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Abstract — Background: In clinical machine learning, the task of feature selection is frequently stated as a step toward increased 

accuracy, but a smaller model can be just as useful as it can help to ease the burden of input and give a better global picture of 

the model. This study compared the performance-compactness trade-off between a full feature Random Forest and a Genetic 

Algorithm (GA) selected Random Forest in terms of their performance in binary classification of the recorded heart disease 

status. Data: A public structured dataset with 918 instances, 11 features and a binary target HeartDisease was used. The full-

featured Random Forest employed all of the predictors. The binary chromosomes, population size of 20, number of generations 

of 10, tournament selection, two-point crossover, bit-flip mutation and fitness function of 20-fold Random Forest accuracy are 

used in a wrapper GA. A subset of 7 predictors was selected and compared to the full-feature model via 10 replications of 20-fold 

stratified cross-validation. Accuracy, precision, sensitivity, F1-score, ROC-AUC, predictor count and cross-validated 

permutation importance were measured. Results: The best repeated internal accuracy (87.11% ± 5.06%) and ROC-AUC (0.9285 

± 0.0396) was obtained by the full-feature Random Forest method. The GA-selected model reduced the predictor set from 11 to 

7 (36.36%) and achieved accuracy of 83.67% ± 5.45% and ROC-AUC of 0.9075 ± 0.0439. The mean difference of accuracy 

between the two models in the paired accuracy was −3.44 percentage points in favor of the full-feature model. The largest mean 

decreases in validation ROC-AUC following permutation was from ST_Slope, followed by ChestPainType and Oldpeak. 

Conclusions: The evidence was not sufficient to support the assumption which led to the improvement of predictive accuracy 

through evolutionary features selection. On the contrary, GA has come up with a small, clinically identifiable prototype that had 

less intraclass discrimination. Thus, the full-featured versus the compact configuration are used in different ways: to maximize 

predictive performance versus to minimize both user input and global predictor transparency. Prior to clinical-use claims, the 

features should be fully nested and be externally validated. 

Keywords— heart-disease classification; feature selection; genetic algorithm; random forest; model compactness; permutation 

importance; repeated cross-validation

 

 I. INTRODUCTION 
 

Cardiovascular disease still accounts for a high portion of 

deaths and disabilities worldwide and further research is still 

underway for computational techniques that can integrate 

demographic, physiological, electrocardiographic, symptom 

and exercise-response data [1]. In the context of this type of 

application, machine-learning models can be beneficial for 

capturing nonlinear relationships and interactions that may be 

hard to express with a few manually defined rules [18,19]. 

However, a clinical classification model that has an excellent 

head-line accuracy result is not the end-all, be-all of the model's 

value. Many factors impact the credibility of a reported result, 

including the target definition, data-processing boundary, 

validation design, uncertainty, error profile, probability 

reliability and intended use [16,17].  

Reasons for feature selection include the “curse of 

dimensionality”, noise reduction and interpretability [3-5]. 

Whereas these arguments are convincing when the source data 

is large, such as in genomic, imaging or signal processing 

applications, they need to be interpreted with care when the 

number of clinically identifiable variables in the source data is 

small. There may not be a significant computational savings if 

one takes an 11 predictor model and reduces it to seven 

predictors. Its usefulness may more readily be in the reduction 

of input required, the ease of data collection, limited exposure 

to missing data and global discussion of the variables retained. 

By contrast, omitting predictors may lose complementary 

information and lead to a decrease of discrimination. A smaller 

model and a more accurate model might therefore be two 

different configurations.  
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In wrapper-based feature selection, the search is flexible using 

evolutionary algorithms. A Genetic Algorithm encodes a 

candidate subset as a binary chromosome and applies selection, 

crossover and mutation to the population to evolve the new 

population [6,7]. The fitness function connects the search to the 

downstream classifier and has the ability to include interactions 

between predictors in its consideration of the subset to be 

chosen. But wrapper searches are random, feature dependent, 

expensive and prone to optimistic performance estimation due 

to the reuse of the same data for feature discovery and 

performance estimation [8,11]. Their value should instead be 

judged on a clear performance-simplicity basis and not taken 

for granted based on the use of an optimization algorithm.  

