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Abstract: Imbalanced data classification is an important problem in the field of computer science.
Traditional classification algorithms often experience a decrease in accuracy when the data distri-
bution is uneven. Therefore, measures need to be taken to improve the balance of the dataset and
enhance the classification accuracy of the model. We have designed a data resampling method
to improve the accuracy of classification detection. This method relies on the negative selection
process to constrain the data evolution process. By combining the CRITIC method with regression
coefficients, we establish crossover selection probabilities for elite genes to achieve an evolutionary
resampling process. Based on independent weights, the feature analysis improves by 3%. We evalu-
ated the resampled results on publicly available datasets using traditional logistic regression with
cross-validation. Compared to the other resampling models, the F1 score performance of the logistic
regression five-fold cross-validation is more stable than the other methods using the two sampling
results of the proposed method. The effectiveness of the proposed method is verified based on F1
score evaluation results.

Keywords: classification algorithms; imbalanced data; similarity measure; evolutionary process

1. Introduction

Imbalanced data analysis is a common problem in machine learning and data mining,
referring to the situation where there is a significant imbalance in the number of samples
among different classes or labels in a training dataset. For example, in a binary classifica-
tion problem, one class has a much larger number of samples compared to the other. This
situation often occurs in the medical field, such as the diagnosis and prediction of rare
diseases; in text classification tasks, such as sentiment analysis and spam email detection; in
image classification, such as anomaly detection in medical imaging and vehicle recognition;
and in credit scoring, where imbalanced data are a common issue due to the majority of
individuals having good credit records. These mentioned fields and datasets are just a
small part of the research on handling imbalanced data, and researchers choose appro-
priate methods based on specific application domains and data characteristics. Currently,
traditional machine learning methods for imbalanced data classification mainly include the
following approaches:

(1) Traditional machine learning methods, including: decision trees, random forests,
support vector machines, etc. [1,2].

(2) Deep learning methods, including: convolutional neural networks (CNNs), recurrent
neural networks (RNNs), and long- and short-term memory networks (LSTM) [3–5].

(3) Ensemble learning methods, including: Bagging, Boosting, etc. [6,7].
(4) Feature engineering methods, including: feature selection, feature extraction, etc. [8,9].
(5) Model fusion methods, including: voting method, weighted average method, etc. [10,11].

In the past few years, traditional machine learning methods have demonstrated certain
advantages in handling imbalanced data classification. Algorithms such as decision trees
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and random forests can effectively handle high-dimensional data and nonlinear relation-
ships. However, these methods have limited scalability and generalization capabilities
when dealing with large-scale data. On the other hand, deep learning methods have
shown better accuracy in imbalanced data classification. Convolutional neural networks,
for instance, can automatically extract features and handle high-dimensional data. Addi-
tionally, ensemble learning methods and feature engineering techniques can enhance the
performance of classifiers. Model fusion methods can combine the strengths of multiple
classifiers, thereby improving classifier accuracy.

However, the problem of imbalanced data still brings challenges to traditional classifi-
cation algorithms, which reduces the classification accuracy and leads to poor performance
of the model in practical applications. To solve this problem, it is necessary to take measures
to improve the balance of the data set. Here are a few ways:

(1) Resampling methods: This includes over-sampling, under-sampling, synthetic sample
generation, and data augmentation techniques to improve the robustness and accuracy
of classification algorithms. Taking the synthetic sample generation algorithm as an
example, SMOTE (Synthetic Minority Over-sampling Technique) generates minority
class samples to increase their quantity.

(2) Data collection and preprocessing: During the data collection stage, the distribution
of samples should be considered, and efforts should be made to ensure the balance of
the dataset [12,13]. Methods such as feature selection and feature extraction can be
used to remove irrelevant or redundant features and improve model performance.

(3) Class weighting: During the model training process, assign greater weight to minority
class samples to emphasize their importance. Class weighting is often implemented
in the loss function.

