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Abstract

This report provides an in-depth analysis of
survey papers within a specific dataset, utiliz-
ing various data science techniques. The main
goal is to investigate, manipulate, and evaluate
the data to uncover trends and distributions of
taxonomy related to surveys in this field.

The exploration phase began with a time-series
analysis of survey releases, allowing for the
visualization of trends over time. Subsequently,
taxonomy distributions were analyzed through
bar and pie charts to identify the most common
categories.

A feature matrix was created in the manipu-
lation phase by implementing TF-IDF vector-
ization on the textual components (titles and
summaries) and one-hot encoding for categori-
cal variables. These features were then normal-
ized and divided into training and testing sets
to facilitate model evaluation.

For the evaluation process, a Random Forest
classifier was employed to predict the taxon-
omy of surveys based on the extracted features.
Performance metrics accuracy and precision
were utilized, with the model achieving an ac-
curacy of 56.89%. Other models such as Lin-
earSVC, and Logistic Regression were also
used for data evaluation and they gave approx-
imately the same accuracy as that of random
forest classifier. While this result suggests sig-
nificant room for improvement, it highlights the
potential of machine learning to automate the
classification of survey papers based on their
content.

This analysis demonstrates how data science
methods, including natural language process-
ing (NLP) and machine learning, can be lever-
aged to discern trends, conduct feature engi-
neering, and assess models in the context of
survey data. Future research may focus on inte-
grating more sophisticated models and feature
selection strategies to enhance predictive accu-
racy.

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 aim to conduct a systematic analysis
and categorization of recent survey papers on Large
Language Models (LLMs) utilizing advanced data
science methodologies. Our approach begins with
the collection of a comprehensive dataset compris-
ing LLM survey papers, which includes essential
elements such as titles, summaries, release dates,
and taxonomy categories.

To understand the temporal distribution of these
papers, we employ data exploration techniques,
including trend analysis. This process enables us
to identify periods of significant growth in LLM-
related research and publications.

Subsequently, we engage in data manipulation
through the application of Natural Language Pro-
cessing (NLP) techniques. We utilize TF-IDF vec-



torization to extract meaningful features from the
textual data, specifically focusing on titles and sum-
maries. Additionally, we apply one-hot encoding to
categorize the papers according to their respective
topics. The extracted features are then normalized
and organized into a feature matrix, which serves
as the foundation for further analysis.

At the core of our methodology is the devel-
opment of predictive models designed to classify
survey papers based on their content and taxon-
omy. We leverage machine learning algorithms,
including Random Forests, to train and evaluate
models that predict the taxonomy of each survey
paper effectively. Specifically, we aim to provide
valuable insights into the key trends and categories
present in LLM survey papers. This analysis will
illuminate the most prevalent areas of focus within
the field and offer recommendations for efficiently
navigating and comprehending the expansive land-
scape of LLM research. Furthermore, this work
lays the groundwork for the creation of tools and
techniques capable of automatically recommending
relevant survey papers to researchers and newcom-
ers, thereby expediting their learning process and
enhancing their engagement with the field.

In addition, we aim to identify gaps in the current
literature and suggest future research directions that
could further enrich the understanding of LLMs.
This comprehensive approach not only contributes
to the existing body of knowledge but also fosters a
collaborative research environment that encourages
innovation and exploration within the domain of
Large Language Models.

Overall, our contributions can be summarized as
follows:

* Data Profiling
¢ Data Refinement
e Data Assessment

2 Related Work

This report encompasses a comprehensive analysis
that integrates various methodologies and research
within the realms of data analysis, natural language
processing (NLP), and machine learning.

* Previous investigations in Survey Analysis
have examined the trends and patterns present
in survey papers across various research do-
mains. For instance, studies have explored the
evolution of topics over time, revealing shifts
in research priorities. This correlates with our

analysis of survey trends and taxonomy dis-
tributions, offering valuable insights into the
current landscape of survey research.

In the realm of Textual Analysis and Feature
Extraction, the utilization of TF-IDF for text
vectorization is well-established in the litera-
ture surrounding NLP and text mining. Simi-
lar methodologies have been employed to ana-
lyze extensive corpora of academic literature,
enabling the extraction of significant features
from titles, abstracts, and full texts. Our strat-
egy of integrating textual features with cate-
gorical data aligns with recognized practices
in feature engineering pertinent to machine
learning applications.

