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Abstract: Standard machine learning and deep learning architectures have been widely used in
the field of sentiment analysis, but their performance is unsatisfactory if the input texts are short
(e.g., social media posts). Specifically, the accuracy of standard machine learning methods crucially
depends on the richness and completeness of the features used to represent the texts, and in the
case of short messages, it is often difficult to obtain high-quality features. Conversely, methods
based on deep learning can achieve better expressiveness, but these methods are computationally
demanding and often suffer from over-fitting. This paper proposes a new adaptive evolutionary
computational integrated learning model (AdaECELM) to overcome the problems encountered
by traditional machine learning and deep learning models in sentiment analysis for short texts.
AdaECELM consists of three phases: feature selection, sub classifier training, and global integration
learning. First, a grid search is used for feature extraction and selection of term frequency-inverse
document frequency (TF-IDF). Second, cuckoo search (CS) is introduced to optimize the combined
hyperparameters in the sub-classifier support vector machine (SVM). Finally, the training set is
divided into different feature subsets for sub-classifier training, and then the trained sub-classifiers
are integrated and learned using the AdaBoost integrated soft voting method. Extensive experiments
were conducted on six real polar sentiment analysis data sets. The results show that the AdaECELM
model outperforms the traditional ML comparison methods according to evaluation metrics such
as accuracy, precision, recall, and Fl-score in all cases, and we report an improvement in accuracy

exceeding 4.5%, the second-best competitor.

Keywords: ensemble learning; evolutionary computing; support vector machine; feature selection;
natural language processing; sentiment analysis

1. Introduction
1.1. Background

With the rapid development of artificial intelligence, big data, and the Internet of
Things, online social network platforms have risen rapidly, generating a lot of social
news, user comments, conversation records, and other text information [1,2]. Sentiment
analysis (SA) has received considerable attention among researchers working in areas
such as natural language processing, computational social science, and marketing [3].
Mainstream SA methods are mainly divided into two categories: (1) shallow learning
models based on feature extraction, feature selection, and machine learning (ML) classifiers
and (2) deep learning (DL) models based on collaboration between preprocessing stage and
deep learning technology. However, standard ML methods for sentiment analysis of short
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texts have poor performance because it is hard to manually obtain high-quality features to
represent short texts [4,5]. In contrast, deep learning models often incur overfitting and
suffer from high computational costs [6].

We point out that a better feature extraction scheme coupled with a better machine
learning model could significantly improve the performance of an SA system designed to
work on short texts. On the one hand, in fact, advanced text feature extraction schemes
can more accurately express semantic information in short text data [7]. On the other hand,
a more refined machine learning model can obtain very accurate results by using a small
amount of computing resources with the advantage of exploiting a relatively simple model
structure [8,9].

Previous research work on SA for short texts applied standard machine learning
models such as support vector machine (SVM), mainly due to their ability to deal with
nonlinear relationships [10,11]. Luo et al. [12] found that SVM had better classification
accuracy than other classifiers when feature redundancy was small. In the context of
Arabic text classification, Marie-Sainte et al. [13] proposed a hybrid model combining
the firefly feature selection scheme and SVM to perform text classification; the proposed
system achieved an accuracy of 99.40% on OSAC data set. Li et al. [14] reviewed the
development of machine learning and deep learning methods for NLP tasks in the past
decade, especially in text sentiment classification models and feature extraction methods.
Li et al. [14] pointed out that DL models have achieved great success in several NLP tasks,
but the advantages of linear classifiers such as SVM in some text mining tasks cannot be
ignored [15]. However, the classical SVM model does not perform well in most text analysis,
and integrating other mechanisms, strategies, and schemes is useful. Zhang et al. [16] used
a locust optimization algorithm to select the optimal values of SVM parameters and formed
a classifier with strong adaptability for intelligent fault diagnosis of rotating machinery.
Zhou et al. [17] adopted the same optimization idea to propose the WOA-SVM model,
which achieved an accuracy of 95.65%. Inspired by the above work, we will use the cuckoo
search algorithm to optimize SVM and adapt it to the complexity of semantic mining in
sentiment analysis tasks.

However, when faced with large-scale complex tasks such as infrared small target
monitoring [18], autonomous driving [19], and natural language understanding [20], strong
classifiers are unable to obtain reasonable and reliable results during validation.

