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Abstract

BACKGROUND: The prognosis of life for patients with heart
failure remains poor. By using data mining methods, the purpose
of this study was to evaluate the most important criteria for pre-
dicting patient survival and to profile patients to estimate their
survival chances together with the most appropriate technique
Jor health care. METHODS: Five hundred and thirty three pa-
tients who had suffered from cardiac arrest were included in the
analysis. We performed classical statistical analysis and data
mining analysis using mainly Bayesian networks. RESULTS:
The mean age of the 533 patients was 63 (+ 17) and the sample
was composed of 390 (73 %) men and 143 (27 %) women. Car-
diac arrest was observed at home for 411 (77 %) patients, in a
public place for 62 (12 %) patients and on a public highway for
60 (11 %) patients. The belief network of the variables showed
that the probability of remaining alive after heart failure is di-
rectly associated to five variables: age, sex, the initial cardiac
rhythm, the origin of the heart failure and specialized resuscita-
tion techniques employed. CONCLUSIONS: Data mining meth-
ods could help clinicians to predict the survival of patients and
then adapt their practices accordingly. This work could be car-
ried out for each medical procedure or medical problem and it
would become possible to build a decision tree rapidly with the
data of a service or a physician. The comparison between classic
analysis and data mining analysis showed us the contribution of
the data mining method for sorting variables and quickly con-
clude on the importance or the impact of the data and variables
on the criterion of the study. The main limit of the method is
knowledge acquisition and the necessity to gather sufficient data
to produce a relevant model.
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Introduction

Cardiac arrest is defined as a spontaneous irreversible arrest of
the general circulation by cardiac inefficacity. It is recognized
with the absence of the femoral pulse for more than 5 seconds.

Without resuscitation, cardiac arrest leads to sudden cardiac
death. The public health impact of sudden cardiac death is heavy
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since the survival rate is estimated at between 1 and 20 % for car-
diac arrest patients. This represents 300,000 to 400,000 deaths a
year in the United States and 20,000 to 30,000 deaths in France.
The profile of the patient is now well known since it generally
concerns men from about 45 to 75 years. Hospitalization must be
optimal and fast. According to the type of cardiac attack, the pro-
cedure of assumption of responsibility can vary and some studies
[1] show the interest of various techniques over others, accord-
ing to the cause of the cardiac arrest.

Heart disease is the number one cause of death in the U.S. Ac-
cording to the American Heart Association!, an estimated
1,100,000 people in the U.S. will have a coronary attack each
year. Ninety five percent of sudden cardiac arrest victims die be-
fore reaching the hospital and heart disease claims more lives
each year than the following six leading causes of death com-
bined (cancer, chronic lower respiratory diseases, accidents, di-
abetes mellitus, influenza and pneumonia). Almost 150,000
people in the U.S. who die from heart disease each year are under
the age of 65.

These data show the interest for predicting the risk of death after
heart failure and the need to analyze the events that occurred dur-
ing care to provide prognostic information. Classic statistical
analyses have already been done and provide some information
about epidemiology of the heart failure and causes of the failure.
This paper presents the use of a probability in a statistical ap-
proach in order to profile heart failure in a sample of patients and
predict the impact of some events in the care process.

Goals

The main objective of our work was to represent the relationship
between variables to determine which variables were the most
important for patient survival, with data mining methods. Other
goals were firstly to build a decision tree to evaluate which was
main factor and its impact on the patient activity in the service or
physician activity. Secondly, we wanted to produce a real patient
profile to determine the best practice for these patients. One in-
terest of the Bayesian network is the possibility of monitoring
the propagation of the impact of an event in the network on other
variables or events.

1.  http://www.americanheart.org/



Material and Methods

Data collection

Patients suffering from cardiac arrest were managed by the
Emergency Medical Service (EMS) of Rennes Medical School
in partnership with the Emergency Medical Services of the Gen-
eral Hospitals of the Brittany Region. The resuscitation on the
spot conformed with the recommendations of the European Re-
suscitation Council [2]. This study is a retrospective analysis of
data collected from April 1998 to April 2002. During this period,
six hundred and seven (607) adults patients who suffered from
an out of hospital cardiac arrest were included in our study.
Twenty eight (28) patients were excluded because we found a
traumatic etiology for the cardiac arrest. Forty six (46) patients
were also excluded because the cardiac arrest occurred after the
arrival of the emergency service or because some information
was missing. For each patient, we collected the following data:
age, sex, place of the heart failure, cause, presence of a witness,
first aid carried out by the witness, initial cardiac rhythm, time
delay between emergency call and arrival of the medical staff,
realization of specialized resuscitation, death in the first 24
hours, survival for the first year and Pittsburgh Glasgow score
(Cerebral performance categories) during the first year (from 1
for absence of neurological sign to 5 for death).

Figure 1 - Bayesian Network (Taboo Order learning method)

Analysis

A classic statistical analysis was done using descriptive method
and statistical tests. According to the variables, distribution and
the type of the data we used either Anova analysis and Chi? tests
or Mann and Whitney tests. A logistic regression was performed.
The significant threshold was fixed at 5 per cent. A Kaplan Mei-
er method was used for survival analysis.
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To complete and confirm the previous results we performed an
analysis using the data mining method and we use mainly Baye-
sian network to model and analyze the data [2, 3, 4].
The Bayes’ rules can be described with the following formula:
P(e | R=r) P(R=1)
PR=r]|€) = -mrmmmmmmemmmememeeen
P(e)

where P(R =r| €) denotes the probability that random variable R
has value r given evidence e. In this probability graph model, the
nodes represent the variables and the arcs represent dependency
between variables. In these models, a simple representation of a
complex problem is possible. We also used the hidden Markov
model to analyse data [6]. This model allowed us to deduce what
the variables directly related with the target node were (this
model provides a simplified model with the target node and the
relationship with the nodes which represent parents and sons).