To solve this problem, we try to build an integrated resampling model to alleviate the
impact of imbalanced data on the detection model. The main points are as follows:

(1) Utilizing the combination of negative selection process and evolutionary theory,
constraints are placed on the selection of resampled data, elite gene crossovers, and
mutation processes.

(2) Based on independent weights to enhance feature selection efficiency, supervised
learning methods are used to improve the recognition process of data feature bound-
aries, such as special treatment for minority classes (e.g., sampling them or assigning
them special weights).

The remaining parts of this chapter are arranged as follows: In Section 2, the current
research related to imbalanced data is discussed, and possible directions for optimization
are presented. In Section 3, a Negatively Evolved Resampling (NER) model is constructed
based on the identified optimization and improvement directions. In Section 4, the model
is tested, and the results are compared with other resampling detection models. Section 5
analyzes the test results.

2. Related Work

The limitations of resampling methods include high computational complexity, the
need to store all training data, and vulnerability to noise and outliers. Therefore, optimizing
these processes is crucial for evolutionary methods. Currently, the relevant research work
is summarized in Figure 1.

2.1. Data Sampling

In fields such as medical diagnosis, earth sciences, and engineering machinery, these
domains often exhibit noticeable characteristics of imbalanced data.
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In the traditional k-nearest neighbors (kNN) model, it is crucial to have known la-
beled samples for predicting the labels of unknown samples [14]. The majority voting
rule may overlook outliers or anomalies in uncertain data, resulting in significant bias
in the prediction outcomes. A commonly employed approach for handling imbalanced
data is resampling based on the local mean or median of kNN. Jaafor et al. [15] proposed
a model to deal with data imbalance. By learning the training set in advance and then
distance-weighting the test data, the model’s learning noise was reduced, which increased
the sensitivity of the model to the characteristics of data samples. Bao [16] and Ying [17] pro-
posed a method of data resampling and filtering to improve the anomaly detection model
recognized by the kNN algorithm through data mining of high-dimensional unbalanced
data. Han [18], Li [19], and Xu [20] all adopted the support vector machine (SVM) in their
respective studies to realize a kNN optimization model for data sample class allocation in
the data statistics process. Mavrogiorgos et al. [21] proposed a rule-based data cleaning
mechanism that uses Natural Language Processing (NLP) to address imbalanced data in
the healthcare domain. By using specific grammar similarity algorithms, the “NLP engine”
in the proposed method helps to validate the reusability of rules and data patterns, saving
time and minimizing computational costs.

Resampling methods can be categorized into two categories: over-sampling and
under-sampling. Over-sampling involves increasing the number of samples in the mi-
nority class to balance the dataset. Examples of over-sampling methods include random
over-sampling, SMOTE, and ADASYN. On the other hand, under-sampling reduces the
number of samples in the majority class to achieve balance. Examples of under-sampling
methods include Random under-sampling, Tomek links, and Edited Nearest Neighbors.
Zhang et al. [22] proposed the instance-weighted SMOTE (IW-SMOTE) algorithm, which
indirectly utilizes distribution data to enhance the robustness and universality of SMOTE,
achieving good results.

Additionally, there are hybrid methods that combine over-sampling and under-
sampling, such as SMOTE-ENN and SMOTE-Tomek. These methods simultaneously
increase the number of minority class samples and reduce the number of majority class
samples to create a more balanced dataset. The choice of resampling method depends on
the specific problem, dataset, and algorithm. Sometimes, using a combination of different
resampling techniques can yield better results. However, it is important to note that exces-
sive over-sampling may lead to overfitting problems, and under-sampling may result in
the loss of useful information. Therefore, when using resampling methods, it is necessary
to adjust and evaluate them reasonably based on the specific situation.

2.2. Feature Selection

Choosing the most relevant features reduces the impact of noise and improves the gen-
eralization ability of the model. Since high-dimensional features increase the computational
cost of a classification detection model, it is necessary to obtain a set of important features
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through feature selection methods to improve the efficiency of the model. Adding sample
weights when calculating data distances improves the accuracy of model classification.

