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Abstract. As the exploitation of large-scale data advances, numerous classification is-
sues are being effectively addressed. However, significant challenges persist when dealing
with imbalanced data. In cases of data imbalance, ideally, new data would be annotat-
ed for the underrepresented categories. Nonetheless, in practical terms, data augmenta-
tion strategies are often employed to generate analogous data for these minor categories.
While there are numerous issues associated with data augmentation techniques within the
realm of natural language processing, no definitive methods have been established until
the efficacy of ChatGPT for English data augmentation was demonstrated. However, it
is known that its performance decreases for languages other than English, and there has
been limited validation in Japanese. Consequently, in this research, we sought to anno-
tate and augment the Livedoor News Corpus using ChatGPT, and through a comparative
analysis of accuracy changes, we validated the effectiveness of ChatGPT for Japanese
imbalanced data.
Keywords: Natural language processing, Data augmentation, ChatGPT, Imbalance
data

1. Introduction. In recent times, the extensive use of large-scale data has facilitated the
resolution of numerous problems through machine learning techniques. The enhancement
of Large Language Models (LLMs) has been particularly influential, solving problems
that were previously challenging and matching or even surpassing human accuracy in
tasks that fundamentally relied on manual annotation [1]. However, challenges remain in
addressing issues reliant on unique domains or limited data, posing barriers for researchers
and enterprises with fewer resources.

A prominent issue with small datasets is the problem of imbalanced data in classifica-
tion tasks. When training on imbalanced datasets, models tend to overfit to features of
categories with more data and fail to learn characteristics of less-represented categories
adequately [2]. Strategies to address imbalanced data include down-sampling, which re-
duces data to balance category representation, and data augmentation, which generates
features of underrepresented data to equalize category sizes. While various augmentation
techniques are widely used in image processing [3], the complexity of handling discrete
vectors in natural language processing has impeded the establishment of universal meth-
ods [4].

As a remedy for small-category issues, approaches utilizing language models and gen-
erative models have gained attention. While pre-trained language models like BERT [5]
are used for acquiring high-precision vector representations, generative models such as
ChatGPT [6] have been explored for generating training data itself [7]. Generative model
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approaches for data augmentation are versatile, but challenges remain in output pre-
diction and control, and performance varies significantly with language [8]. While their
effectiveness in English is well-recognized, their performance in Japanese and its validity
remain under-explored.
Therefore, this study proposes a data augmentation method using ChatGPT with per-

sonas to aim for controlled data generation. Therefore, this study proposes a data aug-
mentation method using ChatGPT with personas to aim for controlled data generation.
By analyzing the accuracy changes in classification tasks, this study investigates the con-
trollability of ChatGPT in Japanese and its effectiveness as a data augmentation method.
In this paper, we propose the data augmentation method for long Japanese texts as one
of the solutions for imbalanced data. Chapter 2 discusses previous research on data aug-
mentation, Chapter 3 describes the proposed method of augmentation using ChatGPT
with personas, Chapter 4 explains the dataset, Chapter 5 evaluates the accuracy of data
augmentation, Chapter 6 conducts classification experiments, Chapter 7 compares down-
sampling, and Chapter 8 concludes to the paper.

2. Prior Research.

2.1. Dependency structure-incorporated data augmentation method. In previ-
ous research by the authors, there was a data augmentation generation method that took
dependency structures into account [9]. This model, based on a generative model for
molecular compounds, proposed generating text considering dependency structures and
compared the similarity of news titles using both rule-based and text-generation methods.
The results showed that all methods struggled to achieve diversity, and the data aug-

mentation proposed still left challenges in improving classification accuracy. This suggests
that features designed manually or those including dependency structures were insufficient
in retaining the characteristics of the training data, indicating the need for an augmenta-
tion method that better preserves the original data’s features. Additionally, it emphasizes
that there is no established method for generating Japanese text, highlighting a signif-
icant gap in the current approach to data augmentation for Japanese language models.
This lack of a definitive method poses further challenges in maintaining the quality and
diversity of generated data, particularly in the context of natural language processing for
Japanese.

