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Abstract—This study investigated the potential of enhanc-
ing the performance of text classification by augmenting the
training dataset with external knowledge samples generated by
a generative AI, specifically ChatGPT. The study conducted
experiments on three models - CNN, HiSAN, and BERT - using
the Reuters dataset. First, the study evaluated the effectiveness of
incorporating ChatGPT-generated samples and then analyzed the
impact of various factors such as sample size, sample variability,
and sample length on the models’ performance by varying
the number, variety, and length of the generated samples. The
models were assessed using macro and micro-averaged scores,
and the results revealed that the macro-averaged scores improved
significantly across all three models, with the BERT model
showing the greatest improvement (from 49.87% to 65.73% in
macro F1 score). The study further found that adding 30 distinct
samples produced better results than adding 6 duplicates of
5 samples, and samples with 150 and 256 words had similar
performance, while those with 50 words performed slightly worse.
These findings suggest that incorporating external knowledge
samples generated by a generative AI is an effective approach to
enhance text classification models’ performance. The study also
highlights that the variability of articles generated by ChatGPT
positively impacted the models’ accuracy, and longer synthesized
texts convey more comprehensive information on the subjects,
leading to higher classification accuracy scores. Additionally, we
conducted a comparison between our results and those obtained
from EDA, a widely used data augmentation generator. The
findings clearly demonstrate that our method surpasses EDA and
offers additional advantages by reducing computational costs and
solving zero-shot problem. Our code is available on GitHub.1

Index Terms—text classification, data augmentation, ChatGPT,
imbalanced data, natural language processing, machine learning,
artificial intelligence

I. INTRODUCTION

The classification of natural language texts is a highly
researched topic in the fields of artificial intelligence (AI) and
machine learning (ML). Since the emergence of deep learn-
ing, various applications such as automatic data collection,
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filtering, and curation have been significantly improved. Re-
cent developments in self-attention mechanism-based language
models have made significant strides and have had a profound
impact on our daily lives. In essence, ML models rely heavily
on the corpus of training data. Thus, their ability to produce
accurate inferences is limited to the knowledge included in
the training data. When exposed to data samples covering
topics not found in the training data (referred to as out-of-
distribution samples), these models are unable to generate
reliable classifications.
The incorporation of external knowledge into the training of
ML models has been extensively researched, with numerous
studies and efforts made thus far [1]–[5]. One of the earliest
attempts in natural language processing (NLP) models is
the application of pre-trained word embeddings [6]. This
approach involves training a word embedding matrix using
publicly available text data corpus and/or text data of domain
knowledge (e.g., PubMed [7] data corpus for comprehending
medical texts). One of the key advantages of this approach is
that it enables rich vocabulary coverage, which may increase
the credibility and effectiveness of NLP models. Additionally,
this approach is easily applicable to the conventional deep
learning models such as convolutional neural network (CNN)
[8] and hierarchical self-attention network (HiSAN) [9] mod-
els, making it a promising tool for improving the performance
of these models. One limitation of this approach is that the
knowledge captured by the word embedding layer may not
necessarily propagate to the final decision layer. Although the
external knowledge is present in the latent representation of
the embedding layer, the identification of keywords and key
phrases that drive the inference depends solely on the training
data corpus. In addition, during the training process, the word
vectors of vocabularies present in the training dataset may
undergo alterations. However, the word vectors of vocabularies
that are not present in the training dataset remain unchanged,
leading to a potential disparity in the latent representation of
word embeddings. While it is possible to leave the pre-trained
word embedding matrix non-trainable, doing so may result in
a degradation of classification accuracy in the models.
A recent study [10] investigates the development of an al-
gorithm that integrates external data augmentation to train
a text comprehension model for information extraction from
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cancer pathology reports. The study created an augmented
dataset for the training corpus where the input consisted
of the definition of the International Classification of Dis-
eases for Oncology, 3rd edition (ICD-O-3) codes [11] from
the National Cancer Institute (NCI) thesaurus [12] and the
Unified Medical Language System (UMLS) [13], and the
target was the ICD-O-3 site and histology codes. The study
shows that the approach is effective in addressing the under-
represented class labels, which are rare cancers in this context,
as demonstrated by a substantial improvement in accuracy
scores in macro F1 scores. This study is critical because
increasing the sample size of rare cancer cases is physically
limited, and the study suggests a cost-effective solution to
boost classification performance. However, it should be noted
that one caveat of this approach is that it requires manual
labor to curate an augmented dataset that includes exploration
of external knowledge bases, collecting relevant content from
the knowledge bases, and composing them into the form of a
training dataset.
This study examines the concept of data augmentation through
domain knowledge for natural language processing. Rather
than manually curating external knowledge datasets, we uti-
lized generative AI models that were trained on millions
of publicly available natural language texts. Our approach
involves using generative AI-synthesized sentences as aug-
mented data samples. Generative AI models, such as genera-
tive pre-trained transformer (GPT) model [14], are trained on
various topics, making them suitable for covering most general
topics. To test the feasibility of this concept, we augmented
the datasets to enhance the classification accuracy scores for
identifying topics of the Reuters dataset. Specifically, we
generated texts related to the topics covered by the Reuters
dataset and then added them to the training procedure.
To check the effectiveness of our methods, we compared
our results with those obtained from easy data augmenta-
tion (EDA) data generator, an automated data augmentation
technique that generates additional samples by modifying the
original text data [15]. EDA utilizes various techniques such
as synonym replacement, random insertion, random swap, and
random deletion. EDA is widely recognized as an automated
data augmentation generator that can effectively enhance
datasets.
The primary contribution of this study is the development of
an innovative approach that leverages the latest advancements
in generative AI models to augment external knowledge for
enhancing text classification model development. This ap-
proach has the potential to provide an automatic and cost-
effective means of boosting task performance scores. To be
more specific:

