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ABSTRACT
We aim to link tweets and news articles from The New York Times,
which is crucial for various purposes. It benefits computational so-
cial science research by providing insights into public responses to
events. Additionally, it helps The New York Times create news con-
tent that is more appealing to Twitter users, while enabling Twitter
to enhance its recommendation system. However, the task is chal-
lenging due to significant data imbalance, where some articles have
numerous related tweets and others have very few. This imbalance
can cause issues during training and evaluation stages. To address
this, we propose using ChatGPT for text data augmentation, which
involves rephrasing sentences in training samples into multiple
conceptually similar but semantically different versions. We then
train a BERT-based model to identify the most relevant tweets for
a given news article. We conducted several experiments to explore
the dataset and evaluate our model’s effectiveness. We employed
MapReduce to calculate TF-IDF for the dataset, enabling identifi-
cation of important words and phrases. Visual aids were used to
present dataset analysis findings. Additionally, we performed an
experiment to assess the efficacy of ChatGPT and BERT.
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1 INTRODUCTION
In computational social science, it’s important to identify and link
events across different document types to analyze public responses [11].
Tweets and news articles are valuable sources, but individually they
have limitations. News articles provide contextual information,
while tweets offer insights into public reactions. Our research ben-
efits The New York Times and Twitter, helping them understand
user preferences and improve content.

Integrating tweets and news articles poses challenges, including
extreme data imbalance. Some articles have many related tweets,
while others have few. Imbalance affects machine learning models
during training and evaluation, leading to biased classification and
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misleading metrics. Text data augmentation is commonly used to
address this, but existing methods lack correct labeling and diver-
sity.

We propose using ChatGPT [17] for data augmentation. These
large language models are trained in a self-supervised manner
and store vast knowledge. ChatGPT, trained with reinforcement
learning, provides informative and unbiased responses. We employ
Sentence-Bert [18] to find relevant tweets by generating effective
sentence embeddings using siamese network structures and cosine
similarity.

After augmenting the data with ChatGPT, we analyze the dataset
and conduct experiments. We use MapReduce to calculate TF-IDF
and identify important words and phrases. Visual representations
help identify dataset characteristics and patterns. Additionally, we
comparemodel performancewith andwithout ChatGPT-augmented
data through a controlled experiment. This evaluation determines
the effectiveness of ChatGPT for data augmentation.

2 KEY ISSUES AND CHALLENGES
2.1 Data imbalance
As previously mentioned, TF-IDF was used to calculate the baseline.
However, there was a significant data imbalance where some news
articles had over one hundred related tweets while others only
had one. This imbalance can cause issues during both training and
evaluation. During the training phase, the model may be biased
towards the majority class (in this case, articles that relate to over
100 tweets), resulting in poor performance on the minority class
(in this case, articles that relate to only 1 tweet). As a result, the
model may not accurately classify instances from the minority class,
leading to poor generalization and low overall accuracy. During
the evaluation phase, data imbalance can lead to misleading perfor-
mance metrics. For example, if the majority class has a much larger
number of instances than the minority class, the accuracy metric
may be high even if the model performs poorly on the minority
class. This can lead to incorrect conclusions about the effectiveness
of the model. Data imbalance can be particularly problematic in
applications where the minority class is of greater interest. For
example, a diagnostic system for a rare illness that incorrectly clas-
sifies all cases as healthy would still have high accuracy despite
being ineffective. In these cases, it is important to address the data
imbalance problem to ensure that the model is accurate and reli-
able. We propose using data augmentation to handle this problem.
Data augmentation involves creating synthetic data from existing
data to increase the number of instances in the minority class, thus
improving the model’s ability to generalize and perform well on
the minority class.

The dataset contains a tweet file and a news file. The tweet file
is a list of tweets with metadata such as mapreducestamp and text,
along with their corresponding news links. The news file contains
metadata of news articles such as published time and title, but not
the content. We used a web crawler to obtain the news content
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according to the links so that we could construct a dataset with news
articles and their relevant tweets. Althoughwe initially encountered
incomplete tweet and news data, we ultimately resolved the issue.

