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Abstract

Feature selection is a critical pre-processing step in machine learning. For supervised
problems, class labels are used to identify important features. However, labeling or annotat-
ing the data is labor-intensive and hence costly. Consequently, there is an abundance of un-
labeled data and limited labeled data. Therefore, semi-supervised learning is very pertinent
in this case. The problem of feature selection is equally relevant to semi-supervised learn-
ing. In this research work, a novel semi-supervised method of feature selection, Repeated
Sampled Semi-supervised Feature Selection(RSSFS), is proposed with a time complexity of
O(nd), which is significantly better than other existing algorithms. This follows an unbiased
and neutral strategy in producing a final feature set that has less redundancy and frequently
occurring feature components, thereby inducing better stability in the feature set. In the
first step, a decision tree classifier is used for labeling the unlabeled portion of the data and
augmenting the training set. Repeated sampling is done from the pseudo-labeled portion, to
generate multiple augmented training sets. The top k features are selected based on mutual
information from each augmented training set. While choosing the features, it is ensured
that the features are not redundant by applying a correlation coefficient based threshold.
A voting-based approach is used to combine these multiple features into the final feature
set. The proposed algorithm is compared with a) a benchmark, using the full feature set,
and b) top k % supervised feature selection on the labeled portion. Comparing these three
methods across 18 datasets, it was found that RSSFS outperformed the supervised method
based on F1 scores by 2.79% and the benchmark by 0.36%. Thus, the proposed algorithm
would prove impactful in applications where there is a plethora of unlabeled data compared
to labeled data.
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1. Introduction

The curse of dimensionality [c.f. Bellman and Kalaba (1959)] has been a very im-
portant problem in data mining/machine learning applications as it requires high processing
power and storage capacity which causes the model to overfit and increases the error rate
of the learning algorithm. A Feature Xi is said to be an irrelevant feature if the output Y
is not conditionally dependent on Xi [c.f. John et al. (1994)]. The features that are highly
associated with each other are called redundant features [c.f. Kumar and Minz (2014)]. In
high-dimensional datasets, feature reduction or selection is used as a dimensionality reduc-
tion method and is employed in machine learning and data mining. Here, a subset of the
features is selected for the learning algorithm that leaves out the irrelevant and redundant
features.

Feature selection can also be categorized into three types based on the presence of
class label information: supervised feature selection, unsupervised feature selection and semi-
supervised feature selection. In supervised feature selection,feature importance is calculated
based on the degree of association between the class and the feature [c.f. Benabdeslem
and Hindawi (2011)], [c.f. Song et al. (2016)] and [c.f.Chang et al. (2014)]. However, one
challenge with this approach is the costly and potentially unreliable process of labeling the
data using external knowledge [c.f. Kalakech et al. (2011)].

Traditionally, the performance of supervised approaches has been compared to un-
supervised approaches [c.f. Yarowsky (1995)]. With the abundance of unlabeled data and
the cost associated with labeling, the importance of semi-supervised learning has increased.
Though there has been a lot of theoretical work in this domain [c.f. Zhao and Liu (2007)],
the exploration of semi-supervised feature selection has been relatively limited. However,
the introduction of semi-supervised feature selection has expanded the range of applications
[c.f. Rosenberg et al. (2005)], [c.f. Dópido et al. (2013)], [c.f. Wu et al. (2012)] and [c.f. Kok
et al. (2021)]. Contemporary research work focused on this domain covers a wide range of
applications, from detecting liver diseases [c.f. Tran et al. (2019)] to semiconductor materials
and manufacturing [c.f. Liu et al. (2022)]. Typically, in semi-supervised learning setups, a
classifier trained on the labeled data is used to assign pseudo-labels to the unlabeled portion
of the dataset. A dilemma exists regarding whether to fully utilize the pseudo-labeled data,
as this may introduce bias if the classifier assigns incorrect labels.

In this paper, a simple semi-supervised feature selection method is proposed. In dif-
ferent iterations, various samples of the pseudo-labeled data are selected, creating multiple
augmented training sets. On each of these augmented training sets, a simple mutual infor-
mation based feature selection is applied, with a threshold for feature redundancy. Hence, in
n iterations, n such feature sets are retrieved. However, the selection of the final feature set
from the n feature sets each having k features is determined using a voting mechanism based
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on the most repetitive and non-redundant features. The feature set produced in this manner
outperforms all features set and also the partially labeled dataset after applying supervised
selection in terms of both F1-Score and feature stability.

The contributions of the paper are as follows:

i. A novel and simple sampling-based feature selection technique for semi-supervised
learning is proposed.

ii. An intuitive voting mechanism is employed to derive the final feature subset by aggre-
gating multiple intermediate subsets, ensuring the selection of the most relevant and
non-redundant features.

iii. With only 20% of the features, the proposed algorithm outperforms the supervised fea-
ture selection by 2.79% and the benchmark by 0.36% based on the F1 Score evaluated
across 18 benchmark datasets.

iv. The proposed algorithm exhibits a time complexity of O(nd), which is significantly
lower than that of existing semi-supervised models.

v. As the secondary focus of the proposed algorithm was on stability by similarity of the
feature sets, the feature set of the proposed algorithm achieved a mean similarity of
39.4% with benchmark, and 42.64% with the supervised model feature sets.