Feature recognition is crucial for nearest neighbor classification models as the bound-
ary of data samples is determined by the feature values. Currently, research on feature
recognition algorithms mainly falls into two aspects: traditional feature extraction methods
and deep learning feature extraction methods. Traditional feature extraction methods are
mainly used to extract useful information from raw data. These methods are commonly
used for structured data such as images, audio, text, and time series data, converting them
into numerical features for further processing by machine learning models. Some classical
data feature extraction algorithms are used for dimensionality reduction, noise removal,
and increasing discriminability, including Principal Component Analysis (PCA) [23], Lin-
ear Discriminant Analysis (LDA) [24], Singular Value Decomposition (SVD) [25,26], and
Wavelet Transform (WT) [27,28], among others.

Deep learning feature extraction methods can automatically learn complex feature rep-
resentations from data, helping models recognize and understand patterns and information
in the data. Some popular deep learning data feature extraction methods include convolu-
tional neural networks (CNNs) [29], recurrent neural networks (RNNs) [30], autoencoders
(AEs) [31], and other pre-training models.

The research status of feature recognition algorithms is still evolving and currently
faces several challenges. Firstly, the processing of large-scale data requires more efficient
and accurate algorithms, especially in deep learning algorithms, where better training sets
and reliable network structure designs are needed. Secondly, the robustness of features
needs to be further improved to combat the influence of noise, fuzziness, and other issues.
Finally, the interpretability of features and their applicability in different scenarios are also
issues that need to be addressed.

Researchers have proposed various approaches to address these challenges. Keller [32]
proposed a fuzzy boundary kNN model based on the membership relationship between
data, which has higher recognition efficiency for specific data samples. Xia et al. [33]
achieved certain results in detecting and recognizing the boundaries of data points using
the reverse k-nearest neighbor technique. Kumar et al. [34] proposed a variant of a neural-
network-based kNN model that restricts the boundaries of unknown data within the
maximum distance of known data types, optimizing the overall computational efficiency of
the classification model. Czarnowski et al. [35] combined a weighted ensemble classification
method with a technique for handling class imbalance problems. They proposed and
validated a new hybrid method for data stream learning, which uses over-sampling and
instance selection techniques to transform class distribution into a more balanced dataset.
Experimental results showed that this method effectively improves the performance of
online learning algorithms.

Overall, feature recognition algorithms are continuously evolving, aiming to improve
efficiency, robustness, interpretability, and applicability in various scenarios.

2.3. Spatial Distance Measurement Strategy

Distance metric optimization strategies include standardizing features to have zero
mean and unit variance, reducing dimensionality using techniques like PCA or t-SNE,
assigning appropriate weights to features based on their importance, learning a discrim-
inative metric using methods like Siamese Networks or Mahalanobis distance learning,
and combining multiple distance measures through ensemble learning or distance measure
combination. These strategies aim to improve the performance and generalization ability
of the model in machine learning and pattern recognition tasks by optimizing the choice
and calculation of distance metrics.

(1) Kernel Method: Optimization of distance measurement is realized by mapping sam-
ples to high-dimensional feature spaces [36,37]. Larson, N. B. et al. [38] evaluated the
nuclear method for the genetic association analysis process and concluded that the
nuclear method has good robustness and flexibility. Cakmakhusi S. D. et al. [39] pro-
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posed a DDoS detection scheme based on the Mahalanobis distance nuclear method,
and the experimental results proved the effectiveness of the scheme.

(2) Local distance weighting: According to the non-uniformity of data distribution, the
sample vectors in different regions are weighted by different distances, which can
effectively deal with the problem of uneven data distribution. Tang, C. et al. [40]
proposed an unsupervised feature selection method based on multi-graph fusion and
feature weight learning to carry out weighted reconstruction of local data of samples.
Experimental data verified the effectiveness of local distance weighting.