A promising strategy to improve the performance of a standard classifier is to consider
a pool of classification algorithms and to properly integrate these algorithms to generate the
final prediction. Kazmaier et al. [21] applied several heterogeneous integration strategies to
explore the configuration of sentiment analysis data sets from different industries. The ex-
perimental comparison results found that the integrated model had stronger text sentiment
classification ability than the optimal single strong classifier, and the median of several
integrated models was 5.53% higher than that of the strong classifier. Kazmaier et al. [21]
claimed that the integrated approach avoids the expensive computational consumption of
a single strong classifier while integrating a weak classifier for retraining can effectively
avoid the semantic mining ability of a single model. Bountakas et al. [22] proposed a new
spam mailbox detection method, HELPHED, which employed Stacking and soft voting. In-
tegrated approaches can process features in parallel, which yields significant computational
advantages. Moreover, the joint application of multiple classification algorithms (known in
the literature as ensemble learning) leads to better classification accuracy and improves
the generalization ability of an ML approach. However, ensemble learning methods have
non-negligible weaknesses: for example, the performance of some classifiers depends
crucially on some hyperparameters, and therefore, effective methods are mandatory to
determine the best hyperparameter configuration for each classifier before proceeding to
their integration.

This paper introduces a new computing framework AdaECELM, which uses the
optimal ML model as the base classifier for sentiment analysis of short texts. The model
integrates three modules: TF-IDF feature selection optimization processing, CS-SVM adap-
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tive optimization subclassifies and soft voting comprehensive learning, and finally obtains
an ensemble learning model with effective performance, stable effect, and strong general-
ization ability.

1.2. Our Contributions
The main contributions of this paper are as follows:

1.  TF-IDF was used to extract text features, and grid search was used to select the fre-
quency and optimize the features according to the sentence size of different data sets.

2. The intelligent optimization algorithm cuckoo search (CS) is introduced to adaptively
search the penalty coefficient C and kernel function radius gamma associated with a
support vector machine classifier (SVM).

3. The training set was split into multiple subsets, and a sub-classifier was trained on
each subset of the training set. The output of all sub-classifiers was combined to
generate the final prediction.

4.  Comparative experiments were carried out on six real data sets, including imdbs,
yelp, sen_pol, amazon_cells, SST-2, and IMDBR. Experimental results showed that
AdaECELM was superior to other machine learning models in all short text SA.
Therefore, the proposed AdaECELM short-text sentiment analysis computational
framework is superior to most existing models.

2. Related Works

The models presented in this paper are closely related to the fields of machine learning,
ensemble learning, and intelligent computing, and the literature in these fields will be
reviewed in this section.

2.1. Machine Learning

In recent years, machine learning methods, such as decision tree (DT), random forest
(RF), support vector machine (SVM), multinomial naive Bayes (MNB), and multilayer
perceptron (MLP), have been applied to text sentiment analysis tasks. Many researchers
believe that the optimization algorithm uses the NARM big data analysis method and can
be extended to the data mining process of artificial intelligence [23-27].

Hartmann et al. [23] propose a new pretrained sentiment analysis model, called
SiEBERT, and demonstrate the interpretative complexity of machine learning methods
through quantitative experiments and empirical frameworks, while the transfer learning-
based method has better sentiment analysis ability in this task. However, this approach
does not do much to validate and analyze the interpretability and performance improve-
ments that exist in machine learning. Li et al. [24] use RF to analyze the attitude of listed
companies toward environmental protection based on the text information on environ-
mental protection issue; experimental results suggest that policies and different industries
hold quite different opinions on carbon emissions. Han et al. [25] proposed a new sum
function fisher and applied it to SVM to analyze the sentiment orientation from an X (for-
merly known as Twitter) data set. The proposed method significantly improves vocabulary
and semantic information mining, but it only works for specific application scenarios
and performance improvement, and it does not draw a research conclusion of portability
and universal applicability. Aiming at the interpretability of sentiment analysis, Chen
et al. [26] propose a computational framework for logical knowledge learning (called CLK)
for SA tasks. Experimental results at different granularity show that the interpretation
generation and logical reasoning of CLK are highly consistent with the decision results
of implicit models. Cam et al. [27] combine lexical representation and machine learning
models to propose a new ML classifier and verify the effectiveness of the classifier through
extensive experiments.
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2.2. Ensemble Learning

Ensemble learning has been widely applied in the field of NLP. For example, Xu
et al. [28] propose an adaptive integrated text classification method, integrating enhanced
Text CNN into local and global stages, which has a higher classification effect on multiple
data sets. Zhou et al. [29] describe a new domain adaptive ensemble learning (DAEL)
framework that utilizes interactive information and domain adaptability to achieve a
higher level of recognition on multi-source UDA unlabeled targets and DG data sets. Alam
et al. [30] illustrate an integrated dynamic bible network integration algorithm (DEL)
and conducted extensive experiments on many real data such as cancer and diabetes;
experimental results prove that the integrated algorithm has a wide range of applications
and good generalization ability. Lee et al. [31] propose a simple and unified integration
method called SUNRISE, which effectively combines weighted Bellman backup based on
uncertainty and an inference method based on efficient exploration. Kaushik et al. [32]
address the challenges of association rule mining tasks in the real world and evaluate the
usability of a new discretization technique to overcome the difficulties and challenges in
this field. Through bootstrap random initialization, the diversity among different agents is
strengthened. Experiments show that SUNRISE can significantly improve the performance
of existing off-strategy RL algorithms in both continuous and discrete control tasks and
perform well in both low and high-dimensional environments.