a. We demonstrated the effectiveness of generative AI-aided
data augmentation by integrating ChatGPT-generated sam-
ples into three deep learning models.

b. We conducted comprehensive experiments to investigate
the impact of the length and variability of the generated
samples on the performance of the models.

c. We validated the superiority of our approach by comparing
it with the existing method of EDA, showcasing the ad-
vancements achieved through our proposed methodology.

Section 2 provides a detailed overview of the approach, includ-
ing data, classification models, and performance measurement.
Comparative experimental results are presented in Section 3,
and Section 4 discusses the findings and potential for further
improvement.

II. METHODS

We conducted an experimental study to investigate the
efficacy of training ML models with augmented datasets of
external knowledge samples generated by ChatGPT [16]. This
section provides details about the ML models we tested and
the experimental design employed in the study.

A. Dataset

For the study, we utilized the Reuters corpus provided by
the Natural Language Tool Kit (NLTK) [17] Python library.
The corpus consisted of 10,788 news articles, with a total of
1.3 million words. The corpus contains pre-defined ”training”
and ”test” sets with 7,769 and 3,019 cases, respectively. Note
that we randomly held out 10% of the training samples for
validation of the model training. Each news article belongs to
one or more of the 90 pre-defined categories, forming multi-
class labels. The corpus provides a multi-labeled dataset for
text classification tasks. Each article is labeled with a number
from one to fifteen. However, this is a long-tail imbalanced
dataset, as the number of samples (articles) for each label
(topic) varies greatly, ranging from 1 to 2877. Figure 1
displays the count of samples for each label through a bar plot.
The number of words in each article ranges from 2 to 1316,
with an average of 130 words per article. The distribution of
the articles’ lengths is shown in Figure 2.

B. Machine learning models for text comprehension and clas-
sification

Given that the dataset is labeled as multi-class, it is imper-
ative for the model to be designed to enable multiple choices
of labels. The final decision layer’s output nodes should
be equipped with a sigmoid activation function that applies
binary cross-entropy for optimization in the back-propagation.
To implement the proposed approach of augmenting external
knowledge for natural language text classification, we utilized
the following three widely-adopted ML models. The ML mod-
els have been implemented using the PyTorch [18] platform
on Python 3.10.

1) Convolutional neural network model: The text classi-
fication model based on CNN [8] consists of three parts: a
word embedding layer, a one-dimensional convolution layer,
and a fully-connected decision layer. The word embedding
layer learns a representation of terms by mapping a set of
words to numerical vectors. Within the vector space, proximity
indicates the similarity of semantic meaning within the context
of a text corpus. The convolution layer employs a set of one-
dimensional convolution filters to capture the features of the

139

Authorized licensed use limited to: University of North Texas. Downloaded on August 30,2023 at 21:53:15 UTC from IEEE Xplore.  Restrictions apply. 