The remainder of this work is organized into the following sections. In the literature
survey i.e. Section 2, the related work in semi-supervised learning is discussed. The pre-
liminaries Section provides an overview of fundamental concepts related to feature selection
and semi-supervised learning. In Section 4, the proposed methodology is explained through
a flow diagram followed by the algorithm used. The simulation experiment Section details
the experimental setup and environmental considerations. In the result and discussion Sec-
tion, the experimental results are presented, along with an analysis. The proposed work is
summarized in the conclusions Section, which also outlines future scope.

2. Literature survey

Semi-supervised feature selection methods can be classified based on different perspec-
tives. The viewpoint discussed here is based on the fundamental nomenclature of feature
selection methods, which categorizes semi-supervised feature selection methods into several
categories depending on how they interact with the learning algorithm. The first way of
classification is similar to regular feature selection categories, namely a) filter b) wrapper c)
hybrid d) embedded. More specific categorizations from the perspective of semi-supervised
feature selection are i) Co-training ii) Self-Training iii) Entropy Based methods etc.

Co-Training: This is a method of semi-supervised learning. In the first step, the
entire feature set is divided into two subsets, let us call them f1 and f2. They are mutually
exclusive and exhaustive. Hence f1∪f2 = f , and, f1∩f2 = ϕ. Next, two classifiers C1 and C2
are trained on the f1 and f2 view of the labeled data. Now the algorithm proceeds iteratively.
In each iteration, an unlabeled portion of the data, on which C1 is most confident, is added
to the training set of C2 and vice versa. These training sets are often called augmented
training sets, let us denote them by T1 and T2. A simpler way to extend this to feature
selection is to select top k features separately from T1 and T2 based on measures like feature
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selection and take a union from them.

Self-Training: Similar to Co-Training, Self-Training is also a kind of semi-supervised
learning. Initially, a particular classifier is selected. Then iteratively predicted points from
the unlabeled set are added to the training set based on confidence of the prediction. Similar
to co-training, such a training set is called the augmented training set. Feature selection now
can be done in the usual manner from the augmented training set. The major developments
in semi-supervised learning are summarized in Table 1 shown next.

In this section, the different models of semi-supervised learning that have evolved are
summarized, along with their significance or drawbacks, discussed in Table 1. This study
has helped to draw the motivation for this work, as discussed next.

The time complexity of existing methods like Laplacian Score(semi-supervised) [c.f.
He et al. (2005)] is O(n2d), while Semi-Supervised Feature Selection via Spectral Analy-
sis(SSFS) [c.f. Cai et al. (2007)] is O(n2d+d3 ) and Semi-supervised Feature Selection using
Max-margin Criterion (SSMMC) [c.f. Wu et al. (2013)] is O(nd2 +d3) where n is the number
of samples and d is the number of features. Hence, improving the time complexity was the
foremost motivation and hence the algorithm was proposed with a complexity of O(nd).

This work was inspired by the self-training and co-training methods of wrapper-based
approaches. This research is different in the sense that it does not only add the most confident
points based on a confidence measure of prediction but, through sampling, adds a portion of
the predicted samples to the partially labeled dataset.This is done to ensure that there is no
bias against the confident points. It operates by taking the predicted labels, which, in turn,
depend on the classifier’s performance. With this augmented training set, feature selection
is implemented and compared with the supervised mode, which is discussed in the results
and discussion section to justify this approach. The stability of the selected feature subset
is also studied to assess the quality of the feature selection process adopted.

3. Preliminaries

In this Section, the factors/criteria for the selection of features (mutual information
and correlation coefficient), the evaluation method of feature sets based on stability, and the
confidence of prediction using confidence score are discussed.

3.1. Mutual information

Mutual Information(MI) of a feature is the degree of dependence between the feature
and the class variable. Mutual information of a feature, denoted as F, concerning the class
variable C, is the difference between the entropy of the class H(C) and the conditional entropy
of the class variable given the value of the feature variable H(C |F). The following equations
are used to calculate the feature-to-class relationship:

I(F ; C) = H(C) − H(C|F ) (1)

I(F ; C) = H(C) + H(F ) − H(C.F ) (2)
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Table 1: Summary of semi-supervised methods based on the taxonomy of feature
selection methods

Related Works
Methodology Method Conclusion/Remarks

Graph theory and cluster
assumption [c.f. Zhao
and Liu (2007)] Type-
Filter.

• It constructs a neighborhood
graph and transforms each fea-
ture vector into a cluster indica-
tor, which is evaluated based on
separability and consistency.

• Laplacian score is associated
with normalized mutual infor-
mation.

• The method overlooks
the correlation between
features and evaluates the
features one by one.

