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ABSTRACT

Multi-label classification (MLC) seeks to make multiple predictions for an in-
stance by identifying associations between labels, thereby enhancing prediction
capability. The paper presents a new method for combining improved chicken
swarm optimization (ICSO) feature selection with recurrent neural networks
(RNNs) for MLC. ICSO overcomes feature selection issues and minimizes noise
and redundancy in imbalanced datasets, whereas RNNs learn label dependencies
to achieve higher accuracy. It is initially normalized using the Z-score method
and then analyzed for dimensionality reduction using principal component anal-
ysis (PCA). Our approach is more accurate, more precise, better at recall, and
achieves higher F-measure and specificity, and a lower error rate than current
methods such as multi-label k-nearest neighbors (ML-KNN), fuzzy rough set
learning with label-specific features (FRS-LIFT), and adaptive synthetic data
for multi-label classification (ASD-MLC). The paper shows that ICSO is use-
ful for augmenting RNN-based multi-label classification and may be applied in
medical diagnosis and bioinformatics.
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1. INTRODUCTION
Instance (or) attribute can be connected to numerous labels called multi-label classification in super-

vised learning. In contrast, each occurrence in a conventional single-label classification jobs (i.e., binaries or
multi-classes) get connected singular class labels. Multi-label contexts are gaining popularity which are being
applied on a variety of domains including texts, audio, images, videos, bioinformatics, and their referrals [1].
The most popular method for classifying data with multiple labels are training different classifiers on labels.
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The binary relevance (BR) transformation is the standard name for this process. In essence, an issue with many
labels is reduced to a single binary problem for each label, and any commercial binary classifier is then applied
to each of these problems separately. The fact that relationships between labels are not explicitly modeled and
those strategies to account for these dependencies essentially limit entire multi-label methods [2].

The so-called issue transformation methods (where multi-label issues are turned into multi-class or
binary issues) have been used to create numerous effective multi-label algorithms up to this point. These
techniques repeatedly copy or iterate across the feature space in memory. The majority of the best perform-
ing techniques also include ensembles, such as with boosting, decision trees, and support vector machines
(SVMs). In other words, majority of competing approaches might greatly profit. MLC issues belong into one
of two groups: algorithm adaptation techniques or problem transformation. The label powerset (LP) problem
transformation method considers each distinct collection of labels for a multi-label dataset as a single label.

Traditional methods issues for multi-label classification: The efficacy of deep learning (DL) models
on the physical examination data is assessed utilizing a variety of machine learning (ML) techniques [3], [4].
A series of conventional ML techniques are applied in this field, along with a few techniques created especially
to address multi-label classification issues [5], [6]. While the other conventional approaches applied to multi-
label issues, they typically require some dataset manipulation for the technique to accurately comprehend
dataset targets. Stated differently, it converts a dataset with multiple labels into a single-label dataset that has
several classifications. This kind of conversion has been handled utilizing a wide variety of methods. Multi-
label classification issues fall into two broad categories: problem transformation and algorithmic adaptation
techniques. An approach to problem transformation is referred to as the LP, in which every distinct set of labels
for a dataset with multiple labels is regarded as a single label. It is thought of as a power set, this particular set
of labels. These power sets are utilized for training a classifier so that it can provide predictions. This specific
strategy is employed in several of the ways that follow to handle multi-label categorization. Nevertheless,
modifying the data to fit this format has certain disadvantages. LP datasets frequently result in a large number
of described classes and few training sample instances for each class. DL approaches have an added benefit
over comparable issue transformation methods in that they can train on the original data without requiring any
kind of data conversion. These DL techniques are similar to those employed for system adaptation.