Fig. 1. The number of articles for each topic in the Reuters corpus, illustrates that the dataset is severely imbalanced.

Fig. 2. The article length in the Reuters corpus.

word vectors. The decision layer collects the captured features
and makes inferences.

2) Hierarchical self-attention network model: The HiSAN
[9] model uses a self-attention mechanism to address the
challenge of long-term dependencies between words in natural
language texts. This model analyzes document data in a
hierarchical manner. At the lower level, words are treated
as composing lines, and at the upper level, lines are treated
as composing the document. The self-attention mechanism
compares a sequence of embeddings with itself to identify
relationships between components of the sequence.

3) BERT model: Bidirectional encoder representations
from transformers (BERT) [19] is currently the most suc-
cessful ML model for natural language processing. It has
achieved superb classification accuracy scores across many
applications. BERT applies multiple layers of self-attention
mechanism to identify keywords that characterize documents
at scale. We apply a fully-connected layer at the top to make
final inferences. For our study, we utilized the pre-trained
bert_base_uncased model from the HuggingFace [20]
library, which is widely recognized for its high performance

in natural language processing tasks.

C. Augmenting external data to the text classification

Incorporating external knowledge into ML model training
is a crucial aspect of design. Previous studies have been
limited by utilizing truth label descriptions as augmented
input, which restricts the content of the augmented dataset
to the knowledge source. As a result, there is a lack of
variability of expression and a limited vocabulary regarding
the dataset. To address this issue, this paper proposes a
solution that uses newly introduced generative AI products
to synthesize the infused dataset. The rationale is that such
AI products, e.g., ChatGPT, have been trained on millions of
contents and are expected to include relevant knowledge in
their training corpus. Thus, ChatGPT can synthesize text with
relevant knowledge and background. The proposed approach
is expected to significantly increase classification accuracy
by incorporating variability of expressions and vocabularies
about the target labels.

1) Obtain external knowledge from ChatGPT and EDA:
To obtain external knowledge datasets from ChatGPT, we
utilized the ChatGPT API (GPT3.5) by submitting queries in
the format: ”write an article with N words about LABEL in
Reuters news format.” Here, LABEL represents the topic for
which we aimed to create data, and N represents a designated
word count. We applied three specific word counts (50, 150,
and 256) in our experiment.Automated data generation was
implemented through Python.

According to the EDA paper, the recommended number of
augmented samples depends on the size of the original sample.
In our experiment with the Reuters dataset, we generated four
additional samples for each original sample, resulting in a
total of 31,076 samples (7,769 multiplied by 4). To ensure
consistency, we applied the same text data pre-processing
pipeline, which included tokenization and vectorization, as
used in the training corpus from the Reuters dataset.

2) Integrate the external knowledge to the model: In order
to incorporate external knowledge into our model, we added
an external knowledge training loop after each batch of the
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original data. During a given training update within each
epoch, the following steps are taken:
a. The binary cross-entropy loss is calculated from the given

minibatch of training samples and backpropagation is per-
formed.

b. A minibatch of augmentation samples is randomly selected,
the binary cross-entropy loss is calculated, and backpropa-
gation is performed.

D. Experimental design

Our approach to integrating external knowledge into the
training procedure involves augmenting auxiliary data samples
generated from that knowledge. We introduce these augmented
samples during each training batch to expose the ML models
to the external knowledge. The following are four scientific
questions related to this strategy.

1) Quantification of performance improvement: The central
inquiry of this study is to determine if augmented external
knowledge data samples synthesized by ChatGPT models can
enhance performance. Specifically, we anticipate an improve-
ment in accuracy scores for under-represented class labels.
Our ML models have already acquired sufficient information
from the rich training dataset to achieve good performance
scores for prevalent classes. However, the lack of training
data samples for minor classes impedes the model’s ability
to acquire adequate knowledge about these class labels. We
designed experiments using three different ML models - CNN,
HiSAN, and BERT - to validate the effectiveness of our
proposed approach, regardless of the model architecture.

