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Abstract

This report outlines a comprehensive analysis
of survey papers within a specific dataset using
various data science techniques. The primary
objective is to explore, manipulate, and evalu-
ate the data to understand the trends and taxon-
omy distributions of surveys in this domain.

Data exploration began with a time-series anal-
ysis of survey releases, visualizing trends over
time. Taxonomy distributions were then exam-
ined using bar charts and pie charts to uncover
the most frequent categories.

In the data manipulation phase, we constructed
a feature matrix by applying TF-IDF vectoriza-
tion to the text fields (titles and summaries) and
using one-hot encoding for the categorical vari-
ables. These features were then normalized and
split into training and testing sets to prepare for
model evaluation.

The data evaluation process employed a Ran-
dom Forest classifier to predict the taxonomy of
surveys based on the features extracted. Perfor-
mance was measured using accuracy, precision,
recall, and F1-score, with the model achiev-
ing an accuracy of 34.48 percentage. Although
the model’s performance indicates room for
improvement, this analysis demonstrates the
potential of machine learning in automating the
classification of survey papers based on their
content.

This study illustrates how data science tech-
niques, including natural language processing
(NLP) and machine learning, can be applied to
understand trends, perform feature engineering,
and evaluate models in the context of survey
data. Future work could involve the use of
more advanced models and feature selection
techniques to enhance predictive accuracy.

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
insights to enhance their accessibility and under-
standing (Zhuang and Kennington, 2024). In this
project, we propose to systematically analyze and
categorize recent survey papers on Large Language
Models (LLMs) using advanced data science tech-
niques. We begin by collecting a dataset of LLM
survey papers, including their titles, summaries,
release dates, and taxonomy categories. Data ex-
ploration techniques such as trend analysis are then
employed to understand the temporal distribution
of these papers. This helps identify when there
was a surge in LLM-related research and publica-
tions.Next, we perform data manipulation using
Natural Language Processing (NLP) techniques.
Specifically, TF-IDF vectorization is applied to
extract features from the textual data (titles and
summaries), and one-hot encoding is used to cat-
egorize the papers based on their associated top-
ics. The extracted features are then normalized and
transformed into a feature matrix for further analy-
sis.The core of our methodology involves building
predictive models to classify survey papers based



on their content and taxonomy. Using machine
learning algorithms such as Random Forests, we
train and evaluate models to predict the taxonomy
of each survey paper. Specifically, we aim to pro-
viding insights into the key trends and categories
in LLM survey papers. It highlights the most com-
mon areas of focus, and offers recommendations
for efficiently navigating and understanding the
vast landscape of LLM research. This work lays
the foundation for developing tools and techniques
to automatically recommend relevant survey papers
to researchers and new beginners, thereby acceler-
ating their learning process

Opverall, our contributions can be summarized as
follows:

* Data Analysis

* Taxomony Categorization

* Predictive Modeling for Taxonomy Classifica-
tion

* Visualizing Trends

2 Related Work

The work presented in this report draws upon a
variety of methodologies and studies within the do-
mains of data analysis, natural language processing
(NLP), and machine learning.

* Survey Paper Analysis: Previous studies have
investigated the trends and patterns in survey
papers within specific research fields. For
example, analyses have been conducted on
the evolution of topics over time, highlighting
shifts in research focus. This aligns with our
exploration of survey trends and taxonomy
distributions, which provides insights into the
current landscape of survey research.

* Text Mining and Feature Extraction: The ap-
plication of TF-IDF for text vectorization is
widely recognized in NLP and text mining
literature. Similar methodologies have been
utilized to analyze large corpuses of academic
papers, extracting meaningful features from
titles, abstracts, and full texts. Our approach
to combining textual features with categorical
data reflects established practices in feature
engineering for machine learning tasks.

» Multi-Label Classification: The challenge of
classifying documents into multiple categories

has been addressed in several studies. Tech-
niques such as MultiLabelBinarizer and en-
semble classifiers like Random Forests have
been successfully applied to problems involv-
ing multi-label text classification. This is par-
ticularly relevant to our task of categorizing
survey papers based on their taxonomy and
topics.

* Model Evaluation Techniques: The use of per-
formance metrics such as accuracy, precision,
recall, and F1-score is standard in evaluating
machine learning models. Numerous stud-
ies highlight the importance of these metrics
in understanding model performance, partic-
ularly in imbalanced datasets where certain
classes may dominate. Our evaluation pro-
cess, which included generating a classifica-
tion report, aligns with best practices in model
assessment.

* Applications of Machine Learning in Aca-
demic Research: There has been a growing in-
terest in applying machine learning techniques
to automate and assist in the categorization
and analysis of academic research. Studies
have demonstrated the effectiveness of clas-
sifiers in organizing literature and predicting
research trends, similar to our goal of classi-
fying survey papers based on their content.

3 Methodology

1. Load the Dataset

* Here the data is loaded from a CSV file into a
pandas DataFrame for analysis.

* The code here uses the pandas library to read
a CSV file, allowing easy manipulation and
exploration of the data.

