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Abstract: In this article, we develop a scalable system that can
perform heart failure prediction techniques based on complex
event processing (CEP). The emergence of different health
conditions can be seen as complex events and therefore this
concept can be easily extended to other uses. The system usesMLP
(Multilayer Perceptron) for the prediction of heart failure. First,
perform preprocessing and after that collect the health parameter.
The system monitors the patients of heart failure and predicts
heart attacks. When critical conditions are occurs the system
warns the patients. Experimental results show that MLP is more
accurate than C 4.5, based on Precision-Recall and F1.

Keywords : Complex event processing, Heart Failures

Prediction, C4.5, and Multilayer Perceptron.

. INTRODUCTION

Real-time health data collection isvery common in todays and
the ubiquitous variety of inexpensive health surveillance
systems. These data can be exploited by a variety of signal
processing and machine learning algorithms. The procedure
for extraction and reasoning is similar in different
applications. The various researchers working with real time
signals and applying pre-processing step prior to making
conclusions. The collected data can be used both in real-time
and offline mode to draw several conclusions about the
patient's condition [1]. However, in the application, the health
sector is very limited due to the growing demand for
networking and supporting infrastructure. For many users,
real-world medical applications require the simultaneous
analysis of high-resolution real-time sensor data and data
from other sources. Local processing of all data on a single
machine is impractical due to computational constraints,
reliability, scalability, power issues, and recovery/ failures.

Analysis of health data, as arule, is based on the comparison
of health measures obtained on a predetermined threshold [2].
Symptoms can manifest when measuring above or below the
threshold. Early detection of symptoms of heart failure
enhances the prognosis of stroke and therefore prevents it.
Therefore, the most important task is to determine the exact
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thresholds [3]. The accuracy of the analysis strictly depends
on the accuracy of the used thresholds. Existing medical
research, telemedicine is accepted, cardiac disease, diabetes,
hypotension, hypertension, hyperthermia and hypothermia
patientsto the treatment [4]. The most promising programisa
chronic disease of red-time monitoring, such as
cardiopulmonary disease, asthma, and heart failure, health
care facilities, from far away located patients in wireless
surveillance systems.

Heart disease has become one of the leading causes of death
in men worldwide. According to WHO, heart disease rates
could increased worldwide by 23.3% up to 2030. This
reguires continuous and long-term monitoring to control the
threat of the treatment of chronic diseases [1] [5]. Doctors
present a new option for the user. We help wireless
technology with a look at the possibilities for patient
monitoring. The objective is to find solutions for Remote
Patient Monitoring System Access.

Heart disease specidists define and update thresholds based
on patient measurements and interviews conducted with the
patient. The cardiologist's threshold is not the same for all
patients and makes sure that the same may vary even for
different patients [6]. As a result, health parameters are
extracted and remotely monitoring method proposed will
automatically calculate the run time health threshold to update
an analytical method that will determine the heart failure
patients.

Il. REVIEW CRITERIA

Here present the literature review of existing techniques:

The paper demonstrates the health anaysis technique for
heart failure stroke prediction and uses a combination of CEP
(complex event manipulation) techniques with a statistical
approach for this benefit of this approach, is that it can
automatically calculate the threshold value and update it upon
execution. In this experiment, we used the MIMICII
Waveform Database Matched subset of the physionet
benchmark [1].

This paper presents areview of the literature on data mining
and health management analysis using big data. Following
PRISMA's guidelines (a systematic review and a priority
reporting article for meta-analysis), they searched the
database between 2005 and 2016. The essential elements of
selected health sub-domains for research, technical data
mining, type of analysis, data, and data sources are the areas
and possible future they discover that the existing literature
examines analysis primarily in clinica and administrative
decision making [2].
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The amount of sensor data generated by each sensor is large;
the storage of information becomes a problem. Manashty
Alireza, Wright Janet and Y adav Umang [ 3], proposed to heal
(Health Event Aggregation Lab) the proposed architecture of
using previously processed similar data and associated
identified symptoms are inputs sensors, devices and content
providers for providing cloud services. The ultimate goal of
the system is to bridge the gap between symptoms and
diagnostic trend data to accurately and quickly predict health
abnormalities.