2) Sample size vs. variability of expression: As previously
discussed, the Reuters dataset is afflicted with severe class im-
balance. This imbalance results in a decrease in classification
accuracy for the under-represented class labels, as half of the
topics have fewer than 20 samples for training. To address
this issue, augmenting synthesized data samples with external
knowledge has been proposed as a potential solution to boost
performance of the minority labels. However, it is important to
consider the possibility that the observed improvements may
be attributable to a sample size issue rather than the efficacy
of the external knowledge. Specifically, one could argue that
the repetition of a few synthesized data samples may yield the
same improvements as introducing fresh synthesized samples.
To better understand this issue, a key question is how much
variability can be expected when repeating six sets of five
synthesized samples versus when introducing 30 new synthe-
sized samples. The primary question is whether the ChatGPT-
generated texts can effectively articulate subjects and topics
through various types of expressions and perspectives. If this is
the case, then the ML models exposed to such variability may
exhibit greater robustness and make more accurate decisions
about class labels.

3) Optimal article length: Suggesting longer synthesized
documents can potentially enhance specificity and enrich the
vocabulary of the subject. However, specifying an extended
maximum document length to ChatGPT may result in higher
computational time and resource consumption. In the Reuters

dataset, articles range from 2 to 1316 words in length. How-
ever, the majority of articles (87%) contain less than 250
words, and 73% are less than 150 words in length. The average
article length is 130 words. Based on the statistics, we decided
to set the article length to 256 words for our experiment. We
also conducted tests with maximum lengths of 50 and 150
words to evaluate the potential negative effects.

4) Comparison with EDA data generator: In this study,
we have conducted a comparative analysis of augmentation
techniques using EDA and ChatGPT with the following two
text classification models, namely HiSAN and BERT. We
evaluated the performance of these models using samples
generated by ChatGPT (90 labels, each with 20 samples of 256
words) and EDA-generated data. The results of the comparison
are presented in Tables IV and V.

E. Performance measure

Due to the severe class imbalance and multi-label annota-
tions present in our data corpus, it is necessary to calculate
both macro- and micro-averaged F1 metrics using a class-
wise multi-label confusion matrix. In this context, macro-
averaged F1 scores are equally weighted among the class
labels, while micro-averaged F1 scores are equally weighted
among individual decisions. To calculate these scores, we use
the Scikit-Learn [21] Python library.

For each class label i, we obtain ai, bi, ci, and di, where
a stands for true positives, b represents true negatives, c
represents false negatives, and d represents false positives.
To calculate the macro-averaged precision, recall, and F1
scores, we computed those scores for each label separately,
and then took their average over all the labels. In contrast, to
compute the micro-averaged precision, recall, and F1 scores,
we aggregated the ai, bi, ci, and di across all labels and
computed the corresponding overall scores. Equations (1) and
(2) illustrate the method of calculating macro- and micro-
averaged scores.

pmacro =
∑N

i=1 pi

N pi =
ai

ai+ci
(i = 1, ..., N) (1)

pmicro =

∑N
i=1 ai∑N

i=1 ai +
∑N

i=1 ci
(i = 1, ..., N) (2)

where N is the total number of the labels. In our case, N = 90.

