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Abstract

In this report, we present an exploratory data
analysis of a dataset containing survey papers
related to large language models (LLMs). The
analysis is performed using a combination of
data manipulation techniques with Pandas, vi-
sualized with Matplotlib, and preprocessed us-
ing Sklearn for modeling purposes. Key in-
sights regarding trends, popular research top-
ics, and metadata of the surveyed papers are
discussed. This analysis aims to provide a bet-
ter understanding of the recent advancements
and research directions in the field of LLMs,
contributing to the broader study of artificial
intelligence. Our report includes data explo-
ration, modeling performance, and a discussion
of the results, offering a clear methodology for
analyzing academic datasets.

1 Introduction

Al techniques have been widely applied to var-
ious domains, such as images (He et al., 2016;
Dosovitskiy, 2020), texts (Vaswani et al., 2017; De-
vlin et al., 2018), and graphs (Kipf and Welling,
2016; Zhuang and Al Hasan, 2022). As a critical
subset of Al techniques, Large Language Models
(LLMs) have gained significant attention in recent
years (Radford et al., 2018, 2019; Brown et al.,
2020; Achiam et al., 2023; Bai et al., 2022; Team
et al., 2023). Especially, more and more new be-
ginners are interested in the research topics about
LLMs. To learn the recent progress in this field,
new beginners commonly will read survey papers
about LLMs. Therefore, to facilitate their learn-
ing, numerous survey papers on LL.Ms have been
published in the last two years. However, a large
amount of these survey papers can be overwhelm-
ing, making it challenging for new beginners to
read them efficiently. To embrace this challenge,
in this project, we aim to explore and analyze the
metadata of LLMs survey papers, providing in-
sights to enhance their accessibility and understand-
ing (Zhuang and Kennington, 2024). Specifically,

we aim to conduct a comprehensive exploratory
data analysis of the metadata associated with LLM
survey papers. Our analysis will focus on identify-
ing key trends in LLM research, the most frequently
covered topics, the distribution of paper categories,
and the publication channels. We will employ sev-
eral data processing techniques for data exploration
visualizations, and analysis. By doing so, we hope
to provide valuable insights that can guide new re-
searchers in navigating the overwhelming volume
of LLM literature. Furthermore, we aim to create
models that evaluate the research impact of these
papers, potentially identifying which areas of LLM
research are gaining the most traction and which
are less explored. The results of this analysis will
ultimately contribute to a better understanding of
the LLM research landscape.

Opverall, our contributions can be summarized as
follows:

* We conducted an in-depth exploratory data
analysis (EDA) to identify key trends, popular

topics, and emerging themes in LLM research.
* We visualized the distribution of paper cat-
egories, publication channels, and author
collaborations using various graphical tech-
niques, offering insights into the structure and

dynamics of the LLM research community.
* We applied data preprocessing techniques to

prepare the metadata for analysis, ensuring

data quality and consistency.
* We documented all findings and methodolo-

gies in a clear, structured report using LaTeX,
adhering to academic standards for clarity and
reproducibility.

2 Related Work

Large Language Models (LLMs) have been widely
explored in recent years, with significant advance-
ments in architectures, such as Transformer mod-
els (Vaswani et al., 2017), and their applications
across various domains, including natural language



processing (NLP) and artificial intelligence (Rad-
ford et al., 2019; Brown et al., 2020). Sev-
eral survey papers have provided comprehensive
overviews of LLMs, focusing on topics like model
performance, ethical considerations, and practi-
cal applications (?Zhuang and Kennington, 2024).
However, few studies have specifically focused on
analyzing the metadata of LLM survey papers. This
work aims to fill that gap by conducting an ex-
ploratory analysis of LLM survey paper metadata
to uncover trends and insights in this rapidly evolv-
ing field.