2.3. Intelligent Computing

Since the rapid development of the computer field, researchers have proposed a variety
of intelligent optimization methods. Examples include cuckoo search (CS) [33], salp swarm
algorithm (SSA) [34], and golden jackal optimization (GJO) [35].

Compared with new algorithms such as SSA and GJO, CS has been applied to many
scientific and engineering optimization problems, and it displays very good optimization
performance. For example, Cao et al. [36] use the SARSA algorithm to build a reinforcement
learning cuckoo search algorithm (KCSA) and successfully apply it to flexible job shop
scheduling problems. She et al. [37] introduce gradient information to enhance local opti-
mization ability and adaptive strategies to increase population diversity, and the proposed
HAGCS algorithm has good effects in terms of convergence speed and calculation accu-
racy. Lin et al. [38] propose a cuckoo search optimization algorithm based on autoencoder,
factorization, and reinforcement learning, which achieves excellent performance.

Today, computational intelligence has evolved into a new phase of data-driven artificial
intelligence. In the task of sentiment analysis, advanced technologies such as BERT [39] and
GAT [40] have been applied to the fusion of computational intelligence and the processing
of NLP tasks [41,42].

2.4. Fairness in Sentiment Analysis

Sentiment analysis is a powerful analysis tool for extracting high-value information
from huge and rapidly time-varying sources. Like all approaches based on machine
learning and artificial intelligence, sentiment analysis algorithms must offer an adequate
level of fairness [43—46], defined as the property that ensures that a model does not generate
outputs that may discriminate (or harm) individuals or groups of individuals because of
sensitive information such as race, gender, religious conventions, or disability. A system
that tends to discriminate against some groups over others is defined as biased.

Building sentiment analysis models that ensure fairness is a moral obligation for the
researcher; in addition, many countries around the world are actively working to adapt
their legislation to penalize software systems that violate fairness. Beyond moral and
legislative obligations, ensuring fairness has deep consequences on the success of an ML
model and contributes to better acceptance of the system by its users.

Unfairness and bias can have many causes, and among them, we mention data im-
balance; that is, some segments of society may be underrepresented compared to others.
Several empirical studies assessing the fairness of certain sentiment analysis approaches



Appl. Sci. 2024, 14, 6802

50f 17

have been proposed in the literature. A further source of bias arises from data preprocessing:
at this stage, in fact, human choices (e.g., to include or exclude certain samples from the
training set, to include/avoid some features, etc.) could exacerbate the bias in the source
data. Natural language processing techniques could be biased since they could favor certain
languages and dialects over others [47]; finally, any errors on the labels attributed to the
sentences to be analyzed could affect the behavior of the sentiment analysis algorithm [48].

In general, measuring the fairness of a sentiment analysis model is very difficult
since the evaluation depends on the application context, and certain features used in the
training of the model could be sensitive in a specific application domain and non-sensitive
in other domains.

The process of measuring the level of fairness of a system and improving its fairness
must be considered an iterative process. To this end, it is necessary to ensure that the data
collection process is rigorous, and it must eliminate noisy and missing data. To cope with
unbalanced data, one must think of ad hoc strategies such as random undersampling or
oversampling or, alternatively, data augmentation strategies that improve the quality of the
training set (see [49] for a detailed review).

Some authors (see [50]) suggest combining the output of multiple commercial senti-
ment detection APIs to avoid gender bias. A further interesting option is proposed in [51];
here, the authors carry out adversarial pretraining on several models, and they recommend
retraining a sentiment analysis model if unfairness is detected.

Despite the considerable scientific efforts that have been made, we believe that the
problem of fairness still needs to be studied.

Another issue with sentiment analysis is the potential for privacy breaches. In fact, the
content of even a short text message can reveal information such as an individual’s gender,
political orientation, and mood. Several methods have been studied to anonymize data for
sentiment analysis purposes, including differential privacy, bloom filters, or a combination
of both [49,52-54].

This paper mainly studies the combination of intelligent optimization algorithms to
improve the performance of machine learning models and ensemble learning. Based on
the adaptive search advantages of intelligent optimization algorithms, a CS-SVM classi-
fier (which can effectively mine text features and adaptively find an optimal hyperplane
partition) is proposed.

