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Diagnosis and Management of
Cardiovascular Disease with an Intelligent
Decision-Making Support System
J. Bohacik andD. N. Davis
Abstract—Cardiovascular disease is the principal cause of death in most European countries and may have a major negative
impact on the patients’ functional status, productivity, and quality of life. It seems an automatic decision support system could
lower these negative impacts. The current development stage of a patient-centric solution for remote management and
treatment of cardiovascular patients is described from the point of view of decision support. The principle of the Decisionmaking Support System is presented. Our prototype experimental results with Data Mining Models are also provided.
Keywords—cardiovascular disease, data mining, decision support systems, risk assessment.

1 INTRODUCTION

E

UROPEANhealth care systems are facing important
challenges, such as ageing populations, increase in
lifestyle-related health problems and limitations of
health care resources. According to [4], cardiovascular
diseases have been reported as the principal cause of
death in most European countries. They account for 43%
of mortality among men and for 56% among women. For
both men and women coronary heart disease is the most
prevalent cause of cardiovascular death; while stroke is
relatively more prevalent in women. In cardiovascular
risk assessment, diabetes is a very important factor as
diabetes patients are at high risk for cardiovascular disease. Its prevalence is still rising due to several factors;
overweight being one of these factors. Other important
factors are age, gender, genetic factors, clinical factors
such as hypertension, and life style factors such as smoking, alcohol consumption, physical exercise and diet.
Monitoring risk factors is important for the prevention
of malignant events. Three areas of prevention can be
distinguished: a) prevention in the total population; b)
prevention in high risk groups; and c) prevention after
cardiovascular events. Prevention in the total population
includes life style factors and programs targeted at
various groups in diverse settings, such as schools, local
communities, homes for elderly people, healthcare
providers etc. Prevention in high risk groups is targeted
at chronic clinical conditions, which mainly affect adults
aged 55 years or over, that would otherwise increase the

risk for cardiovascular events, such as hypertension and
diabetes. These conditions may also have a major
negative impact on the patients’ functional status,
productivity, and quality of life. Acute cardiovascular
events such as myocardial infarction and stroke,
determine mortality and, if the patient survives, define
the quality of life and risk for recurrent events.
Prevention in high risk groups and prevention after
cardiovascular events includes both life style changes and
medication.
We are focused on high risk cardiovascular patients
and prevention after cardiovascular events as active
participants of the Bravehealth project. The Bravehealth
project proposes a patient-centric vision to cardiovascular
management and treatment, providing people already
diagnosed as subjects at risk with a sound solution for
continuous and remote monitoring and real time
prevention of malignant events. The proposed solution is
made up of the following sub-systems: 1) Wearable Unit:
a miniaturised sensor, able to continuously monitoring
parameters needed to preform a diagnosis by means of
algorithms running on it. It is possible to perform
sheduled analysis of parameters and to remotely trigger
the screening of signs; 2) Remote Server: it is the main
interface between clinicians and the system, providing
both automated support, e.g. messages to the patient
generated by the system, and doctor managed
supervision, allowing communication with the patients
with voice, text, and chat messages; 3) Gateways: they
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2 SUB-SYSTEMS OF THE BRAVEHEALTH SYSTEM
The BraveHealth system, for decision support, is composed of logical sub-systems as shown in Figure 1. As a
result, it can be seen that decision support is required
across all sub-systems: Patient Measure Devices, Mobile
Patient Gateway, Remote Server, and Clinician Gateway.
The communication and collaboration among these subsystems is shown in Figure 2.Patient Measure Devices are
Wearable Unit, Blood Pressure Cuff, Digital Scales, etc.
The prototype of the Wearable Unit is made of discrete
components. It is designed to sense biological signals of
interest, amplify and filter them, convert and process
them in the digital domain. It is also designed to store and
transmit (un)processed data to the Mobile Patient Gate-

PC, a laptop or a tablet. From this Ethernet/Internet connection the patient mobile allows the patient to interact
with the BraveHealth system. Patient configuration and
information are kept on the Mobile Patient Gateway for
ease of access by the patient, but this patient profile is a
result of a configuration (by clinicians) that has happened
on the Remote Server. In addition to the Mobile Patient
Gateway, the Patient TV Gateway can be used as a client
of the Remote Server and as a patient interaction device.
It does not store data nor perform decision support processing other than interaction and response/query management to the Remote Server.