2.2. ChatAug. Dai and colleagues employed ChatGPT for data augmentation in clinical
data, achieving improved classification accuracy compared to traditional methods [7]. The
datasets used in this study were primarily composed of short sentences in English and

Figure 1. ChatAug
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did not include article data that requires consideration of the entire contextual flow of
the text. While this approach proved successful for short sentences in English, it remains
untested for longer texts in Japanese. This gap indicates a need for augmentation methods
that can effectively handle longer and contextually rich text data, such as full articles,
especially in languages other than English.

3. Proposed Method. To effectively augment data, it is crucial to generate sentences
that convey the same meaning but with different expressions. Hence, in this research,
we propose a data augmentation method using ChatGPT, which incorporates personas
to replicate the process of human news article writing. This method focuses on how
news articles are crafted based on the same topic but written differently according to
the reader demographics. The reader’s demographics are defined as personas, which are
then incorporated into ChatGPT’s prompts. We believe that this approach can generate
articles with the same content but in different expressions tailored to each persona.

Figure 2. Data augmentation method using ChatGPT with personas

Data augmentation was performed by sampling 80 data points from each category in
the training data and then augmenting them using seven different personas. Subsequently,
extremely short sentences under 100 characters were eliminated, filtering the training data
to ensure a certain length of the text. Due to the randomness inherent in LLM-generated
content, each article was augmented five times.

3.1. Prompt engineering. It is known that large-scale language generation models, ex-
emplified by ChatGPT, can produce responses aligned with user intentions to a certain
extent by receiving instructions for generation in natural language [10]. This enhances the
potential for obtaining appropriate responses by controlling the otherwise unpredictable
outputs of generative models. However, providing inappropriate prompts can make con-
trolling the output difficult. Creating suitable prompts for specific problems is generally
challenging and often based on empirical rules, but for this study, we expanded prompts
using ChatGPT4.0.

3.2. Personas. The prompts created for each persona are listed in Table 1. The personas
are primarily based on age groups, derived from the Livedoor News media materials, and
are further differentiated by varying levels of expertise, anticipating that this will yield
different expressions. Additionally, the model used for data augmentation in this study
is “gpt-3.5-turbo-0301”.
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Table 1. Configured persona prompts

Persona Prompt

Student

高校生程度10代後半を想定。社会的な興味関心は低く、身近で話题性の
高い記事を好む
(High school age, late teens, or so. Likely to be less interested in social
issues and prefer articles that are familiar and topical.)

Engineer

専門的な技術職に従事している想定。時事情報や技術的な記事、家
電、IT ガジェットなどを好む
(Assumed to be engaged in professional technical work. Prefer current af-
fairs, technical articles, consumer electronics, IT gadgets, etc.)

Housewife

専業主婦\ (30代から40代程度\ )を想定。時間があるため、ファッション
や旅行、エンタメやゴシップ記事など揮発性の高いコンテンツを好む
(Housewives (in their 30s to 40s) are assumed to be full-time housewives.
They prefer highly volatile content such as fashion, travel, entertainment
and gossip articles because they have more time.)

Business

20代から40代の企業勤務者を想定。マーケットトレンド、産業ニュー
ス、経済の動向、リーダーシップやキャリア開発に関連する記事を好
む。また、ビジネスに影響を及ぼす政治的な出来事についても関心が高
い。
(Assumes corporate employees in their 20s to 40s. Prefer articles related
to market trends, industry news, economic developments, leadership and
career development. Also interested in political events affecting business.)

Senior

60代以上のリタイアした個人を対象とします。健康とウェルネス、旅
行、趣味、芸術と文化、金融計画やリタイアメントに関連する記事に興
味がある。
(Targets retired individuals in their 60s and older. Interested in articles
related to health and wellness, travel, hobbies, arts and culture, financial
planning and retirement.)

Researcher

専門的な知識や研究領域に深い関心があり、その分野に関連する深い洞
察や研究成果を探しています。また、研究助成金の動向、学術界のニュ
ース、研究のエチカルな問题についても興味がある。
(They have a deep interest in professional knowledge and research areas and
are looking for in-depth insights and research findings related to their field.
They are also interested in research funding trends, news in academia, and
research ethics issues.)