3 Methodology

3.1 Data Exploration

In this section, we performed feature extraction
and data preprocessing steps to prepare the data for
machine learning model training and evaluation.
Using the Pandas, sklearn, and scipy libraries, we
conducted tasks such as feature extraction, data
normalization, label encoding, and dataset splitting.
First, we combined the Title and Summary columns
and applied TF-IDF (Term Frequency-Inverse Doc-
ument Frequency) vectorization using the TfidfVec-
torizer. This allowed us to extract important words
from each document and represent them as numeri-
cal features in a matrix. To handle the categorical
Categories column, we applied One-Hot Encoding
to convert the categories into a numerical format.
Finally, we used the hstack function to horizon-
tally combine the TF-IDF and One-Hot encoded
features, creating the final feature matrix. Next, we
carried out further preprocessing on the feature ma-
trix. We normalized the features using MinMaxS-
caler, which scales all feature values to a range
between [0,1], ensuring that features of different
magnitudes do not disproportionately influence the
model. We then used LabelEncoder to encode the
target labels, transforming categorical labels into
numeric values. Finally, we split the dataset into
training and testing sets using the train-test-split
function, with 40 percent of the data allocated to
the test set and 60 percent to the training set. This
split ensures that the model is trained and evaluated
on separate data, enabling reliable performance
assessment.

3.2 Data Manipulation

In this section, we performed feature extraction
and data preprocessing steps to prepare the data for
machine learning model training and evaluation.
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Figure 1: Trends of Survey Papers Over Time

Using the Pandas, sklearn, and scipy libraries, we
conducted tasks such as feature extraction, data
normalization, label encoding, and dataset splitting.

First, we combined the Title and Summary
columns and applied TF-IDF (Term Frequency-
Inverse Document Frequency) vectorization using
the TfidfVectorizer. This allowed us to extract im-
portant words from each document and represent
them as numerical features in a matrix. To han-
dle the categorical Categories column, we applied
One-Hot Encoding to convert the categories into
a numerical format. Finally, we used the hstack
function to horizontally combine the TF-IDF and
One-Hot encoded features, creating the final fea-
ture matrix.

Next, we carried out further preprocessing on
the feature matrix. We normalized the features us-
ing MinMaxScaler, which scales all feature values
to a range between [0,1], ensuring that features of
different magnitudes do not disproportionately in-
fluence the model. We then used Label Encoder
to encode the target labels, transforming categor-
ical labels into numeric values. Finally, we split
the dataset into training and testing sets using the
train_test_split function, with 40% of the data al-
located to the test set and 60% to the training set.
This split ensures that the model is trained and
evaluated on separate data, enabling reliable per-
formance assessment.

These data manipulation steps successfully pro-
duced a feature matrix ready for training, ensuring
both data quality and consistency throughout the
process.

3.3 Data Evaluation

To evaluate the performance of the machine learn-
ing model, we employed a Logistic Regression
model to classify the documents based on their fea-
tures. The model was trained using an 80% training
set and evaluated on a 20% test set. Several metrics,



including accuracy, F1-score, and a detailed clas-
sification report, were used to assess the model’s
performance.

The initial evaluation of the Logistic Regression
model without any class balancing yielded an ac-
curacy of 0.5517. However, the classification re-
port showed varying performance across different
classes, with some classes achieving high preci-
sion and recall (e.g., "RecSys IR" and "Robotics")
while others had poor performance (e.g., "Adap-
tation Tuning" and "Evaluation"). This suggests
that the dataset suffers from class imbalance, where
certain categories have fewer instances, leading to
reduced predictive performance in those categories.

To mitigate this issue, we applied class balanc-
ing using the class_weight="balanced’ parameter in
Logistic Regression, which adjusts the weights in-
versely proportional to the class frequencies. This
approach improved the F1-score for several under-
represented classes. After re-training the model
with class balancing, the weighted F1-score im-
proved to 0.5000, although accuracy remained rela-
tively low.

The detailed classification report revealed in-
sights into how the model performed across dif-
ferent categories. For instance, categories such
as "RecSys IR" and "Robotics" had perfect pre-
cision and recall, indicating that the model was
very accurate in predicting these categories. How-
ever, other categories like "Adaptation Tuning" and
"Multi-modal Pre-training" had significantly lower
performance, highlighting areas where the model
struggled to generalize.

In conclusion, the evaluation demonstrated that
while the Logistic Regression model performed rea-
sonably well in certain categories, class imbalance
and the limited number of samples in some cate-
gories negatively impacted its overall performance.
Addressing these issues, perhaps through more ad-
vanced techniques such as data augmentation or
using more complex models, may help improve the
classification performance further.

Title1 Title 2
XX XX
XX XX

Table 1: TODO: Describe this table.

4 Conclusion

A APPENDIX
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