Figure 2: Working process of the BraveHealth sub-systems.

Figure 1: The BraveHealth logical architecture from the point of
view of decision support.

way, and to receive configuration data from the Gateway.
Patient Measure Devices connect to the patient mobile via
Bluetooth. The data from these devices arrives encrypted
on the patient mobile (an Android device) and the data is
relayed to Remote Server for processing. Alert Notifications such as Green Notification meaning the patient’s
condition is reverted to normal, or Episodic Measures
such as the patient’s systolic blood pressure at a specific
time point are not processed on the patient mobile.
Mobile Patient Gateway has two primary functions.
The first is to act as the conduit through which Wearable
Unit sends its data to Remote Server. The second is to act
as a client to Remote Server so that information is displayed to provide an indication of the current health situation, prompts for medication or exercises, or requests for
information, such as short surveys. Mobile Patient Gateway interfaces with Remote Server via either a desktop

The Clinician Gateway allows the medical professionals who treat a patient to have access to the data collected
from the patient’s Wearable Unit, in both a trace of readings from different sensors and also a static overview of
the readings. Clinicians have an indication of the status of
all patients under their care, and can access the Decision
Support System. Clinicians configure the BraveHealth
system for a patient, including the Wearable Unit. This
configuration is stored at the Remote Server. A subset of
the patient data (including the Wearable Unit configuration) is stored at the Mobile Patient Gateway and it is
used to configure the Wearable Unit according to the clinicians’ requirements (e.g. Patient Risk Level). Episodic
measures are collected according to this configuration. In
normal operation, these are stored locally on the Mobile
Patient Gateway and relayed to Remote Server (and
stored in a database) at more over-reaching episodes. Clinician Gateway interfaces with the Remote Server via
either a desktop PC, a laptop or a tablet. Any other device
connects to one of these in order to interact with the
BraveHealth system.

3 DECISION SUPPORT SYSTEM
The Decision Support System being built into the
BraveHealth architecture is intended to provide support
for both the clinician and the patient. Through the implementation of standard clinical models it ensures that
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routine clinical consultations are made more consistent
and informative. The implementation of the BraveHealth
system includes multiple Decision Support Systems that
augment the functionality of the Wearable Unit (and other Patient Measure Devices) to ensure a more informative
experience for both the patient and the clinician. An extended functionality to multiple Decision Support Systems augments the Telehealth functionality of the
BraveHealth system and allows improved clinical risk
analysis.
The BraveHealth system supports the following levels
of decision support sub-systems:
•
Wearable Unit Processor;
•
Lightweight Decision Support System on the
Mobile Patient Gateway;
•
Full Decision Support System on the Remote
Server;
•
Decision Support for Clinicians on the Clinician
Gateway.
Decision model building is done only on the Remote
Server but it can be deployed across the architecture. Full
Decision Support System has the capability (and models)
to recommend Patient Risk Level changes. The clinicians
need to decide whether they want Full Decision Support
System to change Patient Risk Level or merely make a
recommendation to the clinicians. Wearable Unit Processor is only capable of generating data, specific data related analyses and initiating Alert Notifications. It does not
have access to the contextual information needed to determine a more appropriate status of the patient (such as
the change of Patient Risk Level).
The expected functionality and knowledge models of
the Decision Support System architecture are as follows:
•
Clinical Models: decision support models such
as alert and pathology risk models;
•
Causal Models: diagnostic models that allow
causal relationships to be modelled. These can be based
on Clinical Models or improve on models using Bayesian
networks;
•
Data Mining Models: classification models deployed on the Mobile Patient Gateway and the Remote
Server such as classification rules, decision trees, fuzzy
rules, and neural networks.
The monitoring schedule and actions of the
BraveHealth system are tailored to each patient according
to the patient groupings. Thus within the BraveHealth
system patients are categorized based on Patient Pathology and Patient Risk Level, with patient specific Alert Notifications. The risk profile for any patient is a combination of three factors:
•
Pathology types: patients are to be assigned by
clinicians as belonging to a specific pathology type, e.g.
Heart Failure or Hypertension;
•
Risk stratification: patients are assigned by clinicians as belonging to one of three categories: high risk,
medium risk or low risk. These categories and their definitions are based on sound rules drawn from clinical
practice. Movements between these levels can be monitored, or recommended. But only clinicians can change
the risk status of the patient (Patient Risk Level). Full De-
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cision Support System monitors patients, and acts as an
aide to the clinicians by offering decision support (to clinicians) on a patient’s current risk level by flagging up
important changes. This uses expert system technologies
that can be augmented (after a period of data collection
within BraveHealth) through data mining;
•
Alert Notifications: clinicians assign patient specific thresholds for three alert categories: Red Notification, Yellow Notification or Green Notification. Emergency Notification will be incorporated into subsequent
BraveHealth releases. Full Decision Support System enhances the support provided to both the patients and the
clinicians and indicates changes to the clinicians to Risk
stratification based on these Alert Notifications. Green
Notifications are only sent when the prior alert was Yellow Notification or Red Notification.
Alert Notifications in the BraveHealth system are defined by the clinicians as follows:
•
Red Notification: a serious modification of clinical parameters requiring immediate attention;
•
Yellow Notification: a non-critical but potentially
dangerous modification of clinical parameters has appeared;
•
Green Notification: the patient’s condition is reverted to the normal status;
•
Emergency Notification: a set of pathological
conditions which represent a life threatening event. When
one of these conditions applies, the emergency protocol is
activated. Emergency Notifications are more than a special case of Red Notifications and will be introduced into
BraveHealth after the initial prototype.