Laplacian score [c.f.
Cheng et al. (2011)] and
[c.f. Zhao et al. (2008)]
Type-Filter.

• It constructs a within-class
graph and a between-class
graph.

• The features are estimated
through their degree of preserv-
ing the graph structures.

• The method disregards the
correlation among features
and evaluates the features
one by one.

Constraint score [c.f.
Kalakech et al. (2011)]
and [c.f. Benabdeslem
and Hindawi (2011)]
Type-Filter.

• The metric uses some supervi-
sion information in the form of
pairwise constraints.

• It constructs two graphs using
pairwise constraints and unla-
beled data.

• Finally, it evaluates the fea-
tures based on their locality and
constraint-preserving ability.

• It depends on the subsets of
pairwise constraints created
by the user.

• The constraints can be re-
dundant or incoherent. The
method evaluates the fea-
tures individually, ignoring
the correlation among fea-
tures.

Fisher criterion [c.f.
Chen et al. (2010)], [c.f.
Lv et al. (2013)], [c.f.
Liu et al. (2013)] and
[c.f. Liu et al. (2010)]
Type-Filter.

• This metric utilizes the Fisher
criterion and considers the local
structure of both labeled and un-
labeled data.

• The features are estimated
based on their discriminant and
locality-preserving abilities.

• The method disregards the
correlation among features
and evaluates the features
one by one.



160 A. K. DAS, S. GOSWAMI, A.CHAKRABARTI AND B. CHAKRABORTY [Vol. 24, No. 1

Methodology Method Conclusion/Remarks
Sparse-based filter meth-
ods [c.f. Han et al.
(2014)] Type-Filter.

• It combines two supervised and
unsupervised scatter matrices.

• It preserves the discriminant in-
formation from labeled data and
the local geometric structure
from both labeled and unlabeled
data.

• It adds a l2 norm to the objective
function, making it suitable for
feature selection.

• The method utilizes an iterative
algorithm to solve the objective
function.

• The features are estimated
jointly while considering
the correlation among the
features. The objective
function is non-smooth and
difficult to solve.

Single Learner [c.f.
Ren et al. (2008)]
Type-Wrapper.

• The initial labeled training set is
augmented with predicted unla-
beled data.

• Data is randomly selected from
unlabeled set to create new
training sets.

• Next, it adds the most frequently
selected feature to the feature
subset during each iteration

• The method ignores con-
fidence measures for unla-
beled data.

• On adding mislabeled
data, it may degrade
performance.

• The method neglects the
discriminative power of fea-
ture combinations.

• It takes high computational
time.

Ensemble learning [c.f.
Bellal et al. (2012)], [c.f.
Han et al. (2011)] and
[c.f. Barkia et al. (2011)]
Type-Wrapper.

• The method uses ensemble learn-
ing with self-training or co-
training to predict the labels of
unlabeled data.

• It considers the reliance on
features.

• It uses a confidence mea-
sure to select predicted un-
labeled data.

• But if the confidence mea-
sures are inaccurate, this
may lead to mislabeling of
data.
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Methodology Method Conclusion/Remarks

• It enhances generalization
ability using an ensemble
classifier.

• It takes high computational
time.

Sparse-based Embedded
methods [c.f. Song et al.
(2016)], [c.f. Ma et al.
(2012)], [c.f. Shi et al.
(2014)] and [c.f. Ma
et al. (2011)].

• The method directly learns the
classifiers during feature selec-
tion.

• It constructs a graph using both
labeled and unlabeled data.

• This combines the strengths
of joint feature selection
and semi-supervised learn-
ing.

SVM-based [c.f. Yang
and Wang (2007)], [c.f.
Xu et al. (2010)] and [c.f.
Dai et al. (2013)] Type-
Embedded.

• Select the features by maximiz-
ing the margin between differ-
ent classes and at the same time
exploiting the local structure of
both labeled and unlabeled data.

• The objective function is
difficult to solve.

3.2. Correlation coefficient

Correlation coefficient is a statistical measure of the strength of the relationship be-
tween two variables. The correlation coefficient, denoted as (ρ), between two variables x and
y is defined as follows:

ρ(x, y) = cov(x, y)√
var(x)var(y)

(3)

where cov(x, y) refers to the covariance between x and y , and var(x) is the variance of x.

cov(x, y) =
n∑

i=1
(xi − x̄)(yi − ȳ) (4)

where x̄ and ȳ are the means of x and y respectively.

var(x) =
n∑

i=1
(xi − x̄)2 (5)

3.3. Stability of feature sets

The stability of a feature selection algorithm results in a persistent feature subset
when new training samples are added or removed [c.f. Xin et al. (2015)]. Stability can
be categorized into three groups: stability by rank, stability by weight, and stability by
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similarity [c.f. Khaire and Dhanalakshmi (2022)] and [c.f. Chelvan and Perumal (2016)]. In
this work, we consider stability by similarity between feature sets. In this case, similarity is
estimated by using the ratio of the intersection to the union of two selected feature subsets
or the amount of overlap between the overall subset of selected features [c.f. Khaire and
Dhanalakshmi (2022)] and [c.f. Yu et al. (2011)].