 

Random Forest is chosen as the common family of classifiers 

because it is a model that can capture nonlinear predictor 

relationships, has an ensemble aggregation to improve the 

stability of individual decision tree and it can be applied to the 

mixed structured data [2]. Importantly, the work presented in 

the current investigation is not to state that Random Forest is 

always better than Support vector Machine and Logistic 

Regression or boosting models. It's a narrower research 

question: In one random forest-based system, what information 

is discarded and retained when a subset of the predictors is 

deleted by an evolutionary wrapper?  

 

The data source is publicly released under the name “Heart 

Failure Prediction Dataset”, but the target variable is 

HeartDisease and it indicates whether the patient has heart 

disease or not [21]. The task is thus a binary cross-sectional one 

for the classification of heart disease. It is not a risk model for 

future, it does not predict the time of onset, it is not a heart 

failure phenotype classifier and it is not a causal analysis. This 

separation is critical for the classification of the diagnostic 

status and the prediction of future risk, which has different 

outcomes and validation designs.  

 

This study has three contributions. Firstly, it compares the full-

feature and GA-selected Random Forest configuration, not by 

examining a single partition, but by repeatedly examining one 

internal validation. The first is to compare the full-feature and 

GA-selected Random Forest configuration by repeatedly 

examining one internal validation, instead of examining a 

single partition. Secondly, it provides a quantification of the 

predictor reduction and the corresponding accuracy and ROC-

AUC changes. Third, it investigates the compact model with 

cross-validated permutation importance, where importance is 

not causal, but rather as global predictive relevance. Don't say 

that the central hypothesis is that GA doesn't need to be more 

accurate, it's maybe that, if they can find a sensible deal that's 

less obtrusive in terms of input and more transparent globally, 

then they're in a position to accept this one. 

 

II. MATERIALS AND METHODS 
 

1. Study design, dataset and outcome 

In this study, a public Heart Failure Prediction Dataset provided 

by Soriano [21] was used, in a retrospective secondary-data 

study. There are 918 records, 11 input variables and a binary 

target HeartDisease. Class 0 contains 410 records (44.66%) and 

class 1 contains 508 records (55.34%). Class 1 was considered 

as the positive class. Stratified validation was possible with the 

near-balanced distribution without synthetic oversampling. 

 

Age, Sex, ChestPainType, RestingBP, Cholesterol, FastingBS, 

RestingECG, MaxHR, ExerciseAngina, Oldpeak and 

ST_Slope were the predictors. These variables range from 

demographic context to resting measurement, metabolic 

measurements, resting electrocardiography, symptoms and 

exercise response, among other variables. The importance of 

clinically identifiable variables aids interpretation, but no 

variable importance nor permutation importance provides 

biological causation. 

 

Table 1. Predictor domains in the structured heart-disease 

dataset. 

Domain Predictors Analytical role 

Demographic Age; Sex Baseline patient 

context 

Symptoms ChestPainType; 

ExerciseAngina 

Reported and 

exercise-

induced 

symptoms 

Resting physiology / 

metabolism 

RestingBP; 

Cholesterol; 

FastingBS 

Resting and 

metabolic 

information 

Electrocardiographic 

/ exercise response 

RestingECG; 

MaxHR; 

Oldpeak; 

ST_Slope 

Electrical and 

stress-response 

information 

 

2. Information boundaries and preprocessing 

The target was pre-removed from the predictor matrix. The 

target is removed prior to transformation. Categorical variables 

were translated into binary variables with two numbers (binary 

encoding) and nominal variables were encoded using a fixed 

representation of their categories (nominal encoding). The 

learned preprocessing operations were only applied to the 

training data and its validation data, which mitigated 

information leakage caused by the preprocessing [11]. Tree-
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based models did not need to be numerically standardized for 

their construction as the splits.  

 

A better separation is related to feature-selection leakage. The 

internal cross-validation portion of the GA was used to look for 

a candidate subset from the available set, which mask was then 

fixed and then the extraction process was repeated with the full-

feature model for comparison. The design is made to preprocess 

leakage while it is not a complete nested estimate of pipeline 

with feature selection. In a fully nested design, the GA would 

be run again in each outer-training split and tested once on the 

outer-validation observations that were not touched in the first 

run. The reported GA model is therefore not an unbiased 

external model of a deployed selection procedure, but merely 

an internal model. 