4 EXPERIMENTAL RESULTS
At the current state we have done some prototype experiments with Alert Notifications and Data Mining Models.
Experiments were carried out with our Java software tool
which is being developed with the intention of its permanent integrational the Remote Server of the BraveHealth
system. Some core algorithms are implemented in external libraries: NeticaTM[6] and Weka [7]. In this section, the
results of our experiments with Data Mining Models are
discussed. The performance of Data Mining Models is
measured with sensitivity = tp/(tp + fn), specificity =
tn/(tn + fp), and accuracy = (tp+tn)/(tp+fp+fn+tn). In the
formulas, tp/ fp/ fn/ tn is the number of true positives/false positives/false negatives/true negatives. A
low risk patient is considered negative and a high risk
patient is considered positive. Medium risk patients are
not recognized at our prototype experiments. Values
tp, fp, fn and tn are computed during 10-fold crossvalidation. As a dataset, a group of 839 patients is used.
The patients are described by 17 attributes: Age, Gender,
Heart disease, Diabetes, Stroke, Side, Respiratory problem, Renal failure, ASA grade, Hypertension, ECG, Duration, Blood
loss, Shunt, Patch, Coronary artery bypass surgery, and Consultant. The attributes are considered equally important
initially. Some of them are considered more important
than others in Data Mining Models, but the decision
about their importance is based on particular Data Min-
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ing Models and collected data about patients.
TABLE 1
EXPERIMENTAL RESULTS
Method
Bayes
C4.5
LVE
MCA-T-T
MLP
MMI
NNC
TreeBayesNet

SEN (%)
7.94
4.76
65.08
60.32
15.08
77.78
15.08
77.78

SPEC (%)
97.48
98.60
75.88
96.07
89.62
89.62
90.18
96.63

ACC (%)
84.03
84.51
74.26
90.70
78.43
87.84
78.90
93.80

Our experimental results are presented in Table 1. The
meaning of the used symbols is as follows.Sensitivity
(SEN), specificity (SPEC), accuracy (ACC) are measures of
the performance of Data Mining Models in percentages(%). Bayes denotes a Bayesian network implemented
in Weka as class BayesNet. The Bayesian network represents a joint probability distribution over a set of categorical attributes. Numerical attributes are discretized. It consists of a directed acyclic graph and conditional probability tables. It allows the computation of the (joint) posterior probability distribution of any subset of unobserved
assignments of values to attributes, which makes it possible to use for classification. C4.5 is a decision tree classifier implemented in Weka as class J48.The decision tree has
two types of nodes: a) the root and internal nodes (associated with an attribute); b) leaf nodes (associated with a
class). Its creation is based on searching attributes for potential associations with nodes on the basis of information
they bring.Basically, each non-leaf node has an outgoing
branch for each possible categorical value/subset of numerical values of the attribute. Risk for a patient is determined using the decision tree, beginning with the root,
successive internal nodes are visited until a leaf node is
reached. The leaf node contains the risk. LVE is a fuzzy
rule classifier based on linguistic variable elimination [1].
First it transforms attributes into variables and then it
computes membership degrees on the basis of the data
about patients.Then it eliminates the least important attribute in a way that leads to dividing the data into two
groups with subsets of the variables and with minimal
inconsistences between the membership degrees for the
variables and the class variable. It continues in the groups
until no further elimination is considered important and a
set of fuzzy rules is formed. The formed fuzzy rules are
used for risk estimation.MCA-T-T transforms attributes
into variables and then it computes membership degrees.
It makes a fuzzy decision tree which is transformed into
fuzzy rules. It uses classification ambiguity as a criterion
for association of a variable with the node of the tree and
choses the variable with its lowest value.Fuzzy rules acquired from the tree are simplified and the degree of
truthfulness of fuzzy rules is kept in simplification [8].
MLP is a neural network classifier using multilayer perception
implemented
in
Weka
as
class
MultilayerPerception.It consists of interconnected neu-

