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Abstract—This paper applies machine learning feature se-
lection techniques to the REGARDS stroke-related dataset to
identify health-related biomarkers. A data-driven methodological
framework is presented to evaluate multiple feature selection
methods. In applying the framework, three classifiers are chosen
in conjunction with two wrappers, and their performance with
diverse classification targets such as Current Smoker, Current
Alcohol Use, and Deceased is evaluated. The performance across
logistic regression, random forest and naı̈ve Bayes classifier
methods, as quantified by the ROC Area Under Curve metric
and selected features, was similar. However, significant differences
were observed in running time. Performance of the selected
features was also evaluated based on the accuracy of a prediction
model generated using a multi-layer perceptron (MLP) classifier.

Index Terms—machine learning, feature selection, classification

I. INTRODUCTION

The increasing availability of high-dimension medical data
has made use of feature selection methods imperative in iden-
tifying relevant features that could be potential biomarkers.
Diverse classifiers are available for feature selection, such as
random forest, naı̈ve Bayes, logistic regression, and k-nearest
neighbors [1]. These classifiers are used with wrappers such
as step forward, step backwards and exhaustive search [2] to
identify a set of features useful for training a classifier to build
an effective prediction model. The choice of feature selection
algorithm as well as wrapper methods impacts running time.
Some algorithms run quickly, such as naı̈ve Bayes and logistic
regression. Others are orders of magnitude slower, such as
random forest and k-nearest neighbors.

Stroke is one of the leading causes of death and serious
long-term disability in the United States [3]. REasons for
Geographic and Racial Differences in Stroke (REGARDS)
is a national, population-based, longitudinal study of 30,239
individuals ≥45 years old with data collected between 2003
and 2007 [4]. The REGARDS dataset is notable as it includes

a vast amount of diverse information, including blood test
results and other health indicators, as well as demographic
information such as household income, education level, and
smoking status. The REGARDS data was originally intended
for determining factors that increase the risk of stroke in
relation to racial differences and geographical location. Its
large number of samples and varied attributes also make it
attractive for studying other public health factors. It embodies
a rich set of health information that can be mined with varied
machine learning techniques to obtain new knowledge and
address novel questions.

In this work, we utilize the REGARDS data as a testbed for
analysis of various feature selection methods based on multiple
classification target attributes such as stroke, death indicator,
smoking status, drinking status, use of NSAIDs, and diabetes.
We present a data-driven framework for comparison of the
effectiveness of three classification methods used with two
wrappers. We also examine the overall running time for each
method and analyze the relevance of the features selected. The
performance metric used for evaluation of features selected
is the ROC area under curve (AUC) score along with the
accuracy (as quantified by F-measure) of a prediction model
based on the selected feature sets. A key application of
feature selection on real datasets is that the discriminant
features selected could be applied as potential biomarkers for
the classification target attribute (or disease) in medical data
analysis. Hence, in this work, we conduct a qualitative analysis
of the features selected by each method to determine their
usefulness as a potential biomarker for the related health factor
(as specified by the target attribute).

The paper is organized as follows. In section II we re-
view related work done on application of machine learning
techniques to the REGARDS data. In Section III we describe
the data-driven framework, while the results are presented in
Section IV. Section V discusses the results and the conclusion
is presented in Section VI.978-1-7281-1462-0/19/$31.00 ©2019 IEEE
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Fig. 1: Data-driven methodological framework to evaluate multiple feature selection methods.

II. RELATED WORK

Varied statistical analysis methods [5]–[9] have been applied
to the REGARDS dataset to infer knowledge and association
of multiple health factors related to stroke and other diseases.
For example, Meshcia et al. [5] analyzed the data to determine
whether African Americans are less likely than whites to be
aware of having atrial fibrillation, or to be treated with the
blood thinner Warfarin. Other studies examine the association
between urinary albumin excretion and coronary heart disease
in black vs white adults [6], and racial differences in the
impact of elevated blood pressure on stroke risk [10]. Several
studies examine kidney disease [7]–[9]. Lifestyle issues are
also studied, such as caregiver strain [11], obesity management
[12], and the risk of sepsis [13].