2. Display of Basic summery statistics

e Here the distribution of numerical features in
the dataset is understood.

* The describe() method provides summary
statistics such as mean, median, standard de-
viation, and quartiles for numerical columns,
which is crucial for understanding data char-
acteristics.



3. Display Frequency Counts for Categorical

Columns

» Here we gain insights into the distributions of
categorical data.

* The value counts() method counts unique val-
ues in the specified categorical column, help-
ing to identify class distribution.

4. Preparing the Features and Target Variable

* separating the dataset into features (X) and
target variable (y) for model training.

* This step drops unnecessary columns from
the features and defines the target variable,
ensuring that the model only uses relevant
information.

5. Spliting the Data into Training and Testing

Sets

* Here evaluation of model performance on un-
seen data by splitting the dataset is done

* The train test split function divides the dataset
into training and testing sets (80 percent train,
20 percent test), ensuring that the model can
be evaluated on data it hasn’t seen during train-
ing.

6. Checking Shapes of Datasets

* verifying that the training and testing datasets
contain the expected number of features.

* This step ensures that the features and target
variables are correctly structured before model
training.

7. Training and Evaluating the Model

e creating, training, and evaluating a multi-
output classifier using logistic regression.

* MultiOutputClassifier: This wrapper allows
the model to predict multiple target variables
simultaneously.

* LogisticRegression: A linear model used for
classification. The max iter parameter ensures
convergence.

* Model Training: The model is trained using
the fit method.

* Prediction: The trained model predicts out-
comes on the test set.

 Evaluation: The classification report provides
metrics like precision, recall, and F1-score,
offering insights into model performance.

3.1 Data Exploration

Data exploration is a crucial step in understanding
the dataset and generating insights that guide subse-
quent analyses. In this phase, we aimed to analyze
trends in survey papers over time and visualize the
distribution of taxonomy categories. The key steps
involved are as follows:

Survey Trends Over Time

Figure 1: Survey trends over time

3.1.1 Grouping Papers by Month

* To analyze the release trends of survey papers,
the Release Date field in the dataset was first
converted to a datetime format using pd.to
datetime for easier manipulation of the data

* The groupby function was used to group the
number of papers by month. Each unique
month is treated as a period, and the size of
each group (number of papers released) was
counted. This resulted in a DataFrame (sur-
veys per month) that contains two columns:
the month (as a period) and the corresponding
count of papers released in that month.

3.1.2 Visualizing Survey Trends

* a line plot was generated using Matplotlib.
The X-axis represented the months, while the
Y-axis showed the count of survey papers re-
leased. The plot includes markers to indicate
each data point, allowing for clear visualiza-
tion of trends over time.



* This analysis helps in understanding whether
the number of survey papers is increasing
or decreasing over time, which can indicate
trends in research focus or interest within the
academic community.The survey trends over
time is illustrated in Figure 1.

Distribution of Proposed Taxonomy Categories

Number of Papers

Taxonomy Category

survey papers in the 'Trustworthy' category: 26

Figure 2: Distribution of proposed taxonomy categories

3.1.3 Analyzing Taxonomy Distribution

 This involves counting the occurrences of
each taxonomy category present in the dataset.

* The pie chart compliments the bar chart by
displaying the percentage distribution of each
taxonomy category, making it easier to visu-
alize the relative proportions of each category
in the dataset. The Histogram representation
of Distributed proposed taxonomy can be vi-
sualised in Figure 2. Visualising the analysis
for further exploration is represented by Pie
chart and a graph in figure 3 and figure 4.
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Figure 3: percentage distribution of taxonomy cate-
gories

The data exploration phase provides insights into
the trends of survey papers over time and the dis-
tribution of taxonomy categories. The line plot il-
lustrated the temporal dynamics of survey releases,
while the bar and pie charts highlights the diver-
sity and prevalence of taxonomy categories in the
dataset.

Survey Trends by Category Over Time

Date

Figure 4: Syrvey trends by category over time

3.2 Data Manipulation

Data manipulation involves transforming and
preparing the dataset to enable effective analysis
and modeling.

3.2.1 Building the Feature Matrix

* The first step in data manipulation is to create
a feature matrix that combines text data from
the titles and summaries of the papers with
one-hot encoded category labels.

* The TfidfVectorizer from sklearn is used to
convert the text data (combined titles and
summaries) into a TF-IDF (Term Frequency-
Inverse Document Frequency) representation.
This method captures the importance of words
in the context of the entire dataset, creating
a sparse matrix where each row corresponds
to a paper and each column corresponds to a
unique term.

* In One-Hot Encoding of Categories, The Cate-
gories field may contain multiple labels per pa-
per, is processed using MultiLabelBinarizer.

* The TF-IDF matrix and the one-hot encoded
category matrix are combined using hstack
to create a comprehensive feature matrix that
incorporates both textual and categorical in-
formation.



3.2.2 Preprocessing the Feature Matrix

After the feature matrix is built, the next step is to
preprocess it.

* Normalization: Normalization is important in
many machine learning algorithms, particu-
larly those that rely on distance calculations,
as it ensures that all features contribute equally
to the model training.

