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Abstract: Imbalanced data constitute an extensively studied problem in the field of machine learning
classification because they result in poor training outcomes. Data augmentation is a method for
increasing minority class diversity. In the field of text data augmentation, easy data augmentation
(EDA) is used to generate additional data that would otherwise lack diversity and exhibit monotonic
sentence patterns. Generative adversarial network (GAN) models can generate diverse sentence
patterns by using the probability corresponding to each word in a language model. Therefore, hybrid
EDA and GAN models can generate highly diverse and appropriate sentence patterns. This study
proposes a hybrid framework that employs a generative adversarial network and Shapley algorithm
based on easy data augmentation (HEGS) to improve classification performance. The experimental
results reveal that the HEGS framework can generate highly diverse training sentences to form
balanced text data and improve text classification performance for minority classes.

Keywords: generative adversarial network; easy data augmentation; text classification; text
generation; imbalanced data

1. Introduction

Imbalanced data result in poor training outcomes and thus constitute a key topic in
natural language processing (NLP) [1,2]. Undersampling and oversampling are generally
used to solve the problem of imbalanced data [3,4]; between the two methods, oversam-
pling is more effective for text classification. The main solution applied in the oversampling
method is data augmentation, where data on minority classes are augmented to obtain
more similar samples. The easy data augmentation (EDA) method [5] was proposed as a
text data augmentation method; it comprises the four processes of synonym replacement,
random insertion, random deletion, and random swapping. Generative adversarial net-
works (GANs) [6] have also been used to generate data, such as sentimental text generation
GAN (SentiGAN) [7] and category-aware GAN (CatGAN) [8]. These methods have per-
formed well in a variety of applications. A GAN uses a generator and discriminator for
adversarial training, where the generator generates data whose distribution approximates
that of real data and the discriminator must distinguish between real data samples and
generated samples. In addition, the Shapley algorithm [9,10] has been used as a metric to
assess data quality, and it has been applied in many machine learning tasks. Specifically,
the Shapley algorithm is used for data cleaning to achieve better training outcomes. In the
field of NLP, the pretrained bidirectional encoder representations from transformers (BERT)
model is becoming a popular classifier for downstream tasks involving finetuning train-
ing [11]. BERT incorporates pretraining for two tasks, namely, mask language modeling
and next-sentence prediction, which can facilitate the learning of grammatical structures
and semantic information [12].

Therefore, the present study proposes a hybrid framework to address the problem of
imbalanced data, where a generative adversarial network and Shapley algorithm based
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on easy data augmentation (HEGS) framework is used to obtain large sets of generated
training data. The HEGS framework is based on the GAN model, the EDA method, and
the Shapley algorithm to augment training sentences to obtain balanced data for classifier
training. EDA generates an initial training sentence and uses it as the seed data for the
next GAN-based model for models to be trained using numerous high-quality training
sentences. The present study uses a GAN-based model such as generating sentimental texts
via mixture adversarial networks (SentiGAN) to generate highly diverse sets of training
sentences that are based on seed training data. Before classifier training is conducted for
classification tasks, the BERT model is used as the proposed classifier to evaluate data
augmentation performance.

The main contributions of the paper are as follows. (1) The GAN-based models
obtain rich training data not only comprising original sentences of imbalanced data but
also using the additional training sentences generated through EDA random mix process,
which is different from other GAN training data in the past. The diverse initial training
sentences can improve the GAN-based model to generate highly diverse sentences. (2) The
application of the Shapley algorithm eliminates training sentences based on original training
data and achieves high-quality and diverse training sentences. This Shapley algorithm
successfully improves the performances of classifiers and remedies the imbalanced data
in the downstream text classification task. (3) The proposed text augmentation method,
HEGS hybrid framework, outperforms other single-text data augmentation methods.

The remainder of the present study is organized as follows: Section 2 presents a
review of the literature on data augmentation, Section 3 describes the proposed HEGS
framework, Section 4 reports the experimental results, and Section 5 discusses the findings
and concludes the paper.