(3) Learning distance metrics: By utilizing training data to establish an optimal distance
metric matrix or metric function, the performance of such models can be enhanced
by optimizing for specific tasks and datasets. Sung, F. et al. [41] used the distance
measurement method based on the neural network model to carry out classification
tasks in small sample scenarios and achieved good results.

(4) Distance measurement based on information theory: Based on the principle of in-
formation theory, optimization is achieved by maximizing the information entropy
of distance measurement. This method can effectively improve the robustness and
generalization ability of the model. Campo D. S. et al. [42] proposed a new distance
metric mutual information and entropy to identify phenotypic correlation of genetic
distance measurement. Shannon entropy was used to measure the heterogeneity
of individual locations, and coordinated replacement of mutual information metric
locations was realized.

The bottleneck of distance measurement lies in the strong support needed from math-
ematical theory, and existing technology may not be able to achieve higher accuracy and a
wider range of measurement. Additionally, the dimensionality of data plays a crucial role in
data measurement. Factors such as weather conditions, light intensity, and terrain changes
can affect the accuracy of temperature measurement, necessitating additional data process-
ing. Processing and analyzing large-scale measurement data require efficient algorithms
and computing power, which also brings cost pressure. Furthermore, the development
and improvement of new technology require substantial investment. When the high cost
directly relates to the use of the technology, it can limit the promotion and application of
new technology.

3. The Negation Evolutionary Resampling Method

In this section, based on the research related to the negative selection algorithm
model [43], combined with evolutionary algorithms, a construction of the resampling
method is aimed at improving the resampling process through supervised learning of the
spatial attribute feature relationships between data. The overall framework of the negative
evolutionary resampling method is shown in Figure 2, with the goal of improving the
prediction efficiency of the model.
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3.1. Spatial Distance Similarity

In the negation evolutionary model, the choice of distance function is very important
for the accuracy of classification results. Common distance functions include Euclidean
distance and cosine similarity. In order to ensure the reliability of evolutionary data, it is nec-
essary to prioritize which distance measurement method should be adopted. We compared
three common spatial distance measurement methods by considering the performance of
real-valued data in space.

For given vectors X and Y, the Euclidean distance formula is:

deuclidean =

√
n

∑
i=1

(Xi −Yi)
2 (1)

The cosine similarity can be represented as:

dcosine =
n

∑
i=1

(Xi ×Yi)/

(√
n

∑
i=1

X2
i ×

√
n

∑
i=1

Y2
i

)
(2)

The Bray–Curtis distance can be represented as:

dBrayCurtis = ∑
i
|Xi −Yi|/ ∑

i
(Xi + Yi) (3)

Under the condition of high-dimensional data, the detection model uses the Bray–
Curtis distance measure for the similarity measure of data, as shown in Formula (3). Figure 3
is obtained by using randomly generated multi-class data sets for verification. Because
Bray–Curtis distances take into account the ratio between features rather than the absolute
number, the classification results may be more accurate for some datasets. Specifically, the
Bray–Curtis distance is more robust for features with vastly different numbers, so it can
better handle a large number of outliers and is suitable for very sparse data or data with a
large number of zeros, in which case the Euclidian distance loses its effect, and the cosine
distance may not be applicable.
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However, the Bray–Curtis distance measurement method needs to standardize the
values between samples, and different standardization methods may lead to differences in
distance calculation results, which makes it difficult to compare models between different
data sets. Especially when there is a small abundance in the sample, there may be a
miscalculation and a transitive error, which may cause the distance structure between
certain environmental features to become complicated, and when there are a large number
of species, calculating the distance structure requires more computing time and memory.

3.2. Objective Weighting Strategy

The model uses the CRITIC objective weight [44] method to calculate the independent
weight value of data samples. CRITIC is based on the comparison strength of evaluation
indicators and the conflict between indicators to comprehensively measure the objective
weight of indicators [45]:

(1) Comparison intensity uses the standard deviation to represent the difference between
the values of the same index in each scheme.