There are relatively few studies [14]–[16] in which machine
learning techniques are used with the REGARDS data, as we
present in this paper. Prineas et al. in [14] applied logistic
regression to analyze the sensitivity of the various approaches
utilized in the data to detect atrial fibrillation (AF). They
concluded that the association of AF with residence in the
Stroke Belt and black ethnicity was inversely related to the
sensitivity of the method used to detect AF. Hence this could
account for lower AF prevalence estimates in regions with
higher stroke rates. Brown et al. in [15] applied logistic
regression on the dataset to classify participants according to
future risk of cardiovascular disease. O’Neal et al. in [16]
also applied logistic regression to determine a link between
environmental tobacco smoke exposure and AF.

In this work, we apply the REGARDS data to analyze
multiple feature selection methods using multiple classification
target attributes as well as quantitatively analyze resulting
features to infer new knowledge.

III. METHODS

The objective of this work is to systematically evaluate
feature selection classifiers with respect to both time to execute
and accuracy of results. The framework for the approach is
illustrated in Figure 1 and described below.

A. Data Curation

The REGARDS dataset was collected according to rigorous
standards and is widely regarded as being of high quality.
The sample population consisted of 30,082 individuals and

79 features. There were missing values among some of the
attributes. We applied data imputation techniques to resolve
the missing values or discarded those samples or features all
together. Among the participants, 105 (< 0.4%) were missing
blood-test data, which was deemed potentially important.
These 105 samples were excluded from the analysis. Eighteen
of the features were discarded due to a significant amount of
missing data (30% or more). These included White Blood Cell
Count with 10,267 missing and Platelet Count with 10,792
missing. The remaining features still had a few missing values,
≤1.7% of the 29,977 remaining samples. Missing values for
these features were imputed using the mean value for each
feature across the sample population.

Regarding data type format, some of the features had
nominal binary values, such as the self-reported attributes of
CAD Aneurysm, Diabetes, DVT (Deep Vein Thrombosis), and
Hypertension. These attributes were left as Yes-No values. Six
features containing multi-value attributes were processed using
one-hot encoding. In one-hot encoding, categorical attributes
that do not have an ordinal relationship are split into separate
binary attributes. For example, the attribute Alcohol Use was
split into three binary categories: Current Alcohol Use, Alcohol
Use in Past and Alcohol Use Never. One-hot encoding added
15 new features, increasing the number of features to 76.

Another important phase of the data curation process is to
verify the entries for correctness. For example, entries for the
features Falls Per Year and Heart Rate were found to contain
illogical (possibly placeholder) values of 888 or 999. A total of
130 possibly inaccurate entries (<0.5%) were replaced by the
mean value of the associated feature. All numeric attributes
such as Age, Height and Total Cholesterol were normalized
using min-max normalization.

Lastly, the features were pruned to discard redundant or
irrelevant features by applying a pairwise correlation filter
using Pearson coefficient. The features (5) with a correlation
greater than 80% were discarded. These included Smoke 100
Cigs, Weight Kg, Creatinine Serum, SR Hypertension, and LDL
Cholesterol.

B. Feature Selection Methods

Feature selection is used to select a set of relevant or
discriminant features for training a learning model with good
performance that generalizes well [17]. This study compares
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three classifiers: naı̈ve Bayes [18], logistic regression [19],
and random forest [20]. All are implemented as part of the
Scikit-Learn Python package [21]. Naı̈ve Bayes is a simple
classification technique in which all attributes are assumed to
be uncorrelated, and a probability model is used to assign
instance probabilities to possible outcomes. Naı̈ve Bayes has
been proven effective in medical diagnosis applications [18].
Logistic Regression uses a linear model for binary classi-
fication. Instead of minimizing a linear cost function, as
with linear regression, it minimizes a sigmoid function [22].
Random forest is a non-linear technique which constructs a
classifier consisting of a collection of tree-structured classifiers
where each tree casts a vote for the most popular class.
Random forest classifiers and logistic regression models have
been widely studied and applied on a variety of medical data
[23], [24].

Two types of wrapper methods, the greedy step forward and
step backwards algorithms [2], were used to create baseline
performance data on 70 features, and then to select the k
features (k ∈ [5, 10, 15, 20]), per target, that yield the best
performance for each classifier. In step forward, the perfor-
mance of the classifier is evaluated with each feature, and
the best performing feature is chosen as the first member of
the feature set. This becomes the base feature, with which
all other features are combined as a possible set. The feature
that performs best in combination is added to the set, and
the process continues until the feature set reaches the desired
size. Step backwards is also a greedy algorithm. Unlike
step forward, it is initialized with a set of all features. The
performance of the classifier is evaluated by removing a single
feature per iteration. The best performing set is kept, and
features are eliminated until the feature set reaches the desired
size. The wrapper methods are implemented as part of the
Mlextend [25] Python package.