2. Related Work

In the following section, Section 2.1 provides an overview of text generation methods,
and Section 2.2 introduces the concept of data augmentation for text classification.

2.1. Data Augmentation

Numerous studies have explored data augmentation methods such as easy data aug-
mentation [5], where four straightforward processes are implemented to generate diverse
data sets that improve classification performance. Adversarial attacks constitute another
method for creating data. For example, the TextFooler method [13] generates text by
identifying key words and replacing them with semantically and syntactically similar
words to create new samples. The BAE method [14] uses a BERT model that incorpo-
rates pretraining masked language modeling to predict masked words and integrate with
self-designed replacement, and insertion methods. The easy plug-in data augmentation
(EPiDA) method [15] employs relative entropy maximization and conditional entropy
maximization to evaluate the diversity and quality of generated samples. This method
can also be combined with various data augmentation methods and classification models.
The easier data augmentation (AEDA) method [16] uses punctuations as augmented data
to solve the data scarcity problem. The text autoaugment (TAA) method [17] applies a
self-designed algorithm to improve editing-based data augmentation methods. Specifically,
TAA leverages compositional augmentation policies, each of which comprises three com-
ponents. The first component is type, which includes random swapping, random deletion,
term frequency–inverse document frequency (TF-IDF) insertion, TF-IDF replacement, and
wordnet replace. The second component is probability, which is used to control the proba-
bility of usage. The third component is magnitude, which controls the portion of words
that are changed. In summary, TAA enhances the generalization ability of a model and
reduces the need for human annotation. Kobayashi [18] proposed the use of bidirectional
long short-term memory (LSTM) to generate augmented data through input sentences and
their labels. Wu et al. [19] performed BERT-masked language model pretraining tasks to
randomly mask the words in sentences and output augmented data. Radford et al. [20]
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proposed the generative pretrained transformer two (GPT-2) model, which can also be used
to address problems with scarce data. For example, Anaby-Tavor et al. [21] proposed the
language model based data augmentation (i.e., LAMBADA) method, which uses GPT-2,
finetunes small sample data sets and generated samples, and selects generated samples
through a classifier trained by trained data. Wu et al. [22] proposed a text smoothing
method that uses BERT to encode one-hot representations into smoothed and interpolated
representations for data augmentation. Jo et al. [23] proposed the DAGAM method, which
uses three sentences with the same label as input and employs the T5 generation model [24]
to generate augmented sentences. Liu et al. [25] proposed the SRAFBN model, which uses
a self-attention mechanism to extract the key information in images so that the generated
images can be of a higher quality. Liu et al. [26] used perception technology including
knowledge graphs, association rules, and SNA (social network analysis), to extract features
from text data, in order to solve the problem that time and operation features cannot
be focused.

2.2. GAN-Based Text Generation

The SentiGAN model [7] is a commonly used text generation model; it employs
multiple generators and a single discriminator to generate text for multiple classes and
then uses a penalty-based objective function to generate more diverse text. The sequence
generative adversarial nets (i.e., SeqGAN) model [27], which uses reinforcement learning
to solve nondifferentiable problems, can be used as a text generation model. The LeakGAN
model [28] allows its discriminator to leak information to its generator to solve problems
pertaining to the length of generated data; this is possible because the discriminator can only
provide rewards for a limited-length fragment of a sentence. Subsequently, the MANAGER
method can be applied to obtain information from the discriminator, which is then passed
into the generator to guide data generation. The CatGAN model [8] uses a category-aware
model and hierarchical evolutionary learning algorithms to generate highly diverse samples.
Cross-structure GAN (CS-GAN) [29] applies reinforcement learning to train models and
includes label information to control its generator for accurate category data generation;
furthermore, the CS-GAN model uses a classifier and a discriminator to support generator
training. The relational generative adversarial networks (i.e., RelGAN) model [30] uses
three main components to generate data. The first component is a relational memory base
generator used for long-distance dependency modeling. The second component is the
Gumbel Softmax distribution, which is used to solve nondifferentiable problems pertaining
to discrete data. The third component is multiple embedding representation, which is
implemented to help discriminators to pass informative messages into generators. The
conditional Wasserstein generative adversarial network-gradient penalty (i.e., CWGAN-
GP) [31] model combines a conditional GAN and a Wasserstein-GAN to increase training
process stability and solve mode collapse problems.

