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Abstract

Cardiac rehabilitation is a well-recognised non-
pharmacological intervention that prevents the
recurrence of cardiovascular events. Previous studies
investigated the application of data mining techniques for
the prediction of the rehabilitation outcome in terms of
physical, but fewer reports are focused on using
predictive models to support clinicians in the choice of a
patient-specific rehabilitative treatment path. Aim of the
work was to derive a prediction model for help clinicians
in the prescription of the rehabilitation program.

We enrolled 129 patients admitted for cardiac
rehabilitation after a major cardiovascular event. Data
on anthropometric measures, surgical procedure and
complications, comorbidities and physical performance
scales were collected at admission. The prediction
outcome was the rehabilitation program divided in four
different paths. Different algorithms were tested to find
the best predictive model. Models performance were
measured by prediction accuracy.

Mean model accuracy was 0.790 (SD 0.118). Best
model selected was Lasso regression showing an average
classification accuracy on test set of 0.935.

Data mining techniques have shown to be a reliable
tool for support clinicians in the decision of cardiac
rehabilitation treatment path.

1. Introduction

Cardiovascular disease is the leading cause of death in the
majority of developing and developed countries [1, 2].
Although life expectancy has been extended and great
progresses have been made in detection and treatment of
heart diseases, heart failure continues to produce a heavy
burden of cardiovascular morbidity and mortality
increasing with age [3, 4].

Cardiac physical rehabilitation is a well-recognised
non-pharmacological intervention recommended for the
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follow up management of cardiovascular diseases [5].
Physical and exercise training programs have been shown
to prevent the recurrence of cardiovascular events and
increases life expectancy, improve function, exercise
capacity, quality of life, psychosocial well-being,
morbidity, and mortality [6].

Cardiac rehabilitation conventionally consists of phase
I (inpatient cardiac rehabilitation), phase Il (outpatient
cardiac rehabilitation), and phase Il (maintenance). It
starts with an inpatient hospital-based program. Due to
the short hospital stays and time-consuming
examinations, phase | programs are mostly limited to
early mobilization and education to life-style changes and
do not include an exercise training component. Outpatient
hospital-based programs last from two to four months.
The content of phase Il cardiac rehabilitation varies
greatly from hospital to hospital and it usually includes
single or group exercises, education and counselling [7,
8].

Numerous previous studies investigated the application
of data mining techniques for the prediction of cardiac
rehabilitation outcome in terms of physical performance
as well as of length of stay after acute cardiovascular
events [9-11], but fewer reports are focused on using
predictive models to support clinicians in the choice of a
patient-specific rehabilitative treatment path.

In this work, we analyzed data relative to two years
activity of a rehabilitation clinic in South Italy to derive a
prediction model to support clinicians in the prescription
of the phase Il cardiac rehabilitation program.

2. Methods

We collected data relative to 129 patients admitted for
cardiac rehabilitation after a major cardiovascular event
(Coronary Artery Disease or Myocardial Infarction). Data
collected at admission were age, sex, body mass index,
secondary death risk calculated by the GISSI-Prevenzione
mortality risk chart [12], cardiovascular risk class [13],
number of coronary arteries treated, perioperative
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complications, infections, neurological comorbidities,
diabetes, pleural effusion, pericardial effusion, Barthel
index, mMMRC breathlessness scale, FEV1/FVC ratio,
Borg Rating of Perceived Exertion scale and 6 minutes
walking test.

The prediction outcome was the rehabilitation program
divided in four different programs. These four programs
are assigned to patients by physicians basing on their
perceived health status and abilities to perform physical
exercises. The rehabilitation programs are based on a mix
of respiratory, ambulation, passive (executed by physical
therapists) and active (divided in calisthenic and
ergometric) exercises. Differences among rehabilitation
programs are based on exercise frequency, progression of
exercises intensity in terms of Metabolic Equivalents in
Task (METS) [14] and range of METS achieved in
ergometric exercises.

Looking at original dataset characteristics, having a
relative high number of predictor (17) and low number of
cases, to derive the predictive model of rehabilitation
program, we select a set of classification algorithms
having internal procedure for feature selection and
problem dimension reduction. In particular, algorithms
used to find the best predictive model were L1 norm
penalized (Lasso) regression, Support Vector Machine
(SVM) with linear kernel, SVM with polynomial kernel,
SVM with radial kernel, Random Forest (RF), Bagged
Flexible Discriminant Analysis (FDA) [15], C 5.0
Classification Tree with Boosting and Bagged CART.

Study sample was divided in training (nr. 99) and test
set (nr. 31) basing on the distribution of the outcome
classes. Models parameters tuning has been optimized
basing of performance on a 5-fold cross-validation
repeated five times on the training set. Models
performance were evaluated by calculating a series of
measures for multi-class classification metrics based on a
generalization of measures derived from binary problems
[16]. Given classes C;,i = 1...1, tp; are the number of
true positive for C;, and fp; — false positive, fn; — false
negative, and tn; — true negative counts respectively. We
defined:
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R 3.2 and caret package 6.0 were used for analyses.