ROC area under curve (AUC) score is applied as the
performance metric for the feature selection methods. Each
algorithm was trained on the features that were chosen using
each wrapper method, and the performance of the algorithm
was evaluated on training (80%) and testing (20%) sets for
each target feature. The sets were not stratified and were
generated using the Scikit-Learn Python package [21]. Given
that there were three primary classifiers, two wrapper methods,
training and testing for sets of 5, 10, 15, 20 and 70 features
over 6 possible output attributes implies that there are 180
different results obtained. The run-times of the algorithms
(time to select a single feature) are shown in Figure 2.

TABLE I:
DISTRIBUTION OF CLASSIFICATION TARGET FEATURES

Classification Target Feature % Yes

Current Alcohol Use 51.6
Diabetic 22.6
Current Smoker 14.6
Regular Use of NSAIDs 14.2
Deceased 13.5
Self-Reported Stroke 6.3
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Fig. 2: Average Time to Select a Feature (Seconds)

C. Classification Target Features

Given the goal of identifying potential biomarkers related
to various health factors by mining the REGARDS data, six
features were selected as classification target attributes. The
selected features are binary (Yes/No responses) as illustrated
in Table I. A classification model is implemented for each of
the six target features: Current Alcohol Use, Current Smoker,
Self-Reported Diabetes, Regular Use of NSAIDs, Self-Reported
Stroke, and Deceased.

It is important to examine the balance of the dataset with
respect to the target attribute as skewness of label could
influence the outcome of the feature selection. Current Alcohol
Use is the most balanced target, with roughly half the samples
reporting Yes (Table I). Interestingly, though REGARDS is a
Stroke targeted dataset, only 6.3% had a positive response (as
denoted by Yes) for the Self-Reported Stroke attribute.

D. Prediction Model Analysis

The top 5 features selected for each classification target
were used to train a multi-layer perceptron (MLP) neural
network classifier in Weka [26]. To reduce execution time of
the MLP, continuous attributes were converted to nominal val-
ues as follows. HDL Cholesterol, Urinary Albumin/Creatinine
Ratio, Insulin, and Body Mass Index were discretized into
10 bins by reducing the accuracy of the continuous variable.
Cholesterol, Heart Rate, Glucose, and Urinary Albumin were
discretized into low, medium and high based on their inter-
pretation in established medical practice [27], [28]. Cystatin
C was discretized according to guidelines given in [29].

The MLP model was implemented using a learning rate
of 0.3, a momentum of 0.2, 1 hidden layer, in 10-fold
cross-validation test mode with 500 epochs per fold. The
performance of the model is demonstrated using F-measure
(also called F1 score). This metric is used because it takes the
unbalanced nature of the classification targets into account. F-
measure is defined, along with precision and recall, as follows.
For a given data set of size N and its corresponding classifi-
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cation results, let TP denote the true positives, TN the true
negatives, FP the false positives, and FN the false negatives.
The measure precision defines the percentage of positives
that are correctly classified i.e. precision = TP

TP+FP . Recall
denotes the percentage of samples classified as true positives,
given by recall = TP

TP+FN . F-measure is the harmonic mean
of precision and recall: F1 = 2× precision×recall

precision+recall .

IV. RESULTS

A. Feature Selection Outcome

The feature selection algorithms yielded sets of k features
for each classification target attribute. Overall, there was a
great deal of overlap between features selected by the different
methods. Table II illustrates the results for k = 5 by classifica-
tion target attribute. For each target, all attributes returned by
any of the algorithms are listed. Check marks indicate that the
algorithm’s results included the marked feature. Attributes are
ordered by most-to-least selected. For example, for the target
Current Alcohol Use, the features Alcohol Use Never, Alcohol
Use in Past and Number of Falls in Past Year were chosen
by all combinations of feature selection methods. For each
target attribute there are a set of features that were consistently
chosen regardless of the feature selection method and wrapper
applied.

AUC scores for testing and training sets using all combina-
tions of classifiers and wrappers are shown in Table III. For
each target attribute, results are shown for sets of size k =
5, 10, 15 and 20. The baseline performance, based on using
all 70 features, is also included for comparison. In general
the testing and training values were similar, which could
imply that the model is not overfitting. The average difference
between testing and training scores over all results is 0.4%,
while the maximum is 2.72%. Only 26 of 144 comparisons
had a difference of over 1%.