However, the generated text method used in data augmentation is often excessively
monotonic and lacking in diversity. Although GAN-based models can generate highly
diverse sentences, these sentences are of poor quality. Therefore, to improve the classifica-
tion of imbalanced data, the present study proposes a new framework that incorporates a
hybrid EDA method, GAN-based models, and the Shapley algorithm.
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2.3. Shapley Algorithm

The Shapley algorithm [9], is used for cleaning training data, and calculates the
Shapley value of each training data set. The low Shapley training data points which
are under a certain criterion (with the Shapley value less than or equal to zero), will be
removed. The Shapley algorithm can be used for machine learning and deep learning,
such as classification tasks. Classifiers such as BERT can learn from additional high-quality
training data which is filtered by the Shapley algorithm. The additional training data can
provide useful examples with a high semantic relationship to the original training data. In
addition, Data Shapley is often used to help improve the prediction of performances [10],
and originated from cooperative game theory [32]. Data Shapley calculates two players’
contributions and can also be used for machine learning models to calculate the importance
of the training data features. The data Shapley algorithm needs a large time complexity,
so efficient calculation of the algorithm is needed [33]. In addition, the variation of the
Shapley algorithm, exploits polynomial-time approximation in DNN to improve the large
calculation time complexity of the Shapley value [34].

3. Methodology

The present study proposes a hybrid framework that employs generative adversarial
networks and a Shapley algorithm based on easy data augmentation (HEGS) to address
problems with imbalanced data in classification tasks. The EDA method can generate
high-quality training sentences with a given sentence pattern by replacing words with
their synonyms. Therefore, the sentences generated through EDA lack diverse sentence
patterns. To address this problem, GAN-based models can be applied to learn and generate
highly diverse sentence patterns based on the probability of each word in a language
model. However, EDA generates high-quality sentences that exhibit low diversity, and the
GAN-based model can generate sentences that are highly diverse but may deviate from
semantic representations. The Shapley algorithm can calculate the similarity of multiple
sentences based on the semantic space instead of grammatical structure or linguistic pat-
terns. The present study proposes a HEGS framework that generates high-quality training
sentences and improves classification performance. The HEGS framework comprises the
five following stages. (1) In initial sentence generation, the EDA processing is applied
to create numerous sentences to form an EDA-based augmented data set. (2) In GAN-
based model training, the SentiGAN model [7] is used to learn training sentences based
on the EDA-based augmented data set. An EDA-based augmented data set is used as a
GAN-based model’s learning objective. (3) In GAN-based model evaluation, the bilingual
evaluation understudy (BLEU) and self-BLEU algorithms are used to evaluate the quality
of data generated by the GAN-based model. (4) In final training sentence generation, the
final augmented data set created by the GAN-based model is filtered for identical semantic
sentences by the Shapley algorithm. (5) In the classification task, the BERT model is applied
to train text classification tasks based on the final augmented data set and the original
training data. The procedures and processes of the proposed EDA-GAN framework are
presented in Figure 1.
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Figure 1. The flowchart of proposed HEGS framework.

3.1. Stage I: Initial Training Sentences Generated Using the EDA Method

The present study applies the EDA method to generate a set of initial training sentences.
In this stage, five processes are applied to generate training data from the original training
data of imbalanced data. The original training data of imbalanced data can be expressed as
DTrain = {(xr, yr)}r=n

r=1 , where xr is a word sequence and yr ∈ {1, . . . , C} is the category that
xr falls under. The parameter α that must be set up is a ratio for determining the number
of words that must be changed. For example, if the α = 0.2 and the length of a sentence is
10, then, there are two (10*0.2) words that will be changed. The imbalanced training data
DTrain are subjected to EDA to create additional similar word sequences. The five processes
are as follows:

• Synonym replacement (SR): During this process, words are randomly replaced by
one of their synonyms as obtained from the WordNet library; this process is denoted
as DSR.

