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Abstract: Learning systems have been focused on creating models capable of obtaining the best results
in error metrics. Recently, the focus has shifted to improvement in the interpretation and explanation
of the results. The need for interpretation is greater when these models are used to support decision
making. In some areas, this becomes an indispensable requirement, such as in medicine. The goal of
this study was to define a simple process to construct a system that could be easily interpreted based
on two principles: (1) reduction of attributes without degrading the performance of the prediction
systems and (2) selecting a technique to interpret the final prediction system. To describe this process,
we selected a problem, predicting cardiovascular disease, by analyzing the well-known Statlog
(Heart) data set from the University of California’s Automated Learning Repository. We analyzed
the cost of making predictions easier to interpret by reducing the number of features that explain the
classification of health status versus the cost in accuracy. We performed an analysis on a large set
of classification techniques and performance metrics, demonstrating that it is possible to construct
explainable and reliable models that provide high quality predictive performance.

Keywords: interpretable artificial intelligence; cardiovascular disease prediction; machine learn-
ing; healthcare

1. Introduction

Applications of machine learning (ML) techniques to problem solving in a wide range
of fields have been increasing. One of them is medicine, where it is proved that it can
increase in the help to medical diagnostics. The field of medicine is unique feature as
it requires user confidence in the predictions and classifications of ML techniques; in
other fields in which ML techniques are applied, it is sufficient to assess certain metrics
such as accuracy or area under the curve (AUC). In recent years, explanations of artificial
intelligence (AI) techniques are being emphasized [1]. In the application of these techniques
to medicine, the reason behind the prediction or classification of a problem must be known.
The method presented in this paper tries to solve this dichotomy between performance
metrics and the explanation of the final solution. A simple and explainable solution is the
best solution if it performs well. We follow two ideas in this paper: the first one is the fewer
the attributes, the more explainable the system, and the second one is the most explainable
systems are based on rules. The combination of these two ideas gives us a powerful
prediction tool: a rule system with short rules that are easy to understand. The problem
is determining the number of attributes we need and if a set of simple rules produces
sufficiently accurate performance. In this paper, we outline the steps needed to obtain this
construct of system: first, a list of attributes ordered by the relevance for prediction; second,
a selection of attributes following this list; third, a complete comparison of techniques to
analyze method performance; and finally, the selection of a system that performs well
using simple rules. These steps allowed us to construct an explainable system with a good
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performance. In the present work, we focused on a specific problem in medicine: the
prediction of cardiovascular diseases (CVDs). CVDs are a group of conditions in the heart
and blood vessels of the human body, known for their frequency in patients, and include the
following: arterial hypertension, coronary heart disease, peripheral vascular and vascular
brain diseases, heart failure, rheumatic and congenital heart disease, and cardiomyopathies.
Cardiovascular diseases top the list of causes of death worldwide. In 2015, a total of
17.7 million people died related to CVDs, representing 31% of deaths worldwide [2].
Symptoms and behaviors in people are are used to identify diseases and prevent them.
Of heart attacks, 90% are associated with known classic risk factors, such as hypertension,
high cholesterol levels, smoking, diabetes, or obesity. In this reality, most of these factors
are modifiable and therefore preventable. Predictions of various cardiovascular diseases
vary depending on the population [3]. Many investigations in the field of data science
(e.g., [4–7]) approximate the work done in this study, since they used the relatively small
cardiovascular disease data set composed of 14 features and 303 patient records and aimed
to recognize patterns or make diagnoses based on clinical test results established for each
population (i.e., data) to explain symptoms present in patients. It is possible to diagnose
risk factors based on the analysis of data from patients who may or may not suffer from
diseases (e.g., liver, diabetes mellitus, heart attacks, cancer, dengue, among other infectious
diseases) that can be treated or even cured through early detection through machine
learning techniques [8–11]. These data are consolidated as a whole, which are then used to
create models that allow classifying or predicting diseases.