According to Table III, the AUC scores for Current Alcohol
Use and Current Smoker for all cases was at least 99%.
This suggests that some of the features could be directly
correlated with the classification target attribute (outcome
measure). Thus, the model might not be learning since it is
biased by those features. Upon further analysis of the features
for classification target attribute Alcohol use, the top features
selected were Alcohol Use Never, Alcohol Use in Past, and
Alcoholic Beverages Per Week. Intuitively, these features are
almost identical with the outcome measure Alcohol use, hence
the underlying reason for the superior performance of the
classifier. For the target attribute Current Smoker, the related
features were Never Smoked, Smoked in Past, and Pack Years
Smoked. To eliminate the bias introduced by these features,
the experiments were repeated with these features excluded
(Table V, Current Smoker2 results). The feature Smoked 100
Cigarettes, indicating that a person had smoked 100 cigarettes
in their lifetime, had previously been removed during the
correlation filter stage (see section III-A). Removal of the
highly biased features resulted in this feature passing through
the filter stage (unlike before), as shown in Table IV. It was

TABLE II:
FEATURES SELECTED BY TARGET ATTRIBUTE
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Target Selected Features Step Forward Step Backward

Current
Alcohol
Use

Alcohol Use Never X X X X X X
Alcohol Use in Past X X X X X X
Number of Falls in Past Year X X X X X X
Age X X X X X
Alcoholic Beverages Per Week X X X X
SR* DVT X
Gender X
Race X

Deceased

Age X X X X X X
Cystatin C X X X X X
SR General Health X X X X X
Gender X X X X X
Heart Rate X X
Currently smoking X X
AFib ECG X
Body Mass Index X
CAD Aneurysm X
PCS Health Score X
Never Smoked X

Diabetic

Glucose X X X X X X
SR General Health X X X X
Level of Insulin X X X X
Use of Insulin X X X X
Cholesterol X X X
SR Use of Hyper Meds X X
Urinary Albumin/Creatinine Ratio X
C Reactive Protein X
Graduate College Education X
Undergrad College Education X
Heart Rate X
PCS Health Score X
Waist Measurement X

Regular
Use of
NSAIDs

Race X X X X X X
PCS Health Score X X X X X
Gender X X X X X
Alcohol Use Never X X X
Body Mass Index X X X
Age X X
Cystatin C X X
Urinary Albumin/Creatinine Ratio X
SR General Health X
Sleep Interrupt X
Self-Reported Stroke X

Current
Smoker

Never Smoked X X X X X X
Smoked in Past X X X X X X
Income Refused X X X X
Heart Rate X X X
Body Mass Index X X
Age X
C Reactive Protein X
Graduate College Education X
Exercise 1 to 3 Times / Week X
Income Between 20k-34k X
Income Less Than 20k X
Insurance X
Regular Use of Aspirin X
Waist Measurement X

Self-
Reported
Stroke

Deceased X X X X X X
SR Use of Hyper Meds X X X X X
Regular Use of Aspirin X X X X
PCS Health Score X X X X X
SR TIA X X X X X
SR General Health X X X
Urinary Albumin X
Number of Falls in Past Year X

∗SR indicates Self-Reported.

Authorized licensed use limited to: Missouri University of Science and Technology. Downloaded on May 18,2023 at 19:31:34 UTC from IEEE Xplore.  Restrictions apply. 



TABLE III:
PERFORMANCE QUANTIFIED BY ROC AREA UNDER CURVE (AUC) COMPARING TRAINING AND TESTING SETS FOR ALL

COMBINATIONS OF CLASSIFIERS AND WRAPPERS.
k INDICATES SIZE OF FEATURE SET. VALUES ARE PERCENTAGES.