(2) The correlation coefficient represents the conflict between indicators. If there is a
strong positive correlation between two indicators, the smaller the conflict, the lower
the weight will be.

In the Ss-kNN model, the relevant definition of the CRITIC objective weight process is
as follows:

Step 1 If D = (x1, x2, · · · , xn) exists, for any xi = (xi1, xi2, · · · , xim) composed of m vectors,
the original index matrix of the data sample to be detected is:

D =

x11 · · · x1m
...

. . .
...

xn1 · · · xnm

 (4)

Step 2 Conduct dimensionless processing in a positive way for any xij
∣∣i ∈ n, j ∈ m accord-

ing to Formula (4), to eliminate the influence caused by dimensional differences in
multiple cases.

xij =
xj − xmin

xmax − xmin
(5)

Step 3 Calculate the form of standard deviation through Formula (5), conduct comparative
processing on data sample indicators, and increase the difference of data sample
values for specific indicators.  xj =

1
n ∑n

i=1 xij

Sj =

√
∑n

i=1(xij−xj)
2

n−1

(6)

where Sj represents the standard deviation of the j index of any sample xi.
Step 4 In the objective weight method of CRITIC, indicator conflict determines the correlation

between indicators. The smaller the conflict is, the greater the similarity between
indicators; therefore, it is necessary to reduce the allocated weight of the indicator.
This index is calculated using the correlation coefficient as in Formula (6).

Rj = ∑p
i=1

(
1− rij

)
(7)

rij represents the correlation coefficient between i and j. The information carrying
capacity j of specific index Cj can be obtained as follows.

Cj = Sj · Rj = Sj ∑p
i=1

(
1− rij

)
(8)
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Step 5 Calculate the objective weight wj of the j index.

wj =
Cj

∑
p
j=1 Cj

(9)

3.3. Negative Evolutionary Resampling

To solve the data imbalance problem, we need to resample the data. In the negation
evolution process, based on Formula (9), the evolution process is constrained, and the
relevant definitions are as follows:

Def 1 If parental data exists, the determination of a corresponding similarity space radius
for each parental data can be achieved by locating the centroid of the parental data.

Def 2 According to the random selection process, randomly select two parents from the
parent data for crossover and mutation, while satisfying the following two constraints:

(1) If the similarity between parents is lower than the parent similarity threshold,
it is considered that the correlation between the selected parents is poor, and it
needs to be selected again.

(2) If the parent–offspring similarity threshold between the offspring produced
by the crossover and mutation process of the two selected parents exceeds
the spatial radius of any parent generation, the correlation between the off-
spring produced by the crossover and mutation is poor, and it needs to be
selected again.

Def 3 Divide the gene crossover process of the offspring into three parts according to the
feature distribution obtained by the objective weighted feature selection process;
namely, high elite genes part, median elite cols part, and low elite cols part. The
corresponding crossover rate is in the following Table 1.

Def 4 The time complexity of the random selection process in the process of negative
selection evolution is usually O(n), where n represents the number of individuals
in the candidate set. Specifically, the selection process can be carried out in the
following steps:

(1) Calculate the initial selection probabilities rate: The probability of selecting
each individual can be calculated based on their fitness values. By establishing
a decreasing selection count for each individual, the selection probability for
unselected individuals can be increased. Assuming that, in each iteration,
the chances of each individual in the parent sample array being selected are
dependent on the array total n and the number of iterations iteration, the
sampling chance op for the two cases is as follows:{

Over op = n×
(
r−iteration)

Under op = n×
(

1− (1− r)iteration
) (10)

(2) The initial selection probability rate is calculated based on the following condi-
tions: r is a positive value, and when over-sampling is performed, it takes the
value r = [1, 2) . The larger r is, the faster the data n will reduce. On the other
hand, when under-sampling is performed, it takes the value r = [0, 1) . The
smaller r is, the faster the data n will grow:

rate = opx/sum(opn) (11)

Selection process: Based on the calculated selection probabilities, individuals are
randomly selected from the candidate pool as parents for the evolutionary process. If
any selected parent individual meets the constraints, their selection chance is reduced,
and their selection probabilities are recalculated using Formula (11). As the recalculated
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selection process usually involves traversing the entire candidate pool, the time complexity
remains O(n).