Another approach is that of [12], who proposed a model to predict heart disease from
a set of private data, reducing the amount of features from 14 to 6 using a genetic algorithm
that allows the selection of categorical features. They subsequently used traditional classi-
fiers for the prediction and diagnosis of heart disease, obtaining a classification percentage
of 99.2% using the decision tree technique and 96.5% using the naïve Bayes technique.
Liu et al. [13] presented a classification model of heart disease using the Statlog data set.
This is composed of two systems: the first system uses the RelieF algorithm to extract
the superior characteristics, discarding the features that offer less information, then the
Rough Set theory (RS) reduction heuristic for feature elimination. Then the new data set is
trained with the reduced features to perform tests with the different traditional classifiers,
obtaining better results using the C4.5 technique: a classification percentage of 92.59% with
the seven features that presented the strongest qualities in distinction.

Efforts have been made to comply with the regulatory framework proposed by the Eu-
ropean Commission [14] as a strategy for the future, which is based on building confidence
in artificial intelligence and how it focuses on the human being. The reliability of these
systems will depend on three main components: it must be in accordance with the law, it
must respect the basic principles, and it must be solid. Similarly, and complying with the
requirements derived from AI’s necessary components set out above (i.e., human inter-
vention and supervision, technical soundness and security, privacy and data management,
transparency, diversity, non-discrimination and equity, social and environmental welfare,
and accountability), our proposed methodology addresses the known concerns, specifically
in Europe, where they are concerned that the results of AI are not reliable. Our method
focuses on the strength, safety, and transparency of techniques, meaning the decisions must
be correct and reflect the correct reproducibility of the results from the documentation of
the decisions taken, in addition to allowing the interpretation of a system with few related
features as an explanatory mechanism in decision making.

In the field of healthcare, the problem of interpretability plays a crucial role, since it is
not possible to make a decision if it cannot be directly described in understandable terms.
The doctor cannot trust a decision that they cannot explain, and the patient will not be able
to trust an expert who bases their decisions on the result of a computational method. For
this reason, some lines of research have sought simpler and more interpretable models, such
as semantic representations [15,16] or attention mechanisms [17–19]. However, medical
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reasoning is compatible with rule-based representations [20] and, in this sense, one of the
most interpretable models is the decision tree [21,22].

This research arose from an interest in investigating the multi-objective nature of
the problem of improving the accuracy of classification versus the interpretability of a
model obtained. We focused on the estimation of cardiovascular diseases. The results
will assist cardiologists to enrich the quality of life of patients who may or may not suffer
from cardiovascular diseases by examining and verifying the results obtained in an agile
and efficient manner, generating knowledge and expectations for doctors about how to
increase the precision of diagnoses prediction, to help control or prevent the risk factors
of CVDs using an interpretable system. For this purpose, data from the free repository of
the University of California (UCI) were used [23], more specifically from the Statlog Heart
Disease data set, since it is the most used and has the most articles about the application of
machine learning (ML) techniques, which enables the classification of any type of cardiac
anomaly from the analysis of this data set.

The interpretation of the results after applying ML techniques to a data set with many
features is often complicated, although the techniques used are theoretically interpretable.
This is the case with decision trees; in particular, the use of so many features and the
many divisions of data complicate the interpretation of the results, so we here propose a
methodology that allows reducing the characteristics (i.e., the variables) to find information
that can be learned. The relationships, which can be understood or interpreted based on the
features, improve the prediction of the proposed methodology or at least provide results
similar to existing methodologies in terms of classification tests, precision, sensitivity,
and specificity, with a smaller number of features. The reported methodology can be used
directly on other medical data sets, so that the knowledge extracted from the data set can
be used in any data set regardless of its field and the procedure can be applied to other
medical data sets, providing a better approach to disease prediction and, at some point,
provide another focus to traditional ML techniques to provide information on the structure
of these types of medical data sets.

