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Abstract

The rapid advancement in Large Language
Models (LLMs) has made it challenging for
researchers to keep up with new models and
innovations. While many scholars have pub-
lished survey papers to synthesize this work,
the growing number of surveys has added com-
plexity, making it harder to stay updated on re-
cent developments. In this report, I present an
analysis of a dataset comprising 144 survey pa-
pers published between 2023 and January 2024.
To address the dataset’s class imbalance, I ap-
plied oversampling techniques, specifically the
Synthetic Minority Over-sampling Technique
(SMOTE) and Random Over Sampling. These
methods, combined with a Random Forest Clas-
sifier, were used to predict the "taxonomy class’
of new papers, resulting in an improvement in
the model’s precision score from 0.35 to 0.42.
Future work will focus on enhancing classifi-
cation accuracy and exploring other machine
learning algorithms to expand the applicability
of this approach.

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, I 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,
I aim to build a report that will provide key trends
over time and the distribution of taxonomy classes,
categories within the dataset. Additionally, the goal
is to develop the robust model capable of classify-
ing new survey papers into the appropriate taxon-
omy classes. This classification will assist readers,
particularly beginners, in selecting survey papers
based on their specific needs and research objec-
tives.

Overall, my contributions can be summarized as
follows:

* [ analyzed the data set of 144 survey papers
and their metadata to understand this charac-
teristics, such as: the trend of survey paper
over time, the distribution of paper’s category
and also the distribution of the paper’s taxon-
omy.

* [ conducted and processed a feature matrix us-
ing the paper titles, summaries and categories
to develop the model for classifying the tax-
onomy of new papers.

* [ applied Random Forest Classification with
Over Sampling the Minority Class (us-
ing Synthetic Minority Over-sampling Tech-
nique(SMOTE) and Random Over Sampling)
to address the imbalance issue of this data set,
which improving the precision score of the
model from 0.35 to 0.42

2 Related Work
3 Methodology

3.1 Data Exploration

The primary goal of this step is to gain a thorough
understanding of the dataset and address any data



quality issues, such as duplicates and missing val-
ues, in preparation for the subsequent data manipu-
lation steps

The first task was to examine the temporal dis-
tribution of the number of published papers per
month. To achieve this, the "Release Date" field
was converted into a datetime format to allow for
accurate time-based analysis. The data was then
grouped by month, and a line chart was used to
visualize the trend of papers published over time,
as shown in Figure 1. Next, I explored the distri-
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Figure 1: The number of published survey paper over
months

bution of taxonomy classes within the dataset, as
this factor plays a critical role in determining the
approach for building a model to classify survey
papers in later steps. To assess this distribution, I
counted the number of instances for each taxon-
omy class and visualized the results using a bar
chart, which is presented in Figure 2. The chart
revealed that the dataset is imbalanced, with certain
taxonomy classes being underrepresented, such as
"Finance", "Education", and "Hardware Architec-
ture", each containing only one sample while the
"trustworthy" class has 26 samples. This imbalance
will need to be addressed during the data manipula-
tion and model-building phases to ensure accurate
classification

Additionally, I examined the distribution of the
"categories" to which the survey papers belong, as
classified by ArXiv. To assess this distribution, I
split each category into a new column, counted
the number of instances for each category, and
visualized the results using a bar chart, which is
presented in Figure 3.

3.2 Data Manipulation

In this section, I constructed and preprocessed a
feature matrix. Text-based features from the "Ti-
tle" and "Summary" columns were vectorized us-

The Distribution of the proposed taxonomy
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Figure 2: The distribution of classes in taxonomy
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Figure 3: Distribution of survey papers that I found
across different arXiv categories

ing the Term Frequency-Inverse Document Fre-
quency (TF-IDF) method, transforming them into
numerical values. Since several cells in the "Cat-
egories" column contained multiple values (e.g.,
"cs.Al, cs.ML, cs.LL"), I employed the MultiL-
abelBinarizer for one-hot encoding, enabling better
handling of multi-category entries.

The TF-IDF and one-hot encoded matrices were
then concatenated to form a comprehensive feature
matrix. I normalized the data using the MinMaxS-
caler to ensure all features were on a consistent
scale and encoded the "Taxonomy" labels as nu-
merical values. Finally, the dataset was split into
training and testing sets using a 60/40 ratio to facil-
itate model evaluation.

3.3 Data Evaluation

Given the imbalance in the dataset, I selected Ran-
dom Forest Classification as the model and used
the precision score as the primary evaluation metric.
Initially, using the default parameters of Random
Forest Classification, the precision score was 0.35.

In a second attempt, I addressed the imbalance is-



Attempt  Precision-score
Attempt 1 0.35
Attempt 2 0.42

Table 1: Model precision-score comparision.

sue by applying Oversampling the Minority Class,
using the Synthetic Minority Over-sampling Tech-
nique (SMOTE) and Random Over Sampling. Ad-
ditionally, I adjusted the class weight parameter
in the Random Forest model. This resulted in an
improved precision score of 0.42.

4 Conclusion

In this project, I analyzed a dataset of 144 LLM sur-
vey papers, identifying key trends and imbalances
in taxonomy and categories. After preprocessing
the data using TF-IDF vectorization and one-hot
encoding, I applied Random Forest Classification.
To address the dataset’s imbalance, I employed
Random Over Sampling and SMOTE, which, com-
bined with adjusted class weights, improved the
precision score from 0.35 to 0.42. These results
highlight the importance of addressing data imbal-
ance for improving classification performance.

In future work, I will focus on updating the
dataset and exploring new methods to further en-
hance the model.
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