A multi-label problem’s early investment in lowering the number of feature variables is far more likely
to produce appreciable speed-ups during learning and classification since more succinct representations of the
feature space are often significantly more useful than in the single-label situation. However, this strategy has
only been taken into account in a small amount of the multi-label literature. The implicit assumption when
building a model from the raw instance data is that the labels come from this data and can be retrieved straight
from it. In most cases, however, certain abstract notions serve as the basis for both the labels and the feature
variables. To avoid these problems in proposed work introduced an efficient model for multi label classification.
− Initially the Z-score; normalizations are executed on inputs;
− Principal component analysis (PCA) is employed for dimensionality reduction;
− Feature selection is done by using improved chicken swarm optimization (ICSO) to reduce unwanted and

noise attributes;
− This work uses recurrent neural networks (RNNs) for multi label classifications in this work.

The paper proposes an improved version of the ICSO feature selection algorithm and RNNs MLC
algorithm to the problem of imbalanced datasets that is not successfully addressed by the existing methods.

2. RELATED WORKS
MLC is an important task in ML, where each instance is associated with multiple labels. Traditional

methods, such as BR and problem transformation techniques like LP, transform MLC problems into binary or
multi-class classification problems. The approaches, however, do not technically elaborate the label dependen-
cies and the issue of unbalanced datasets; crucial limitations in most real-world applications [1], [2].

In MLC, feature selection is a very important process particularly with high-dimensional data. Tech-
niques of feature selection such as minimum redundancy maximum relevance (mRMR) have been extensively
used and optimization methods such as the ant colony optimization (ACO) and genetic algorithms (GA) have
been utilized to help minimize the dimension size and enhance the results of classification. MLC have also
been done by the use of chicken swarm optimization (CSO), a biologically-inspired optimization algorithm, in
feature selection. But CSO is susceptible to local optima problems, which may constrain its usefulness. Re-
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cent progress brought about the emergence of ICSO, which overcomes these concerns by evolving a mutation
operator, which has a better capacity to navigate the feature space better and pick up the features to be used in
classification tasks [3], [4]. The work is based on ICSO, which is used to select features efficiently to classify
multiple labels, in particular, imbalanced datasets.

MLC has recently received a lot of interest because of the dependencies between labels with time using
DL, especially RNNs, which can capture label dependencies across time. RNNs variants such as long short-
term memory (LSTM) and gated recurrent units (GRU) have proven incredibly effective in MLC challenges
and especially in data that has temporal or sequential dependencies. Applications of these models have been
effective in tackling partly text classification, image classification and bioinformatics problems which also
represent multi-label problems. Recent research investigated collaborative learning techniques to acquire label
semantics and label-specific features with DL models to multi-label learning tasks [5], [6]. Nevertheless, these
models are usually fraught with difficulties encountered when using the imbalanced datasets, which is where
our method of using ICSO in the selection of features and RNN in the classification becomes useful.

A combination of optimization algorithms and ML models to create hybrid approaches has proven
effective in enhancing MLC. A modified ACO to feature selection has shown superior classification and less
run time. Multi-target regression techniques have been used in other similar studies to reduce discrepancies
between target variables. Our work presents a new hybrid methodology, with the ICSO feature selection method
together with RNNs MLC method, overcoming the problem of label dependence and imbalanced dataset better
than their respective counterparts [7], [8].

The problem of imbalanced datasets is a significant issue in MLC since the models are frequently
biased to one of the most common classes, and thus fail to predict the labels of the minority classes. A number
of studies have used synthetic data generation methods, including synthetic minority over-sampling technique
(SMOTE) and adaptive synthetic sampling to cope with this issue. These measures assist in creating a trade-off
between the data, by creating artificial examples of the minority group. ICSO will scale down irrelevant features
in our method, and Imbalanced data is dealt with through the use of RNNs to model the label dependencies.
The performance of our method is better in accuracy, precision, recall and specificity compared to existing
methods [9], [10].

Recent developments in the feature selection methods such as gray wolf optimization (GWO) and
ACO have demonstrated a significant degree of enhancement in classifications. The techniques are commonly
applied together with ML models to enhance the effectiveness of multi-label classification. The combination of
ICSO and RNNs in our solution does not only optimize the feature selection process, the problems of unequal
datasets are solved as well and this makes our method more resistant and more precise than the traditional
methods [11].