Table 1. Evolutionary crossover rate.

Elite Cols Cross Rate

High 100%
Median 50%

Low 25%

4. Model Testing
4.1. Data Analysis

The problem of imbalanced data affects various aspects of people’s lives, such as
the healthcare sector. Imbalanced medical data pose a significant challenge as the collec-
tion and sharing of data are often limited by legal, privacy, and security concerns. This
leads to an imbalance in datasets, which can have a negative impact on medical research
and diagnostics.

In the field of education, there exists an imbalance in learning resources and oppor-
tunities among students from different socio-economic backgrounds and geographical
locations in certain areas. This can result in a dataset where data from specific groups are
more abundant while data from other groups are relatively scarce, thereby affecting the
accurate analysis of overall educational development trends.

In the socio-economic domain, imbalanced socio-economic data are also a common
issue. Economic data from some countries or regions may receive complete and accurate
recording, while data from other countries or regions may be incomplete or inaccurate.
This can impact the overall understanding of global or regional economic development
and decision making.

The Credit Card Fraud Detection dataset [46,47] is primarily used as the testing dataset
in the model evaluation process. It consists of credit card transaction records from a subset
of European regions.

Based on the observation of the time distribution in Figure 1, there is no clear time
boundary between fraudulent and non-fraudulent data. According to the description of
the dataset, it is highly imbalanced, with only a small portion of transactions labeled as
fraudulent. The dataset contains a total of 284,807 transactions, of which only 492 are
fraudulent, accounting for 0.172% of the total transactions.

In addition, this dataset contains 30 variables, 28 of which are the variables obtained
by PCA, which are used to protect the privacy of traders.

Therefore, the exact meaning of these variables is unknown; only the time and amount
variables represent the time and the numerical value of the specified feature. Figure 4
is based on these two numerical values. At the same time, the 28 variables obtained by
the PCA method should have a linear relationship, and the preliminary analysis results
of data characteristics were verified by using the Lasso regression method, as shown in
Figure 5 below. From the correlation analysis in Figure 5, it can be seen that there is a
significant correlation between the relevant indicators in V1-V18 for fraudulent data, while
the correlation coefficients for V19–V29 and Amount are relatively low. Using the Lasso
feature correlation analysis results for ranking, we obtained Figure 6, which shows that
in fraudulent data, the columns after the Time attribute make almost no contribution to
feature analysis.
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4.2. Test Environment and Parameters

The algorithm test environment was deployed based on the Ali Cloud ecs.c5.large
computing server (8 vCPU 16 GiB (I/O optimization)). The system environment was Linux
Ubuntu 21.10 5.4.1-117-Generic Desktop version, and the test Python version was 3.9.

During the test, the sample of the data set was set as D, based on the train_test_split
function (split parameters were 0.2), and the training set was randomly split into Train and
Test, where Train ∪ Test 6= ∅.

4.3. Resample the Comparison Models

The resampling comparison model used was the imblearn toolkit, which includes
over-sampled and under-sampled models, as shown in Table 2.

Table 2. Resampling comparison models and their parameters.

Over_Sampling Parameters Under_Sampling Parameters

RandomOverSampler

sampling_strategy = 0.15

RandomUnderSampler
sampling_strategy = 0.1BorderlineSMOTE NearMiss

ADASYN ClusterCentroids
SMOTE EditedNearestNeighbours -

SVMSMOTE TomekLinks -
OneSidedSelection -

5. Results
5.1. Feature Weighting Analysis

Through the objective weighted feature selection strategy, the results of retained
feature values are obtained in Figure 7. The weighted feature selection score is 3% higher
than the unweighted feature selection score on average, which means that, under the
weighted condition, the data features are effectively expanded, and the column attribute
order has also changed to some extent.