 

3. Full-feature Random Forest 

The reference model was a Random Forest with 100 trees, Gini 

impurity, square-root feature sampling at candidate splits, 

bootstrap aggregation and random state 42. Used all 11 source 

predictors. Random forest was selected as it can capture 

nonlinear interactions and can lower the variance of a single 

tree [2]. The same classifiers family was adopted as fitness 

evaluator for the GA, so the full and reduced set-up could be 

compared in the same modelling context. 

 

4. Genetic Algorithm wrapper selection 

There were 11 bits in each candidate subset to represent 

whether the corresponding predictor was included or not. The 

mean accuracy across an internal 20-fold stratified cross-

validation procedure using the random forest model was used 

as the fitness for candidates. The GA was run on 20 

chromosomes, 10 generations, tournament selection, two-point 

crossover, crossover probability of 0.80 and the bit-flip 

mutation probability of 0.05.  

 

The fitness function used was a maximum of classification 

accuracy with no explicit penalty for subset size. The seven-

predictor solution is therefore termed the compact subset 

obtained with the generated search, which is not necessarily 

mathematically minimal nor necessarily the best solution for 

the different values of seed. Age, Sex, ChestPainType, MaxHR, 

ExerciseAngina, Oldpeak and ST_Slope were the only columns 

left in the final mask. 

  

5. Repeated internal validation and performance measures 

Full feature and fixed GA selected Random Forest were tested 

by 10 repetitions of 20 stratified cross validation. The same 

split schedule was used for both models. This design was able 

to produce 200 matched fold-level results per configuration and 

minimize reliance on the one partitioning sequence. The 200 

observations were not considered independent experimental 

replications as each training set is correlated by overlap 

between folds and repetitions [23]. The main summaries used 

were mean and standard deviation.  

 

 
Figure 1. Analytical workflow used to compare the full-

feature Random Forest with the fixed GA-selected 

configuration. 

 

Accuracy, precision, sensitivity, F1 score and ROC AUC were 

calculated per fold. The main compactness measure reported 

was predictor count. The difference between the accuracy of 

GA-selected RF and full-feature RF for pairs was calculated 

and averaged. Results of a nominal paired t-test and Wilcoxon 

tests were available from the original analysis but the test 

results are used here as exploratory as conventional fold-level 

tests can underestimate uncertainty in repeated cross-validation 

scores where repeated scores are correlated. The scientific 

interpretation was thus based on the size of the difference in 

performance and its direction between repeated performances 

and not on the single p-value. 

 

6. Cross-validated permutation importance 

Permutation importance was used on validation data to measure 

the relevance of the different predictors in the compact model. 

Values for each predictor that was retained were randomly 

permuted and the resulting drop in ROC-AUC was noted. The 

larger the mean decrease, the more important this predictor is 

for the fitted model. The procedure does not specify effect 

direction, patient specific explanations and causal inferences 

[12,13,30]. 
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III. RESULTS 

 

1. Repeated predictive performance 

The full feature Random Forest had the highest repeated 

internal results. Its mean accuracy was 87.11% (SD 5.06%), 

compared with 83.67% (SD 5.45%) for the GA-selected model. 

Mean ROC-AUC was 0.9285 (SD 0.0396) for the full-feature 

model and 0.9075 (SD 0.0439) for the compact model. The full-

feature also performed better with higher mean precision, 

sensitivity and F1 score. The results show that the four 

variables that were not included in GA had complementary 

predictive information. 

 

Table 2. Repeated 10 × 20-fold internal-validation 

performance. 

Configu

ration 

Predic

tors 

Accur

acy, 

% 

Precis

ion, 

% 

Sensiti

vity, % 

F1-

sco

re, 

% 

RO

C-

AU

C 

Full-

feature 

RF 

11 87.11 

± 5.06 

86.99 

± 5.57 

90.58 

± 6.05 

88.

59 

± 

4.5

2 

0.92

85 

± 

0.03

96 

GA-

selected 

RF 

7 83.67 

± 5.45 

84.96 

± 5.79 

86.04 

± 6.71 

85.