Let X and Y be two different feature sets such that

X = {x1, x2, x3, x4, x5} and Y = {y1, y2, y3, y4, y5} where x1. . . ....x5 and y1. . . ...y5 are
the individual feature components such that x1 = y2 and x3 = y5

Similarity = |X ∩ Y |
|X ∪ Y |

(6)

|X ∪ Y | = 8, |X ∩ Y | = 2, Similarity = 2
8 = 0.25

3.4. Confidence score

The confidence score is used in predictions made by models. For binary classification
or a yes-no answer, it predicts 0/1 based on a score known as the confidence score. A
confidence score is a number between 0 and 1, representing the likelihood that the output of
a machine learning model is correct and will satisfy a user’s request. One way to interpret it,
is by considering a ’yes’ or ’1’ if the value is > 0.5, where 0.5 serves as the minimum confidence
score or threshold. Increasing the threshold will result in lower recall and improved precision.

4. Proposed methodology

The working of the proposed method is explained in Section 4.1 followed by the
algorithm in Section 4.2 and finally the complexity analysis in Section 4.3.

4.1. Working of the algorithm

The step-by-step working of the algorithm is mentioned below:
Step 1 (Divide Dataset): To simulate the semi-supervised setup, a part of the dataset is
unlabeled and the labeled portion is divided into train and test as shown in Figure 1.

Figure 1: Splitting the dataset
Step 2 (Train using classifier and add label to unlabeled): The selected

classifier is trained on the training dataset and the unlabeled portion is now labeled using
the classifier as shown in Figure 2.

Step 3 (Construct different sample sets from the pseudo label and form
augmented training set) : This sample of pseudo labeled data is added to the training
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Figure 2: Labeling the unlabeled to pseudo label
set each time to form an augmented training set as shown in Figure 3.

Figure 3: Construction of Augmented set

Step 4 (Select K features from each augmented set based on MI and
Redundancy Level): Using the set, feature selection is performed based on MI and re-
dundancy threshold to form n feature sets into the Master Feature Set(MFS) as shown in
Figure 4.

Figure 4: Construction of Master Feature Set
Step 5 (Select K features into FFS based on frequency count and Re-

dundancy Level): Once these n feature sets are obtained in MFS, voting has been done
to select the final k features into Final Feature Set(FFS) as shown in Figure 5. Here, the
redundant features are eliminated.

Figure 5: Retrieval of the Final Feature Set



164 A. K. DAS, S. GOSWAMI, A.CHAKRABARTI AND B. CHAKRABORTY [Vol. 24, No. 1

4.2. Algorithm RSSFS (Repeated Sampled Semi-Supervised Feature Selection)

Input (D L: Labeled Dataset,D U : Unlabeled Dataset, C : Classifier, α: Redundancy
Threshold, I : No of Iterations, p:Randomness, K : No of Features (can be an absolute value
or a percentage))
Output: FFS // Final Feature set
Initialization :
MFS → ϕ ,FFS→ ϕ// MFS and FFS are set to empty set
Step 1: Divide D L into Train + Test
Step 2: Train C on Train and predict the labels for D U and Assign to D Pseudo.
Step 3:Construct D Augment
For iteration (i) 1 to I

Step 3a: p % of observations selected from D Pseudo and Assigned to D PseudoSamplei

Step 3b: D PseudoSamplei are added to Train to form D Augment i
Step4: Select K features from D Augment i to form Master Feature Set(MFS)

Step 4a: Set K to 0
For iteration (i)= 1 to I

Step 4b: The First feature is added to MFS i based on maximum mutual infor-
mation with the target variable

Step 4c: The next feature is added which has the next highest mutual information
and does not cross the redundancy Threshold α, with any of the selected features in MFS i.

Step 4d: Increment K, Continue up to K features
Step 5: Compose the final feature set FFS from the MFS

Step 5a: Out of the I * k features in MFS, count the frequency of the features
Step 5b: The first feature is added to FFS, based on the highest frequency
Step 5c: Set K =1
Step 5d: The next feature is added which has the next highest frequency count and

does not cross the redundancy Threshold α, with any of the selected features in FFS
Step 5e: Increment K, Continue up to K features

Return FFS

4.3. Case study

Let us assume that we have a dataset with thirty features, denoted as f1 to f30, for
binary classification. T represents the redundancy threshold, and our goal is to select the
top 20 % of non-redundant augmented features, which starts as an empty set. So, by the
end of step five, after six iterations, the features selected by RSSFS, i.e. ssl set, and the
supervised set, i.e. sl set, are mentioned using their column indices which are as follows:

ssl set = [ [1,3, 7, 11, 13,21], [1,3, 10, 12, 20,22], [1,3, 9, 11, 23,25], [1,3, 7, 19, 17,30],
[1,3, 7, 11, 20,29], [1,5, 7, 11, 23,30] ]

sl set = [ [3.7,11,17,21,28], [3.7,11,17,21,28], [3.7,11,17,23,19], [3.7,11,18,25,29],
[3.7,9,16,27,22], [3.6,10,12,24,26] ]

The most frequent features from ssl set and sl set are enlisted in the freq ssl set and freq sl set
respectively as shown next.

freq ssl set = [1,3,7,11,23, 30]
freq sl set = [3.7,11,17,21,28]



2026] REPEATED SAMPLED SEMI-SUPERVISED FEATURE SELECTION 165

Find the similarity between the frequent feature sets of semi-supervised and supervised.