III. RESULTS

We conducted a comparative analysis of three ML models,
namely Convolutional Neural Network (CNN), Hierarchical
Sampling Network (HiSAN), and Bidirectional Encoder Rep-
resentations from Transformers (BERT), to classify data. To
evaluate the models, we used macro- and micro-averaged
metrics and augmented them with external knowledge samples
synthesized by ChatGPT. We repeated the training process
10 times for each model and dataset, and then averaged the
accuracy scores to mitigate the inherent variability in ML
training. Table I summarizes our findings.
Our study has shown that augmenting external knowledge
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leads to improved accuracy across both macro- and micro-
averaged metrics in ML models. We found a statistically
significant improvement in macro-averaged scores, while the
improvement in micro-averaged scores was not statistically
significant. Our results indicate that BERT models experienced
the greatest improvement (with macro F1 scores increasing
from 49.87 to 65.73) compared to the other two models.
The enhancement was more pronounced in macro-averaged
scores than in micro-averaged ones, suggesting that augment-
ing external knowledge significantly improves the accuracy
of minor class labels. These findings validate the use of
generative AI models to synthesize texts and augment external
knowledge as an effective approach to boost the performance
of classification models. Furthermore, our study demonstrates
that significant improvements in macro F1 scores can be
achieved without sacrificing micro F1 scores, indicating that
the proposed method is highly effective and does not compro-
mise overall performance. This suggests that this same concept
can be applied to other applications of natural language text
classification and information extraction tasks.
In the analysis of three different model architectures, the BERT
model exhibited significantly higher accuracy scores than the
HiSAN and CNN models. Furthermore, the HiSAN models
performed significantly better than the CNN models. These re-
sults indicate that self-attention-based text classification mod-
els are more effective for natural language text comprehension.
It is important to note that the BERT model employed a pre-
trained version, whereas the other two models were trained
from scratch. The utilization of pre-trained models may have
resulted in a higher likelihood of exposure to the topics of the
queries in the Reuters dataset, which could have led to the
observed increase in accuracy scores.
Table II presents the results of the training of HiSAN models
with various augmentations, including the one, three, and
six repetitions of five synthesized samples, and thirty newly
synthesized samples. The findings indicate that the use of
thirty newly synthesized samples resulted in a significant
improvement in performance compared to using six repetitions
of five synthesized samples. Therefore, the issue at hand is
not solely a matter of sample size, which can be resolved by
oversampling the training dataset. Furthermore, the accuracy
scores for the one, three, and six repetitions of samples did not
differ significantly. Additionally, the generative AI synthesized
articles possess rich information, which positively influences
the target ML models.
Table III presents the classification accuracy scores from
the HiSAN models that were trained with 10, 20, and 30
synthesized samples, but limited the article length to 50 words.
The results reveal higher accuracy scores than those without
external knowledge samples (45.69 for macro F1 and 85.90
for micro F1 from Table I); however, they are lower than the
scores with 30 synthesized external knowledge samples with
sample length equal to 150 (54.95 for macro F1 from Table III
and 56.00 for macro F1 from Table II). This implies that longer
synthesized text articles could convey richer information about
the subjects, resulting in higher classification accuracy scores.

Interestingly, the accuracy scores for 10, 20, and 30 synthe-
sized 50-word-limit samples do not differ significantly.
Table IV and table V present the average performance scores
of HiSAN and BERT models trained on two different aug-
mented datasets: EDA and 20-samples ChatGPT dataset. It is
evident that the inclusion of EDA data led to enhancements in
the models’ performance, although these improvements were
not as substantial as those achieved with the data generated
by ChatGPT. Specifically, for the macro F1 score, the HiSAN
model improved by 3.2% with EDA data, while ChatGPT
yielded a superior improvement of 9.51%. Similarly, the
BERT model improved by 11.53% with EDA data, while the
ChatGPT data showcased a more remarkable improvement of
15.86%. Furthermore, it is noteworthy that the BERT model
required more epochs to converge when trained on EDA data
(30-35 epochs) compared to the ChatGPT data (13-16 epochs).
Both EDA and generative AI-aided data augmentation serve
as automated data generators used to augment external knowl-
edge to the training process. However, EDA, along with other
data augmentation methods [22], [23], heavily depends on
the original datasets. This dependence restricts its ability to
generate samples for labels that are absent in the original data.
In contrast, generative AI solely relies on labels and is not
hindered by this limitation. The capability to handle zero-shot
labels, combined with the diverse nature of the generated data,
enables our approach to surpass the performance of EDA.

IV. DISCUSSION

Generative AI models have gained popularity since the
debut of ChatGPT. With their large number of trainable
parameters, pre-training with a substantial amount of articles
and documents, they achieved noteworthy performance in
chatting, question answering, and information retrieval. Early
adoption studies have already shown remarkable results,
making it clear that these models have great potential for
various NLP tasks. However, it is still too early to expect
that GPT models can solve complex real-world problems
independently. Nonetheless, with proper guidance, we can
leverage the vast amounts of information they provide to
enhance various NLP tasks.
This paper proposes an application of ChatGPT as an external
knowledge data source to enhance the accuracy of natural
language text classification, which is a prime topic of NLP
research. Our results suggest that emerging generative AI
models could be a valuable source of external knowledge.
In particular, our method achieved superb macro-averaged
scores, surpasses the performance of other common used text
data augmentation technologies such as EDA, demonstrating
that it is highly effective in improving under-represented class
labels. Our approach could be particularly useful in areas that
suffer from severe class imbalance issues, such as clinical
and health-related document classification and information
extraction.
Generative AI-aided data augmentation is easy to implement
and provides more flexibility than traditional methods.
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Model Macro (Unit:%) Micro (Unit:%)