rons. A neuron takes positive and negative numerical
values from other neurons and when the weighted sum of
the stimuli is greater than a given threshold value, it activates itself. MMI is similar to MCA-T-T, but it uses maximization of mutual information as a criterion for association of a variable with a node [5]. Also, there is no simplification of the acquired fuzzy rules. NNC is a nearest
neighbour classifier using non-tested generalized examples [7] implemented in Weka as class NNge.It assumes
known cardiovascular patients correspond to points in
spaceܴ . When the risk for a new cardiovascular patient
is being determined, k-nearest known cardiovascular patients to the new one are found and they are used with a
weight.TreeBayesNet denotes a Bayesian network implemented with NeticaTM and learnt on the basis of a C4.5
decision tree [6].
The methods in Table 1 are evaluated so that minimizing life-threatening situations, minimizing costs and maximizing interpretability are preferred. Life-threating situations appear when patients at high risk are considered
low risk, which is measured by sensitivity. This risk
should be minimized and so sensitivity should be maximized. Costs are increased when low risk patients are treated as if they were high risk, which is measured by specificity. Interpretability is subjective, but it is obvious that
the interpretability of neural networks is worse than the
interpretability of other compared methods. Also, if we
consider e.g. a group of discovered fuzzy rules, a better
interpretability is achieved when the number of fuzzy
rules is smaller and the expressions in conditions have
fewer assignments of linguistic terms to linguistic variables. Our classifier TreeBayesNet gives the highest sensitivity 77.78%, the highest specificity 96.63%, and the highest accuracy 93.80%. Its interpretability is also good as it is
a Bayesian network, which is familiar to many clinicians.
When only fuzzy rule classifiers are taken into consideration, the best combination of minimization of lifethreatening situations, minimization of costs and maximization of interpretability is achieved by MCA-T-T.

5 CONCLUSION
A prototype design and recent research on a patientcentric solution for remote management and treatment of
cardiovascular patients and its Decision Support System
architecture are presented in this paper. The solution is
composed of four sub-systems: Patient Measure Devices,
Mobile Patient Gateway, Remote Server and Clinician
Gateway. Decision support is required on all of the subsystems. It is done by the following decision support subsystems: Wearable Unit Processor, Lightweight Decision
Support System on the Mobile Patient Gateway, Full Decision Support System capable of (re-)building knowledge
models on the Remote Server, and Decision Support for
clinicians on the Clinician Gateway. Cardiovascular patients are divided into three risk levels and also according
to a specific pathology type. A patient is monitored in
real-time and the obtained data is used by decision support sub-systems. With the support of Clinical Models,
Causal Models and Data Mining Models, they can trigger
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Alert Notifications meaning different levels of emergency
or they can suggest a change of the patient’s risk level to
clinicians. Our prototype experiments with Data Mining
Models are analysed further. A model using a Bayesian
network learnt on the basis of a decision tree seems to
have the best results. Its sensitivity measuring how unlikely life-threatening situations are is 77.78% and its
specificity measuring how the costs of treatment are minimized is 96.63%. Fuzzy rule classifiers also achieve
promising results. Among them, a fuzzy rule classifier
based on minimization of classification ambiguity
achieves the best results with sensitivity 60.32% and specificity 96.07%. Further research will include integration of
Data Mining Models into alert rules for Alert Notifications.
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