• Random insertion (RI): During this process, a number of words from Wordnet are
inserted randomly; this process is denoted as DRI .

• Random swapping (RS): During this process, number of words are randomly switched
while retaining the same parts of speech; this process is denoted as DRS.

• Random deletion (RD): Number of words are randomly deleted; this process is denoted
as DRD.

• Random mixing (RM): this process is expressed as DRM = {DSR, DRI , DRS, DSD},

where the initial training sentences DRM =
{(

x̃ f , ỹ f

)}ñ

f=1
are generated by the

previous four processes, x̃ f is the generated word sequence, ỹ f is the category that x̃ f
falls under and is identical to that of the original data.
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3.2. Stage II: GAN-Based Model Training Using the SentiGAN Model

In the proposed method, SentiGAN, which comprises a generator and discriminator,
is used to generate highly diverse word sequences for minority classes.

3.2.1. Generator

The present study uses a modified version of the SentiGAN model (Wang and Wan,
2018). The generator of the modified SentiGAN model is built using an LSTM model,
namely, Gi(Xt+1

∣∣∣St; θi
g) . At time step t, the generator generates the word sequence X1:t =

{X1, . . . , Xt}, and it generates the next word based on the words generated before St =
{X1, . . . , Xt}. Each category in the classification task corresponds to a unique generator. At
the beginning of model training, each generator is initialized by vector z, which is a vector
generated from a normal distribution, and the generator then generates the next word Xt
based on the previously generated word sequence St.

Gi =

 Gi

(
z; θi

g

)
initialized generator′s input

Gi

(
Xt+1

∣∣∣St; θi
g

)
t = 1

(1)

The generated data X1:t+1 are passed into the discriminator and are assigned the
penalty probability VGi

Di , and the generator then updates the model parameters based on
the penalty probability. The penalty-based loss function is as follows:

L(X) = Gi

(
Xt+1

∣∣∣St; θi
g

)
·VGi

Di (St, Xt+1) (2)

The total loss that the generator must minimize is as follows.

JGi

(
θi

g

)
= EX∼Pgi

[L(X)] =
t=|X|−1

∑
t=0

Gi

(
Xt+1

∣∣∣St; θi
g

)
·VGi

Di (St, Xt+1) (3)

Because the discriminator can only judge a full sentence, the Monte Carlo search
algorithm and roll-out policy are used to sample the final |X| − t unknown tokens in
incomplete sentences. Subsequently, the penalty-based loss is calculated as follows:

VGi
Di (St−1, Xt) =

{
1
N ∑N

n=1(1− Di(Xn
1:t; θd)) t < |X|

1− Di
(
Xn

1:t; θd
)

t = |X|
(4)

where Xn
1:t is a sample that is obtained through N-time Monte Carlo search and is based on

Gi and the current state St. Xn
1:t is passed into the discriminator and achieves a probability

pertaining to whether the semantic similar ith category original sentences. The present
study uses an LSTM model as the generator, and each generated word is determined
through the Softmax function.

p(Xt) = so f tmax
(

LSTMθg(ht−1,Xt−1)
)

(5)
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3.2.2. Discriminator

The generated sentences from the output of the generator are passed into the dis-
criminator. The discriminator classifies both generated word sequences and original word
sequences and outputs a penalty probability into the generator to update its model param-
eters with respect to minimal penalty loss. The discriminator is a 2-D convolutional neural
network model that employs the Softmax function, and the objective function is as follows:

JD(θd) = −EX∼Pg logDk+1(X; θd)−
k

∑
i=1

EX∼Pri
logDi(X; θd) (6)

where Pg is the distribution of generated data, Dk+1(X; θd) is the probability that the
discriminator predicts that the input data are fake. Pri is the distribution of real data, ri is
the ith class, Di(X; θd) is the probability that the discriminator predicts a word sequence
belonging to the ith class.