2. Related Works

Currently, in the field of ML, predictions about various types of diseases are performed
using different methods. One of the most widely used methods is based on decision trees.
In [24], the performance in terms of precision, sensitivity, specificity, and accuracy of
the tests was compared to the free Heart Disease dataset of the University of California,
which is composed of 13 features. In this study, the data mining algorithms C5.0, II.2.,
support vector machine (SVM), k-nearest neighbors (KNN), and neural network (NN)
were used to build a model to predict heart disease. C5.0 built the model with the highest
accuracy, at 93.02%; KNN, SVM, and NN achieved accuracies of 88.37%, 86.05%, and 80.23%,
respectively. El-Bialy et al. [25] applied an integration of the results of the machine learning
analysis to different data sets aimed at Coronary Artery Disease (CAD). This avoids
missing, incorrect, and inconsistent data problems that may appear in data collection.
The fast decision tree and the pruned C4.5 tree were applied and the resulting trees were
extracted from different data sets and compared. The common characteristics among these
data sets were extracted and used in the subsequent analysis of the same disease in any
data set. The results showed that the classification accuracy of the collected data set was
78.06%, which was higher than the average classification accuracy of all separate data
sets, which was 75.48%. Naushad et al. [26] proposed a model to predict coronary artery
disease, applying multifactor dimensionality reduction (MDR) and recursive partition
(RP). The ensemble machine learning algorithm (EMLA) was tested on a set of 648 records
consisting of 364 cases of CAD and 284 healthy records, showing outstanding performance
compared to other models for cataloging the disease with 89.3%, and a stenosis prediction
accuracy of 82.5%. Chaurasia et al. [27] compared prediction and classification techniques
such as naïve Bayes, decision trees J48, and the bagging algorithm through the evaluation
of the precision with which the model was constructed. Subsequently, a cross-validation
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of 10 iteration data must be performed to estimate the unbiased accuracy of the model.
The model with the highest classification accuracy was bagging, with 85%, compared to
naïve Bayes with 83% and J48 with 84%.

Some of the most widely used methods in this area are those based on SVM. In [28],
liver diseases were predicted using classification algorithms. The algorithms used in this
work were naïve Bayes and SVM. These classification algorithms were compared according
to performance factors, that is, the accuracy of the classification and the execution time.
From the experimental results, SVM was found to be highly accuracy with 76.6%, compared
to the 59% of naïve Bayes. SVM was found to be superior for predicting liver diseases.
Zhao et al. [29] used SVM to construct the classifier and compared it with logistic regression
(LR) using demographic, clinical, and magnetic resonance tomography (MRI) data obtained
in years one and two to predict multiple sclerosis (MS) disease at five years of follow-up.
By adhering to clinical and brain data in the short term, using corrective measures of
class imbalance, and considering classification costs to the SVM, SVM showed promise
in predicting the course of MS disease and in the selection of suitable patients for more
aggressive treatment regimens. The use of non-uniform misclassification costs in the SVM
model increased sensitivity, with prediction accuracies of up to 86%.

Related to models based on neural networks, we can highlight the work of [30]. They
proposed a hybrid method between artificial neural network (ANN) and fuzzy analytical
hierarchy process (AHP) for the prediction of the risk of heart failure, obtaining better
results in prediction tests, cross entropy, and receiver operating characteristic (ROC) graphs
compared to the conventional ANN. Jin et al. [31] proposed an architecture based on the
long short-term memory (LSTM) architecture that was effective and robust for predicting
heart failure. Its main contribution is predicting heart failure through a neural network
from electronic medical data of patients divided into two data sets: A, with 5000 records
diagnosed with heart disease, and B, with 15,000 undiagnosed records extracted for 4 years,
using the basic principles of a long-term memory network model. This architecture was
compared with popular methods such as random forest (RF) and AdaBoost, showing
superior performance in predicting the diagnosis of heart failure.

Others used fuzzy models for disease prediction. In [32], the authors propose a
system of diagnosis of heart diseases that reduces features based on approximate sets and
a system of interval fuzzy logic type 2 (IT2FLS). IT2FLS uses a hybrid learning process that
includes a fuzzy c-means clustering algorithm and parameter tuning by firefly chaos and
genetic hybrid algorithms. Attribute reduction based on approximate sets using the chaos
firefly algorithm was investigated to find an optimal reduction that reduces computational
load and increases IT2FLS performance. The results of the experiment demonstrated the
significant superiority of the proposed system with four features, with an accuracy of 86%
compared to other machine learning methods, such as naïve Bayes (83.3%), SVM (75.9%),
and ANN (77.8%). It also obtained a superior result in sensitivity tests with 87.1% and a
specificity of 90%.

