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Abstract

This paper explores various methods for analyz-
ing, manipulating, and evaluating survey data.
Using a Jupyter notebook, we examine trends
such as the increase in the number of published
survey articles over the years. Additionally,
we categorize each article into different taxon-
omy topics. Through data manipulation, we
create a TF-IDF matrix, enabling us to predict
an article’s taxonomy category based on key
words from its title, summary, and associated
categories

1 Introduction

AI 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 AI 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 LLMs 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,
our goal is to provide visual models and examples
to analyze and break down the information at hand.
Using Jupyter notebooks, I will work with data
from documents to create visualizations. This in-
cludes showing the average monthly publication of

articles, generating TF-IDF matrices, and evaluat-
ing the data to assess the accuracy of each article’s
classification.

I believe my contributions demonstrate that, de-
spite the complexity of large language models
(LLMs), using Jupyter notebooks allows us to ex-
plore their relationship with machine learning mod-
els more effectively. This approach helps uncover
trends in our data, such as predicting the taxonomy
labels of documents based on the words in their
titles, summaries, and categories.

2 Methodology

2.1 Data Exploration

In the initial steps of data exploration, we define
functions to group published survey papers by
month and use basic plotting functions to visualize
trends in the data. Between 2021 and 2024, we ob-
serve a significant rise in the number of published
survey papers on a monthly basis. By creating cus-
tom functions, we can process survey data from
CSV files and generate visualizations that help pre-
dict future trends in paper publications. Addition-
ally, our Jupyter notebook allows us to analyze
quartile values (25-75) for the number of surveys
published per month.

Figure 1: Number of surveys per month

Beyond identifying the growth in survey papers,



we analyze the distribution of the data to propose
a taxonomy. Using bar charts, we visualize which
categories have the highest number of survey pa-
pers between 2021 and 2024, with "trustworthy"
emerging as the leading category. Another use-
ful approach is aggregating data by taxonomy and
publication date to get the total count of papers in
each category. This method provides more detailed
insights for users seeking exact numbers.

Figure 2: Number of surveys per month

Figure 3: Number of surveys per month

Overall, data exploration offers a variety of vi-
sualization tools, such as bar charts and scatter
plots, that help both scientists and end-users iden-
tify trends and patterns in the data, particularly
in understanding which categories hold the most
survey papers.

2.2 Data Manipulation

After completing the data exploration phase, we
transition to creating a TF-IDF matrix, which as-
sociates TF-IDF values with corresponding words
in the survey documents. This will help us eval-
uate and draw conclusions on the proposed tax-
onomy. A key challenge in this process was han-
dling CSV data, where determining which values
are separate and which are grouped together can
be tricky—particularly in the "categories" section.

For instance, some documents contain multiple cat-
egories like "cs.IR," "cs.LG," and "cs.MM," but
commas between them are not treated as delimiters.
This complicates methods like one-hot encoding,
which rely on cleanly separated values for accurate
category association.

Figure 4: Number of surveys per month

To resolve this, I used techniques such as split-
ting the category strings and applying a dataframe
"explode" function to separate categories properly,
ensuring more accurate results during data evalua-
tion. After building the feature matrix, we normal-
ize the data using a MinMaxScaler and encode the
labels to incorporate the taxonomy. We then split
the dataset with a 60-40 training-test ratio. With
this step complete, we are prepared for further data
manipulation.

2.3 Data Evaluation
There are several machine learning models that can
be used to analyze our TF-IDF model, and for data
evaluation, I chose the RandomForestClassifier. It
is well-suited for classification tasks as it builds
multiple decision trees on different data samples
and improves accuracy by averaging the results.

Figure 5: Number of surveys per month

With our data, I achieved an average accuracy



of around 34 percent. I believe the low accuracy
is due to the small sample size of only 140 docu-
ments, which makes it harder to accurately classify
documents into taxonomy labels. Another chal-
lenge is that many documents have unique words
in their titles and summaries, reducing the likeli-
hood of word overlap between documents. Despite
these limitations, I think the 34 percent accuracy
reasonably reflects the taxonomy associations for
each document.

2.4 Bonus

The bonus section extended the data evaluation
phase by using two different approaches to analyze
our data. The first approach was logistic regres-
sion, a machine learning algorithm suited for binary
classification. It worked well with our normalized
matrix and, due to its strength in predicting proba-
bilities, achieved an average accuracy of around 41
percent. This was notably better than the Random-
ForestClassifier and highlighted the importance of
trying different algorithms to understand why some
yield higher accuracy, particularly as the size of the
dataset (small or large) can influence performance.

Figure 6: Number of surveys per month

The second approach involved using the Ran-
domOverSampler technique, typically applied to
imbalanced datasets. Although my dataset wasn’t
imbalanced, I decided to experiment with it to ob-
serve how it performs when its primary use case
doesn’t match the data. Surprisingly, it yielded a
much higher accuracy of around 88 percent. This
result was unexpected, but I believe part of the
reason for the increased accuracy is that values pre-
viously set to 0 were adjusted closer to 1, helping
balance the data. I reran logistic regression with the
RandomOverSampler, and unlike in earlier evalua-

tions, almost all documents had values associated
with them.

Figure 7: Number of surveys per month

3 Conclusion

In conclusion, there are various effective methods
to analyze data and uncover trends, such as catego-
rizing documents into their correct taxonomy labels.
Techniques like logistic regression and Random-
ForestClassifier help assess accuracy, while sim-
ple Python libraries enable visualization through
scatterplots and histograms. By manipulating data,
we can track the number of surveys published per
month and identify which categories have the high-
est publication volume
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