3. Results

In Table 1 general characteristics of enrolled patients
at admission at the cardiac rehabilitation clinic are shown.
The majority of the patients were male. We observed a
high proportion of subjects with High cardiovascular risk
at admission (as expected), pleural and pericardial
effusion, diabetes and perioperative complications.

Table 1. Characteristics of the study sample. Data are
presented as mean + sd for normal distributed numerical
variables, median (IQR) for nonnormal variables and
number (%) for categorical variables.

Variables
Age (years) 67.98 + 9.15
Sex Male 105 (81.4%)
Body Mass Index (Kg/m?) 26.32 + 3.56
GISSI-Prevenzione Mortality Risk 38.62 + 24.92
Cardiovascular Risk Class
High 94 (74%)
Medium 4 (3.1%)
Low 29 (22.8%)
Nr. of Treated Coronaries 2 (1.00 - 3.00)

Perioperative Complications 67 (51.9%)

Infections 17 (13.2%)
Neurological Comorbidities 11 (8.5%)
Diabetes 53 (41.1%)

Pleural Effusion 93 (72.1%)

Pericardial Effusion 53 (41.1%)

Barthel Index 77 (38.00 - 85.00)

mMRC Breathlessness Scale 1 (0.00 - 2.00)
FEV1/FVC Ratio 61.61 + 11.56
Borg RPE Scale 13.22 + 1.77
6 Minutes Walking Test (m) 308.92 £ 101.33
Rehabilitation Program

5 (4%)

28 (22.2%)
53 (42.1%)
40 (31.7%)
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In Table 2 the performance of the classification
algorithms tested are presented. Mean model accuracy
was 0.790 (SD 0.118). The model with the best
performance was Lasso Regression with penalization
parameter A = 0.057. The model showed an average
accuracy = 0.935 (error rate = 0.063), precision = 0.941
and recall = 0.9. Bagged flexible discriminant analysis
showed similar classification abilities as well as C 5.0 and
SVM with linear kernel. On the other hand, other tested
models showed average accuracy under the 70%, with
very low precision and recall values.



Table 2. Accuracy, Error Rate, Precision and Recall of the
models evaluated measured on the test set.

Model Accuracy Error Rate Precision Recall

Lasso 0.935 0.063 0.941 0.901

SVM Lin. 0.887 0.110 0.85 0.837

SVM Poly 0.677 0.316 0.232 0.246

SVM Rad. 0.677 0.316 0.236 0.246

RF 0.694 0.300 0.234 0.238

Bag. FDA 0.919 0.079 0.902 0.881

Boost. C5.0 0.871 0.126 0.828 0.812

Bag. CART  0.677 0.316 0.204 0.221

4. Discussion and conclusion

In this work, we developed a prediction model to
support physicians in the task of assign a cardiac
rehabilitation program for patients after a major
cardiovascular event. The selected model showed a very
good prediction performance on the test set, and it can be
considered sufficiently accurate to be tested in a clinical
setting.

We tested several algorithms founding different
performances even among models within the same
family. In particular, L1 norm penalized Lasso regression
achieved the best performance on the test set, selection of
a parsimonious model results in better prediction in this
particular setting. This is confirmed by the performance
obtained with the SVM with linear kernel, FDA. Poor
performance achieved by SVMs with polynomial and
radial kernel could be explained by the distribution of the
original data. On the other hand, the differences between
C 5.0 and random forest or CART are not so clear. It is
possible that the method for the selection of the final
model could have influenced the performance as well as
the imbalance in the prediction classes.

To date, the assignment of a cardiac rehabilitation
program to patients were an exclusive decision of the
physicians, principally based on the health status of the
patient and his perceived ability to tolerate a certain
intensity in physical exercise. There are not international
guidelines defining a set of standard procedure for cardiac
rehabilitation. It is possible to find many evidences about
the efficacy of several approaches, but programs of
cardiac rehabilitation are different from hospital to
hospital depending on country/regional health policy,
budget, available facilities, etc. Starting from previous
cases to develop a deductive model to help in the
assignment rehabilitation program could help physicians
in standardize their prescription, possibly help in the
training phase of new medical personnel and in the

engagement of non-medical staff in the decisional
process.

Our model is intended to be part of a larger
informative system, designed to support outpatient clinic
staff in the management of the entire rehabilitation path.
Next step of our work will be to test the selected model
on new patients, and try to develop a new model basing
on personal patient outcome. In particular, this new
model will use “real time” data from day-by-day exercise
outcome and directly from machines to select the best
rehabilitation program for the specific patients.

In conclusion, our work demonstrates that data mining
approach can be suitable to support clinicians in the
prescription of cardiac rehabilitation program and could
represent a solid base for the development of decisional
support system in the cardiac rehabilitation field.
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