As verified by the previously described investigations, several works have been
looking for ML methods provide more accurate predictions. However, in the field of
healthcare, models are required that provide an explanation of the reasoning that has led
to a given classification, although the accuracy values may be slightly decreased. These
methods are known as explainable AI (XAI) methods [33].

In recent years, we can find works in healthcare and interpretable ML [34–36]. Explain-
able ML models benefit stakeholders interested in healthcare. These models help increase
transparency by indicating the reasoning that has been used to reach a specific decision
and help explain the relevant factors that affect the prediction of the results. Therefore,
the aim of this work was to construct a methodology using these models of explainable
ML algorithms.
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3. Interpretability Analysis in the Prediction of Cardiovascular Diseases

This section to find an interpretable system for the early detection of cardiovascular
diseases, seeking the maximization of the percentage of successes with the minimum
number of features for prediction.

We followed a methodology based on two different concepts: attribute relevance and
explainability of the final system. These two concepts are far from a unique definition,
and there is no way to define a mathematical formulation to assign a value to represent
the problem. Our general idea was not to define these concepts but to try to obtain some
valuable information for making the final decision: how many attributes are needed to
obtain a useful prediction system that could be explainable? Explainability is relevant in
medical-biological problems; from this problem, a deeply studied problem is the analysis
of the Statlog (Heart) data set from the UCI’s Automated Learning Repository. In Section 2,
we reviewed the algorithms used for the prediction of different chronic noncommunicable
diseases, considering that the accuracies of the techniques and methodologies in the
literature serve as an assessment of the success rates of the techniques, allowing us to select
the best, considering the interpretability of the results.

In this sense, the methodology defines the steps and the decisions that should be
taken, but not how to mathematically evaluate these two concepts. The proposed method
follows several procedures to analyze the importance of the attributes and examining the
similarity results of the learned systems, considering that trees are more explainable than
other methods. No numerical evaluation is defined for similarity results or explainable,
but the methodology considers that the developer analyzes results and makes decisions
using known metrics for classification and analyzing the final trees.

The first step was the estimation of how the attributes are related to the output. Several
importance metrics are considered: Chi2, information gain ratio (GainR), 1-R classifier
(One-R), symmetric uncertainty (SU), information gain (IG), relief (Rel), Kruskal–Wallis test
(KT), conditional variable importance (PCF), impurity importance (Rimp), permutation
importance (Rper), Random Forest importance (RFi), Area under the ROC curve (AUC),
and ANOVA. In this paper, the average of these values is considered as the final important
value, and the attributes are ranked using this average.

In the second step, based on the previous ranking of attributes, we compared several
classifier performance considering all attributes, two-thirds of the attributes, and one-third
of the attributes. For each classifier and each combination of attributes, several performance
metrics were evaluated: accuracy, precision, specificity, sensitivity, Matthews Correlation
Coefficient (MCC), Kappa, and AUC.

Third, when the results of the previous experiments were similar, we selected tech-
niques that generated a result that easy to understand. In this proposal, trees were consid-
ered the easiest way to represent the final solution of the machine learning technique.

Finally, trees obtained using recursive partitioning and regression trees (RPART) [37]
and conditional inference trees (Ctree) [38] algorithms, and different configurations of
attributes, were analyzed to determine the more explainable tree that is able to provide
performance similar to other methods.

As shown below, if a measure of explainability can be defined, the final results will be
a Pareto front with two objectives: attribute importance value and explainable index. In this
case, we used the average of several performance measures as the attribute importance
value and the tree depth as the explainable index.

3.1. Heart Disease Dataset (Statlog)

This section presents the dataset used for the experiments, which belongs to the open
repository of the University of California and is called Heart Disease. It is composed of
76 features, 303 instances, and two classes (presence and absence of heart disease). Each
instance is the diagnosis of a patient’s heart disease along with the information regarding
some physical and biochemical constants commonly used to make the medical diagnosis.
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Notably, this is one of the most-used open data sets in machine learning publications
applied in the medical field [4]. For this investigation, we only selected 14 features including
the class attribute, whose distribution was as follows: the absent class was composed of
150 instances corresponding to 55.5% and the present class, which was composed of
120 instances, corresponded to 44.5% of the data set, as shown in Table 1.