Step Forward Feature Selection Step Backward Feature Selection
Target Feature k Naı̈ve Bayes Logistic Reg. Random Forest Naı̈ve Bayes Logistic Reg. Random Forest

train test train test train test train test train test train test

Current
Alcohol
Use

5 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
15 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
20 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
70 1.00 1.00 1.00 1.00 0.99 0.99 1.00 1.00 1.00 1.00 0.99 0.99

Deceased

5 0.80 0.80 0.80 0.80 0.77 0.77 0.80 0.79 0.80 0.80 0.79 0.79
10 0.81 0.81 0.81 0.82 0.78 0.79 0.81 0.80 0.82 0.82 0.80 0.80
15 0.81 0.81 0.82 0.82 0.81 0.81 0.81 0.80 0.82 0.82 0.80 0.80
20 0.81 0.81 0.83 0.82 0.80 0.81 0.81 0.80 0.83 0.82 0.81 0.80
70 0.76 0.77 0.83 0.82 0.80 0.80 0.76 0.77 0.83 0.82 0.80 0.80

Diabetic

5 0.88 0.87 0.86 0.87 0.92 0.92 0.87 0.88 0.86 0.87 0.92 0.92
10 0.87 0.87 0.88 0.88 0.92 0.92 0.88 0.88 0.88 0.88 0.92 0.92
15 0.88 0.88 0.88 0.89 0.91 0.91 0.88 0.88 0.88 0.89 0.92 0.92
20 0.88 0.88 0.89 0.89 0.91 0.90 0.88 0.88 0.89 0.89 0.92 0.91
70 0.82 0.82 0.89 0.89 0.91 0.90 0.82 0.82 0.89 0.89 0.91 0.90

Regular
Use of
NSAIDs

5 0.65 0.64 0.66 0.65 0.62 0.60 0.65 0.64 0.66 0.65 0.66 0.65
10 0.66 0.65 0.67 0.66 0.62 0.60 0.66 0.65 0.67 0.65 0.67 0.65
15 0.66 0.65 0.68 0.66 0.62 0.60 0.66 0.65 0.68 0.66 0.67 0.65
20 0.66 0.66 0.68 0.66 0.63 0.60 0.66 0.65 0.68 0.66 0.67 0.65
70 0.63 0.62 0.68 0.66 0.67 0.66 0.63 0.62 0.68 0.66 0.67 0.66

Current Smoker

5 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
10 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
15 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
20 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
70 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

Reported Stroke

5 0.75 0.74 0.76 0.76 0.74 0.73 0.75 0.74 0.76 0.76 0.75 0.74
10 0.78 0.77 0.78 0.78 0.75 0.74 0.78 0.77 0.78 0.78 0.76 0.75
15 0.79 0.78 0.79 0.78 0.76 0.75 0.79 0.78 0.79 0.79 0.76 0.75
20 0.79 0.78 0.80 0.79 0.76 0.75 0.79 0.78 0.80 0.79 0.77 0.75
70 0.76 0.78 0.80 0.79 0.78 0.77 0.76 0.78 0.80 0.79 0.78 0.77

chosen by all classifier and wrapper combinations during the
feature selection process. To eliminate the bias introduced
by this feature, the feature selection was re-run a third time
excluding this feature. Results are shown in Table V, Current
Smoker3.

For the Current Alcohol Use classification target, removal
of alcohol-related attributes reduced the performance from
100% to an average of 70%. For the Current Smoker target,
performance degraded from 100% to 80%, and removal of
additional features further reduced performance to an average
of 74%. A summary of the features obtained after pruning
the feature space based on high degree of similarity to the
target attributes is presented in Table IV. There is a greater
degree of consistency among the features obtained across all
the methods.

B. Outcome of Prediction Model Analysis using Selected
Features

The quality of the various feature sets obtained was further
evaluated using a prediction model: a multi-layer perceptron
classifier (see Section III-D). Results for feature sets of size
k = 5 are shown in Table VI. Though the step backwards
algorithm has a considerably longer runtime than step forward,
the performance of the two algorithms, as quantified by the F-
measure scores, is very similar (5% or less difference). In the
two cases where F-measures varied most, the best accuracy
occurred with the faster step forward algorithm.

The best AUC scores were for the targets Diabetic with
89.6%, and Deceased with 80.5%. Diabetic achieved the
highest F-measure of any classification target with the MLP,
averaging 0.86 F-measure with both step forward and step
backwards. Deceased had slightly lower F-measures at 0.83
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TABLE IV:
FEATURES SELECTED BY TARGET ATTRIBUTE USING

ADJUSTED DATASETS
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Target Selected Features Step Forward Step Backward

Current
Alcohol
Use1

Race X X X X X X
Income Greater Than 75k X X X X X
Never Smoked X X X X X
Graduate College Education X X X X
PCS Health Score X X X X
HDL Cholesterol X X
Age X
Less Than High School Education X
SR* General Health X
Gender X