3. Proposed Method
3.1. Problem Definition
This paper is about determining the polarity of short texts. The research questions
that inspired the proposed approach are as follows:
a.  How do we design a text analysis system that can leverage multiple classifiers and

combine the answers provided by each of them to obtain a more precise estimate of
the polarity of a sentence?

b.  How do we achieve an accurate representation of sentences using numerical features
that are free from issues such as redundancy and feature sparsity?
c. Since available classifiers often depend on multiple hyperparameters, is it possible

to implement a fast and automated mechanism to choose the best hyperparameter
configuration (i.e., the configuration that maximizes the accuracy of our system)?

In what follows, the AdaECELM model, which was designed to answer the three
questions above in a positive manner, is discussed in detail.

3.2. AdaECELM Model

This section introduces the AdaECELM model for sentiment analysis of short texts.
Figure 1 shows the overall framework of the model. The AdaECELM model mainly
preprocesses text from TF-IDF feature extraction, feature selection, and feature compression
standardization. Then, the text features are divided into multiple training sets and test set
(we considered three training subsets in this paper). A sub-classifier is constructed to train
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the classifier over each available training subset and optimize the combination parameters.
Finally, AdaBoost integrates the three trained sub-classifiers to perform sentiment analysis
for short texts.

Grid search

Text dataset:

Opt Scomments | TF-IDF feature ¢ 75
extraction

optimization max{df (W)}

0.85 0.90 0.95

Feature sub-datasetl

Normalized feature selection

Feature sub-dataset2 Feature datasets

RIR[A]] SulSalSa] < S
' Feature sub-dataset3 Sz | Sz -+ Sy
Divide the training Sa
subset and the test set

CS-SVM adaptive |

\ . I
\ parameter optlmlzer L—p Model prediction

\ =

_ parameters selection
Figure 1. Architecture of AdaECELM for sentiment analysis.

AdaBoost method-based
soft voting Ensemble
method training

[C, gamma]

In the AdaECELM model, word segmentation and feature extraction are carried out,
and, more specifically, TF-IDF is used to extract word vector features. The TF-IDF model is
shown in Equations (1) and (2).

Ty(w,D) = 2 M)

where Ty represents the frequency of w in text D, and f,,p and Np represent the number
and total number of words w in text D, respectively. ;s represents the inverse document
frequency of w, N is the total number of data, and df represents the total number of w words
in N.

Due to the difference in the size of different data sets, it is necessary to select the
maximum document word frequency and minimum inverse document frequency of TF-
IDE. The AdaECELM uses grid search to extract the features of different data sets.

The extracted features are highly sparse, which is not conducive to further machine
learning training and prediction. To save computing resources, accurately express text
features, and reduce the redundancy of features, we carry out intensive transformation of
this sparse matrix. The conversion process is shown in Figure 2.
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Figure 2. Feature extraction and sparse matrix normalization.

The processed features are divided into three training subsets and a test set. In the
sampling process, text features are first divided into a training set and a test set according
to a certain ratio. The training set is then randomly divided into three different training
sets. To ensure that the text distribution is better divided into different training subsets to
increase the diversity of the training set, we randomly constructed each training subsets by
sampling data from the original subset; to this end, data from the training set were sampled
through a normal distribution with mean equal to zero and standard deviation equal to
one A sub-classifier is trained for each training subset.

At this time, the cuckoo search (CS) algorithm was used to optimize the hyperparam-
eters of SVM. Cuckoo search draws inspiration from the parasitic breeding behavior of
cuckoo [33]. Cuckoos lay their eggs in other nests and use other nests to hatch, but there
is a risk of detection by the host. To cope with this risk, cuckoo learns the songs of other
young birds, drawing on this feature, and designs a CS algorithm.

The proposed algorithm is based on three rules: one egg is laid each time, nests are
randomly selected for incubation, and optimal nests are retained until the next iteration,
with a fixed number of nests and a probability of discovery. The algorithm simulates
the local search of the host discovery behavior through the global search of Levi’s flight
mechanism, evaluates the merits of the function fitness, and ensures the optimal solution
set of the surviving individuals.

By integrating these elements, the cuckoo search algorithm can efficiently find the
optimal solution. The model using the Levy Flights mechanism is as follows:

6 = xit + a @ Levy(B) o

According to Equation (3), at the ¢ iteration, the global search update formula is
obtained by the i-th individual by multiplying Levy’s random search path Levy (p) by
a step point a (with step size ranging from 0 to 1). Levy (B) and time ¢ obey the Levy
distribution, and its probability density function is as specified in Equation (4).

Levy(B) ~u=1t" @

where, A € (1,3), when the ideal Levy distribution cannot take a fixed form, a more pro-
grammable Mantegna rule is used to compute Levy (B), as shown in Equation (5).