33 

± 

4.9

4 

0.90

75 

± 

0.04

39 

 

The mean difference in accuracy between the two was −3.44 

percentage points (GA-selected RF minus full-feature RF) with 

the reported nominal interval ranging from −4.00 to −2.88 

percentage points. The direction of the tendency was always in 

favor of the full-featured model and the intensity of the 

tendency was always high. This interval is a descriptive internal 

comparison since it was based on correlated values of the fold-

level. 

 

2. Predictor reduction and the performance-compactness 

trade-off 

GA cut the number of source predictors from 11 to 7 - a 36.36% 

reduction. The reduction in accuracy cost was 3.44% and the 

ROC-AUC cost was 0.0210. Thus, the compact model was able 

to maintain a high degree of discrimination in fewer recorded 

variables but had poor preservation of the maximum 

performance of the full model. While the two configurations 

are relevant to different priorities, the one preferred is the all-

feature configuration when the need for internal discrimination 

is important, the other is the GA-selected configuration, when 

the choice of input reduction and global transparency is 

important. 

 

 
Figure 2. Performance-compactness trade-off between the 

full-feature and GA-selected Random Forest configurations. 

 

Table 3. Compactness and performance differences. 

Quantity Full-

feature RF 

GA-

selected 

RF 

Difference / 

reduction 

Predictor 

count 

11 7 −4 predictors 

(−36.36%) 

Mean 

accuracy 

87.11% 83.67% −3.44 

percentage 

points 

Mean ROC-

AUC 

0.9285 0.9075 −0.0210 

 

3. Global predictor relevance in the compact model 

After permutation the most important variable in the compact 

model was ST_Slope with a mean ROC-AUC decrease of 

0.1368. ChestPainType (0.0399), Oldpeak (0.0278) and Sex 

(0.0210) formed the next tier. The mean values of MaxHR, 

ExerciseAngina and Age were smaller and their standard 

deviations were greater than or close to the mean, suggesting 

that these variables' marginal contribution varied among folds. 

These variables can still make a contribution via interactions or 

specific portions of the predictor space. 

 

Table 4. Cross-validated permutation importance of GA-

selected predictors. 

Predictor Mean 

ROC-

AUC 

decrease 

SD Interpretation 

ST_Slope 0.1368 0.0346 Dominant global 

predictor 
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ChestPainType 0.0399 0.0259 Substantial but 

variable 

contribution 

Oldpeak 0.0278 0.0167 Moderate 

contribution 

Sex 0.0210 0.0166 Moderate, variable 

contribution 

MaxHR 0.0079 0.0175 Low average; 

unstable across 

folds 

ExerciseAngina 0.0078 0.0193 Low average; 

unstable across 

folds 

Age 0.0062 0.0129 Low average; 

unstable across 

folds 

 

 
Figure 3. Cross-validated permutation importance of the seven 

predictors retained by the GA-selected Random Forest. 

 

IV. DISCUSSION 
 

1. Principal findings 

The key result is that there was no common configuration for 

predictive performance and compactness of the model. The 

highest repeated accuracy, sensitivity, F1-score and ROC-AUC 

were obtained by the full-feature Random Forest. After 

removing more than one third of the predictors, GA achieved a 

small decrease in repeated discrimination, however. The 

discrete model had a lower repeated discrimination after GA 

reduced the predictor set by more than one third. This evidence 

challenges the generally accepted notion that an optimization 

based selector will lead to an increase in accuracy. 

 

What results are obtained are methodologically probable. 

Random Forest may take the combination of conditionally 

informative, weak and redundant variables. If a predictor is not 

very important on its own, it may be quite useful to help 

partition a subset of trees and/or may balance another variable 

in specific observations. The input space was simplified by 

removing RestingBP, Cholesterol, FastingBS and RestingECG, 

but complementary signals were also omitted. The resulting 

loss in accuracy is therefore not indicative of failure of GA and 

it measures the price of simplification in the search 

implemented. 

 

2. Clinical input burden and global transparency 

When data completeness or the burden of data acquisition or 

simplicity of the interface is more significant than optimizing 

discrimination, a seven-variable model may be operationally 

appealing. The variables that are included in the retained subset 

are: demographic variables, chest-pain type, maximum heart 

rate, exercise-induced angina, ST depression and ST-segment 

slope. These are clinically identifiable variables and enable the 

model's dependence on the world to be discussed more directly 

than a larger list of variables.  