Similar features = [3,7,11]
|Similarfeatures| = 3
Total features = [1,3,7,11,17,21,23,28,30]
|Totalfeatures| = 9

Similarity = |Similarfeatures|
|Totalfeatures|

= 3/9 = 33.33% (7)

4.4. Computational complexity

With n being the number of samples and d being the number of attributes, time
complexity of feature selection is O(nd). Finding the frequent feature set from the feature
sets has a complexity of O(nd). The complexity of evaluating the precision and recall of
the frequent feature sets is O(n). Hence, the overall complexity is of the quadratic order as
evident in equation 9 shown next.

T (n) = O(nd) + O(nd) + O(n) (8)
T (n) = O(nd) (9)

5. Simulation experiment

In this Section, the working environment is described in four subsections which com-
prises of the dataset description, the experimental setup, the parameter sensitivity analysis
and the performance metrics used.

5.1. Dataset description

The datasets used are available in public online repositories of the University of
California, Irvine [c.f. Lichman et al. (2013)]. The proposed algorithm is compared with
the benchmark having all the features and the supervised feature selection having the top
k% features. These three methods were conducted on eighteen datasets. Among these, six
datasets have binary classes, while twelve datasets have multi-class labels, with the isolet
dataset having a maximum of twenty six classes. The dataset with the highest number
of features used is six hundred and seventeen in the isolet dataset. The dataset with the
maximum number of patterns used is 42,158 in the Dry Bean dataset. Details of the datasets
are provided in Table 2.

While working, it has been observed that some of the datasets were similar to each
other in terms of input size, where the input size of a dataset is the product of the number
of records and the number of features/attributes in the dataset. These datasets are then
categorized into the same group. Ultimately, this categorization resulted in the creation of
three distinct categories based on input size. The first category i.e. Group A has an input
size up to 50000, whereas the input size for the second group, B, is from 50001-300000, and
for the third group C, it ranges from 300001-1000000. The main reason behind this approach
is to study and analyze the performance of the three methods across these three different
categories having varying input size.
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Table 2: Details of the datasets used

Sl No. Dataset Records Features InputSize Category
1 lung cancer 32 57 1824

Group-A/1 (0-50000)

2 wine 178 13 2314
3 lymphography 147 19 2793
4 cleave 297 13 3861
5 sonar 208 60 12480
6 Vehicle 846 18 15228
7 wbdc 569 30 17070
8 ctg 2126 34 72284

Group-B/2 (50001- 300000)
9 Colon 62 2000 124000
10 Arythmia 452 279 126108
11 mfeat-karhunen 2000 64 128000
12 texture 5500 40 220000
13 Spambase 4601 57 262257
14 digits 1593 256 407808

Group-C/3 (300001-1000000)15 Dry Bean 42158 16 674528
16 ECG 4998 140 699720
17 isolet 1559 617 961903
18 Madelon 2000 500 1000000

5.2. Experimental setup

i. The processor used is a Core i5, with 8GB of memory.
ii. The operating system used in this context was Windows 10, 64-bit, and the computing

environment Python 3.6 was used for the experiments. Various Python libraries were
also utilized.

iii. The classifier used is the decision tree classifier.
iv. This experiment was conducted having different proportions of unlabeled, training,

and test data. Initially, the dataset was divided into a ratio of 50% unlabeled, 30%
training, and 20% test data. The dataset was trained using a random 30% of the
samples. This knowledge was then used to produce pseudo-labels for the remaining
50% of unlabeled data.

v. A separate test was performed where the proposed algorithm was compared against
Supervised Feature Selection (SFS) which was retrieved from the labeled samples only
having an equal number of features compared to RSSFS, and the Benchmark having
all the features.

vi. While performing feature selection for all the three methods the top k% non-redundant
features were selected. The value of k is chosen to be twenty in this case, as ten would
be very insignificant and thirty would be much more significant.

vii. The final feature set for RSSFS and SFS is retrieved by selecting the most frequent
features from n feature sets retrieved in n iterations with different seed values. The
value of n is chosen to be one hundred in this case, as it would provide an average of
the results on different random samples.
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viii. While selecting features it is ensured that the correlation between the features in the
feature subset is less than 0.67.

ix. Additionally, the goal was to assess the category-wise performance, which is the av-
erage accuracy of these three methods that is calculated for all the datasets within a
particular category.

x. For each dataset, feature selection for RSSFS is performed using the mixed train-
ing set, which combines original and pseudo labels, to select the top k% of original
non-redundant features. From this feature set, metrics are calculated for the semi-
supervised set. Similarly, using the original training set, feature selection for SFS is
conducted to select the top k% of original non-redundant features, and classification
metrics are calculated for the supervised set. This process is repeated for one hundred
iterations. Next, from the two feature sets, each composed of one fundred feature sets,
each of size k, the frequency of each feature in both sets is determined. Based on the
frequency of the features, two feature sets are finally composed, each containing the k
most frequent features.