The challenge of Multi-Category Classifica-
tion has been the focus of various studies, par-
ticularly in classifying documents into mul-
tiple categories. Techniques such as MultiL-
abelBinarizer and ensemble methods, includ-
ing Random Forests, have proven effective
in addressing multi-label text classification is-
sues. This relevance is particularly significant
in our endeavor to categorize survey papers
based on their taxonomy and associated top-
ics.

Evaluation Techniques involve utilizing per-
formance metrics such as accuracy, precision,
recall, and F1-score, which is a standard prac-
tice in assessing machine learning models.
Numerous studies emphasize the critical na-
ture of these metrics in evaluating model effi-
cacy, especially in scenarios with imbalanced
datasets where certain classes may predomi-
nate. Our evaluation process, which incorpo-
rated the generation of a classification report,
adheres to established best practices in model
assessment.

Finally, there has been an increasing inter-
est in the Utilization of Machine Learning in
Academic Research, particularly in leverag-
ing machine learning techniques to automate
and facilitate the categorization and analysis
of academic research. Research has illustrated
the efficacy of classifiers in organizing litera-
ture and forecasting research trends, aligning
closely with our objective of classifying sur-
vey papers based on their content.



3 Methodology G. Model Training and Evaluation
A random forest classifier is used to train and

A. Dataset Loading evaluate the dataset.

¢ The dataset is loaded from a CSV file into a

. * RandomForestClassifier: An ensemble
pandas DataFrame for structured analysis.

learning method that constructs multiple deci-
* The pandas library facilitates data manipula- sion trees and merges them to enhance accu-
tion and exploration, providing an efficient racy and reduce overfitting.

framework for handling the dataset. * Model Training: The model is trained using

B. Summary Statistics Display scikit-learn’s fit() function.

» Basic statistical summaries of the numerical * Prediction: The trained model makes predic-
features are generated to understand the data’s tions on the test data.
distribution. . . )

e Evaluation: Performance is evaluated using

* The describe() method delivers key metrics metrics like accuracy, precision, recall, and
such as mean, median, standard deviation, and Fl-score to gauge the model’s ability to gen-
quartiles, aiding in the analysis of the dataset’s eralize.

fundamental characteristics. ] o
H. Visualization

C. Frequency Counts for Categorical Columns ) _
¢ Matplotlib and Seaborn: These libraries are

* Categorical variables are analyzed by generat- used to create visual representations of data

ing frequency counts. and model performance. Visualizations such
as confusion matrices and heatmaps are gener-
ated using matplotlib and seaborn to provide
clearer insights into the model’s classification
accuracy and the data’s structure.

* The value counts() function provides insights
into the distribution of unique values in cat-
egorical columns, helping to identify class
proportions in the data.

1. Bonus Evaluation Using Additional Methods
In the bonus section, further evaluation methods

are applied:

D. Feature and Target Variable Preparation

» The dataset is split into features (X) and the
target variable (y). Unnecessary columns are
dropped, ensuring that only relevant informa-
tion is used for model training. This step sets
up the data for effective modeling.

¢ Confusion Matrix: A confusion matrix is vi-
sualized using seaborn’s heatmap to examine
correct and incorrect classifications for each
class.

E. Splitting Data into Training and Testing Sets « K-Means Clustering: Unsupervised learning

via K-Means clustering is applied, and the
results are evaluated using the Adjusted Rand
Index (ARI) to assess how well the clusters
match the actual labels.

* The dataset is divided into training and testing
sets using the train test split() function from
scikit-learn.

* The data is split in an 80/20 ratio to allow

for model evaluation on unseen data, ensuring * AdaBoost Classifier: The AdaBoost algo-
that the model is not overfitted. rithm, implemented via scikit-learn, is utilized
as a boosting method to improve classification
E Verification of Dataset Shapes accuracy.