 

The use of the term reduced input burden should be done with 

great care, however. This doesn't necessarily mean the lower 

the number of variables, the lower the cost; the cost of the 

variables varies. There are some variables that require exercise 

testing while other ones may be routinely available and 

excluded from the list. A formal burden analysis would take a 

lot of time, cost and data on missingness, equipment and flow. 

The present study does not provide a validated health-economic 

benefit, but rather it establishes predictor count reduction. 

 

3. Interpretation of the selected predictors 

The top three features, ST_Slope, ChestPainType and Oldpeak, 

all have high predictive value in the source data set, consistent 

with the scores of these features. The interpretation of the 

permutation importance is however dependent on the fitted 

model, coding scheme, correlated predictors and analyzed 

population. These variables don't signify separate clinical 

causes, nor do they establish a diagnostic rule of the use of the 

model.  

 

In this particular case it may be noted that the three factors Age, 

MaxHR and ExerciseAngina are relatively unimportant and 

that this was not a clear-cut hierarchy of medical importance, 

but rather a binary selection. Even if the average permutation 

effect of a predictor is small, it can be useful because of 

interactions. The seven-variable mask can only be considered a 

clinical signature that can be reproduced in multiple GA seeds 

and independent cohorts. 
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4. Relation to prior work 

Many works in the feature-selection literature have highlighted 

benefits of reduced subsets to include better generalization, 

computation and interpretation and at the same time have 

pointed out that wrapper methods are data- and model-

dependent [3-5,8]. The same issues external validation, full 

reporting and overinterpretation are highlighted in recent 

cardiovascular AI reviews [25,26]. The present results uphold 

a less radical stance: subset reduction is an objective of the 

design under question that is measurable and does not have to 

be defended on specious grounds of numerical superiority.  

 

The study also adheres to current reporting and risk of bias 

reporting guidelines, which recommend that outcomes be 

clearly defined, methods of validation, calibration and claims 

of applicability be transparent and that the claims be made with 

caution [16,17]. The analysis does not choose a smaller model 

just because it achieved a good outcome in one realization of 

the cross validation, but rather separates out the predictive 

reference from the compact alternative. 

 

5. Implications for decision-support research 

When using research prototypes, a good idea is to keep both 

setups. The full-featured model can be used as the predictive 

model; the compact model can be used for sensitivity analysis, 

simplicity of user interfaces and analysis of cases where some 

inputs are missing. In a future clinical study, it would be 

interesting to determine if the small decrease in discrimination 

is more than compensated for by the increased data 

completeness or increased acquisition or user acceptance. It is 

not enough to risk count to make such a decision; prospective 

workflow evidence and decision-curve analysis are needed 

[20,27-29]. 

 

Limitations 

 A moderate-sized public dataset was used and there was no 

independent geographical, temporal or prospective 

validation.  

 The target is not a diagnosis of heart failure, probability of 

future events, severity or survival, but is a recorded 

HeartDisease value.  

 The feature discovery as part of the GA was not reprobed 

in all outer folds and selection induced optimism cannot be 

ruled out for the compact model.  

 One mask was configured to search and the stability of the 

mask with the 7 predictors over random seeds was not 

tested.  

 Neither did the fitness function explicitly optimize the 

number of predictors, nor the acquisition cost, nor the fact 

that predictors are missing, nor the clinical burden of the 

predictor.  

 Repeated fold scores in cross validation are correlated and 

nominal significance tests at the fold level are therefore 

exploratory.  

 The permutation importance is a measure of significance 

for the prediction process, but it is not a measure of 

direction of effect, explanation in the local domain, 

fairness or causality. 

 

V. CONCLUSION 
 

The full-feature Random Forest resulted in the best repeated 

internal performance in structured heart-disease status 

classification, while GA generated a seven-predictor model 

with less accuracy and ROC-AUC measures, but reduced input 

dimensionality and transparent global predictor analysis. The 

study thus lends weight to a performance-compactness 

interpretation instead of an accuracy improvement through 

optimization. The full-feature model is the more suitable 

predictive reference for the analyzed data set, while the GA 

selected model is a suitable research alternative in case of 

decreased burden of input and in the context of increased 

transparency in the global application of the analysis. The 

compact subset must be validated from independent data sets, 

tested for stability, perform selection and optimization and be 

burden sensitive before it can be used clinically. 
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