3. PROPOSED METHOD
Proposed work steps are: i) preprocessing based on Z-score normalizations, the initial components of

the proposed model, ii) PCA reduces dimensionalities, iii) feature selections are done using ISCO, iv) RNNs
finally classify multi-labels, and v) performance comparison done with assessment metrics including accuracy,
recall, precision, f-measure, error rate and specificity. Figure 1 depicts overall methodology of the proposed
scheme.

Figure 1. Overall methodology of the proposed model
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3.1. Data normalization using Z-score normalization model
Data pre-processing is used to confirm the avoidance of data overwhelmed with each other. Data from

various scales are converted to data on same scales using Z-score normalization. Values are normalized using
means and standard deviations of features A in Z-score normalizations method and as depicted (1):

v′ =
v − Ā

σA
(1)

Where, v′ stands for new data entries, v represents old data entries, σA represents standard deviations of A, and
Ā implies means of A.

3.2. Dimensionality reduction using principle component analysis
These normalized inputs are then sent to the dimensionality reduction procedure to lessen the computa-

tional complexity after normalization [9]. PCA is used in this study to reduce the number of dimensions. PCA,
a dimensionality reduction technique, combines the initial attributes in a linear manner to produce new features.
Instances of given datasets discovered in d-dimensional spaces are mapped using PCA to k-dimensional sub-
space where. The k newly generated dimensions that make up principle components aim for maximal variances
while avoiding variation that have already been taken into account by all of its prior components. As a result,
the first component accounts for the highest volatility, whereas each succeeding component accounts for less
variation [10]. In (2) represents principal components.

PCi = a1X1 + a2X2 + . . .+ adXd (2)

Where PCi represent principle components ‘i’, Xj represents original features of j, and aj implies X ′
js numer-

ical coefficients. A linear link among two variables’ direction and size are expressed statistically as correlation.
The covariance matrix is produced in the context of PCA using correlation. This square matrix displays the
pair wise correlations of all variables in the dataset. The diagonal elements of covariance matrices represent
variables’ variances, while off-diagonal components represent covariance between different combinations of
variables. Correlation coefficients are standardized measures of correlations in the range of -1 to 1, can obtain
strengths and directions of variables’ linear links. The perfect positive and negative correlations are shown by
correlation coefficients of 1 and -1, respectively. The lack of a linear relationship among the two variables
is indicated by a correlation value of 0. The initial variables are combined linearly to produce the principle
components in PCA, which maximise the variation explained by the data. The correlation matrix is used to
determine principal components.

Given a dataset with n variables, correlation matrices C are nxn symmetric matrices having the fol-
lowing components (x1, x2, ..., xn) in (3):

Cij = (sd(xi) ∗ sd(xj)) / cov(xi, xj) (3)

Where cov(xi, xj) simply correlations between variables xi and xj and sd(xi, xj) represent standard deviations
of variable sd(xi) and d(xj) , respectively. Correlation matrices C can be expressed as (4):

C =
XTX

(n− 1) (n− 1)
(4)

XT and X are variables of correlation matrices.
In the context of the PCA technique, the term ”orthogonality” to the formation of the principle com-

ponents as being orthogonal to one another and its restrictions are written as (5):

ai1 ∗ aj1 + ai2 ∗ aj2 + ... + aip ∗ ajp = 0 (5)

if i ̸= j for all i and j, it implies that any two loading vectors for dissimilar principal components have
their dot product as zero, which denotes that the principal components are orthogonal to one another. The
eigenvectors are used to compute the key elements of the data. Data eigenvectors of covariance matrices reveal
considerable variability. These coordinates are then used to build new coordinates for data is representations.
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The letters C stand for the covariance matrix. v1, v2, ..., vp in mathematics, whereas the associated eigen values
are denoted by the letters 1, 2,..., p. The eigenvectors are computed so that (6) holds:

C vi = λi vi (6)

This implies eigenvectors vi produce associated eigen values λi as their own scalar multiples when
multiplied by covariance matrices C. The calculations of principal components in data using PCA method
depends critically on the covariance matrices which are pxp matrices and compute pairwise covariance between
data elements. Given data matrices X with n observations over p variables, the correlation matrices C can be
defined as (7):

C =

(
1

n

)
∗ XTX (7)

Where XT implies transpositions of X . The off-diagonal sections of C represent the variables’ covariances,
whereas the diagonal components of C represent the variables’ variances.