The paper [4] proposed a system to develop a real-time
cardiac monitoring system. The system is conceptualized to
provide an interface for mutual communication between
doctorsand patients. The purpose of thisarticleto help distant
heart patients receive the latest in health care services that
may not be possible otherwise due to the low
doctor-to-patient ratio. Performance analysis shows that the
proposed system isreliable and useful for its high speed.
The paper discusses WANDA (an activity with weight and
blood pressure monitoring system) using sensors. This study
is paired with the University of California School of nursing,
UCLA WirelessHealth I nstitute shows that CHF patientswho
readings monitored by Wandaarelesslikely to fall outside the
healthy range to alow early detection of critica clinical
symptoms that indicate a challenge associated with CHF. In
addition, Wanda provides a useful feedback system to
organize the reading of CHF patients [5].

In this article [6] personadized remote monitoring and
evaluation of the user conditions. PhysioDroid System
provides ubiquitous and continuous analysis of vital signs
such as electrocardiogram, heart rate, respiration rate, and
skin temperature and body movements to help patients
become empowered and improvetheir clinical understanding.
PhysioDroid consists of a portable monitoring device and
Android application that provides the functionality for
collection, storage, and processing of physiological sensors.
Versatility of the application allows you to useit as secondary
users and professionals, a reduction in the cost PhysioDroid
makes it affordable for most people. Provides two examples
of use for health assessment and sports coaching, to illustrate
the capabilities of PhysioDroid’s.

Complex Event Processing (CEP) uses an event-driven
approach and connects different sensor streams with
spatiotemporal constraints for anomaly detection. This paper
[6] proposes a CEP-based health monitoring system
(CRHMYS). The CRHMS proposed using biosensors (heart
rate, respiratory rate, blood pressure, and ECG) to collect
vital signs, and environmental sensors (accelerometer, global
positioning system (GPS)) to identify the context of the
elderly patient who isaone at home. These sensor settingsare
collected on an Android phone and sent as a stream to the
proposed system to identify abnormalities of vital signs and
generate an alarm.

According to various measures have emerged, and in recent
years took part, namely, data stream processing systems
(IPS). In this paper [7], they propose how semantic
technology can contribute to the field of complex events and
study their support in the field of health surveillance.
Complex event processing system (CEP) combines precise
semantic data with information being processed. The
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proposed approach combines Semantic Web way and CE
model to a health monitoring platform.

Sensor data is an important mission of providing access to
web theology, anytime anywhere. In particular, it is essential
to monitoring the telemedicine of elderly patients who are
alone at home. Continuous monitoring is necessary for the
patient to wear wireless sensor data in the body for
parameters. Sensor web Enablement data effectively and
service-oriented architecture, the implementation of aclinical
diagnosis, made for the physician to become available on the
web raw sensor datato aplatform. To know the complexity of
threats, using the web to capture relationshi ps between events,
it is possible to overcome challenges [8].

System applications provide for activity records, events, and
potentially important medical symptoms. The activity such as
walking and running is detected from the movement of the
body recorded by the accelerometer sensor which analyzes
the T wave on the server where the features of the
electrocardiogram are connected to the P wave of the
electrocardiogram signal, the complex of QRS, and the base
station which receives the data from the wireless sensor of the
patient body. IEEE802. The 154 is used for wireless
communication between the sensor and the base station. If an
abnormality occurs on the server the alarm status sends to the
doctor's persona digital assistant (PDA) [9].