* The shapes of the training and testing datasets  PyTorch: PyTorch is used for neural network
are checked to confirm the correct structure implementation, potentially enhancing flexi-
and expected number of features. This ensures bility and performance for certain aspects of
that the data is appropriately organized before the project.

model training begins.



3.1 Data Exploration

Thorough data exploration is fundamental for gain-
ing a deep understanding of the dataset and uncov-
ering valuable insights that shape the direction of
subsequent analyses. In this phase, the focus was
on identifying patterns and trends, particularly in
the progression of survey papers over time. Ad-
ditionally, the distribution of taxonomy categories
was closely examined to understand how various
topics are represented within the data. This process
involved not only statistical analysis but also the
creation of visualizations to reveal underlying pat-
terns and correlations. By conducting this detailed
exploration, we were able to lay a strong founda-
tion for more advanced analyses, ensuring that the
data was both well-understood and properly pre-
pared for the modeling stage.

Number of Surveys Released

Figure 1: Survey trends over months

3.1.1 Monthly Analysis of Paper Releases

* In order to examine the release patterns of
survey papers, the Release Date field in the
dataset was initially converted into a datetime
format using the pd.to datetime function. This
conversion facilitated more efficient data ma-
nipulation and allowed for more accurate tem-
poral analysis.

* The groupby function was utilized to organize
the dataset by month, treating each unique
month as a distinct period. The function then
counted the number of papers released in each
period, resulting in a DataFrame that includes
two columns: the month (as a period) and the
corresponding number of papers published
during that time.

3.1.2 Visualization of Survey Trends

* A line plot was constructed using Matplotlib,
where the X-axis denotes the months and the
Y-axis illustrates the number of survey papers

released. Markers were incorporated to em-
phasize each data point, thereby improving
the clarity of trends over time.

* Figure 1 presents the trends in survey pa-
pers over time, offering valuable insights into
whether the volume of these papers is rising or
falling. This may potentially signal shifts in
research focus or interest within the academic
community.

Distribution of Proposed Taxonomy Categories

Number of Papers

Taxonomy Category

Figure 2:
gories

Distribution of proposed Taxonomy Cate-

3.1.3 Examination of Taxonomy Distribution

» This process entails counting the frequency
of each taxonomy category found within the
dataset. To complement the bar chart, a pie
chart illustrates the percentage distribution of
each taxonomy category, thereby facilitating
a clearer visualization of the relative propor-
tions represented in the dataset.

* The Bargraph depicting the distribution of
the proposed taxonomy is presented in Fig-
ure 2. Additionally, Figures 3 and 4 provide
further insights through visualizations, includ-
ing a pie chart and a scatterplot graph, which
support the analysis for more in-depth explo-
ration.

3.2 Data Manipulation

Data manipulation encompasses a range of pro-
cesses aimed at transforming and preparing the
dataset for effective analysis and modeling. This
includes tasks such as cleaning the data to remove
inaccuracies and inconsistencies, as well as normal-
izing or scaling features to ensure that they are in a
suitable format for analytical techniques. Addition-
ally, data manipulation may involve the creation of
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Figure 3: Percentage distribution of Taxonomy Cate-
gories (Pie Chart)

Survey Trends by Category Over Time

Number of Surveys

Figure 4: Percentage distribution of Taxonomy Cate-
gories (Scatterplot)

new variables, the aggregation of data to summa-
rize information, and the restructuring of datasets
to suit specific analytical needs. These steps are
crucial for ensuring that the data is not only ac-
curate but also optimized for deriving meaningful
insights and building robust predictive models.

3.2.1 Constructing the Feature Matrix

* The initial stage of data manipulation involves
constructing a feature matrix that integrates
text data from the titles and abstracts of the
papers alongside one-hot encoded category
labels.

* To convert the textual data—comprised of
combined titles and abstracts—into a TF-
IDF (Term Frequency-Inverse Document Fre-
quency) representation, the TfidfVectorizer

Multi-modal & Pre-training

Science

from the scikit-learn library is employed. This
technique effectively captures the significance
of words within the broader context of the
dataset, resulting in a sparse matrix where
each row corresponds to an individual paper
and each column represents a unique term.

eessn o For the categories field, which may contain

multiple labels associated with each paper,
the MultiLabelBinarizer is utilized to perform
one-hot encoding.

