91.49%, specificity of 82.86% and accuracy 87.8%.
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1. Introduction

The Hypertensive Heart Disease (HHD) mainly involves thickening of the heart muscles, heart failure, and condition
of coronary artery disease. The root cause is Hypertension, also known as high or raised blood pressure, is a condition in
which the blood vessels have persistently raised pressure account for 9.4 million deaths worldwide every year [1].
Uncontrolled high blood pressure can lead to heart failure. It may also develop bulges in weak spots of vessels and burst or
clog. High pressure in the blood vessels can also cause blood to leak out in the brain causing stroke [1]. Kidney failure,
blindness, rapture of blood vessels, cognitive impairment, hemorrhage and end stage renal disease are some of the other
significant complications from hypertension [1]-[3] . In the countries with poor healthcare system, HHD mostly goes
undiagnosed in early stages. Since BP is one of the vital signs effectively indicating the status of HHD, the need of non-
invasive and long term ambulatory BP monitoring for home healthcare is greatly rising [4].

In attempt to remove the inconvenience of cuff based BP measurements, the concept of cuff-less BP measurement has
been introduced. Among the popular cuff less BP measurement methods, pulse transit time (PTT) based method is the
prominent one among researchers. PTT was discovered to be related to BP, vessel volume and vessel wall elasticity etc.[5].
Previous studies have proposed and developed various calibration models mainly based on Moens-Korteweg formula,
heuristic modeling with regression technique or predictive modeling using machine learning [5]-[16]. All these studies
focus on using only PTT to measure BP, but these are not highly accurate due in part to the unaccounted for physiological
factors in the blood regulation mechanism [5], [13], [17]-[19].

Left Ventricular Hypertrophy (LVH) is frequently seen in patients with hypertension, Cuspidi [20] performed a review
of the echocardiographic data of 37700 individuals, reported that the prevalence rate of LVH was 19%-48% in untreated
hypertensive cohorts and 58%-77% in high-risk hypertensive patients. Also apparent is the link between HHD and atrial
fibrillation, whose likelihood increases by 40% to 50% in the presence of hypertension [21]. Increased susceptibility to
ischemic heart disease rounds out the cardiovascular squeal of HHD, with a 6-fold higher risk of myocardial infarction in
hypertensive patients than in normotensive individuals [22]. Yin proposed a method of detecting coronary heart disease
based on ST segment of ECG wave, heart rate and motion activity with accuracy around 80% [23]. Rafhanah brought forth
a cardiac monitoring machine which can alert based on patient’s heart rate [24], whereas Forkan [25] proposed context
aware cardiac monitoring for early detection of heart disease based on classification of the heart condition of the patient not
only based on ECG analysis. Ravish [26] developed an efficient method to acquire the clinical and ECG data, so as to train
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the Artificial Neural Network to accurately diagnose the heart’s arrhythmia and predict abnormalities, the method
requires data such as blood sugar, cholesterol level diabetes information as input along with ECG information.
Several other studies [27]-[31] mainly dealt with either one particular heart disease (either LVH or MI) or didn’t take
the effect of blood pressure into account. Since getting the right diagnosis is a key aspect of healthcare, computer
aided methods helps physician to make most accurate decisions by describing the medical process in Boolean or
binary format. Although it’s very difficult to define all medical aspect in terms of binary, as a result fuzzy logic has
been introduced as a robust method to model uncertainty in medicine [32]-[36]. Also, during designing any computer
aided diagnosis system, optimization of feature before using them as input can greatly reduce the computation time
and power of the system. During last decade several popular meta-heuristic feature optimization approach imitating
swarm movement have been used [37]-[40].

In this paper, we propose a method which uses a swarm intelligence approach named firefly algorithm to optimize
the feature from ECG, BP and PPG from human and diagnose the hypertensive heart disease using fuzzy logic
approach. This paper is organized as follow. Section 2.1 focuses on our previous research [41] use of PTT and HR for
cuff-less BP measurement. Section 2.2-2.4 discusses on the detection of hypertensive heart disease, section 3 discusses
the performance of the proposed technique, while section 4 contains conclusion and future work.

2. Materials and Methods
This section is comprised of BP measurement, ECG feature to detect CHD and LVH, feature optimization using
firefly algorithm and using fuzzy logic to diagnose HHD.