Current
Smoker2

Age X X X X X X
Smoked at Least 100 Cigarettes X X X X X X
Heart Rate X X X X X
Body Mass Index X X X X X
Income Less Than 20k X X X
SR General Health X X
Cystatin C X
Income Between 35k-74k X
Income Greater Than 75k X

Current
Smoker3

Age X X X X X X
Heart Rate X X X X X
Body Mass Index X X X X X
Alcohol Use Never X X X X
Graduate College Education X X X X
SR General Health X X X
C Reactive Protein X
Income Between 20k-34k X
Income Less Than 20k X

1Removed Alcohol Use Never, Alcohol Use in Past, Alcoholic Bev. / Wk.
2Removed Smoke Never, Smoke Past, Pack Years.
3Removed Smoke Never, Smoke Past, Pack Years, Smoke 100 Cigs.
∗SR indicates Self-Reported

for step forward and 0.81 average for step backwards.
In the case of Self-Reported Stroke, the AUC score averaged

77%, but the MLPs did not identify any Yes instances, except
for the MLP created with features chosen by step backwards
random forest. This led to undefined F-measure scores (shown
as n/a in Table VI). Regular use of NSAIDs had the lowest
AUC score with an average of 67%, but higher F-measure
scores (average of 0.79). However, for the step forward random
forest model, no instances were correctly classified as True,
thus resulting in an undefined F-measure (n/a).

V. DISCUSSION

Some interesting observations can be made from the results
obtained. Intuitively, the presence of features that are closely
related to the classification target biases the results to a large
degree. For experiments with Current Alcohol Use as the
classification target, removing closely related features such
as Alcoholic Beverages Per Week, No Alcohol Use Ever and
Use of Alcohol in Past resulted in a change of features
selected. Initially, SR DVT and Number of Falls In Past
Year along with the highly similar features listed above were
selected. However, after pruning, new discriminant features

selected included Education, Income and PCS health scores.
For Current Smoker, only 14.6% of participants were smokers.
After filtering out smoking-related attributes, the total union of
features selected among all classifier types decreased from 14
to 9. The discriminant features selected included Age (chosen
by all 6 models); Heart Rate and Body Mass Index (chosen
by 5 models); and Alcohol Use Never and Graduate College
Education (chosen by 4 models). There is a strong overlap
among the features obtained across all the methods.

There is a significant difference in execution time among the
different classifiers and wrappers. The step forward wrapper
took only seconds for naı̈ve Bayes, increasing to a minute
per feature for random forest. Step backwards had the longest
execution time, taking almost 15 minutes to select a feature
using random forest.

The AUC scores for the chosen feature sets are highly
consistent across the number of features chosen, k. The
average change in AUC scores by increasing the selected
feature set from k = 5 to 20 was only 1.44%. The largest
change in scores was for the Deceased attribute training set,
which went from 76.55% to 80.38%, an improvement of only
3.83%. Generally, the performance of the minimal 5-feature set
compares favorably to the 70-feature baseline, with the largest
AUC difference being 6% in the case of step forward random
forest for Regular Use of NSAIDs. Although AUC scores were
highly similar across classifiers, logistic regression seemed to
be the best performer, with 81.4% average score using the
step forward wrapper. Interestingly, logistic regression with
the much slower step backward algorithm averaged a slightly
worse score of 81.3%. By contrast the lowest AUC was for
random forest step forward with an overall average of 79.2%.

One of the key methods used to evaluate the results of a
feature selection process is to utilize the features to construct
a classifier and then observe its performance as a prediction
model using only those features. In this work, the classifier
applied was the MLP neural network. The highest performing
prediction model was obtained for the Diabetic classification
target attribute. That MLP achieved an average F-measure of
0.86. This correlates well with the AUC scores obtained for
this target using feature selection, which were also the highest
of any classification target. AUC scores and MLP F-measures
were second highest in both cases for Deceased.

The prediction model performed relatively well (0.80 F-
measure) on the Current Smoker target attribute. The result
was unanticipated, given the low average AUC score of 74%
after excluding features that were highly similar to the target
attribute. Current Smoker status was classified using features
such as Age, Heart Rate, BMI, Alcohol Use and College
Education. Self-Reported Stroke had AUC scores that were
higher than those for Current Smoker. However, the prediction
model analysis outcome was poor, as shown in section IV-B.
This indicates that the features chosen were probably not
discriminative.
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TABLE V:
ROC-AUC SCORES AFTER REMOVING RELATED FEATURES

k INDICATES SIZE OF FEATURE SET. VALUES ARE PERCENTAGES.