Finally, the TF-IDF matrix and the one-hot encoded
category matrix are merged using the hstack func-
tion, resulting in a comprehensive feature matrix
that encompasses both textual and categorical data.

3.2.2 Feature Matrix Refinement

Once the feature matrix is constructed, the subse-
quent step involves its preprocessing.

* Normalization: Normalization plays a crucial
role in various machine learning algorithms,

Categories

= especially those that depend on distance met-
rics, as it ensures that all features contribute
P equally to the training of the model.

2« Label Encoding: In addition to one-hot en-
aro coding for categories, the labels for each paper

are also converted into a binary format. This
transformation allows the model to effectively
learn the relationships between features and
target labels.

» Dataset Splitting: The dataset is divided into
training (60%) and testing (40%) subsets us-
ing the train-test split method. This separation
is essential for assessing the model’s perfor-
mance on previously unseen data, thereby en-
suring good generalization.

In summary, the data manipulation phase re-
shapes the original dataset into a structured format
that is conducive to training machine learning mod-
els. By integrating textual features with one-hot
encoded categorical labels, normalizing the data,
and preparing the training and testing sets, this
phase establishes a solid foundation for effective
model training and evaluation.

3.3 Data Evaluation

Data evaluation involves the systematic assessment
of a trained model’s performance using a defined



set of evaluation metrics. This process is crucial
for determining how well the model generalizes to
unseen data and whether it meets the desired objec-
tives of accuracy, precision, recall, and other rele-
vant criteria. By applying various evaluation met-
rics, researchers can gain insights into the strengths
and weaknesses of the model, enabling them to
make informed decisions about further refinements
or adjustments. Additionally, a thorough evaluation
can reveal potential biases in the model, allowing
for corrective measures to ensure more robust and
fair outcomes. Ultimately, effective data evaluation
is essential for validating the model’s effectiveness
and ensuring its applicability in real-world scenar-
ios.

3.4 Bonus

In the bonus evaluation section, additional tech-
niques were employed to further assess the model’s
performance and explore alternative classification
strategies.

3.4.1 Confusion Matrix

* A confusion matrix was generated to visualize
the model’s classification results. This ma-
trix provided a comprehensive overview of
true positive, false positive, true negative, and
false negative classifications across different
taxonomy categories.
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Figure 5: Confusion Matrix

* Figure 5 illustrates the graphical representa-
tion of the confusion matrix, which not only
highlights areas of accuracy but also shows
where the model struggled with misclassifica-
tions, thus offering valuable insights for refin-
ing future models.

3.4.2 K-means Clustering

* K-Means clustering was applied to the fea-
ture matrix to identify inherent groupings
within the survey papers. The clustering re-
sults yielded an adjusted Rand index (ARI)
of approximately 0.0, indicating the effective-
ness of this unsupervised learning technique
in capturing the structure of the dataset.

3.4.3 AdaBoost classifier

* Lastly, the AdaBoost classifier was imple-
mented as an ensemble learning method to
enhance classification accuracy. This tech-
nique resulted in an accuracy value of approx-
imately 27.58%, demonstrating its potential
to improve predictive performance compared
to the initial Random Forest classifier.

4 Conclusion

In summary, this project provides a comprehen-
sive analysis of recent survey papers on Large Lan-
guage Models (LLMs) through the application of
advanced data science methodologies. By system-
atically collecting, exploring, and manipulating a
robust dataset, we have established a solid foun-
dation for understanding the evolving landscape
of LLM research. Our methodology, incorporating
Natural Language Processing and machine learning
techniques, not only facilitates the effective clas-
sification of survey papers but also elucidates sig-
nificant trends and taxonomy distributions within
the field. The insights garnered from this analysis
serve as a catalyst for developing tools that assist re-
searchers in navigating the extensive body of LLM
literature. Furthermore, by identifying gaps in the
current literature and suggesting future research
directions, this work contributes to the ongoing
discourse surrounding LL.LMs and fosters an envi-
ronment conducive to innovation and collaborative
exploration. Ultimately, our findings underscore
the critical importance of systematic data evalua-
tion and the transformative potential of machine
learning in advancing academic research.