3.2.3. Training Procedure

The training procedure implemented in the present study is based on the original
SentiGAN model. The training data X = {DTrain, DRM} in the SentiGAN model comprise
original training sentences and initial training sentences that are combined through EDA.
First, the generator and the discriminator must train, respectively. Second, adversarial
training is conducted for the generator and discriminator of the SentiGAN model. Third,
the EDA-augmented data set is used as the training data for the SentiGAN model. Figure 2
presents the concept of the HEGS framework, and the detailed training procedures are as
follows. The following Step one to Step five show the details of the HEGS framework, and
the concept of the training procedure presented in Figure 2.

• Step one: The generator {Gi}i=k
i=1 and discriminator Di(X; θd) i ∈ {1, . . . , k + 1}, are

randomly initialized. The training data X with a random vector by normal distribution
z are used to pretrain the generator; this pretraining is based on maximum likelihood
estimation.

• Step two: The generator generates the fake data, including C classes of fake data, and
it uses the fake data and training data X to pretrain the discriminator D(X; θd).

• Step three: Every g-step performed in the generator generates sentences for C classes.
First, a noise vector z is created from a normal distribution and passed into the
generator Gi(z; θi

g). Second, the loss VGi
Di is obtained from the discriminator D(X; θd)

to minimize the total loss JGi

(
θi

g

)
.

• Step four: Every d-step performed in the discriminator updates the discriminator’s
model parameters through the generated sentences, which is generated from the
Gi(X

∣∣∣S; θi
g)}i=k

i=1 , and training data X, and which include original training sentences
and initial training sentences obtained through EDA.

• Step five: Steps two to four are repeated until model convergence is achieved, and the
final generated training sentences DTrain_GAN are output.
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3.3. Stage III: GAN-Based Model Evaluation

The present study applies BLEU [35] and self-BLEU to evaluate the sentence generation
performance of the SentiGAN model. BLEU calculates the similarity of generated sentences
and original sentences (original training data) and considers 2-gram measurement. In
contrast, self-BLEU calculates the similarity of generated sentences independently while
applying the calculation method applied for BLEU. The optimal model is identified as the
model that obtains the highest average of the 2-gram BLEU (BLEU-2) and 2-gram self-gram
(self-BLEU-2) in the validation set.

3.4. Stage IV: Final Training Sentence Generation by Optimal SentiGAN and Shapley Algorithm

The trained generator of the SentiGAN model is used to obtain the additional train-
ing sentences DTrain_GAN for minority classes. To obtain high-quality generated training
sentences for the classification model, the Shapley algorithm is used to filter out reliability-
generated sentences from DTrain_GAN to form the final augmented data set DTrain_Shapley.
The processes involved in the Shapley method are as follows:

• Step one: The generated data (DTrain_GAN) are duplicated once, and their label is
flipped. Suppose the data points are one which mean negative class, and the Shapley
algorithm needs to flip the original data points to positive class.

• Step two: Validation and generated data are encoded through BERT, and the feature
pertaining to the special token ([CLS]) is selected and used to calculate Euclidean distance.

• Step three: The Euclidean distance between each piece of generated data and validation
data is calculated.

• Step four: The Euclidean distance within each piece of generated data are summed so
that the distance of each generated piece of data is represented by only one number.

• Step five: Distances are sorted from minimum to maximum.
• Step six: The Shapley value is calculated by using the generated sentences with the

greatest Euclidean distance. If the generated data and validation data share the same
label, the Shapley value is one; otherwise, it is zero. Furthermore, the N must be
considered, which is the amount of data generated. Thus, the Shapley value must
divided by N.
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• Step seven: To calculate the second largest piece of generated data, we must consider
the value of the previous piece of generated data and check if its label is identical to
that of the validation data. We must also check if the label of the previous data is
identical to that of the validation data. If their labels are identical, the Shapley value is
one; otherwise, it is zero, and the first number should be subtracted from the second
number. Subsequently, the Shapley value is divided by Q, multiplied by the smaller
number of Q or the value of previous data points, and divided by the position of the
previous data. The paper sets the Q is 10.