3 RELATEDWORK
3.1 Approaches for semantic text matching
Semantic text matching is the process of comparing two pieces
of text to determine their similarity in meaning. There are sev-
eral methods without using deep neural network for semantic text
matching, including [14] Cosine Similarity, Word Mover’s Distance
(WMD) [9], and Latent Semantic Analysis (LSA) [6]. Cosine Simi-
larity measures the cosine of the angle between two vectors of text.
It is a popular technique for measuring similarity but does not take
into account the order of words in a sentence or their relationships.
WMDmeasures how far apart two pieces of text are in terms of their
word embeddings. It considers the meanings of individual words
and their relationships, but it can be computationally expensive
and does not work well with rare words. LSA uses a mathematical
technique called Singular Value Decomposition (SVD) to find the
underlying latent structure in a set of texts. It is a popular method
but has limited effectiveness in capturing the nuances of meaning
in text.

There are also several deep learning methods in NLP, such as
Convolutional Neural Networks (CNNs) [15], Recurrent Neural
Networks (RNNs) [12], and Long Short-Term Memory (LSTM) [19]
networks. While CNNs are good at capturing local features, they
may struggle with capturing long-range dependencies in a sen-
tence. RNNs and LSTMs, on the other hand, are better at modeling
sequential data and can handle long-range dependencies, but they
may suffer from vanishing gradients and can be computationally
expensive.

In summary, although other models have their strengths and can
be effective in certain applications, we chose to use Sentence-Bert
due to its ability to capture contextual relationships between words
and sentences, giving it an edge over other methods in various NLP
tasks.

3.2 Data Augmentation
To handle data imbalance, data augmentation is an effective and pop-
ular method which operates at different levels of granularity, such
as character, word, sentence, and document levels. Character-level
augmentation involves inserting, exchanging, replacing, or deleting
characters, while optical character recognition (OCR) [4] augmen-
tation simulates text recognition errors. Word-level augmentation
includes methods like random swapping and deletion [3], synonym
replacement using databases like PPDB [16] and WordNet [13], and
counter-fitting embedding augmentation to adjust word embed-
dings. Contextual and back translation augmentations generate
new text based on context or a different language. Document-level
paraphrasing aims to maintain consistency.

Our project aims to use data augmentation to create new, diverse,
and semantically consistent tweets based on the original tweets,
thereby increasing the size of the dataset and addressing the prob-
lem of data imbalance. This approach can benefit both the training
and evaluation of the model. By augmenting the data, the model can
avoid being biased towards the majority class and perform better

on the minority class during training. During evaluation, the risk
of misleading performance metrics due to data imbalance can also
be reduced.

4 PROBLEM STATEMENT
The task of semantic text matching plays a crucial role in various
domains, such as information retrieval [20], social analysis [11] and
question answering [10]. In the area of computational social science,
associating events in different sorts of articles using semantic text
matching is an essential task for analyzing public reaction and
attitude to events. The main objective of semantic text matching is
to identify the semantic similarities between two different pieces of
text. The present study focuses on linking articles published by The
New York Times with tweets shared on Twitter by using semantic
text matching.

The main goal of this research is to identify the tweets that are
most relevant to a particular news article.

This method can be used by The New York Times and Twitter
as a powerful tool. The New York Times can use this approach to
determine which types of news are more likely to appeal to Twitter
users and spread widely, giving them a competitive advantage
over other news sources. Similarly, Twitter can use our method to
understand user preferences more effectively and recommend news
articles more accurately. For instance, if a Twitter user has recently
posted several tweets relating to the election of USA, the user will
probably be interested in news about the election. Consequently,
Twitter can recommend news such as the rate of support of the
candidate in election or the prediction of the result of the election.
These news should be very catchy and appealing to the user.

Overall, our research has broad implications for social media and
news media. By linking news articles with tweets using semantic
text matching, we can obtain valuable insights into user behavior
and preferences, which can ultimately help organizations improve
their content and gain a competitive advantage.

5 METHODS
Our research aims to determine the most appropriate tweet for
a particular news article. However, we encountered a significant
issue in the form of data imbalance, where some news articles had
hundreds of related tweets while others had only one in the current
dataset. To address this problem, we employed data augmentation
techniques using ChatGPT, and then utilized Sentence-Bert to es-
tablish the connection between tweets and news articles using the
augmented data. Finally, we conducted our experiment by utilizing
MapReduce and visualization methods. In the following passage,
we will discuss the three primary methods involved in our project,
which include ChatGPT, Sentence-Bert, and MapReduce.

5.1 ChatGPT
In our model, we utilized ChatGPT [17] with the version “gpt-
3.5-turbo“ for data augmentation. ChatGPT is a variant of the GPT
(Generative Pre-trained Transformer) language model that has been
specifically designed for conversational applications. It is a neural
network model of considerable size trained on a comprehensive
corpus of text data, allowing it to generate human-like responses to
a broad range of natural language inputs. ChatGPT surpasses many
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traditional models in performance as it can store an enormous
amount of knowledge due to its large parameter space, and its
extensive pre-training enables it to encode rich factual knowledge
for generating language in specific domains.