5.3. Parameter sensitivity analysis

In the adopted strategy RSSFS, the parameters chosen are redundancy threshold α,
number of iterations I and randomness parameter p, and fine-tuning these parameters may
affect the proposed algorithm to a certain extent as discussed next.

i. Redundancy threshold α: The redundancy threshold used is 0.67. This is because
if the value is increased to 0.75 or 0.72, sometimes in an iteration a fixed number
of k features cannot be retrieved, as it goes down to less than k features say k-1 or
k-2 features which results in a different number of feature components in different
iterations. Hence the strategy is sensitive to the redundancy threshold.

ii. Number of iterations I : The number of iterations used uniformly for all datasets
was one hundred. However, for certain datasets, it was tested with one hundred and
twenty but the metrics calculated such as precision, recall and F1-score did not vary
much. Hence, the method is not sensitive to a much higher value of I.

iii. Randomness parameter p: The randomness parameter p used here is 60% which
suggests that for a distribution of one hundred samples with 50% unlabeled samples
only 60% i.e. thirty pseudo samples are added to the earlier training set. If the
randomness is further increased, then there is a chance of picking the majority of the
pseudo samples. Also if the randomness is decreased then again there is a chance of
picking less number of augmented samples into the training set. In both ways, the
earlier training set augmented may be affected, where either the pseudo samples may
dominate, or, the training set from label data may have more preference. Hence the
method is sensitive to randomness parameter.

5.4. Performance metrics

In the case of RSSFS and SFS, on computing the mutual information for all original
and extracted features, the top 20% of features were selected. To validate the proposed
methodology, three perspectives or views were utilized, as described below:
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i. The classification performance metrics used for comparing the performance of the semi-
supervised feature set against the supervised feature set included precision, recall and
F1 scores.

ii. For visualizing graphically, sensitivity and specificity were also considered from where
the AUC(Area Under the Curve) was computed.

iii. To assess the stability of the feature sets, stability by similarity was calculated. This
involved determining the percentage of common feature components in both the sets.

iv. As the proposed algorithm was compared against the benchmark and Supervised Fea-
ture Selection(SFS), a t-test was conducted to analyze the statistical significance.

6. Results and discussion

In this Section, the results of the research work conducted are provided, followed
by a comprehensive discussion. The result analysis is mainly divided into four Subsections
namely comparison test, t-test, analysis of similarity of feature sets and AUC analysis.

6.1. Comparison test: performance of RSSFS against Benchmark and SFS

In each iteration, the performance is evaluated thrice, first using the entire feature
set that sets the benchmark, secondly, using a semi-supervised training set i.e. the pro-
posed algorithm (RSSFS), and third using a portion of the train set with labels which is the
supervised mode of feature selection. After one hundred iterations, the average precision,
recall and F1 Score are recorded. Here, the proposed algorithm with 20% features is com-
pared against two methods, firstly the benchmark having 100 % features, and secondly, the
Supervised Feature Selection (SFS) with 20% features.

The results of the performance of these methods are shown next in Table 3 for all
the 18 datasets used individually. Also, the average scores of the performance metrics used
i.e. precision, recall and F1 Score for each of the three categories A, B and C have been
computed to draw a conclusion. From Table 3, the observations are mentioned as follows :

• In Group A, the proposed algorithm outperforms supervised feature selection by 1.68%,
1.58%, and 1.65% in precision, recall, and F1 Score, respectively. Also, it lags behind
the benchmark by a marginal amount i.e. 0.44%, 0.54% and 0.34% in precision, recall
and F1 Score respectively.

• In Group B, the proposed algorithm outperforms supervised feature selection by 5.18%,
4.38%, and 4.85% in precision, recall, and F1 Score, respectively. Also, it exceeds the
benchmark by 1.7%, 2.15% and 1.92% in precision, recall and F1 Score respectively.

• In Group C, the proposed algorithm outperforms supervised feature selection by 1.52%
in precision, 2.26% in recall, and 1.89% in F1 Score. Also, it lags behind the benchmark
by 0.85%,0.17% and 0.51% in precision, recall and F1 Score respectively.