Step Forward Feature Selection Step Backward Feature Selection

Target Feature k Naı̈ve Bayes Logistic Reg. Random Forest Naı̈ve Bayes Logistic Reg. Random Forest
train test train test train test train test train test train test

Current
Alcohol
Use1

5 0.68 0.67 0.69 0.68 0.68 0.68 0.68 0.68 0.69 0.68 0.67 0.66
10 0.70 0.70 0.72 0.71 0.70 0.70 0.70 0.70 0.71 0.70 0.70 0.70
15 0.71 0.70 0.73 0.72 0.70 0.69 0.70 0.70 0.72 0.72 0.70 0.70
20 0.71 0.70 0.73 0.72 0.70 0.70 0.70 0.70 0.73 0.72 0.70 0.70
67 0.68 0.68 0.73 0.72 0.70 0.70 0.68 0.68 0.73 0.72 0.70 0.70

Current
Smoker2

5 0.86 0.87 0.87 0.88 0.85 0.86 0.86 0.87 0.87 0.88 0.86 0.87
10 0.87 0.88 0.88 0.89 0.85 0.86 0.87 0.88 0.88 0.89 0.87 0.87
15 0.87 0.88 0.89 0.90 0.85 0.85 0.87 0.88 0.89 0.90 0.87 0.87
20 0.87 0.88 0.89 0.90 0.85 0.85 0.87 0.88 0.89 0.90 0.88 0.88
67 0.84 0.83 0.89 0.89 0.87 0.87 0.84 0.84 0.89 0.89 0.87 0.87

Current
Smoker3

5 0.71 0.72 0.73 0.74 0.70 0.70 0.72 0.72 0.72 0.74 0.72 0.72
10 0.74 0.74 0.76 0.77 0.70 0.71 0.74 0.74 0.76 0.77 0.74 0.74
15 0.74 0.75 0.77 0.78 0.71 0.72 0.74 0.75 0.77 0.77 0.75 0.74
20 0.74 0.75 0.77 0.78 0.71 0.71 0.74 0.73 0.77 0.77 0.75 0.74
66 0.70 0.69 0.78 0.78 0.75 0.74 0.70 0.69 0.78 0.78 0.75 0.74

1Removed Alcohol Use Never, Alcohol Use Past, Alcohol Drinks / Wk.
2Removed Smoke Never, Smoke Past, Pack Years.
3Removed Smoke Never, Smoke Past, Pack Years, Smoke 100 Cigs.

TABLE VI:
F-MEASURE SCORES OF FEATURE SETS OF k = 5 FROM

PREDICTION MODEL ANALYSIS

Step Forward Step Backwards
Target NB LR RF NB LR RF

Current Alcohol 0.62 0.62 0.63 0.62 0.62 0.59
Deceased 0.83 0.83 0.82 0.82 0.79 0.82
Diabetic 0.87 0.81 0.90 0.89 0.81 0.90
NSAID Use 0.80 0.79 n/a 0.80 0.79 0.79
Current Smoker 0.80 0.81 0.79 0.80 0.80 0.80
SR Stroke n/a n/a n/a n/a n/a 0.91

NB = Naı̈ve Bayes, LR = Logistic Regression, RF = Random Forest

VI. CONCLUSIONS

In this work, we have proposed a data-driven methodologi-
cal framework to evaluate multiple feature selection methods.
In the comparative analysis, it can be observed that AUC
scores improved only slightly (less than 5%) as the number of
features chosen k increased from 5 to 20. Scores also varied
only slightly across different classifiers and wrapper methods.
The major difference was in running time, with step forward
taking only 14 seconds per feature and step backward taking
an order of magnitude longer at 480 seconds per feature.
In analyzing the features selected, it was noted that AUC
performance degraded quickly when closely related features
were removed. However, the features chosen still produced
high accuracy scores when used to create a MLP classifier. The

results demonstrated similar performance for all three clas-
sifiers utilized for feature selection, using both step forward
and step backwards wrappers. The step backwards resulted
in run-times an order of magnitude higher. Future work will
investigate multi-target classification models. Applying feature
selection based on a combination of multiple target attributes
that are related could shed light on the interaction of potential
biomarkers.
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