3.3. Feature selection using improved chicken swam optimization
Once the dimensionality reduction process is completed it sends to the feature selection phase. In this

work improved select features.

3.3.1. Chicken swam optimization
CSO is a meta-heuristic optimisation technique with biological influences. The software simulates

both the motions of individual chickens and hierarchical structures of chicken swarms. A chicken swarm is
organised hierarchically, with each group consisting of a roosters and large counts of hens and chicks [11].
Different types of chickens are governed by various rules of motion. In chicken social interactions, hierarchy
is essential [12], [13]. The hens and roosters in groups’ edges are more submissive with domineering hens
that stay closer to head roosters in flocks and where the stronger hens will rule over the less competent ones.
Local optimum characteristics are a common pitfall for traditional CSO. This work utilises the CSO mutation
operator to get around this issue. Flip bit mutation was employed in this work. This mutation operator flips the
bits in the genome of choice. That is, the genomic bit is changed from 1 to 0 and vice versa if it is currently 1.

3.3.2. Improved chicken swarm optimization
Chicks’ behaviours form the base for of ICSO’s mathematical models and summarized as:

− Flocks of chicks have many groups with roosters in control followed by hens and chicks.
− Fitness values of chickens depict swarms’ hierarchies where roosters function as group leaders, have good

fitness values in contrast to chicks which have very low fitness values. The other group would be the
chickens.

− A group’s mother-child attachment, dominance relationship, and swarm hierarchy will not change and sta-
tuses get updated after time steps (G).

− The counts of virtual chickens in swarms are denoted by letters RN (roosters), CN (chicks), HN (hens), and
MN (mother hens). Figure 2 shows the ICSO flow chart. Their locations are indicated by (8):

xi,j(i∈[i,........N ], j∈[1,.....,D]), (8)

Rooster movements: according to (9) and (10), roosters with higher fitness levels forage for food in
multiple locations than those with lowered fitness.

xt+1
i,j = xt

i,j ∗
(
1 +Randn

(
0, σ2

))
(9)

σ2

{
1, iffi ≤ fk , |

exp
(

fk−fi
|fi|+∈

)
otherwisek ∈ [1, N ] , k ̸= i,

(10)

Where xi,j implies indices I of chosen roosters, Randn(0, sigma2) signify distributions (Gaussian) having
zero as mean and standard deviation of σ2 ,∈ s smallest constants assist in avoiding zero-division-errors, k
stands for randomly selected roosters indices, fi stands for x′

is rooster values.
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Figure 2. ICSO

Hen movements: these follow roosters for food, but when being confined they seize foods of other
birds. More dominant hens have an edge over more submissive ones in competitions for food. In (12) and (13)
are mathematical formulations of these events.

x
(t+1)
(i,j) = xt

(i,j) + S1 rRand
(
xt
(r(1,j)),

− xt
(i,j)

)
+ S2 Rand

(
xt
(r(2,j)),

− xt
(i,j)

)
(11)

S1 = exp ((fi − fr1) /abs (fi)+ ∈)) (12)

S1 = exp ((fr2− fi)) (13)

Where Rand stands for consistent randomized number in the interval [0,1]. Roosters’ indices are represented
by r1 ∈ [1, . . . .., N ] i.e. ith hen group-mates, while r2 ∈ [1, . . . .., N ], suggests selected randomized indices
of chickens (hens or roosters) from swarms.
Chick movement: the movement of chicks for food searches can be formulated as (14):

xt+1
i,j = x

t

i,j
+ FL ∗

(
xt
m,j − xt

i,j

)
(14)
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Where xt
i,j stands for ith chick’s mothers; positions such that m ∈ [1;N ], FL stands for the speeds which chicks

trail their mothers based on differences between chicks (FL) randomly selected in the range [0,2]. Feature
values in ranges of 0 to 1 necessitates intelligent searches for locating best points in search spaces that maximize
fitness functions. Given the training data, the CSO’s fitness function aims to maximise classification accuracy
across the validation set while retaining a minimal features counts, as stated in (15):

fθ = ω ∗ E + (1− ω)