Levy(p) ~ T’;F/; ©)

The parameters i and v obey the standard normally distributed pseudo range numbers;
the value range of 5 is (0,2), and the calculation formula of ¢ is as follows:

1/B
(14 B) x sin(7 x g)

r(4f x px2'7)

¢ = (6)

In Equation (6), I is the gamma function, and the computational model simulated
by the above formula is used as the global search mechanism of cuckoo search, and
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Equation (7) is the local search mechanism of the CS algorithm, where i and j, respectively,
represent two random cuckoo solutions in the population when the population evolves to
the t generation, that is, the random walk strategy of cuckoo.

' = xi' 4 rand x (xj' — x;") (7)

The steps for optimizing CS algorithm are detailed below:

Step 1: Set parameters, initialize the population, and calculate the fitness value of everyone.
At the same time, record the current optimal cuckoo nest and its fitness.

Step 2: Continuously update the cuckoo’s location within a preset number of cycles,
combined with the cuckoo’s local and global search strategy. Once a better solution set is
found, the corresponding nest is updated immediately, and the global fitness and optimal
solution are retained.

Step 3: At each generation, the current nests may be discarded with a specific probability,
and new nests will be randomly generated to keep the total population unchanged.

Step 4: Check whether the termination conditions are met. If not, repeat the loop consisting
of Step 2 and Step 3. If yes, the loop is stopped, and the global optimal fitness value and
corresponding solution are output.

The CS algorithm is applied to select hyperparameters [C, gamma] of the SVM algo-
rithm and use it as a sub-classifier of the AdaECELM model. The SVM algorithm has good
generalization ability; it is widely used in a variety of classification problems due to its
advantages of simple principle, good classification effect, and multiple hybrid improve-
ment strategies. The SVM algorithm uses the structural risk minimization principle to
find out the best hyperplane separating positive classes from negative ones. In the case of
non-linearly separable data sets, suitable procedures (e.g., kernels) are employed to deal
with non-linearities in input data. Figure 3 shows the schematic diagram of plane division
in two-dimensional space.

Figure 3. Hyperplane diagram. The two dotted lines and dots on either side represent the decision
boundaries and different classes of data samples, respectively. The solid line in the middle represents
the final partition boundary (hyperplane in higher dimensional space).

In the processing of a nonlinear data set, the VC dimension theory is used to map the
multi-attribute sample points in the low-dimensional space to the high-dimensional space.
After processing in the high-dimensional space, another linearly separable hyperplane is
obtained: w’x + b = 0. The kernel function is introduced to transform the inner product of
the space mapping into the function in the original dimension, which can better ensure the
accuracy of SVM nonlinear classification. The constructed nonlinear discriminant function
is transformed into a dual optimization problem.

n

1 n
max,Q(a) = Zai_§ Z aia;y;yiK(x;, x;) (8)
i=1 ij=1
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n
sty ayi=00<a;<Ci=12,...,n) )
i=1

The nonlinear decision function obtained from the above equation is shown in Equation (9).

f(x) = sgn(i 0 yiK(x, x) + b°) (10)

1

The kernel function K in Equation (8) is the radial basis kernel function (Gaussian
kernel function, RBF), and the expression is

f(x) =sgn()_ a;*y;K(x;, x) +b*) (11)
i

The SVM classification process includes data set partitioning, data preprocessing,
SVM model construction, combination hyperparameters selection for training, model
performance evaluation, and classification accuracy output. SVM will use CS to optimize it
to obtain an adaptive optimal hyperplane partition hybrid classifier. This greatly improves
the performance of the model and gives it stronger adaptive abilities than traditional
manual parameter tuning and random parameter optimization strategies. The CS+SVM
execution pseudocode is shown below.

Algorithm1: CS+SVM parameters optimization

Input: Range of penalty coefficient C and RBF nuclear coefficient gamma to be searched

Output: Result of adaptive hyperparameter combination

1 CS Parameters:

2 //Maximum number of iterations, population size, discovery probability, step size adjustment
3 Initialization:

4 / /Total number of nests, number of iterations, discovery probability, dimension, step size

5 for t in Max_iterations do //t is the current iteration of the CS

6 foriin Np do //Np is the population size of the CS

7 Levy Flight Updates: Levy(B) ~ \il%

8 Regeneration of next generation population

9 Discovery probability: Reset abandoned nest

10 Population renewal: x;'*! = x;' + rand x (x;' — x;')

11 Update hyperparameter combination [C, gamma]

12 return the hyperparameter combination with the highest score

The corresponding sub-classifier can be trained by CS-SVM. Finally, the AdaBoost
method is applied to combine the predictions generated by each sub-classifier. The category
prediction confidence of feature F; can be expressed as Equation (12).