Table 1. Features of the Heart Disease data set (Statlog).

Acronym Name Description Value Type

Age Age Age (years) 29–77 Real
Sex Sex Female, Male Female, Male Categorical
cp Chest-Tdolor Chest pain type: typical angina, atypical

angina, without angina pain, asymptomatic
Type {0, 1, 2, 3} Categorical

trestbps Trestbps-Pa Resting blood pressure. The systolic blood
pressure (mm Hg)

94–200 Real

chol Chol-Cs C Serum cholesterol in the blood (mg/dL) 126–564 Real
fbs Fbs-As Fasting glucose indicates if the blood glucose

level measured 8 hours after drinking or
eating is >120 mg/dl

≤120, >120 Categorical

restecg Restecg-Re The electrical activity of the heart measured
with the resting electrocardiogram test:
normal, ST-T wave anomaly, showing

probable left ventricular hypertrophy or
defined by the Estes criteria

Rest ECG {0, 1, 2} Categorical

thalach Thalach-Fcm Maximum heart rate reached during the
exercise test (bpm)

71–202 Real

exang Exang–Ei Exercise-induced angina Induced, Not induced Categorical
oldpeak Oldpeak-Dir ST depression induced by exercise in relation

to rest
0–6.2 Real

slope Slope The slope of the maximum exercise segment:
upward, flat, downward

ST Slope {0, 1, 2} Ordered

ca Ca-Nbp Number of major vessels colored by
fluoroscopy

0–4 Discrete

thal Thal-Tt Interpretation of scan image of the heart
muscles obtained with a radioactive

substance injected into the bloodstream: no
Thalassemia, normal Thalassemia, fixed

defect, reversible defect

No, Normal, Fixed,
Reversible

Categorical

class Class Diagnostic classes: healthy, possible heart
disease

Healthy, Heart Disease Categorical

Figure 1 shows the mosaic plot of Statlog’s categorical features. The values for cate-
gorical or discrete features are shown on the horizontal axis, where the number indicates
the number of people with that attribute value. Height is the proportion, for a given value
of a feature, of people with and without heart disease. For some features, there seemed to
be a clear relationship between them and heart disease. For example, for sex, the risk in
women was higher than in men and there was a clear relationship with heart disease when
the slope was type 2.

To display the relationship between the numerical features and heart disease, the den-
sity function is represented by differentiating the values according to it (Figure 2).

The plots show that there may be a correlation between age, maximum heart rate
reached during the exercise test (thalach), and depression induced by exercise in relation to
rest (oldpeak) with or without heart disease. These first hypotheses that could be made
by visual inspection will be corroborated or refuted in the following sections where the
importance of features in predicting heart disease is addressed.
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Figure 1. Mosaic plots of categorical features.
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Figure 2. Density plots of numerical features.

3.2. Features Selection

An important point to consider is the quantity and quality of the features used. The cur-
rent trend in applying machine learning techniques is to incorporate all available features.
This is due to the available computing capacity and many techniques incorporating regular-
ization mechanisms that avoid overfitting and simplify the models automatically. Reducing
the independent features reduces the dimensionality, suppresses noise sources in the data
that can produce biases, and improves the interpretability of the models.

There are many approaches to determining the importance of features and thus select-
ing features. As the goal of this work was to show the balance between the interpretability
and predictive ability of the model, we will show different metrics that measure the im-
portance of the features in order to train the classifier with different amounts of features.
The accuracy and area under the ROC curve (AUC) results were compared. A total of
13 importance metrics were used based on statistical tests: ANOVA, Kruskal–Wallis test
(KT), and chi-square test (Chi2); based on entropy: information gain (IG), information gain
ratio (GainR), and symmetric uncertainty (SU); on measurements of models obtained with
random forest: impurity (Rimp), permutation (Rper); and random forest importance (Rfi);
based on decision tree models: one rule (OneR), conditional variable importance (PCF),
and the importance given by the relief algorithm (Rel). All these measures were obtained
with the implementation in the mlr library of R [39].