∑
i θi
N

(15)

Where fθ implies θ vectors’fitness functions with 0/1 elements represent in gun selected features, N refers
to counts of dataset features, E refers to error rates of classifiers and ω constants control classifier’s features
selected counts for better performances. The feature counts in the provided dataset match the utilized variable
counts. Every variable has a range of [0, 1], and as the value of variables approach 1, associated features become
a candidate for selections in classifications. The variables in determining individual fitness are thresholds,
which set particular traits to be judged, as shown in (16):

fi,j =

{
1 ifXi,j > 0.5
0 otherwise,

(16)

Where Xij refers to dimension values of search agents i at dimension j and update firefly locations; solutions,
updated values at some dimensions might break constraints [0, 1], and therefore utilised as simple trunca-
tion rules to assure variable limits. The hierarchical swarm dynamics optimization (HSDO) algorithm is a
population-based metaheuristic optimization technique inspired by the hierarchical behavior and social struc-
ture of a chicken swarm.

Algorithm 1. A HSDO using dynamic role-based position updates
1. Initialise RN, HN, CN, MN, G;
2. Initialise chickens in swarms at random.
3. Xi (i = 1, 2, . . . , N);
4. Set the max iterations count Tmax.
5. while T < Tmax in iterations do
6. if T%G = 0 then
7. Position fitness ratings of chickens (Ranks) and generate hierarchical orders in swarms.
8. Separate swarms into groups and identify connections between chicks and mother hens inside groups;
9. end
10. for chickens Xi in swarms do 11. if Xi represent rosters then
12. Update locations of Xi with (10);
13. end
14. if Xi represent hens then 15. Update locations of Xi with (1);
16. end
17. if Xi represent chicks then
18. Update locations of Xi with (15);
19. end
20. Use (16) to evaluate new answers;
21. If the new solutions are better than prior ones, update them.
22. end
23. end
24. Execute flip bit mutations on modified answers.
25. Evaluate new answers with (16);
26. end

3.4. Multi label lassification using recurrent neural network
Following feature selection, the chosen feature subsets are categorised using RNNs. We employ feed

forward multi-layer perceptions as RNNs which use hidden layers (3) between inputs and outputs [14]. The
goal of training RNNs is reproduce input data patterns much closer to output layers and n outputs correspond
n training data features [15], [16]. Architecture of the RNN is shown in Figure 3. The number of hidden layers
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empirically decrease average reconstruction errors across all training patterns. The weighed sums of inputs to
layer k units I, represented as Iki, and activation functions Sk(Iki) decide on unit outputs.

θ = Iki =

Lk−1∑
j=0

wkijZ(k−1)j (17)

Zkj represents outputs from jth units of kth layers. Lk represents unit counts of kth layer. The follow-
ing represents activation functions of the hidden layers (k=2, 4):

Sk (θ) = tanh (akθ) k = 2, 4 (18)

Where ak imply tuning variables and equal one. Activation functions of intermediate hidden layers (k=3) are
similar to staircases, where N implies step counts or activation levels a3 refers to controlling rates at which
levels are advanced [17]:

S3 (θ) =
1

2
+

1

2 (k − 1)

N−1∑
j=1

tanh

[
a3

(
θ − j

N

)]
(19)

Hidden activation levels are quantized into arrays with N discrete values: 0, 1
N1 ,

2
N1 , ...1 [18]-[20]. Interme-

diate hidden layers’ step-wise activations divide evenly distributed data points into groups of discrete vector
values [21]-[25].