• Step eight: The generated data undergo a removal process so that their Shapley value
is negative, and they then undergo a selection process so that their label is identical to
the few samples’ category; this process is performed to enable the use of the data for
augmentation. Finally, we combine the remaining generated data DTrain_Shapley with
the original training data DTrain to form the final training sentences DTrain_Final for the
proposed framework for classifying imbalanced data.

3.5. Stage V: Classification Task

The present study uses the pretrained BERT model to classify imbalanced data. The
final training data DTrain_Final (i.e., input) combine two sets of training data, namely, the
original training sentences DTrain and the generated training sentences DTrain_Shapley ob-
tained through the SentiGAN model. In this situation, the number of training sentences
corresponding to the majority and minority classes are identical (balanced), and the pre-
trained BERT model is finetuned.

4. Experiment

In this section, we will discuss the data set, the experimental design, and the re-
sults from the hyperparameter sensitivity, performances of GAN-based models, Shapley
algorithm evaluation, performances of varied EDA methods, and the performance of
augmentation models.

4.1. Data Set

The experiments of the present study were conducted on the internet movie database
(IMDb) data set [36]. The IMDb data set contains 50,000 data points on movie reviews
for sentiment analysis; the data are split into two categories, positive and negative. To
overcome the problem of imbalanced data, the present paper randomly sampled 10% of
the original IMDb data set; this was for efficiency because an overly large sample would
substantially increase the time required to train the GAN model. In total, 5000 experimental
samples were created and down-sampled for each class to the remaining 50% of the samples
to form subsamples for minority classes (e.g., the negative class examined in the present
study). Therefore, 3750 samples were created, of which 2500 were positive and 1250 were
negative samples (i.e., the ratio of positive to negative samples was 2:1). In addition, the
3750 samples were split into training and testing sets at a training to testing ratio of 4:1.
The training set was further split into training and validation sets at a training to validation
ratio of 4:1. All 3750 samples were split into five cross-folds by stratified cross-validation
procedure, so each fold was made by preserving the percentage of samples for positive and
negative classes. The number of samples in each set is listed in Table 1.

Table 1. Data distribution in each fold of cross validation.

Training Set Validation Set Test Set

Positive 1600 400 500
Negative 800 200 250

Total 2400 600 750
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4.2. Experimental Design

An α value of 0.1 was set as the hyperparameter for EDA augmentation methods.
The initial training sample augmented for the next GAN-based model was generated
for the training sentences until the same number of major classes was reached for all
categories. A K value of 10 was applied for the Shapley algorithm to identify the highest
level of similarity between the generated samples and the validation set. In addition, a
stratified five-fold cross-validation strategy was implemented to measure the classification
robustness achieved by each tested generation method. The top layer of the BERT classifier
was a linear layer with 768 dimensions, and the BERT classifier could learn from the IMDb
data set.

4.3. Augmentation Models

The present study tested seven augmentation models for generating additional train-
ing sentences. The methods are as follows:

• EDA: This model applies EDA to generate final training sentences.
• CatGAN: This model preserves the quality and diversity of generated samples by

using the hierarchical evolutionary algorithm for training and by designing evaluation
metrics to filter generators.

• SentiGAN: This model incorporates multiclass generators and conducts training
through reinforcement learning.

• EDA + CatGAN: This model applies EDA to generate initial training sentences and
uses the CatGAN model to generate final training sentences.

• EDA + SentiGAN: This model applies the EDA method to generate initial training
sentences and uses the SentiGAN model to generate final training sentences.

• EDA + CatGAN + Shapley: This model is similar to the subsequent proposed model
but uses a CatGAN instead of a SentiGAN.

• EDA + SentiGAN + Shapley: This model is the proposed model of the present study.