Cz(Fi) _ i\it;xjtemtions Hzt(Fi) (12)

The class z of feature F; is C,. Hy (F;) is the result predicted by the t-th sub-classifier
for class z. Thus, the F; prediction results integrated with AdaBoost can be obtained, as
shown in Equation (13).

yi = (argmax.e (0,1} Cz(Fi)) (13)

Algorithm 1 summarizes the CS-SVM sub-classifier procedure of the AdaECELM
model. In the time complexity analysis of the AdaECELM model, the time complexity
we need to consider is divided into the sum of the complexity of three modules: feature
extraction, model training, and classification prediction. Let a data set have N samples,
and then the time complexity of the feature extraction process is O(N), and the resulting
compressed feature vector dimension is D. When SVM classification is adopted, M support
vectors are required, and the required computation amount is M?. In this case, the training
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time complexity is O(N}y,inM?), and the test time complexity is O(Nies:D). Therefore, the
time complexity of the text data set using SVMis O (N + NiyainM? + Niest D). For the training
stage of a sub-classifier in AdaECELM, the sample is N/3, the support vector is M, and the
RBF hyperparameter combination needs to be optimized by the k-order CS optimizer. In
this case, the time complexity of the training phase is O(k(Nyy4i, /3) M?), then the final time
complexity is O (N + k(N /3) M? + Nyt D).

From the theoretical stage, compared with the traditional SVM model, when the
number of CS iterations in the AdaECELM model is 3, the computational efficiency of
the two models is exactly the same. It should be noted that the number of CS iterations
is a fixed parameter. When we deal with large-scale data sets, when N >> k, M will
increase with the increase of N, and the time complexity of processing multiple sub-data
sets using multiple sub-classifiers is better than the traditional SVM model. In addition, the
subsequent experimental results and analysis show that AdaECELM has higher and more
stable text classification advantages under the same or slightly lower time complexity than
the traditional ML model.

4. Experimental Results and Analysis

This section reports the numerical tests to evaluate the competitiveness of AdaECELM
against some state-of-the-art baselines. Publicly available data sets were used to facilitate
the reproducibility of experiments. The aim of experimental tests is to prove that AdaE-
CELM can correctly identify the polarity of a sentence, assuming that it is trained on short
texts. Widely known metrics such as accuracy, precision, recall, and F-score have been used
in experimental analysis.

4.1. Experimental Description

In AdaECELM, to ensure that all the text messages of the training set are used for learn-
ing knowledge, the model adopts a combination of random sampling and integer multiple
sampling to select training samples. Specifically, we use model_selection.train_test_split()
from the Python programming language sklearn library to implement random sampling
of the training set and test machine, training:test = 0.8:0.2. At the same time, to meet the
requirement that the training sets of different subclassifications remain independent and
non-repetitive, the randomly divided training set samples are divided into three parts (the
number of subclassifies is 3). One-third of each sub-training set is extracted according to
the integer multiple sampling principle. The data set selected in this way can capture more
affective semantic information through the training of different classifiers, which provides
the diversity of semantic knowledge and the effectiveness of emotion recognition for the
AdaECELM model.

The data sets used in this paper are imdbs, yelp, sen_pol, amazon_cells, SST-2, and
IMDBR, whose features are reported in Table 1 [55].

Table 1. Summary of experiment data sets (accessed on 20 April 2024).

Dataset Task #Cat #Docs Source
imdbs Sentiment 2 748 https:/ /bit.ly/3mGPBx4
yelp Sentiment 2 1000 https:/ /bit.ly /3mGPBx4
sen_pol Sentiment 2 10,662 https:/ /bit.ly /3Lbh3xf
amazon_cells Sentiment 2 1000 https:/ /bit.ly/3mGPBx4
. https:/ /www.kaggle.com/
SST-2 Sentiment 2 9602 datasets/jkhanbk1/sst2-dataset
IMDBR Sentiment 2 50,000 https:/ /bit.ly/3ZUUUYd

For the partitioning of each data set, 80% of the training set is divided into three
sub-training sets, and the remaining 20% is used as the test set. When building sub-
classifier training, the CS optimizer forms the SVM sub-classifier by iterating 100 times
to obtain the relatively optimal [C, gamma] setting. The step size in CS is adjusted to 0.01,
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the probability of finding bad nests is 0.25, parameter optimization is carried out in the
environment where the population size is 10, and the dimension setting is the number of
hyperparameters that need to be tuned. AdaECELM and other machine learning models use
four classical evaluation indicators—accuracy, precision, recall, and F1-score—to conduct
results statistics and performance analysis. The corresponding calculation formula is shown
as Equations (14)—(17).