5.2 Sentence-BERT
BERT (Bidirectional Encoder Representations from Transformers)
is a pre-trained language model that is specifically designed for
sentence encoding, with Sentence-Bert (SBERT) [18] being one of
its variations. SBERT (Sentence-BERT) is a pre-trained language
model that encodes sentence meaning into fixed-length vectors. It
uses a siamese or triplet neural network architecture and surpasses
other models in several areas. One advantage is its contextual under-
standing, unlike word2vec and GloVe, which lack context awareness.
SBERT utilizes self-attention to process word sequences, captur-
ing word relationships and contextual meaning. Another benefit
is its bidirectional processing, comprehending text in both direc-
tions simultaneously. This grants SBERT a deeper understanding
of word context, resulting in more accurate predictions. Addition-
ally, SBERT’s pre-training enables efficient fine-tuning for various
downstream tasks, even with limited training data.

Figure 1: The left figure show Number of tweets per news
article. The right figure shows the probability density distri-
bution of number of tweets per news article.

6 EXPERIMENTS
6.1 Dataset
We used the dataset provided by [7]. In the dataset, there are two
files: one containing tweets and their corresponding news links,
along with meta data such as timestamp and text, while the other
includes metadata about news, such as title and publish time, but
not the actual content. To create a dataset comprising news articles
and their related tweets, we employ a web crawler to retrieve the
news content from the links. By inspecting the dataset, we found
two problems, namely duplicate and invalid news links which were
charged by theNew York Times. We remove the duplicate and invalid
links and finally construct a dataset contains a list of news and
relevant tweets pairs. Each pair contains a news article and its
relevant tweets. Specifically, the dataset contains 678 news articles
and 6,601 tweets.

To gain a detailed understanding of the data imbalance, we
counted the number of tweets for each news article using a his-
togram and a probability density distribution, as shown in Figure
1. We also calculated 25𝑡ℎ percentile, median, and 75𝑡ℎ percentile

of the tweet count which are 1, 3, 10 respectively. The two distri-
butions and the percentile revealed that the dataset suffers from
severe imbalance in terms of the number of tweets per news article.
Researches [1, 21] have shown that data imbalance can significantly
influence the performance of semantic matching models because if
there are many more instances of one class than another, the model
may not learn to distinguish the less frequent class effectively so
there is need to mitigate the imbalance problem.

6.2 Data Augmentation with ChatGPT
To handle data imbalance, data augmentation is an effective and
popular method. The ability of pre-trained language models to aug-
ment a dataset by generating new samples with similar semantic
meaning has been demonstrated by previous research [2], making
it a valuable tool for real-world applications. Our study aims to ex-
plore the use of ChatGPT, a widely-used language model that is built
upon the GPT-3 architecture [6]. GPT-3.5 was trained on a vast and
diverse corpus of web data. ChatGPT was specifically trained using
Reinforcement Learning from Human Feedback (RLHF), which in-
volves integrating human feedback into the model’s generation and
selection process to enhance its performance. In addition, ChatGPT
have demonstrated an impressive ability to perform In-Context
Learning (ICL) [5]. By utilizing only a few input-label pairs as
demonstration, these models can predict the label for an unseen
input without the need for additional parameter updates. Given
these features, we contend that ChatGPT is the optimal choice for
generating high-quality tweets with human-level features.

Figure 2: The left figure shows the t-SNE dimension reduction
result of the tweets of the news article with maximum tweet
count. The right figure shows the t-SNE dimension reduction
result of the tweets of randomly selected 100 news article.

6.2.1 Pormpt Design. To utilize the ICL ability of ChatGPT, we
designed prompts to generate tweets for each news article. Specif-
ically, we created two prompts: one for generating 10 tweets per
news article using a single-turn dialogue, and the other for gen-
erating an equal number of tweets for each news article using a
multi-turn dialogue approach that maximizes the number of tweets
generated.