4.4. Results on Sensitivity Analysis of the EDA Method

The experiment in the following Table 2 presents the result of sensitivity analysis for
the hyperparameters α in the EDA + SentiGAN model. There are three different ratios: 0.1,
0.2, and 0.3. If the changing ratio α = 0.3 and α = 0.5 for the negative class, the macro
self-BLEU-2 is 0.9622 and 0.9504, respectively, which is higher than α = 0.1. A high value
of self-BLEU-2 indicates a high similarity of these generated sentences by SentiGAN. On
the other hand, the Macro BLEU-2 must be higher because there is high semantic similarity
between the generated sentences and the original training sentences. Therefore, the α = 0.1
is the best hyperparameter which means that these generated sentences are more diverse
and can provide the BERT classifier to learn more diverse training sentences.

Table 2. Model tuning results on EDA hyperparameters of the GAN-based model.

Model
Parameter Positive Negative

α
Macro

BLEU-2
Macro

Self-BLEU-2
Macro

BLEU-2
Macro

Self-BLEU-2

EDA +
SentiGAN 0.1 0.7398 0.9532 0.6340 0.9420

EDA +
SentiGAN 0.3 0.7310 0.9664 0.6728 0.9622

EDA +
SentiGAN 0.5 0.6580 0.9554 0.6492 0.9504
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4.5. Results of the GAN-Based Models

Table 3 presents the results as obtained when macro BLEU-2 and macro self-BLEU-2
were used to measure the similarity of the sentences generated by the GAN-based models.
The EDA + CatGAN model achieved a macro self-BLEU-2 value of 0.942 under the negative
class, which was lower than the macro self-BLEU-2 value of 0.982 achieved by the CatGAN
model. Because EDA allowed for high-quality, low-diversity sentences to be generated to
form the training data for GAN-based models, the CatGAN model could generate highly
diverse sentences. The result of the EDA + SentiGAN model was similar to that of the EDA
+ CatGAN model under the negative class. Under the positive class, the EDA + CatGAN
model generated sentences that were more similar to the original negative sentences and
sentences that were more diverse relative to those generated by the other models.

Table 3. Result of generated sample similarity of the BLEU-2 and self-BLEU-2 in five-fold cross
validations.

Model
Positive Negative

Macro BLEU-2 Macro
Self-BLEU-2 Macro BLEU-2 Macro

Self-BLEU-2

CatGAN 0.8270 0.9806 0.7950 0.9822
SentiGAN 0.6640 0.9156 0.6000 0.9374

EDA + CatGAN 0.8418 0.9802 0.6303 0.8122
EDA + SentiGAN 0.7398 0.9532 0.6340 0.9420

4.6. Results Obtained through the Shapley Algorithm

The Shapley algorithm was applied during postprocessing to filter out sentences with
similar semantics in the GAN-based models, the macro averages obtained from the five-fold
cross validation of the Shapley algorithm are listed in Table 4. The EDA + CatGAN and EDA
+ SentiGAN models generated an average of 2339.80 sentences in five-fold cross validation.
The EDA + CatGAN + Shapley model generated a macro average of 1009.8 sentences when
SP < 0, and the EDA + SentiGAN + Shapley model generated 1179.4 sentences when SP < 0.
Therefore, the EDA + CatGAN + Shapley model generated more similar sentences with
the semantic content of their original sentences relative to the EDA + SentiGAN + Shapley
model. Overall, the EDA + CatGAN + Shapley model generated more diverse sentences
(approximately 13% more diverse) relative to the EDA + SentiGAN + Shapley model.

Table 4. Statistics of the results filtered by the Shapley algorithm of the two GAN-based models.

Method GD SP < 0 SP > 0 POS NEG

EDA + CatGAN +
Shapley 2399.80 1009.80 3789.80 2398.80 1391.00

EDA + SentiGAN +
Shapley 2399.80 1179.40 3620.20 2393.20 1227.00

Note: GD represents generated sentences; SP represents the Shapley value; POS represents positive; NEG
represents negative.