TP+TN
Accuracy = TP+ FP+ EN + TN (14)
. TP
Precision = TP L EP (15)
TP
Recall = ——— 1
T TP+ EN (16)
F1 — score — 2 % Precision * Recall (17)

Precision + Recall

4.2. Experimental Results and Performance Analysis

First, to make the training and prediction of the model independent of each other,
the data is divided into 80% training sets and 20% training sets. The feature extraction
method TF-IDF of the AdaECELM model was adopted, and the minimum word frequency
Tf and maximum inverse document frequency Idf were set to 5 and 0.8, respectively. Then,
using the advantages of CS algorithm search, adaptive parameter search is carried out for
the combined control hyperparameters of SVM [C, gamma]. The maximum number of CS
Max_iterations is set to 100. The hyperparameter combination of the output sub-classifier is
used for AdaECELM sentiment analysis.

We compared eight classical machine learning models and compared the average
results of 30 independent runs to ensure the comprehensive classification performance of
each model [56]. The experimental results are shown in Table 2. In Table 2, the results with
the highest accuracy are shown in bold, and the results with the second highest accuracy
are shown in underline. In the imdbs data set, the accuracy of the eight comparison ML
models is the highest at 73.50% of MINB, while that of the model in this paper is 76.83%,
an increase of 3.33%. At the same time, compared with the second-ranked method on the
other three data sets, the improvement was 1.9%, 0.54%, and 0.59%, respectively.

Table 2. Comparison of experimental results of different classification models (Accuracy).

Methods Imdbs Yelp Sen_Pol Amazon_Cells

LR 0.7205 0.7782 0.7595 0.7895

DT 0.6277 0.7072 0.6002 0.7327

RF 0.6958 0.7618 0.6956 0.7785
SVM 0.7253 0.7820 0.7655 0.7958
KNN 0.6518 0.6453 0.5094 0.6502
MNB 0.7350 0.7675 0.7678 0.7873
MLP 0.7023 0.7513 0.7082 0.7683
GBT 0.7102 0.7610 0.6575 0.7832
AdaECELM 0.7683 0.8010 0.7732 0.8017

In general, SVM and MNB are generally better. Compared with all models, AdaE-
CELM has the highest accuracy, has certain effectiveness and robustness, and is a new
baseline method worthy of consideration. Second, we also visualized precision, recall, and
F1-score, as shown in Figures 4 and 5, respectively.
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Figure 4. Precision\Recall\F1-score data comparison of imdbs and yelp.
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Figure 5. Precision\Recall\F1-score data comparison of sen_pol and amazon_cells.

As shown in Figure 4, among the precision, recall, and F1-score indicators on two rela-
tively small data sets of imdbs and yelp, the models with poor overall emotion classification
performance include DT and KNN. LR, RE, SVM, MNB, MLP, and GBT are all on the same
level as our model. However, from the comprehensive level, the classification correctness
of the AdaECELM model and all F1 scores have been improved to varying degrees.

In the amazon_cells data set shown in Figure 5, these metrics are consistent with
the performance gains described in Figure 4 due to similarities in data size and problem-
solving. However, when processing sen_pol, a relatively large data set, KNN showed a
very serious classification fatigue, and DT, RF, MLP, GBT, and the other four methods were
no longer at the same level as SVM and MNB. Compared with SVM and MNB, the two
ML models have the best performance stability, but AdaECELM does not have a degree of
index improvement.

Second, because the text of imdbs data set is short, the wrong feature extraction of
a certain word will have a great impact on the final fitting result of the model [56]. To
this end, sensitivity analysis was carried out on the feature extraction process of the two
parameters Trand I of the word vector representation method, wherein T selection field
was [2-6] and Idf selection field was [0.75, 0.80, 0.85, 0.90, 0.95]. The sensitivity analysis
curve of adaptive search for different indicators of the AdaECELM model is shown in
Figure 6.
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Figure 6. Sensitivity analysis of imdbs data set feature optimization.

As can be clearly seen from Figure 6, in terms of the accuracy and precision of the
AdaECELM sentiment analysis model, as the maximum document word frequency in-
creases, the extracted features are negatively correlated with the recognition effect of the
model. The maximum inverse document frequency set at 0.80 on the other two metrics is
not relevant, but the other settings are also consistent with the first two metrics. From the
comprehensive sensitivity trend, our model is more effective when choosing a smaller max-
imum document word frequency. On the one hand, it shows the adaptability of our model;
on the other hand, it also shows that the learning ability of the model and the length of the
sentence will have a certain impact on semantic mining in short text sentiment analysis.

4.3. Ablation Experiment

To further clarify the robustness and scalability of our proposed model, two larger
data sets, such as SST-2 and IMDBR, are used in this section to conduct ablation experi-
ments on the AdaECELM model. The comparison models are SVM, an ensemble learning
model (ELM) introduced with an ensemble learning scheme, and an ensemble learning
model (ECELM) introduced with a CS-SVM optimizer. The models are compared with
AdaECELM, and the statistical data are shown in Table 3.

Table 3. Comparison of ablation results.