Young

デジタルネイティブとも言えるこの世代は、ソーシャルメディアトレン
ド、ポップカルチャー、環境問题、社会正義についての記事に興味があ
ります。
(This generation of digital natives is interested in articles about social media
trends, pop culture, environmental issues, and social justice.)

4. Dataset. For this study, the dataset employed was the “livedoor news corpus” [11].
This dataset, curated by NHN Japan Corporation, consists of selected articles from “live-
door News”. It was compiled by primarily removing HTML tags, aimed for use in category
classification. The distribution of data across different categories, as illustrated in Table
2, reveals an imbalance in the dataset, with significant variances in the length of arti-
cles within each category. Furthermore, the dataset includes unique vocabularies, such
as product names, specific to individual articles. This characteristic presents a challenge
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Table 2. Configured persona prompts

Category Size BERT TF-IDF

独女通信 (dokujo-tsushin) 870 82.23% 85.71%

ITライフハック (it-life-hack) 870 86.79% 88.11%

家電チャンネル (kaden-channel) 864 78.68% 88.20%

livedoor HOMME 511 81.44% 82.41%

MOVIE ENTER 870 90.19% 91.00%

Peachy 842 79.61% 80.78%

エスマックス (smax) 870 92.07% 99.50%

Sports Watch 900 94.23% 89.20%

トピックニュース (topic-news) 770 87.62% 92.53%

when segmenting the test data, as it may contain vocabulary that is not present in the
training data.

In a preliminary experiment, we investigated the compatibility of different vectorization
techniques with the dataset by classifying categories using two types of vectors. The
vectors chosen for this study were BERT, which considers the context of words, and
TF-IDF, which emphasizes word frequency information. The objective was to determine
whether context or word frequency information is more critical for classification accuracy.

The results indicated that, for most categories, classification was more accurate when
using TF-IDF. This outcome suggests that for this particular dataset, prioritizing word
frequency information is more effective. Consequently, in subsequent experiments, we will
utilize the TF-IDF vectorization approach.

5. Comparison of Augmentation Accuracy with and without Personas. This
section of the study examines how effectively persona-based data augmentation captures
the characteristics of the original data. The verification is conducted by comparing data
augmented with a persona against data augmented without persona. Initially, a scatter
plot experiment qualitatively assesses how closely the distributions of the original and
generated data overlap.

Subsequently, the similarity between the original and generated data is quantitatively
evaluated. Semantic similarity is assessed using cosine similarity, while the similarity in
expression is measured using the BLEU score. As the goal is to generate varied expressions
with the same meaning, it is desirable to have a relatively high cosine similarity and a
low BLEU score. Furthermore, the extent to which the original category information is
retained is evaluated through a category classification experiment. This involves assessing
how well the generated data is classified into the categories of the original data.

Visualization of generated text. For the experiment, 80 data samples from each cat-
egory were taken and augmented using seven different personas. Subsequently, extremely
short texts of less than 100 characters were removed to ensure the training data consisted
of texts with a reasonable length. In addition, a non-persona-based augmentation prompt
was created for comparison, enabling an analysis of the effectiveness of persona-based data
augmentation.

The visualization of training, test, augmented, and non-persona augmented data was
conducted using t-SNE scatter plots, as illustrated in Figure 3, where it is ideal for the
distribution of generated data to align with the original data, assessed by the overlap of
green and red dots (generated data) with blue and orange dots (original data). Analy-
sis indicates the augmented data often concentrates, reflecting the similarity in output
patterns from ChatGPT and suggesting the generation of similar data points from single
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instances through multiple personas, while also showing augmented data typically resides
at the periphery of original data, implying it is similar yet distinct.
Conversely, data augmented without personas clusters away from original data, showing

a clear divergence from original characteristics. This variance underlines the importance
of personas in maintaining the essence of training data, a factor to be further explored in
similarity and classification experiments.