Electronics 2023, 12, 3212 12 of 19

Electronics 2023, 12, x FOR PEER REVIEW 12 of 19 
 

 

4.3. Resample the Comparison Models 
The resampling comparison model used was the imblearn toolkit, which includes 

over-sampled and under-sampled models, as shown in Table 2. 

Table 2. Resampling comparison models and their parameters. 

Over_Sampling Parameters Under_Sampling Parameters 
RandomOverSampler 

sampling_strat-
egy = 0.15 

RandomUnderSampler 
sampling_strategy = 0.1 BorderlineSMOTE NearMiss 

ADASYN ClusterCentroids 
SMOTE EditedNearestNeighbours - 

SVMSMOTE TomekLinks - 
 OneSidedSelection - 

5. Results 
5.1. Feature Weighting Analysis 

Through the objective weighted feature selection strategy, the results of retained fea-
ture values are obtained in Figure 7. The weighted feature selection score is 3% higher 
than the unweighted feature selection score on average, which means that, under the 
weighted condition, the data features are effectively expanded, and the column aĴribute 
order has also changed to some extent. 

 
Figure 7. Feature selection results of feature selection strategy based on objective weighting. 

5.2. Data Negation Evolutionary Resampling Results 
According to the analysis results of the above data characteristics, the first two col-

umns of data characteristics are selected based on the ranking order. The data distribution 
diagram using the over-sampling results of the traditional nearest neighbor model is ob-
tained in Figure 8, while Figure 9 shows the data distribution using the over-sampling 
results of the negative evolutional resampling method. It can be seen that, after using the 
negative evolutional resampling method to over-sample the data, the distribution of the 
data is consistent with the distribution shape of the minority class data. Compared with 
other comparison models, this method can beĴer preserve the characteristics of the mi-
nority class data and enhance the data, improving the recognition rate of classification 
detection models for minority types. 

Figure 7. Feature selection results of feature selection strategy based on objective weighting.

5.2. Data Negation Evolutionary Resampling Results

According to the analysis results of the above data characteristics, the first two columns
of data characteristics are selected based on the ranking order. The data distribution
diagram using the over-sampling results of the traditional nearest neighbor model is
obtained in Figure 8, while Figure 9 shows the data distribution using the over-sampling
results of the negative evolutional resampling method. It can be seen that, after using
the negative evolutional resampling method to over-sample the data, the distribution of
the data is consistent with the distribution shape of the minority class data. Compared
with other comparison models, this method can better preserve the characteristics of the
minority class data and enhance the data, improving the recognition rate of classification
detection models for minority types.
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pling process.

Similarly, based on the analysis results of the data characteristics, the first two columns
of data characteristics are selected according to the ranking order. The data distribution
diagram using the under-sampling results of the traditional nearest neighbor model is
obtained in Figure 10, while Figure 11 shows the data distribution using the under-sampling
results of the negative evolutional resampling method. It can be seen that, after using the
negative evolutional resampling method to under-sample the data, the distribution of the
data is consistent with the distribution shape of the majority class data. Compared with
other comparison models, this method can greatly retain the characteristics of the majority
class data.