The presence of a network of advances in the development of
medical devices and the widespread use of data transmission
allows you to equip more patients ‘interpretation of the
collected data, resulting in the deviceisincreasingly complex.
Medical observation is traditionaly interpreted in two
competing ways, using established rule-based theories and
statistically (which probably leads to a new theory). In this
article, they will learn a hybrid approach that allows both the
evaluation of fixed rule sets and their coexistence with
machine learning [10].

[11. METHODOLOGY

This section introduces Complex Event Processing of
Health Data in Real Time Predicting Heart Failure Risk as a
predictive analysis approach:

1) The system monitors the patients who are suffering from
the disease.

2) Predicts heart failure strokes based on the related
symptoms.

3) Warns to patients when the critical condition occurs.
Figure 1 shows the proposed system architecture of the
system. Congestive heart failure (CHF) occurs when the heart
cannot provide enough blood due to a healthy physiological
state. CHF usually occurs when the cardiac tissue becomes
chemical due to blockage of the coronary vessels. The
proposed system includes modules are as follows. the
processing Servers and Storage, data pre-processing, feature
extraction, classification of heart defectsusing C 4.5 classifier
and prediction of heart failure using multi-perceptron model
(MLP). The system thresholds are calculated automatically
using statistical approaches.
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Thresholds are calculated based on the patient state and

his’her historical measurements. The system main goal is to

detect heart failure symptoms and predicting the critical

conditions to warn the patients.

= The system firstly, stored data in a database such as CSV
files. So, the history of patientsis created.

= |n the data preprocessing stage, data is preprocessed and
missing values of replacing with threshold values or Zero.

= Once the preprocessing is done the system performs the
Feature extraction process. The data feature values are
calculated using principal component analysis methods.
The goa of the PCA is to reduce data and rank columns
with ahigh degree of impact. After selecting high impacted
columns it removed characteristics from this column such
as weight, blood pressure, body temperature.
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Fig. 1. System Architecture
= Then creating the training and testing files using extracted
features and perform classification using C4.5 and MLP
classifiers.
= Finally, this system recommends treatment to patients like
Gym, stress level management.

A. Algorithm

= Algorithm 1: C4.5 Algorithm

1. Check for the below base cases:
All the samples in the list belong to the same class. When
this happens, it simply creates a leaf node for the decision
tree saying to choose that class.
None of the features provide any information gain. In this
case, C4.5 creates a decision node higher up the tree using
the expected value of the class.
Aninstance of previously-unseen class encountered. Again,
CA.5 creates a decision node higher up the tree using the
expected value.

2.For each attribute, find the normalized information gain
ratio from splitting on a.

3.Let a best be the attribute with the highest normalized
information gain.

4. Create a decision node that splitson a_best.

5. Recur on the sublists obtained by splitting on a_best, and
add those nodes as children of the node.

= Algorithm 2: Multi-Level Perceptron Model (MLP)

Step 1: Initialize weights at random, choose alearning rate %
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Until the network is trained:
For each training example i.e. input pattern and target
output(s):
Step 2: Do forward pass through the net (with fixed weights)
to produce output(s)
i.e., inforwarding Direction, layer by layer:
i. Inputs applied
ii. Multiplied by weights
iii. Summed
iv. ‘Squashed' by the sigmoid activation function
v. Output passed to each neuron in the next layer
Repeat above until network output(s) produced
Step 3: Back-propagation of error
i. Computeerror (deltaor local gradient) for each output unit
5y

R

ii. Layer-by-layer, compute error (delta or local gradient) for

each hidden unit &; by back-propagating errors (as shown
previously)
Step 4: Next, update all the weights Awij By gradient
descent, and go back to Step 2
The overal MLP learning algorithm, involving forward pass
and backpropagation of error (until the network training
completion), is known as the Generalized Delta Rule (GDR),
or more commonly, the Back Propagation (BP) agorithm.

IV. RESULT AND DISCUSSION

A. Experimental Setup

The system is built by using Java framework and Netbeans
IDE on windows platform. The system uses Heart Rate
Sensor.