During the Data Exploration phase, we uncov-
ered significant trends, including insights into the
monthly publication rates of survey papers and the
distribution of taxonomy categories. Visualization
techniques, such as line plots and bar charts, ef-
fectively illustrated these trends, facilitating the
identification of areas of interest and potential re-
search gaps. In the Data Manipulation phase, the



feature engineering process converted textual data
from titles and summaries into a format suitable
for machine learning. By employing techniques
such as TF-IDF vectorization and one-hot encod-
ing for categories, we constructed a robust feature
matrix that encapsulates the essential characteris-
tics of the survey papers, thereby enhancing model
performance.

The evaluation of the predictive model, particu-
larly the Random Forest classifier, provided a thor-
ough assessment of its efficacy. The classification
report detailed precision and accuracy. The overall
accuracy of approximately 37.93% indicated oppor-
tunities for refinement, prompting considerations
for further tuning, feature selection, or exploration
of alternative modeling approaches.

In the bonus evaluation section, a confusion ma-
trix was generated to visualize the model’s classi-
fication outcomes, offering insights into true and
false classifications across taxonomy categories.
K-Means clustering was employed, yielding an ad-
justed Rand index of approximately 0.0, which
demonstrated the effectiveness of this technique
in uncovering the underlying structure of the data.
Additionally, the AdaBoost classifier was imple-
mented, resulting in an accuracy of approximately
27.58%, underscoring its potential to enhance pre-
dictive performance. Collectively, these evaluation
methods provided a nuanced understanding of the
model’s capabilities and areas for enhancement.

Overall, this analysis underscores the potential
of machine learning techniques to classify and pre-
dict research trends within the domain of survey
papers. Through systematic exploration, manipu-
lation, and evaluation of data, this project not only
advances our understanding of the current land-
scape of Large Language Models (LLMs) but also
lays the groundwork for future advancements in
research methodologies. The insights derived from
this work pave the way for the development of tools
that can assist researchers in navigating the exten-
sive LLM literature and contribute to identifying
gaps while promoting innovation in this rapidly
evolving field.

A APPENDIX

This section outlines the specific configurations,
hyperparameters, and methodologies implemented
in the course of this analysis.

A.1 Data Overview

The dataset utilized in this study, named survey
data2.csv, encompasses various attributes including
the Title, Summary, Categories, and Release Date
of the survey papers. In total, the dataset comprises
144 entries.

A.2 Data Exploration

To analyze the number of survey papers published
over time, the data was aggregated by month and
year using the groupby function in pandas. The
distribution of taxonomy categories was visualized
through a bar chart, which helped identify the most
frequently occurring categories. Additionally, a
pie chart was created to illustrate the percentage
distribution of these categories, offering a clear
visual representation of their prevalence.

A.3 Data Manipulation

The text data from the Title and Summary columns
was transformed into a numerical feature matrix
using the TfidfVectorizer. This resulted in a feature
matrix containing 3,390 features. To facilitate the
integration of categorical data, the MultiLabelBi-
narizer was employed to convert the categorical
Categories into a binary format. The final feature
matrix was verified to have dimensions of (144,
3390), indicating 144 samples and 3,390 features.

A.4 Data Preprocessing

Normalization of the feature matrix was performed
using a MinMaxScaler, scaling the values to a range
between 0 and 1. The target labels (Taxonomy)
were encoded into a numerical format using the
LabelEncoder, making them compatible with ma-
chine learning algorithms. The dataset was then
partitioned into training and testing sets, employing
an 80-20 split strategy. This resulted in a training
set containing 86 samples and a testing set compris-
ing 58 samples.

A.5 Data Evaluation

A Random Forest Classifier was applied, utiliz-
ing 100 estimators and a fixed random seed of 42
to ensure the consistency of results. The model’s
performance was assessed using various metrics,
including accuracy and precision. A classification
report was generated to summarize these evaluation
metrics, revealing an overall accuracy of approxi-
mately 37.93%.



A.6 Hyperparameters

Random Forest Classifier:
¢ Number of estimators: 100

¢ Random state: 42
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