4.7. Results Obtained through EDA Methods

The proposed HEGS framework is based on EDA, which is used to generate initial
training sentences for training the GAN-based model. Five methods can be applied to
generate sentences, and their classification performance results are listed in Table 5. The
EDA(RM), EDA(SR), and EDA(RD) methods achieved a macro F1 of 0.828 on the test set,
and the EDA(RS) method achieved a comparatively lower macro F1 of 0.822. This result
indicates that the EDA(RM) approach, based on a combination of four EDA methods,
achieved a high macro F1 and low standard deviation; that is, it generated more diverse
training sentences to improve the classification of imbalanced data relative to approaches
based on a single EDA method.
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Table 5. Classification performances of different EDA methods in five-fold cross validation.

Model
Validation Set Test Set

Macro F1 SD F1 Macro F1 SD F1

EDA(RM) 0.834 0.0114 0.828 0.0084
EDA(SR) 0.830 0.0100 0.828 0.0110
EDA(RI) 0.834 0.0084 0.826 0.0055
EDA(RS) 0.830 0.0071 0.822 0.0110
EDA(RD) 0.832 0.0110 0.828 0.0084

4.8. Results for Classification Performance of Augmentation Models

The BERT model was used as the classifier for training the subsampled IMDb data
set, which achieved macro F1 values of 0.841 and 0.832 on the validation and test sets,
respectively, under imbalanced data conditions (Table 6). The EDA + CatGAN + Shapley
and EDA + SentiGAN + Shapley models achieved the same macro F1 of 0.854 on the test
set. The EDA + SentiGAN + Shapley model was the best model because its standard
deviation of 0.0055 was the lowest among the tested models. By contrast, the EDA +
CatGAN and EDA + SentiGAN models achieved macro F1 values of 0.83 and 0.832 on test
sets; that is, they outperformed the CatGAN and SentiGAN models because EDA enables
GAN-based models to generate more high-quality training sentences. Therefore, EDA
enhanced the BERT classifier by enabling it to learn more training sentences. In addition,
the Shapley algorithm filtered out the generated sentences that shared the highest level of
semantic similarity in the GAN-based models, increasing performance in the classification
of imbalanced IMDb data.

Table 6. Classification performance based on Macro F1 and F1 standard deviation (SD) in five-fold
cross validation.

Augmentation Model
Validation Set Test Set

Macro F1 SD of F1 Macro F1 SD of F1

Without
(only using imbalanced

data)
0.841 0.0134 0.832 0.0083

EDA 0.834 0.0114 0.828 0.0084
CatGAN 0.828 0.0130 0.826 0.0055

SentiGAN 0.826 0.0090 0.824 0.0090
EDA + CatGAN 0.848 0.0123 0.830 0.0071

EDA + SentiGAN 0.834 0.0114 0.832 0.0084
EDA + CatGAN +

Shapley 0.860 0.0071 0.854 0.0090

EDA + SentiGAN +
Shapley 0.860 0.0071 0.854 0.0055

5. Conclusions

The present study proposed a HEGS framework that resulted in increased performance
for the classification of imbalanced data during an IMDb sentiment classification task. The
classification performance of the proposed random-mixing EDA method was superior to
those of the random replacement (original method), random insertion, random deletion,
and random swapping methods. The BLEU-2 and self-BLEU-2 measurements also indicated
that the GAN-based models generated more diverse training sentences. The proposed
Shapley algorithm was applied during postprocessing to filter out generated sentences
from the GAN-based models and achieve the augmentation of imbalanced data, resulting in
a substantially increased classification performance of both the validation and test sets. The
experimental results reveal that the application of data augmentation under the proposed
HEGS framework increased classification performance, which was further increased by
incorporating additional training sentences. In addition, the EDA method has a very fast
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processing time to generate similar sentences, but GAN-based models and BERT models
need more time consuming to obtain a best trained model. Therefore, computation ability
is a big challenge for our proposed framework. Future research should be focused in three
directions. First, the HEGS framework could be applied to augment dialogue data and
address the lack of labeled dialogue data. Second, more powerful text generation methods
(e.g., GPT-2 or XLNet models) could be applied to generate more diverse sentences and
further reduce the problem of imbalanced data classification. Third, different imbalanced
ratios could evaluate the model performances, what number of samples of minority classes
could be learned and consequently, obtain better results with the HEGS framework which
would mean a stable model.
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