Figure 3. RNN

4. RESULTS AND DISCUSSION
4.1. Experimental procedure

This section discusses the recommended model’s experimental results. Adaptive synthetic data for
multi-label classification (ASD-MLC), feature selection using evolutionary algorithm for multi-label classifi-
cation (FSEA-MLC), fuzzy rough set learning with label-specific features (FRS-LIFT), and the current multi-
label k-nearest neighbors (ML-KNN) techniques are contrasted with the suggested RNN’s values of precisions,
recalls, accuracies, specificities, error rate, and f-measures. In this paper, Dermatology, Page Blocks, and
Shuttle datasets [21] are collected from KEEL repository. These datasets were divided into training (70%)
and testing (30%) datasets for each experiment by MATLABR2021(a) to assess the classification approaches
(Table 1). The proposed approach is contrasted with other popular techniques including ML-KNN, FRS-LIFT,
FSEA-MLC, and ASD-MLC algorithms. Metrics including accuracy, precision, recall, F-measure, specificity,
and error rate are used to evaluate classifier performance.

The paper proposes an improved version of the ICSO feature selection algorithm and RNNs multi-
label classification algorithm to the problem of imbalanced datasets that is not successfully addressed by the
existing methods.
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Table 1. Details of dataset
Dataset Imbalanced ratio Instance Features Labels
Dermatology 5.55 366 34 6
Page blocks 164 548 10 5
Shuttle 853 2175 9 7

4.2. Performance metrics
To rigorously assess the effectiveness of the proposed model in handling multi-label classification

on imbalanced datasets, a comprehensive set of evaluation metrics is employed. These metrics—including
precision, recall, accuracy, F-measure, error rate, and specificity—provide a multi-dimensional perspective on
classification performance by capturing both positive and negative prediction behavior.
− Precisions is refers to percentages of results which are relevant and defined as (20):

Precision =
true positive

true positive+ false positive
(20)

− Recalls refer to percentages of total accurate relevant results classified by proposed algorithms and defined
as (21):

Recall =
true positive

true positive+ false negative
(21)

− Accuracies are fractions of models’ correct predictions and defined as (22):

Accuracy =
tru positive+ true negative

Total
(22)

− An F-scores are harmonic means of computed precisions and recalls as (23):

F -score = 2×
[
precision× recall

precision+ recall

]
(23)

− Error rates refer to measuring degrees of prediction errors of models with respect to true models and com-
puted as (24):

Error rate = 100− accuracy (24)

− Specificity: the percentage of true negatives that the algorithm accurately recognizes is known as specificity.
And which is calculated as (25):

Specificity =
true negatives

true negative+ false positives
(25)

Figure 4 demonstrates the performance of the proposed RNN-based multi-label classification model
in terms of accuracy in comparison to other existing algorithms, including ML-KNN, FRS-LIFT, FSEA-MLC,
and ASD-MLC. The result of accuracy shows that the proposed RNN predictor performs much higher than the
other models (including ML-KNN, FRS-LIFT, FSEA-MLC, and ASD-MLC), having the accuracy of 94.5789%
on the Shuttle dataset.

Its recurrent structure allows the RNN model to innovate better performance since the model is able
to capture the temporal dependencies and complexities relationships existing between labels. The greater pre-
cision of the RNN can be explained by the dynamics of this method as it is able to learn based on previous
experiences and make more precise predictions as the next steps continue. Moreover, by definition, RNNs
can process sequential data more effectively than their traditional classifiers, and thus they have the benefit of
improving the classification accuracy, especially those with many labels of interest, where dependencies in the
labels are also important.

Figure 5 compares the precision performance metrics of the new RNN, the current ML-KNN, the
FRS-LIFT, the FSEA-MLC, and the ASD-MLC for multi label categorization. The methodologies are shown
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on the X-axis in the previous picture, and the precision results are shown on the Y-axis. Based on the results,
it can be said that the suggested RNN model, which has a precision of 94.0781%, outperforms the current
ML-KNN, FRS-LIFT, FSEA-MLC, and ASD-MLC models, which have respective precisions of 75.4419%,
78.3628%, 82.0435%, and 93.5990% for the Shuttle dataset.