Results

Description

The study used 533 patients. The mean age was 63 (+ 17) and the
data sample comprised 390 (73 %) men and 143 (27 %) women.
Heart failure was observed at home for 411 (77 %) of the 533 pa-
tients, in a public place for 62 (12 %) patients and on a public
highway for 60 (11 %) patients. A witness was present for (58
%) 308 patients and only 47 (9 %) patients had first aid provided
by a witness. The average time delay between emergency call
and arrival was 16 minutes (2-70).

At the arrival of the emergency services, 335 (63%) patients
were in asystole. The main cause supposed to explain the cardiac
arrest was a cardiac etiology in 334 (62 %) cases. Finally 424 (80
%) patients received specialized cardiac resuscitation by emer-
gency services.

Prediction and Bayesian networks

We performed the analysis in three steps:
» Step 1: Learning step
» Step 2: Analysis of associations
» Step 3: Inference and prediction

For the learning step, we use the Taboo Order method to build
the network (Fig. 1)The graph of the variables showed that the
probability of being alive after heart failure is directly associated
with five variables: age sex, the initial cardiac rhythm, the origin
of heart failure, and the type of specialized resuscitation em-
ployed.

By monitoring the main node (Alive/death), we can infer conclu-
sions about the patient profile. Figure 2 shows the patient profile
observed after cardiac arrest. Forty nine point one six persent of
the patients died, 6.04 % left the hospital and the 44.80 % repre-
sent non cardiac arrest or cardiac arrest where resuscitation was
not possible.

For each variable directly related with this node, we can see that
the rhythm was equal to 1 asystole in 62.32 % of the cases, equal
to 2 ventricular tachy arrhythmias FV/TV in 31.03 % and equal
to 3 pulseless electrical activity in 6.65 % of the cases. Nineteen



point six four percent of the patients were younger than 46 years
and 87.37 % of the patients were not hospitalised in intensive
care.
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Figure 3 - Alive patient profile

In figure 3, we selected the live status and the propagation of this
choice on the other variables can be seen. In this profile, the pa-
tients who left the hospital alive suffered from electromechani-
cal dissociation in 85.29 % of the cases and were younger (54.55
% were 46 or less), and 96.92 % profited from hospitalisation in
intensive care.

The hidden Markov layer (Fig. 4) demonstrated that one node
appears to be highly related to the main node.
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This node is the ‘ReaWitness’ node. It appears that where a wit-

ness was present and active i.e. the witness helped the patient by

realizing cardiac resuscitation, the patient had a better chance of
remaining alive.

Forty eight point five percent of the patients who left hospital

alive had immediate cardiac resuscitation versus 9.44 % for the -
entire sample.

Figure 4 - Hidden Markov Layer

Discussion

The results of the statistical analyses and the probability analyses
are equivalent. It appears that heart failure is mainly related with
the patient environment, his/her history and the cause that is re-
sponsible for the failure. According to others studies in the same
field of research, it is highly probable that in-hospital factors are
associated with survival from out-of-hospital cardiac arrest
[81[9] and it is possible to build a valid cardiac arrest score to
evaluate a risk for cardiac arrest victims [10] [11]. Some others
articles show the factors that are important to explain long-term
survival and quality of life [12] Whereas the classical analysis
published by now propose various models to explain what is the
best score to evaluate the expected survival or to find at the end
of the care process which variables are the most important to ex-
plain the survival after cardiac failure. Few of these articles try
to evaluate the impact of some factors to others. [11] develops a
graphic model that describes survival from sudden out-of-hospi-
tal cardiac arrest as a function of time intervals to critical prehos-
pital interventions and it appears that time can become a
diagnostic element and a predicting value that can modulate the
care. The impact of environment and intangible elements as
time, chronology, pathways of patients and relations between
these elements can be more easily explored with data mining
methods and this point is one of the most important input of
these methods.



Since statistical analysis enable the clinician’s hypothesis to be
tested and this can produce results with significance notions, the
mining method allows a complex universe to be untangled. The
work required to represent relationships between variables and
data was instantaneous with the mining method whereas it was
necessary to spend one day of analysis to obtain the same con-
clusion with the statistical analysis. More interesting was the
possibility to see what the relationship was between variables
that provided the collected data. Without a preliminary hypothe-
sis or mental construction, the sample of data ‘speaks for itself’,
and illustrates alone which variables influence the others. The
inference power offered by this belief network is well accepted
by physicians and is comprehensive and allows the expert to test
or imagine other relationships or impact of events for a diagnosis
or a disease..
5

physical activity

O e N WA

accleleration(G)

J
N

0:20 0:40 1:00 1:20

time (min:sec)

In conclusion, it seems that the use of the Bayesian network in
medical analysis could be useful to explore data and to find hid-
den relationships between events or characteristics of the sam-
ple. It is a first approach for discussing hypotheses between
clinicians and statistical experts. The main limit of these tools is
the necessity to have enough data to find regularity in the rela-
tionships.
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