2.1. Use of PTT and HR for cuff less BP measurement

The PTT-based approach of cuff-less measurement of blood pressure used in this paper [41] involves three steps:
Measurement of ECG and PPG wave, Calculation of PTT and HR from ECG and PPG wave, as shown in, and relating
PTT-HR to BP and calibration for accurate result. Among the challenges facing the PTT based approach are calibration
which depends on distance between measurements, blood density, and atrial wall thickness which are evident from
experimental data. So a calibration curve has to be discovered for optimal solution. Curve fitting is a set of techniques used
to fit a curve with available data points; on the other hand regression is a method for statistical inference. Though curve
fitting encompasses regression as one of the method but regression doesn’t necessarily mean curve fitting. In this section,
polynomial curve fitting method has been used to get a polynomial multiple variable relationships among PTT, HR and BP

[41].
To use a polynomial curve fitting model, generalizing from straight line to a kth degree polynomial
y =ag+ a;x + axx? + - + agx¥ (1)

The residual is given by [41],
R? = ?=1[.Vi_(a0+a1x+a2x2+...+akxk]2 (2)

The partial derivatives of equation (2) are,

a(R?)

o = 22l — (ap + arx + apx® 4+ @rxt]x = 0 (3)
These leads to the equation as follow,

aOn + alkz‘ln:lxl‘ + et ak Z?:lx{{ = Z?:l y'k X

Ao Xiey X + ag Xieg XY 4t T P = Ty (4)

Equation (4) can be expressed as Vandermonde matrix, V (matrix with the terms of a geometric progression in each

row) and the value for a0-ak can be measured solving the equation V.a =y.
In this experiment second order polynomial is used and the model is as below [41]:
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SBP = ay + a;oPTT + ag HR + a,oPTT? + a;, PTT x HR + ag,HR? (5)
DBP = a)) + a}oPTT + a),;HR + aboPTT? + a},PTT * HR + a),HR? (6)

(5) And (6) were used to calculate the value of all necessary coefficients using the clinical blood pressure data (SBP
and DBP) from MIMIC database along with calculated PTT and HR value and solving Vandermonde matrix [41].

2.2. ECG feature to detect CHD and LVH

Heart conditions caused by high blood pressure are termed by hypertensive heart disease. Among different resultant
heart disorders heart failure, coronary artery disease, thickening of heart muscle are most significant ones. Main two types
of HHD include a. Narrowing of the arteries b. enlargement of the heart. Result of narrowing of the arteries is coronary
heart disease (CHD) or coronary artery disease where it gets difficult for the heart to supply proper amount of blood to
other organs due to narrowing of arteries with clot or plaque. Left ventricular hypertrophy (LVH) is the result of thickening
and enlargement of the heart due to overload of heart pumping. Though the main risk factor or triggering point is high
blood pressure but being overweight, smoking habit and unhealthy food habit increases the probability as well.
When myocardial blood supply gets reduced to any region of heart the first effect is trans-mural ischemia followed by start
of cell death or necrosis, when blood supply doesn’t get restored within certain amount of time fibrosis or scarring of the
tissue happens. From physical point of view, the patient starts to feel pain when the arteries gets blocked and heart muscle
doesn’t get enough blood, the pain turns eventually to heart attack if the problem kept untreated for long time. It’s very
hard to diagnose CHD or even LVH just form pain sensation and to make accurate prediction of disease precise
information about hearts activity is necessary such as ECG. Being convenient for patient as well as inexpensive both of
these qualities make ECG prime component of a noninvasive diagnose tool for CHD and LVH. In table 1 the approach to
interpret ECG for CHD is described [42].

Table 1: Approach to ECG interpretation for CHD.

Approach Description
Need to check if Bradycardia or
tachycardia is present
The absence of P wave in ECG can
Rhythm indicate atrial fibrillation, the number of
P wave and QRS should match
Need to determine axis deviation by
AXis checking direction of QRS complex
deflection in lead I and Il
Long PR or QRS interval indicate either
AV block or bundle branch block
P wave amplitude more than .25 and
P wave duration more than 120 milliseconds
indicate atrial enlargement
Prominent Q wave indicates myocardial
QRS complex infarction whereas wide QRS complex
indicates bundle branch block.
Elevated or depressed ST wave, inverted
T wave indicate myocardial ischemia.

Rate

Intervals

ST segment- T wave

The four major types of acute coronary syndromes available in ECG patterns which lead to CHD are as follows:
firstly, classic angina where transient ST segment depression happens without any change in QRS complex, secondly,
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transient ST elevation to indicate transmural ischemia , thirdly, ST depression or T wave inversion without Q waves
indicating non-ST elevation Ml , fourthly hyper-acute T wave or ST elevations followed by T wave inversion indicating
ST elevation MI [43]. In this paper a point system is used which represent a graduation of myocardial ischemia shat is
documented in ET [44] . The following table 2 classifies different pattern of ST wave part of ECG into 3 fundamental
aspects resulting into a scale that ranges from 0 to 4.

Table 2: Graduation of Ml that is documented in ET [44].