Table 2 shows the ranking value for each measure. The features are ordered by mean
value (mean) of all their positions. The final value (rank) represents the order according
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to the mean. The proportional value between the features was not considered—only the
position in the ranking is used to facilitate comparison.

Table 2 shows that the features for most of the metrics are in similar positions; only
the Relief measure changes the positions of the features. The rank value was used to
group the features into tertiles. That is, accuracy and AUC were measured using decision
trees with all features, then with those in the first and second tertile, and finally only with
those in the first third. This allowed us to compare the loss in accuracy versus the gain in
interpretability using different amounts of features.

Table 2. Importance metrics.

Chi2 GainR OneR SU IG Rel KT PCF Rimp Rper RFi AUC ANOVA Mean Rank

cp 2 2 2 3 2 1 1 2 1 2 3 1 2 1.8 1
thal 1 1 1 1 1 4 6 1 2 3 2 5 7 2.7 2
ca 3 3 3 2 3 2 2 3 4 1 1 4 5 2.8 3
oldpeak 6 6 6 5 6 3 5 5 5 4 4 3 3 4.7 4
thalach 5 5 5 6 5 7 4 6 3 5 6 2 4 4.8 5
exang 4 4 4 4 4 12 3 4 9 8 7 6 1 5.4 6
slope 7 7 7 7 7 10 7 8 10 9 8 7 6 7.7 7
sex 9 9 9 8 9 5 8 7 11 6 5 9 8 7.9 8
age 8 8 8 9 8 9 9 9 6 7 9 8 9 8.2 9
restecg 10 10 10 10 10 11 10 10 12 11 10 10 11 10.4 10
trestbps 12 12 11 12 12 8 11 11 8 10 13 11 10 10.8 11
chol 12 12 11 12 12 6 12 12 7 12 12 12 12 11.1 12
fbs 11 11 11 11 11 5 13 13 13 13 11 13 13 11.5 13

3.3. Performance Evaluation Methods

To measure the balance between performance and interpretability, the set of classifica-
tion techniques was compared using a different number of features. A total of 100 runs
were carried out for each classifier. Each run was a 4-fold cross-validation process that
measured the average performance of the algorithms when they had all the features. Then,
each was run with 66% of the best features (cp, thal, ca, oldpeak, thalach, exang, slope,
and sex) according to the rank value in Table 2 and finally with 33% of the best features (cp,
thal, ca, and oldpeak). The performance of the algorithms was compared when different
amounts of attributes were used. Figure 3 shows a diagram of the process. Remember
that we were not looking for the best classifier, we wanted to compare the effect of using
different amounts of features on the accuracy and interpretability of the models.

Figure 3. Diagram of the training and testing process.

Figures 4 and 5 are shown boxplots: in blue and labeled as 100 the results when all
features were used, in green when 66% and red when 33% of the most important features
were used. Accuracy and AUC were selected as quality measures. We compared 36 classi-
fiers, most of which were implementations of the R caret library [40] and a few belong to
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the RWeka library [41]. In the final list of acronyms, we distinguish the implementations of
each of the algorithms; if not specified, they correspond to the caret library.

Regardless of the measure of quality, accuracy, or AUC metrics, in general, better
results were obtained when using more features, although there were exceptions. For ex-
ample, for discriminant analysis techniques (LDA—linear discriminant analysis—and
FDA—Factorial Discriminant Analysis) or SVM, better results were obtained with fewer
features than using all of them; this may be due to the characteristics of the classification
algorithms. They tried to partition the classification space using hyperplanes to make
the decision. With more features, without a mechanism that can filter or weigh them, it
introduced noise when performing the partitioning of the classification space. There are
algorithms that can perform progressive refinements of the model until the limit where
overfitting occurs. Examples of this type are those that use boosting or bagging (Random
Forest is characteristic of this behavior), where using more features produces better results
because the model can be adjusted in a more complex way: the decision space is subdivided
into hyper-rectangles. The disadvantage of these techniques is that they produce better
results at the cost of increased difficulty of interpreting the model that guides its decisions.
The decision trees are in an intermediate position: they do not produce the performance
of the boosting techniques but they improve the classifiers based on hyperplane parti-
tions, maintaining a high understanding of their models. This is why they are used in the
following discussion of the behavior of complexity versus the quality of the solution.