Figure 4. Accuracy results Figure 5. Precision results

Figure 6 displays the comparison outcomesof the existing ML-KNN, FRS-LIFT, FSEA-MLC, and
ASD-MLC methods and proposed RNN for multi label classification in terms of recall. The techniques are
shown on the X-axis in the previous picture, and the recall results are shown on the Y-axis. The results demon-
strated higher recall values of 93.5671% for RNNs when compared to ML-KNN, FRS-LIFT, FSEA-MLC, and
ASD-MLC models for the Shuttle dataset, which generate 85.8645%, 87.5996%, 89.5523%, and 92.1842%,
respectively. Figure 7 compares the suggested RNN for multi label classification to the current ML-KNN,
FRS-LIFT, FSEA-MLC, and ASD-MLC algorithms based on F-measure performance metrics where proce-
dures form the X-axis while their f-measure results from Y-axis. From the outcome, the recommended RNN
framework generates greater f-measure results (93.5123%), whereas the current ML-KNN, FRS-LIFT, FSEA-
MLC, and ASD-MLC models generate, respectively, only 80.3101%, 82.7194%, 85.7645%, and 92.8362% for
the Shuttle dataset.

Figure 6. Recall results Figure 7. F-measure results

Figure 8 compares the proposed RNN for MLC to the existing ML-KNN, FRS-LIFT, FSEA-MLC,
and ASD-MLC algorithms in terms of error rate performance metrics. The illustration up above based on
error rate performance metrics where procedures form the X-axis while their error rates form Y-axis. From
theoutcomes, the recommended RNN system has a greater error rate of 5.4211%, but the current ML-KNN,
FRS-LIFT, FSEA-MLC, and ASD-MLC models only had error rates of 14.9491%, 12.0770%, 10.3799%, and
8.4217%, respectively, for the Shuttle dataset.

Improved chicken swarm optimization with RNNs for multi-label classification ... (M. Priyadharshini)



3324 ❒ ISSN: 2302-9285

Figure 9 shows the specificity performance of the proposed RNN model versus other algorithms like
ML-KNN, FRS-LIFT, FSEA-MLC, and ASD-MLC. The RNN model is better specific with high precision
of 97.6780% to the Shuttle dataset compared to 81.5660, 83.6670, 94.7890, and 96.7889 of the ML-KNN,
FRS-LIFT, FSEA-MLC, and ASD-MLC models respectively.

Figure 8. Error rate results Figure 9. Specificity results

The great specificity of the RNN model can be explained by the capacity to differentiate between true
and false negatives and to reduce false positives to minimum. This is particularly so in multi-label classifi-
cation problems where it is equally important to correctly identify non-relevant labels as it is to predict the
relevant labels. Since RNNs have a recurrent structure, they are able to capture better sequential dependencies
in sequential data, resulting in improved generalization and reduced miss-classifications. This is because of
its capabilities to remember past predictions of labels, which makes the RNN probability to predicate false
positives low, therefore enhancing specificity.

5. CONCLUSION
The study outcomes prove that the suggested MLC model with ICSO was effective to select features

and the use of RNNs to classify them. The model demonstrated a high accuracy of 94.5789% which is superior
over the current classification models, including ML-KNN, FRS-LIFT, FSEA-MLC, and ASD-MLC, in diverse
evaluation measures, including precision, recall, F-measure, and specificity.

The use of ICSO to choose features greatly enhanced the performance of the classification process
due to the elimination of unnecessary and noisy attributes and the quality of the RNN model relying on the
dependency of labels led to its high accuracy and specificity. The results show that ICSO and RNNs can help
to deal with the issue of MLC in skewed datasets.

This work not only contributes to the advancement of MLC in imbalanced datasets but also paves
the way for its application in critical domains like medical diagnosis and bioinformatics, where accurate and
efficient classification is crucial.

Future studies may consider the implementation of this model to other fields, e.g. medical diagnosis
and bioinformatics, to provide further support to its use. Also, it would be possible to increase the scalability
and ability of the model to bigger and more complex data to further increase its practical applicability.
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