Precision Recall F1 score Precision Recall F1 score

CNN
without EK 33.39 28.96 30.05 81.92 77.02 79.32

(30.13, 36.64) (27.30, 30.61) (28.15, 31.95) (78.64, 85.21) (75.99, 78.06) (77.71, 80.94)

with EK 36.98 39.6 36.25 80.41 77.76 79.04
(35.10, 38.87) (38.15, 41.05) (35.15, 37.36) (78.79, 82.05) (77.10, 78.41) (78.32, 79.76)

HiSAN
without EK 56.86 41.15 45.69 90.49 81.76 85.90

(54.99, 58.72) (40.07, 42.23) (44.68, 46.69) (89.83, 91.15) (81.17, 82.34) (85.67, 86.12)

with EK 67.69 50.17 55.20 91.22 81.91 86.31
(65.76, 69.61) (48.28, 52.05) (53.56, 56.85) (90.67,91.78) (81.33, 82.49) (86.05, 86.57)

BERT
without EK 57.17 47.25 49.87 91.30 87.69 89.45

(53.82, 60.53) (44.02, 50.48) (46.70, 53.03) (90.84, 91.75) (86.80, 88.58) (89.15, 89.75)

with EK 75.23 61.44 65.73 92.50 87.90 90.13
(74.00, 76.46) (59.65, 63.23) (64.46, 66.99) (91.80, 92.62) (87.74, 89.06) (90.07, 90.45)

TABLE I
MODELS PERFORMANCE WITH AND WITHOUT EXTERNAL KNOWLEDGE AUGMENT

The table above shows the mean scores and 95% confidence intervals of macro precision, recall, f1, micro precision, recall
and f1 for each model respectively, with and without external knowledge. The augmentation data contains 20 samples for
each label, and each sample contains 256 words. The abbreviations EK represents External Knowledge.

Macro (Unit:%) Micro (Unit:%)

Precision Recall F1 score Precision Recall F1 score

5 samples 65.65 47.25 52.52 90.63 82.19 86.20
(64.66, 66.63) (46.39, 48.10) (51.80, 53.25) (90.17, 91.10) (81.45, 82.93) (85.82, 86.58)

5×3 samples 67.12 48.10 53.80 91.32 82.00 86.40
(66.26, 70.52) (48.17, 51.67) (54.00, 56.87) (90.73, 92.05) (81.53, 83.27) (86.32, 86.98)

5×6 samples 65.12 47.47 52.56 90.58 82.21 86.18
(63.32, 66.92) (46.02, 48.93) (51.32, 53.79) (89.70, 91.46) (81.56, 82.86) (85.79, 86.57)

30 different samples 69.59 50.64 56.00 91.92 81.69 86.16
(68.50, 70.68) (49.23, 52.06) (55.05, 56.96) (90.21, 92.17) (80.84, 82.55) (85.95, 86.38)

TABLE II
HISAN PERFORMANCE WITH REPEATED AND DISTINCT SAMPLES

The table above shows the HiSAN models’ performance with repeated and distinct samples. The first row shows the result
of adding five samples for each label. The second row shows the result of duplicate the first dataset three times and the
third row shows the result of duplicate the dataset six times. Row four shows the result of adding 30 distinct samples.
Each sample with 150 words.

Researchers can specify the number of samples required for
specific labels, allowing for more targeted augmentation.
Moreover, it overcomes the limitations of relying solely
on the original text dataset, making it effective in handling
zero-shot problems.
However, it is important to note that when interacting with
generative AI models, researchers must carefully formulate
their query sentences. The models are highly sensitive to input
questions, and the quality of generated samples depends on
the quality of the queries. For instance, when augmenting the
Reuters dataset, a query like ”write the definition of [label]”
may not provide as rich information as a query like ”write
an article about [label] in Reuters news format.” Therefore,
researchers should invest effort in crafting precise and
informative queries to obtain desirable augmented samples
from the generative AI models.