To visualize the effect of the number of features on the complexity of the results and
their associated quality, we examined how AUC varied according to the depth of the tree.
The AUC results of trees obtained with RPART [37] and Ctree [38] were reported. A total
of 100 executions of the algorithms were performed using hold-out (70–30%) representing
the mean value and the confidence interval at 95% of the AUC over the test set in Figure 6.

RPART is an R implementation of the classification and regression trees (CART)
algorithm. The algorithm is well-known and applied in two stages. In the first step,
the data are divided by rules using the attribute that best separates the data according to
the values of the target attribute. This process continues until the data are completely split.
It uses the GINI index as a splitting criterion. The rules can be expressed in the form of a
tree, which is the most common method to represent the result obtained by RPART. In the
second stage, to avoid overfitting, the algorithm performs a pruning of the tree considering
a complexity regularization factor. RPART has some known limitations, such as attribute
selection being biased to allow more cutpoints [42]. This means that attributes with a larger
value range or more categories are selected. Ctree is a decision tree creation algorithm that
does not have this drawback. It is based on a statistical inference framework and selects
the attributes by applying a statistical test to select the best attribute with which to split
the data.

Both algorithms behaved similarly, like linear partitioning algorithms: adding features
did not improve the quality of the solutions. The curve corresponding to the use of all
features always appeared below the curves with fewer features. The one with the highest
value was the one with the least number of features. If relevant features in the nodes
were chosen poorly, then the mistake was propagated to the decision of the class. This
finding supports the importance of correctly choosing features to be used when solving a
classification task.



Appl. Sci. 2021, 11, 1285 11 of 18

Figure 4. Comparison of classifier performance (accuracy). Blue, all features; green, best 66% of
features; red, best 33% of features.
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Figure 5. Comparison of classifier performance (AUC). Blue, all features; green, best 66% of features;
red, best 33% of features.
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Figure 6. Variation in the performance (AUC) with the tree depth and the percentage of features used. Up, recursive
partitioning and regression trees (RPART); Down, conditional inference trees (Ctree).

The behavior with the depth level of the best classification tree was expected. As the
depth of the tree increased, i.e., its complexity, its behavior improved. The level of com-
plexity was inversely associated with the ability to interpret the model: the more complex
the model, the less interpretable. In Figure 6 when the depth of the tree increased, the AUC
grew to a maximum level; although the complexity continued growing, it no longer im-
proved the performance. An interesting result was the Pareto front structure that appeared
between complexity and performance, regardless of the number of features used. If it is
assumed that complexity makes the classification model less interpretable, then a design
decision must always be made between them. In this case, for the problem of classifying
cardiovascular diseases, the price was small and the saturation of complexity occurred
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when a depth of three was reached. For problems with many more instances, a Pareto
front with a smoother curve with depth saturation was to be expected. Depending on
the problem and the technique, the curves corresponding to the amount of features were
reversed. In Figures 7–9, the variation in AUC was 0.06 for RPART when increasing the tree
depth from two to three, and had a lower value, approximately 0.05 for Ctree. The expert
analyst must determine if they want to have a more precise or more interpretable model.
This is a design decision similar to finding the elbow point in a clustering problem in which
precision must be balanced with the number of clusters obtained. The figure below shows
the trees’ best accuracy corresponding to RPART with different numbers of features for a
maximum depth of six.

Figure 7. Performance of RPART with 100% of features with a maximum tree depth of 6.