Figure 3. (color online) Scatter plot of generated data

6. Category Classification Experiment. The category classification experiment as-
sesses how well the augmented data retains the characteristics of the original data. We
removed the data from the training set that served as the basis for augmentation and uti-
lized a model trained using a Multilayer Perceptron (MLP). The estimation was deemed
accurate if the predicted category matched the original data’s category.
If the data is classified into the same category as the original data, it is considered to

have retained the characteristics of the data from which it was augmented. The accuracy
was evaluated using three types of data: the original data, data augmented with personas,
and data augmented without personas.
Focusing on the confusion matrix of the data augmented with personas, it is observed

that misclassification, particularly in the ‘peachy’ category, led to decreased accuracy.
This category, encompassing a wide range of genres and typically targeting the 10-20 age
demographic, might have inadvertently influenced the augmented data. The original data
might have been classified considering the expressions unique to the ‘peachy’ category,
but the augmentation process could have diluted these distinct stylistic elements.
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Figure 4. Category classification experiment procedure

Table 3. Evaluation of generated dataset accuracy

Category Original With persona Without persona

独女通信 (dokujo-tsushin) 80.21% 62.21% 13.23%

ITライフハック (it-life-hack) 88.38% 67.38% 23.05%

家電チャンネル (kaden-channel) 80.45% 52.62% 13.98%

livedoor HOMME 79.54% 59.54% 9.71%

MOVIE ENTER 92.13% 79.13% 5.62%

Peachy 79.46% 55.46% 10.97%

エスマックス (smax) 94.20% 73.20% 10.97%

Sports Watch 92.90% 79.74% 3.78%

トピックニュース (topic-news) 93.50% 85.50% 6.58%

Figure 5. With persona classification results
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Figure 6. Without persona classification results

For data augmented without personas, the training data appeared to be dispersed
overall, indicating ineffective learning. This observation suggests that personas contribute
not only to diversity but also to preserving features vital for classification.

7. Comparison of Classification Accuracy with Down-Sampling. A comparison
was made with down-sampling, a common approach to handling imbalanced data. For
this, a classification experiment was conducted using a dataset with training data unified
to 400 entries through down-sampling, and another set where augmented data was added
to the original data.
The results of the classification experiment are presented in Table 4. The accuracy of

down-sampling and augmented data was compared, with the higher accuracy indicated
in bold. From the table, it can be seen that in 6 out of 9 categories, the augmented data
resulted in improved accuracy, indicating that the augmentation contributed positively
to classification accuracy. However, compared to the original dataset, only 2 out of 9
categories showed improvement.

Table 4. Data augmentation and down-sampling for category classifica-
tion accuracy

Category Original Down-sampling Augmentation

独女通信 (dokujo-tsushin) 80.39% 78.13% 78.79%

ITライフハック (it-life-hack) 83.33% 80.39% 77.78%

家電チャンネル (kaden-channel) 85.43% 82.23% 83.67%

livedoor HOMME 73.30% 72.28% 74.76%

MOVIE ENTER 88.78% 87.92% 93.27%

Peachy 82.59% 79.60% 79.17%

エスマックス (smax) 98.02% 96.55% 95.65%

Sports Watch 89.45% 84.42% 85.86%

トピックニュース (topic-news) 89.23% 88.21% 88.32%

Accuracy 85.67% 83.33% 84.22%
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While not all categories showed significant improvement, the fact that the accuracy of
livedoor HOMME, a category with limited data, improved suggests that augmentation
has a certain effect as a measure against imbalanced data.

8. Conclusions. In this study, using personas for data augmentation with ChatGPT al-
lowed for a more effective augmentation of the original data’s features compared to when
personas were not used. Furthermore, it was possible to mitigate the decrease in classifi-
cation accuracy during down-sampling. However, achieving a significant improvement in
accuracy remained challenging. There is potential to further enhance data augmentation
and improve classification accuracy by creating new prompts to acquire the necessary
features for category classification. Additionally, research into large-scale models utilizing
multimodal generative models is advancing, which may lead to the realization of more
abstract augmentation techniques.
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