Prompt for single-turn dialogue:We first use the system role
to give the assistant (i.e.ChatGPT ) a role using the prompt You are
twitter users. Then we give the prompt Write 10 tweets about the
following news article:[news]+Here are an example tweet: [tweet]

Prompt for multi-turn dialogue: We first use the system role
to give the assistant (i.e. ChatGPT ) a role using the prompt You are
twitter users. Then we give the prompt Write [number of tweets]
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tweets about the following news article:[news] Here are three exam-
ple tweets: 1.[tweet1] 2.[tweet2] 3.[tweet3]. Since ChatGPT generate
limited number of tweets per turn so we give the prompt Go on.
to continue generating tweets. If the token of dialogue exceed the
maximum number of tokens. We restart the dialogue.

6.2.2 Evaluation of Generated Data. To evaluate the fidelity (i.e.,
the proximity of the generated data samples to the original samples)
and coherence (i.e., the extent to which samples of each category
are sufficiently clustered for effective discrimination), we conduct
two studies to inspect the two aspects from two perspectives as
shown in Figure 2. By examining the t-SNE dimensionality reduc-
tion results of two images, we can easily see that the generated
tweets’ clustering overlaps with that of the original tweets. This
implies that the generated tweets have a certain level of fidelity.
At the same time, we can also observe that the clustering is not
entirely identical, indicating that the generated tweets have diver-
sity. Additionally, it is evident that the generated tweets themselves
have clustering, meaning that the generated tweets are compact.
This applies to both individual tweets and groups of tweets. So we
can conclude that the generated tweets are reliable to some extent.

Figure 3: The left figure shows the linear svm classification
result with the TF-IDF embedding on the vanilla training set.
The right figure shows the linear svm classification result
with the TF-IDF embedding on the augmented training set.

Figure 4: The left figure shows the classification result with
Sentence-Bert on the vanilla training set. The right figure
shows the classification result with Sentence-Bert on the aug-
mented training set.

6.3 Text Matching Performance Comparison
6.3.1 Training Set and Development set Preparation. The authors
divided the dataset into two parts: 80% and 20%, respectively. The
former was used to construct the training set, and the latter was

used to construct the development set. For both sets, we matched
each news article with all the tweets in the same set, thus building
the training and development sets. Therefore, there were 2,788,903
training pairs and 117,056 development pairs. For the augmented
training set, we collected the same news as in the training set.
Finally, the augmented training set had 5,189,898 training pairs.
The augmented development set was the same as the test set.

6.3.2 Training Schema. To show the effectiveness of the data aug-
mentationmethod, we use twomodels (namely, TF-IDF and Sentence-
Bert to conduct our experiments.

TF-IDF We calculated the TF-IDF value of a tweet and news
pair on the corpus of all tweets and news pairs. Then we trained
a linear support vector classifier to classify whether the pair was
positive or negative.

Sentence-BertWefine-tuned the pre-trainedmodel “distilroberta-
base“ on both training sets with early stopping on single NVIDIA
Tesla T4 GPU.MultipleNegativesRankingLoss [8] was used as the ob-
jective function. Finally, cosine similarity was used for classification
with the threshold of 0.5.

6.3.3 Performance Comparison. In real scenario, news article or
tweets are used to retrieve relevant tweets or news article so𝑝𝑟𝑒𝑐𝑖𝑖𝑠𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃 is the metric that has practical significance. From the left
figure in Figure 3 we can find that the most negative samples are
correctly classified but the precision is quite low, which means
most of the positive predictions are wrong. From the right figure
in Figure 3, we can infer tha the augmented training set improve
the performance of classification in terms of precision. From the
Figure 4, we can infer that Sentence-Bert achieve a precision of 25.1%
on vanilla training set and a precision of 64.0% on the augmented
training set, which is a huge improvement.

7 CONCLUSION
In conclusion, our task is to link tweets and news articles from The
New York Times. However, a significant issue of data imbalance
exists, causing problems during training and evaluation. We were
able to handle the problem of data imbalance effectively by utiliz-
ing ChatGPT to generate multiple samples that were conceptually
similar but semantically different. Furthermore, our BERT-based
model, which identifies the most relevant tweets for a given news
article, demonstrated high accuracy.

We conducted a series of experiments that enabled us to gain
deeper insights into the dataset and evaluate the performance of
our model. By using MapReduce to calculate TF-IDF, we identified
important words and phrases within the dataset. Visual representa-
tions of the dataset’s features and statistics helped us to identify
patterns and trends. We also conducted experiments to evaluate
the effectiveness of ChatGPT for creating a dataset resembling
tweets and for data augmentation. The results of these experiments
provided valuable insights into the dataset’s characteristics, the
effectiveness of our model, and the potential of ChatGPT for data
augmentation.
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