SST-2 IMDBR
Models
Acc Pre Rec F1 Acc Pre Rec F1
SVM 0.6220 0.6367 0.6214 0.6290 0.7731 0.7655 0.8114 0.7878
ELM 0.6420 0.6605 0.6698 0.6651 0.7760 0.7737 0.7694 0.7715
ECELM 0.6570 0.6498 0.7168 0.6817 0.7938 0.7931 0.7950 0.7940
AdaECELM 0.6880 0.6949 0.9379 0.7983 0.8180 0.8591 0.7979 0.8274
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As shown in Table 3, the AdaECELM model still has a strong effect on emotion
classification in larger data sets and higher dimensional feature spaces. In addition to the
fact that the recall of the IMDBR data set is slightly lower than SVM and ranks second, the
two data sets are superior to SVM, ELM, and ECELM classification methods that reduce
different modules in other indicators. At the same time, it is clear from the comparison
model that (1) the effect of soft voting with ensemble learning is better than SVM in most
cases; (2) after CS algorithm is introduced into the sub-classifier SVM in ELM to optimize
the combined hyperparameters, the results of the ECELM scheme are better than ELM,
and rank second among the comparison algorithms; and (3) the AdaECELM method
based on the CS adaptive hyperparameter search and grid search strategy of text feature
representation shows strong emotion classification performance in comparison.

To sum up, we compared the accuracy results, analyzed the three indexes, including
the Fl-score, and carried out sensitivity analysis on the adaptive parameter adjustment
extracted from the model’s special detection. With extensive experimental results and data
analysis, AdaECELM has an excellent performance in short-text sentiment analysis and
can be used as a baseline method superior to most ML sentiment classification models.
By contrast, in the test with a machine learning model, parameter sensitivity analysis of
feature extraction and ablation experiment on two large-scale data sets, AdaECELM shows
a very exciting effect when facing the emotion classification task of most classical data sets
and has good model robustness and scalability.

5. Discussion

The experiments presented in the previous section demonstrate that AdaECELM
displays excellent performance in the classification of short texts and is, therefore, supe-
rior to many existing classification models. The results obtained, as already highlighted,
are particularly encouraging if we wish to classify emotions, which is known to be a
complex task.

A potential limitation of our study (and a possible research topic to be developed in
the future) concerns the variety and numerosity of the data sets used for validation. We
plan to increase the number of data sets used in the experimental evaluation to obtain a
more robust confirmation of the effectiveness of our method. Moreover, other types of data
sets should also be considered; for example, it is interesting to verify whether our system
works well on texts extracted from social platforms or, more generally, from Web platforms
that support interactions between their members through the exchange of messages (think
of forums, for example).

A further point of discussion is related to the topic of a short text. In some cases, a
text might contain an objective description of a good/service (e.g., a product review); on
the other hand, we might have a debate (with potentially conflicting points of view) on
topics of any nature (e.g., topics related to the risks of new technologies in our society or
discussions concerning the social and political life of a community). It is interesting to
understand whether the topic of a short text affects the performance of our approach to
some extent and, in detail, whether it continues to maintain its effectiveness compared to
other competitors.

Finally, in our application scenario, we assumed that the possible sentiment categories
were only two (positive and negative), which is also the case of biggest interest in the
sentiment analysis literature. It would be interesting to consider a multi-class scenario in
which more than two categories are possible (e.g., think of categories like strongly positive,
positive, neutral, negative, and strongly negative); it would be interesting to test whether
our approach continues to provide adequate performance in terms of accuracy, precision,
recall, and F-measure even in the multi-class scenario.

6. Conclusions

To solve the problem of poor performance of machine learning in sentiment analysis
of short texts, an adaptive evolutionary computational ensemble learning (AdaECELM)
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sentiment analysis model is proposed in this paper. In the feature extraction stage, the
model can obtain features that are more consistent with the features of the data set itself.
At the same time, in the training stage, the diversity of semantic mining is increased by
repartitioning the training set. Three CS+SVM sub-classifiers are used to train each feature
subset to form a weak classifier. Finally, the soft voting mechanism of the AdaBoost method
is used for the final sentiment analysis of ensemble learning. The experimental results
show that our model significantly improves the accuracy of sentiment classification on 4
data sets and outperforms all comparative ML sentiment analysis methods. This shows
that AdaECELM can be used as a new baseline method that is superior to most machine
learning methods.

7. Future Work

In the next research work, we will explore how to make better use of the computational
framework to expand the deep learning model and apply it to more complex sentiment
analysis tasks to verify the correctness and generalization ability of the research in this
paper. In future research, we will explore how to use this computational idea to further
extend and enhance the semantic recognition capability of deep learning models and strive
to apply these models to more complex and refined sentiment analysis tasks. At the same
time, strengthening cooperation with the platform of user comments and applying the
model to real life are also important topics for future research.
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