The differences between the methods were minimal: in accuracy, it was about 0.07.
With 100% and 66% of the features, the depth of the tree increased (25 and 19 nodes and nine
and six features, respectively). The algorithm tries to exploit all the available information.
However, with 33% of the best features (13 nodes and four features), the depth reduced,
since it could no longer use the available features to improve the solution. Therefore, it was
more appropriate to reduce the number of available features. In this case, the number of
features was a proxy variable for maximum depth and therefore the complexity. The Pareto
front obtained using the depth was similar to that which would be obtained by modifying
the amount of available features. Therefore, the compromise was the number of features
used to make a model explainable. In this work, we wanted to highlight the importance
of the choice of features to perform machine learning tasks. Their number will determine
the quality of the solution and the ease of interpretation of the obtained models. This is an
issue that is currently being neglected in the era of big data. The computational capacity
has grown so much that the algorithms are applied without meticulously reducing the
input features. However, the need to make the algorithm’s decisions more interpretable
has become another factor to consider when applying automatic learning techniques. This
paper demonstrated the relationship between interpretability and the features used and
how it is an additional factor for data scientists to consider.
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Figure 8. Performance of RPART using 66% of features with a maximum tree depth of 6.

Figure 9. Performance of RPART using 33% of features with a maximum tree depth of 6.

4. Conclusions

In this work, the multi-objective nature of the problem of improving the accuracy of
classification versus the interpretability of the obtained model was analysed. We proposed
a methodology composed of several steps: ranking of features, selecting the set of features
for a prediction problem, testing using several ML techniques, and, finally, deciding how
many features are needed to be used in a rule system to produce similar performance to
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any other ML technique. This methodology is based in two ideas: selecting few features
and using a rule system to generate predictive explainable systems (if the performance
is similar to other techniques). We showed how to develop these ideas in a real problem
using the Statlog data set, following the steps of a data analysis process. First, the most
relevant features were characterized, applying a ranking that incorporates the importance
of these features according to different metrics. Then, different classification algorithms
were compared by applying different quality metrics with different numbers of features.
For most techniques, as expected, we found that better results are obtained using a larger
number of features. Classification algorithms based on rules and trees behave similarly,
but somewhat worse than algorithms that use a boosting processes. However, they provide
a simple explanation of the underlying model. Finally, we showed that for two tree-
based algorithms, the reduction in the number of input features not only improves the
interpretability of the results but also improves the quality of the solutions, although a
compromise is required between the complexity that can be achieved with the features and
the accuracy of the classification obtained. These results are promising and, in future work,
are expected to be applied to other, more comprehensive data sets of a different nature.
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Abbreviations
The following abbreviations are used in this manuscript:

AdaB AdaBoost classification trees
AUC Area under the ROC curve
Bag Bagging (Weka implementation)
bGLM Boosting for generalized linear models
C50 C5.0 classification trees
CAD Coronary artery disease
CART Classification and regression trees
Chi2 Chi-square test
Ctree Conditional inference trees
EMLA Ensemble machine learning algorithm
ERT Extremely randomized trees
FDA Flexible discriminant analysis
GainR Information gain ratio
GBM Gradient boosting machine
GLM Generalized linear models
IG Information gain
J48 C4.5 Classification trees
JRIP Propositional rule learner
kknn k-nearest neighbours (caret implementation)
kSVM Kernel support vector machine
KT Kruskal–Wallis test
IBk k-nearest neighbours (Weka implementation)
LBoost Boosted logistic regression
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LDA Linear discriminant analysis
LMT Logistic model trees
LR Logistic regression
naive Naïve Bayes
MDA Mixture discriminant analysis
MLP Multi-layer perceptron
monMLP Monotone multi-layer perceptron
MR Multinomial regression
OneR 1-R classifier
PART PART decision lists
PCF Conditional variable importance
PLR Logistic regression with a L2 penalty
Probit Probit regression
QDA Quadratic discriminant analysis
RDA Regularized discriminant analysis
Rel Relief
RF Random forest
RFi Random forest importance
Rimp Impurity importance
RPART Recursive partitioning and regression trees
Rper Permutation importance
SMO Support vector machine (Weka implementation)
SU Symmetric uncertainty
SVM Support vector machine (caret implementation)
SVMr Regression support vector machine
SVMl Least squares support vector machine
XGB Extreme gradient boosting
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