Heart Rate Sensor:

Parameter Value
Operating Voltage: + 5V DC regulated
Operating Current: 100 mA

Output Data Level: 5V TTL level

Heart Beat detection:  Output High Pulse

B. Dataset

System use MIMIC Il waveform database. The dataset
contains around 33,000 patients of which approximately
25,000 are adults (having age > 15 years old at the time of last
admission) and around 8000 are neonates (age <
1-month-old) at the time of the first admission. These patients
experienced over 36,000 hospital admissionsand over 40,000
ICU stays.

C. Resaults

In this section, we compare the existing system C4.5
algorithm and proposed system MLP algorithm. If it is proved
that heart disease is present in the patient, then a given
diagnostic test will also indicate the presence of heart disease,
and the results of diagnostic tests will be considered true
positive. Similarly, if the diseaseis not present in the patient,
diagnostic tests suggest that heart disease is absent, and the
result is a true negative (TN). A proven state of both true
positive and true negative (also called the criterion of truth).
But medical tests are not perfect.
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If diagnostic tests show the presence of disease in patients
who do not have such disease, the test resultsare false positive
(FP). Similarly, if the results of the diagnostic examination
suggest that the disease is definitely absent for patients with
the disease, the test results are fal se-negative (FN). Both false
positive and false negative indicate that the test result is
opposite to the actual state.

Table- I: A Confusion Matrix

Patient with Heart

Patient without

Disease Heart Disease
Patient with Heart TP FN
Disease
Patient without Heart | FP TN

Disease
We evaluated the result in terms of precision, recall and F1
Score. Precision, recall and F1 Score is calculated by using
the following formulas:

. TP
Precison= ———MM—
TP +FP
D
TP
Recdl = @—
TP+FN
1 *
Fl1Score= 2% Precision * Recall

Precision + Recall
(2)
The accuracy in percent (%) of the system is calculated by
using the formula:
No. of correct classification of heart
failure patient
Number of all Patients

The system uses a standard dataset that contains 285 records.
Out of 285 patients, the system has detected 258 patients
suffering from heart failure. Table Il shows the accuracy of
the proposed system, in which the TP rate is 258, and it is
precisely classified. 14 records are misclassified, FP rate is
also 14 and FN rate is 14.

Table- 11: Result for Accuracy of MLP Showing

Accuracy =

98.99%
Patient with Heart Patient without
Disease Heart Disease
Patient with Heart 285 14
Disease
Patient without 14 10
Heart Disease

Table- [11: Comparison of C 4.5 and MLP Algorithm

Algorithm
C45 MLP
Precision | Recall | F1 Precisio Recall F1
n
84.75% 100% | 91.74 87.18% 98.99 95.00%
% %

Figure 2 shows that the graph of the accuracy comparison
between the existing system C 4.5 a gorithm and the proposed
system MLP agorithm. Our result shows that the proposed
MLP archives87.18 % precision, 98.99 % recall and 95.00 %
F1 score. The result graph shows that the proposed system is
more accurate than the existing system.
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Fig. 2. Accuracy Comparison Graph between MLP and
C 4.5 Algorithms

V. CONCLUSION

This paper presents a new approach to the prognostic
analysis of cardiovascular diseases. It can be used to predict
heart failure stroke. This system uses the CEP engine to
continuously perform analysis of the collected health data
Based on the provisions on the analysis and some discussions
with cardiologists, a general comparison represents the
thresholds of the extracted health parameters. The system
thresholds are calculated automatically using statistical
approaches. Thresholds are calculated based on the patient
state and his/her historical measurements. The experiment is
carried out using MIMIC Il waveform database used it
matched subset from the Physionet benchmark. We evauated
the result in terms of precision, recall and F1 Score. Finally,
Experimental results show that MLP is more accurate than C
4.5, based on Precision Recall and F1.
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