Despite their success, generative AI models have raised issues
regarding their limitations. For example, in some cases, GPT
models can provide misleading information on certain topics.
This raises questions about how we can ensure that the
external knowledge is proper and sound and whether GPT
models may negatively affect our underlying tasks. These
concerns point to the need for further research.

V. CONCLUSIONS

Our study has demonstrated the substantial performance
improvement achievable in text data classification through the
application of generative AI-aided augmentation across three
deep learning models. The automated and easy implementation
of this approach presents a promising avenue for enhancing
text classification tasks. Future research should focus on
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Macro (Unit:%) Micro (Unit:%)

Precision Recall F1 score Precision Recall F1 score

10 samples 66.56 47.75 53.11 90.94 81.70 86.07
(65.10, 68.01) (46.00, 49.50) (51.71, 54.50) (90.41, 91.47) (80.87, 82.54) (85.75, 86.38)

20 samples 68.44 50.65 55.69 90.47 82.54 86.30
(67.34, 69.54) (48.56, 52.74) (54.18, 57.20) (89.65, 91.30) (81.51, 83.57) (85.99, 86.63)

30 samples 68.60 49.29 54.95 91.26 81.87 86.3
(67.33, 69.89) (47.56, 51.02) (53.60, 56.30) (90.46, 92.06) (81.13, 82.61) (86.06, 86.54)

TABLE III
HISAN PERFORMANCE WITH SAMPLES’ LENGTH EQUAL TO 50

The table above shows the mean scores of macro precision, recall, f1 and micro precision, recall, f1 of running
the HiSAN model with samples’ length equal to 50. The first row shows the result of adding 10 distinct samples
for each label. The second row shows the result of 20 distinct samples and the third row shows the result of 30
distinct samples. Each sample with 50 words.

Macro (Unit:%) Micro (Unit:%)

Precision Recall F1 score Precision Recall F1 score

without EK 56.86 41.15 45.69 90.49 81.76 85.90
(54.99, 58.72) (40.07, 42.23) (44.68, 46.69) (89.83, 91.15) (81.17, 82.34) (85.67, 86.12)

EDA 60.29 44.24 48.89 91.18 82.44 86.59
(58.62, 61.96) (43.06, 45.41) (47.69, 50.07) (90.58, 91.79) (82.06, 82.82) (86.34, 86.83)

ChatGPT 67.69 50.17 55.20 91.22 81.91 86.31
(65.76, 69.61) (48.28, 52.05) (53.56, 56.85) (90.67,91.78) (81.33, 82.49) (86.05, 86.57)

TABLE IV
HISAN PERFORMANCE WITH EDA AND CHATGPT DATA

The table above shows the mean scores of macro precision, recall, f1 and micro precision, recall, f1 of running
the HiSAN model without external knowledge, with 31076 EDA samples, and with 90*20 ChatGPT samples with
256 words length.

Macro (Unit:%) Micro (Unit:%)

Precision Recall F1 score Precision Recall F1 score

without EK 57.17 47.25 49.87 91.30 87.69 89.45
(53.82, 60.53) (44.02, 50.48) (46.70, 53.03) (90.84, 91.75) (86.80, 88.58) (89.15, 89.75)

EDA 68.04 59.28 61.40 90.78 89.38 90.07
(66.77, 69.30) (58.01, 60.56) (60.35, 62.44) (90.29, 91.26) (88.97, 89.80) (89.87, 90.27)

ChatGPT 75.23 61.44 65.73 92.50 87.90 90.13
(74.00, 76.46) (59.65, 63.23) (64.46, 66.99) (91.80, 92.62) (87.74, 89.06) (90.07, 90.45)

TABLE V
BERT PERFORMANCE WITH EDA AND CHATGPT DATA

The table above shows the mean scores of macro precision, recall, f1 and micro precision, recall, f1 of running
the BERT model without external knowledge, with 31076 EDA samples, and with 90*20 ChatGPT samples with
256 words length.

expanding the investigation of our approach to different topics
and datasets to assess its effectiveness in diverse domains.
Such studies would provide valuable insights into the general-
izability and adaptability of our method across various textual
data sets. Overall, our findings highlight the potential of gener-
ative AI-augmented augmentation as a powerful technique for
improving the performance of text data classification, opening
doors for further advancements in natural language processing
research.
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