Magnitude of ST Morphology of ST Moment of ST Score
Absent of ST . . .
deviation Upsloping depression Transitory peak 0
Shift inferior to 1mm Convex depression Exercise peak 1
Shift from 1 to 1.5mm Horizontal depression Rapid reversion 2
Shift froméﬁ 020 Downsloping depression Slow reversion 3
Shift gzrrenar':;er than Elevation Very early reversion 4

2.3. Feature optimization using Firefly algorithm
It is unlikely that the entire extracted feature will play equal part in diagnosis of hypertensive heart disease. So,
feature with poorer performance can be ignored by employing feature optimization algorithm. Here, firefly algorithm
which is a popular optimization algorithm has been used. Firefly algorithm is a multimodal optimization algorithm
based on flashing characteristics of fireflies in nature. The main assumption is each solution (firefly) moves towards
more attractive solutions (fireflies). Since the real firefly behavior is much more complex and sophisticated it requires
some simplified rules to use them in other practical diagnoses [45].
Pseudo code for firefly algorithm:
1. Generation of initial population randomly
2. Calculation of fitness of initial population based on light intensity.
3. While (t<objective criteria is fulfilled)
4. Fora=1:m; (m=number of firefly)
5. For b=1:n;
6. Calculate the light intensity using fitness function
7. Distance is calculated
8. If (I(m)<I(n))
9. Firefly a is moved towards b.
10. Come up with new solution
11. Else
12. Firefly a will move randomly towards b
13. End (all loop)
14. Rank the firefly according to light intensity value

In the above mentioned algorithm, information gain has been used to calculate the intensity of a feature to rank
itself among all the features (in the pseudo code it has been mentioned as light intensity of a firefly).
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2.3. Using Fuzzy logic approach

Computational intelligence techniques are widely used in diagnosis of diseases. Here after optimizing the number of
feature using firefly algorithm, the fuzzy logic will be applied. Firstly, the input will be fuzzified by transforming the crisp
input into fuzzy input using membership function. After that, if-then rules are applied and fuzzy outputs are achieved.
Form the fuzzy output, using defuzzifier the crisp output can be released.

RULES

Crisp

Input Fuzzy Input Fuzzy Output Crisp Output

me==p Fuzzifier — ** - Intelligence  ** - Defuzzifier ===

Fig. 1: Fuzzy logic blocks.

The complete process can be summarized using the following diagram in figure 2. The final block represents the
optimization and fusion of all the features to diagnose HHD.

| Raw ECG signal |

\

| FIR Low pass filter |

\

| Two median filter |

= PPG signal feature Correct Baseline
wanderer
BP ~L
Combining HR, < measurement
BP and Score Feature extraction Feature extraction
from ECG from ECG signal from ECG signal
features to <€ using Bi- el using Bi-
diagnose HHD orthogonal orthogonal
€ wavelet transform wavelet transform

Fig. 2: Block diagram of BP measurement technique and HHD diagnosis.

3. Performance Evaluation

In our previous study[41], two separate ways of measuring BP were evaluated. The first one is based on multiple
linear regression models. The second one uses polynomial curve fitting method. To evaluate the performance of the
proposed method, MIMIC Data base [46] was used. The first set of data (18 patients) was used for modeling and the
second set of data (10 patients) was used for performance evaluation.
To evaluate the HHD diagnosis method using firefly algorithm to optimize the feature and fuzzy logic to classify, we have
used physionet database since that contains all the necessary bio signals we have used in the method and diagnosis
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information as well. Four performance measures have been used to assess the performance of the proposed HHD diagnose
system. The measures are sensitivity which is true positive rate, specificity which is true negative rate, accuracy of
measurement and accuracy of prediction. A population of 82 person’s data has been analyzed from PTB Diagnostic ECG
Database physionet database [47] and the measurement results are 43 as true positive, 4 as false negative, 29 as true
negative and 6 as false positive. So the measures are calculated according to formula mentioned in following table 3.
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160 o 4o g ! i "
E—f i ,' ':‘ 1 9 W B
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1205, 507 * ¥ 1 ]
é —+—DP —=—DP_PTT DP_new
100 rrrrrrrrrrrrrrrrr1rrrrrorrT 1 40 rrrrrrrrrrrrrrrrrrrr T i rrorrT
1357 9111315171921232527 135 7 9 838 1o 141921232527
Patient number 3b. Actual and measured DBP [41]

3a. Actual and measured SBP [41]
Fig. 3a, 3b: Comparison among actual BP, BP measured using PTT (BP_PTT) and BP measured using PTT & HR (BP_new)

Table 3: Assessment based on performance measures.

Measures Equation Percentage
Sensitivity TP/(TP+FN) 91.49%
Specificity TN/(TN+FP) 82.86%
Accuracy (TP+TN)/(TP+TN+FP+FN) 87.80%

Predictive value (positive) TP/(TP+FP) 87.76%
Predictive value (negative) TN/(TN+FN) 87.88%

4. Conclusion and Future Work

A new hypertensive heart disease diagnosis method has been proposed using firefly algorithm and fuzzy
logic with bio signal such as: blood pressure, ECG and PPG. Our previous research helped us to measure
blood pressure from PTT and HR combination; we have used that information and extended to detect HHD
in this paper. The firefly algorithm takes in all the features which indicates possible HHD and ranks into a
series based on how significant each feature was. The fuzzy logic input the important features only and
provided the classification of whether the patient has hypertensive heart disease or not. We have evaluated
the method using popular database and showed improved performance in detection of HHD.

Future work will focus on making the proposed model more robust, with inclusion of additional
biomedical signals.
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