• In each of the three categories, the proposed algorithm has outperformed the supervised
feature selection, and is at par with the benchmark.
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Table 3: Comparison of the performance of the proposed algorithm against
Benchmark and Supervised Feature Selection

Benchmark RSSFS Supervised Feature Selection
Sl No. Dataset Avg.Pr. Avg.Re. F1 Avg.Pr. Avg.Re. F1 Avg.Pr. Avg.R. F1

1 lung cancer 56.42 38.57 45.82 65.07 52.85 58.33 64.81 51.42 57.35
2 wine 97.56 97.22 97.39 90.67 89.58 90.13 90.43 88.19 89.3
3 lymphography 72.66 74.85 73.74 77.27 74 75.6 75.41 72.66 74.01
4 cleave 57.21 59.5 58.34 52.94 55.16 54.03 50.93 54.66 52.73
5 Sonar 79.48 78.57 79.03 72.19 72.02 72.11 71.9 71.42 71.66
6 Vehicle 68.08 68.52 68.3 69.94 69.67 69.81 65.32 66.29 65.81
7 wbdc 94.35 94.3 94.33 94.58 94.52 94.55 92.15 92.1 92.13

Group-A Average 75.11 73.08 73.85 74.67 72.54 73.51 72.99 70.96 71.86
8 ctg 91.03 90.61 90.82 90.08 90.07 90.08 86.7 86.9 86.8
9 Colon 77.12 74.61 75.85 77.11 75.38 76.24 71.35 68.46 69.88
10 Arythmia 71.13 72.97 72.04 68.33 71.78 70.02 50.26 59.88 54.65
11 mfeat-karhunen 92.56 92.37 92.47 91.89 91.62 91.76 88.67 88 88.34
12 texture 78.75 78.78 78.77 93.04 92.99 93.02 92.74 92.69 92.72
13 Spambase 92.54 92.51 92.53 92.91 92.9 92.91 92.53 92.5 92.52

Group-B Average 83.86 83.64 83.75 85.56 85.79 85.67 80.38 81.41 80.82
14 digits 86.31 86.01 86.16 86.8 87.28 87.04 81.92 81.27 81.6
15 Dry Bean 90.71 90.68 90.7 90.15 90.11 90.13 89.77 89.73 89.75
16 ECG 98.61 98.62 98.62 98.67 98.67 98.67 98.42 98.42 98.42
17 isolet 85.88 84.58 85.23 84.1 85.41 84.75 84.51 83.05 83.78
18 Madelon 69.77 69.65 69.71 67.32 67.22 67.27 64.82 64.91 64.87

Group-C Average 86.26 85.91 86.08 85.41 85.74 85.57 83.89 83.48 83.68

Table 4: Comparative summary of the performance of the proposed algorithm
against Benchmark and Supervised Feature Selection

Benchmark RSSFS Supervised Feature Selection
Sl No. Dataset Avg.Pr. Avg.Re. F1 Avg.Pr. Avg.Re. F1 Avg.Pr. Avg.R. F1

1-7 Group-A 75.11 73.08 73.85 74.67 72.54 73.51 72.99 70.96 71.86
8-13 Group-B 83.86 83.64 83.75 85.56 85.79 85.67 80.38 81.41 80.82
14-18 Group-C 86.26 85.91 86.08 85.41 85.74 85.57 83.89 83.48 83.68

Avg. 81.74 80.87 81.22 81.88 81.35 81.58 79.08 78.61 78.78

To further summarize the performance of the proposed algorithm against the Bench-
mark and Supervised Feature Selection(SFS) a study is done as shown next in Table 4.

Analyzing Table 4, the observations are mentioned as follows:

• Across eighteen datasets, the proposed algorithm, RSSFS outperforms supervised fea-
ture selection (SFS) by 2.79% in precision, 2.74% in recall, and 2.79% in F1 Score.

• Also, the proposed algorithm, RSSFS excels over the benchmark by 0.13%,0.48% and
0.36% in precision, recall, and F1 Score, respectively.

To compare the behavior of F1 Scores across different input sizes categorized into distinct
classes, please refer to Figure 6. Analyzing Figure 6, it is evident that the proposed algorithm
has dominated over the benchmark and SFS in Group-B and Group-C. For an alternative
perspective, the digit dataset was used to capture multiple readings of F1-scores through a
box plot as displayed in Figure 7 next.

On analyzing the box plot on the digit dataset as shown in Figure 7 above, the
observations are mentioned as follows:
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Figure 6: Comparison of performance of RSSFS against benchmark and SFS

Figure 7: Box plot of F1 scores of the most frequent feature set for digit dataset

• The benchmark and SFS have performed better than the proposed algorithm concern-
ing accuracy based on F1 Scores.

• The Interquartile Range(IQR) for the proposed algorithm is around 6%, whereas that
of the benchmark and SFS is around 7% and 9% respectively, which suggests a lesser
dispersion for the proposed algorithm.

6.2. Test of statistical significance through t-test

Since the number of samples was eighteen that is than thirty, a t-test was used instead
of a z-test. The t-test was applied to compare the performance of our proposed algorithm
against Supervised Feature Selection (SFS). The resulting p-value was found to be less than
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Table 5: Comparison of similarity of frequent feature sets between proposed
algorithm and SFS, and, proposed algorithm and benchmark

Sl
No.