* Label Encoding: Similar to the one-hot en-
coding of categories, labels for each paper are
also encoded into a binary format, allowing
the model to learn the relationships between
features and target labels effectively.

* Dataset Splitting: The dataset is split into
training (60 percent) and testing (40 percent
) sets using train test split. This separation is
crucial for evaluating model performance on
unseen data, ensuring that the model general-
izes well.

Overall, the data manipulation phase transforms
the original dataset into a structured format that is
suitable for training machine learning models. By
combining textual features with one-hot encoded
categorical labels, normalizing the data, and prepar-
ing training/testing sets, this phase sets the ground-
work for effective model training and evaluation.

3.3 Data Evaluation

Data evaluation assesses the performance of a
trained model against a set of evaluation metrics.

3.3.1 Preparing the Target Variable

* Before model evaluation, the target variable
(labels) needs to be prepared. The code ex-
tracts the target labels from the DataFrame.

3.3.2 Training the Model

¢ Model Initialization: A Random Forest clas-
sifier is instantiated with 100 trees (n estima-
tors=100).

* Model Training: The model is trained using
the fit method on the training data (X train and
y train).

* Making Predictions: The trained model pre-
dicts the labels for the testing set (X test).

3.3.3 Evaluating Performance

 After making predictions, the model’s perfor-
mance is evaluated using Accuracy Calcula-
tion

3.3.4 Final Output

* The results of the evaluation are printed, show-
ing both the classification report and the over-
all accuracy of the model.

The data evaluation phase effectively measures
the performance of the machine learning model
built on the survey paper dataset. By preparing the
target variable, encoding it, splitting the dataset,
training a Random Forest classifier, and evaluat-
ing its predictions against established metrics, this
phase provides valuable insights into the model’s
capabilities.

4 Conclusion

In Data Exploration it reveales important trends
over time, such as the number of surveys published
monthly and the distribution of taxonomy cate-
gories. Visualization techniques, including line
plots and bar charts, effectively illustrated these
trends, helping to identify areas of interest and po-
tential gaps in research. In Data Manipulation The
feature engineering process transforms textual data
from titles and summaries into a format suitable for
machine learning. By employing techniques like
TF-IDF vectorization and one-hot encoding for cat-
egories, a robust feature matrix was constructed.
This matrix captured the essential characteristics
of the survey papers, enabling better model per-
formance. In Data Evaluation of the predictive
model, specifically the Random Forest classifier,
provided a clear picture of its performance. The
classification report highlighted precision, recall,
and F1-scores for each taxonomy category, reveal-
ing strengths in some areas (e.g., “Evaluation”)
and weaknesses in others (e.g., “Comprehensive”).
The overall accuracy of approximately 34.5 percent
indicated room for improvement, prompting con-
siderations for further tuning, feature selection, or
even exploring alternative models.

Overall, this analysis illustrates the potential for
machine learning techniques to classify and predict
research trends within the realm of survey papers.



A APPENDIX

This section contains supplementary informa-
tion regarding the settings, hyperparameters, and
methodologies used throughout the report.

A.1 Data Overview

The dataset used in this analysis is survey data2.csv,
which includes various features such as Title, Sum-
mary, Categories, and Release Date of survey pa-
pers. The dataset contains a total of 144 entries.

A.2 Data Exploration

The number of survey papers was grouped by
month and year using the groupby method in pan-
das.The distribution of proposed taxonomy cate-
gories was visualized using a bar chart to identify
the most common categories.A pie chart was gen-
erated to showcase the percentage distribution of
taxonomy categories, providing a clear visual rep-
resentation of category prevalence.

A.3 Data Manipulation

The TfidfVectorizer was utilized to convert the
text data from the Title and Summary columns
into a numerical feature matrix. @ The fea-
ture matrix produced consisted of 3390 fea-
tures.MultiLabelBinarizer was used to convert the
categorical Categories into a binary format, facili-
tating their integration into the feature matrix.The
final feature matrix was confirmed to have a shape
of (144, 3390), with 144 samples and 3390 fea-
tures.

A.4 Data Preprocessing

A MinMaxScaler was applied to normalize the fea-
ture matrix to a range between 0 and 1.The target
labels (Taxonomy) were encoded using the Labe-
IEncoder, transforming categorical labels into nu-
merical format suitable for machine learning mod-
els.The dataset was split into training and testing
sets using an 80-20 split strategy. The training set
contained 86 samples, and the testing set contained
58 samples.

A.5 Data Evaluation

A Random Forest Classifier was employed with
100 estimators and a fixed random seed of 42 to en-
sure reproducibility. The model’s performance was
evaluated using metrics such as accuracy, precision,
recall, and F1-score. The classification report was
generated to summarize these metrics.The overall

accuracy of the model was found to be approxi-
mately 34.48

A.6 Hyperparameters

Random Forest Classifier: n estimators: 100 ran-
dom state: 42

A.7 Code Repositories and Resources

All code used in the analysis is available in the
project repository. Relevant libraries: pandas, mat-
plotlib, scikit-learn, and numpy.
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