The F1 score is informative for evaluating the performance of resampled data. In
the cases of imbalanced data, the F1 score combines precision and recall to accurately
assess the model’s predictive ability on minority classes. By using the F1 score, we can
gain a comprehensive understanding of the model’s performance on minority classes and
subsequently optimize the model to improve the accuracy of minority class detection.
Logistic regression cross-validation F1 scores for different sampling methods are shown in
Figure 12 below.
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Figure 11. Data distribution of under-sampling results based on the negation evolution resam-
pling process.
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To verify the effectiveness of the resampled data, we used the logistic regression
method for 5-fold cross-validation and took the average to calculate the F1 score metric
for the resampled data. Additionally, we conducted a correlation analysis on the data’s
attributes and obtained Figures 13 and 14. Figure 13 shows that the negative evolutional
resampling method outperforms other similar algorithms in terms of the F1 score metric
for over-sampling data. Furthermore, Figure 14 clearly identifies the differences in the
selection of minority class data through the attribute correlation analysis of the resampled
data. The negative evolutional resampling method makes the under-sampling data more
intuitive, as shown in the adjacent heatmap, where the under-sampling results make the
differences in attribute correlation between different types more prominent.
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6. Conclusions

A method combining the negative selection process with the evolutionary algorithm
is proposed to address the severe bias and data imbalance issues in nearest neighbor classi-
fication models for high-dimensional and complex small-sample data. The effectiveness
of this method has been verified through experiments. In the data evolution process, the
negative selection method is used as an evolution filtering condition to ensure the accuracy
of data evolution during over-sampling and under-sampling, while maintaining a certain
correlation between parent and offspring generations. Through logistic regression verifi-
cation, a higher F1 score indicates that the data obtained through the negative evolution
resampling process not only avoids erroneous predictions as much as possible but also
identifies all positive instances as much as possible. Therefore, the over-sampling and
under-sampling results obtained through the negative evolutionary resampling process
enhance the data. However, this method still has certain limitations:

(1) The time complexity of the random selection process in the evolutionary method is
usually O(n), where n represents the number of individuals in the candidate set. In
the selection process of the evolutionary algorithm, each individual has a probability
of being selected, which is usually related to its fitness. This process has a complexity
of O(n) in data selection. When two parent generations are randomly selected, the
time complexity of the random selection process is still proportional to the scale
of the number of individuals in the candidate set, resulting in a sharp increase in
computational time as the data increases, making the time efficiency of the model in
the resampling process inferior to other resampling methods.

(2) When using probability sampling or random sampling, there is a possibility that
the sampled samples may not represent the population being studied, leading to
problems related to “sample bias” or “selection bias” in statistics.

(3) Mathematical models based on biological evolution theory are still a simplified and
idealized representation. They are based on specific assumptions and premises and
cannot fully cover the complexity of the real world. Therefore, the evolutionary
data constraints and related parameters set by the model do not strictly follow the
biological evolutionary process, resulting in limitations in the crossover and mutation
process of data, which also affects the accuracy of data evolution.
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To improve the efficiency of random value selection in the data evolution process, the
following improvement directions are proposed for optimization in future experiments:

(1) In addition to using parallel computing or utilizing GPUs for large-scale data cal-
culations, explore using more feature analysis to obtain global elite genes, reducing
the selection process of random values in the data evolution process and improving
computational efficiency.

(2) In determining the conditions for local elite genes, besides using objective weighting
methods to determine the relationship between local features, utilize data cleaning
methods in multi-label data classification to determine differentiated attributes of
independent class labels as local elites for evolutionary operations.

(3) Employing cloud computing [48] as a foundation for processing complex feature
analysis eliminates redundant computations on locally similar data. This enables the
establishment of a data analysis workflow, ultimately minimizing the execution time
for each analysis.

By implementing these improvements, the computational efficiency of the method can
be enhanced, making it more applicable to real-world applications with high-dimensional
and imbalanced data. Additionally, we aim to promote the proposed mechanism to address
the issue of elite gene selection without considering the domain of the dataset.

We also plan to add more ML algorithms to the process of negation selection so that
the mechanism can choose the most suitable algorithm for each scenario. Lastly, one
of our main goals is to implement the evaluation of basic attributes of unknown data,
similar to the random selection of the parent generation in viruses and enable autonomous
replication and growth processes. This process will enhance the applicability and efficiency
of data resampling methods across different data types, especially in classification and
identification models for medical diagnosis.
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