Dataset Similarity be-
tween RSSFS
and SFS (%)

Similarity between
RSSFS and Bench-
mark (%)

1 lung cancer 41.17 33.33
2 wine 50 50
3 lymphography 33.33 60
4 cleave 50 50
5 Sonar 33.33 20
6 Vehicle 100 60
7 wbdc 33.33 20

Group-A Average 48.74 41.9
8 ctg 55.55 75
9 Colon 66.07 43.9
10 Arythmia 45.45 12
11 mfeat-karhunen 85.71 85.67
12 texture 60 30
13 Spambase 84.61 71.42

Group-B Average 66.23 53
14 digits 33.33 42.46
15 Dry Bean 60 100
16 ECG 60 40
17 isolet 39.35 32.62
18 Madelon 23.45 11.73

Group-C Average 43.23 45.36
Mean 42.64 39.4
Standard Deviation 15.07 26.91

0.05, indicating that the 2.79% improvement achieved by our proposed algorithm over SFS is
statistically significant. In contrast, the 0.36% reduction in performance compared to using
all features was not statistically significant.

6.3. Analysis of stability using the similarity of feature sets

The extent of similarity between the feature components found in the feature sets of
the proposed algorithm and those of supervised feature selection and the benchmark, is a
crucial aspect of the study, thus serving as an indicator of stability. Therefore, a detailed
comparison is made between the most frequent semi-supervised feature set along with the
most frequent supervised feature set retrieved after n operations, and the full feature set
considered for the benchmark is presented in Table 5 next.

From Table 5, it can be observed that the mean similarity between the benchmark
and RSSFS is 39.4%, and the mean similarity between SFS and RSSFS is 42.64%. The
similarity between the most frequent feature sets from the two methods, namely the proposed
algorithm and the supervised mode of feature selection along with the full feature set of the
benchmark, are also evaluated as they provide insight into the stability of the feature sets.
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This is pictorially represented in Figure 8 as shown next.

Figure 8: Similarity of the feature sets of the proposed algorithm against bench-
mark and SFS in all categories

From Figure 8, it can be seen that the similarity of the feature components of the
proposed algorithm with the benchmark and that of the supervised feature selection is in
the range of 40-60% approximately in all the three categories.

6.4. Analysis of the Area Under the Curve (AUC) from the RoC curve

Another way to justify the proposed algorithm is by considering metrics such as
sensitivity and specificity. In this analysis, the AUC was calculated from the RoC [c.f.
Fawcett (2006)]. The performance of the proposed algorithm is compared against Supervised
Feature Selection (SFS) using the sonar dataset as shown next in Figure 9 and the isolet
dataset as shown in Figure 10. The classifier used in these tests is decision tree.

On analyzing both the figures 9 and 10, the observations are mentioned as follows:

i. For the sonar dataset, the proposed algorithm outperforms SFS, exceeding it by 0.42%
in terms of AUC, as shown in Figures 9 (a) and (b).

ii. For the isolet dataset, the proposed algorithm again outperforms SFS significantly,
exceeding it by 6.67% in terms of AUC, as shown in Figures 10 (a) and (b). Hence for
both the categories A/1 and category C/3 the proposed algorithm excels over SFS.

7. Conclusions

The proposed work aimed to implement feature subset selection in partially labeled
datasets, with the majority portion being unlabeled. This methodology was evaluated on 18
datasets and compared against all features and supervised feature selection . For comparison,
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(a) SFS (b) RSSFS
Figure 9: sonar dataset–RoC curve and the AUC

(a) SFS (b) RSSFS
Figure 10: isolet dataset–RoC curve and the AUC

conventional performance metrics and similarity measures were used. On analyzing across
18 datasets,the major observations are summarized as follows:

i. 20% of selected features of the proposed algorithm outperformed the 20% features of
the supervised set and the benchmark having the full feature set, by 2.79% and 0.36%
respectively based on the F1 Score.

ii. The mean similarity of the feature components of the feature sets among benchmark
and RSSFS is 39.4%, while the mean similarity among the feature sets of SFS and
RSSFS is 42.64%.

In datasets where the number of labeled data is much less, maybe 5-10% at most,
with 90-95% having unlabeled data, it is challenging for the proposed algorithm, and here,
the performance metrics may be affected. Also, in datasets where there is a clear imbalance
in the number of classes /label representations, then the proposed method is prone to failure
as it may learn in a biased environment given the dataset.

While the proposed work has been validated on representative datasets, future re-
search will focus on improving the model’s performance in scenarios where labeled data is
extremely limited. Also in datasets, where there is a class imbalance problem, this presents
an intriguing opportunity to develop a feasible solution.
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Apart from predicting the labels, this work can also be applied in those domains where
the availability of data on relevant features is scarce. In conclusion, it is anticipated that
the significant gap between clustering and classification will greatly diminish. In essence,
both methods can be viewed as special cases of semi-supervised learning, where either only
labeled data or only unlabeled data is available.
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