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Abstract: In the rapidly advancing field of large language model (LLM) research, platforms like Stack
Overflow offer invaluable insights into the developer community’s perceptions, challenges, and inter-
actions. This research aims to analyze LLM research and development trends within the professional
community. Through the rigorous analysis of Stack Overflow, employing a comprehensive dataset
spanning several years, the study identifies the prevailing technologies and frameworks underlining
the dominance of models and platforms such as Transformer and Hugging Face. Furthermore, a
thematic exploration using Latent Dirichlet Allocation unravels a spectrum of LLM discussion topics.
As a result of the analysis, twenty keywords were derived, and a total of five key dimensions, “Ope-
nAI Ecosystem and Challenges”, “LLM Training with Frameworks”, “APISs, File Handling and App
Development”, “Programming Constructs and LLM Integration”, and “Data Processing and LLM
Functionalities”, were identified through intertopic distance mapping. This research underscores the
notable prevalence of specific Tags and technologies within the LLM discourse, particularly highlight-
ing the influential roles of Transformer models and frameworks like Hugging Face. This dominance
not only reflects the preferences and inclinations of the developer community but also illuminates the
primary tools and technologies they leverage in the continually evolving field of LLMs.

Keywords: large language model; Transformer; Hugging Face; Stack Overflow; developer community

1. Introduction

Recently, the introduction of OpenAl’s ChatGPT has significantly heightened interest
in large language models (LLMSs) [1]. The evolution and transformation of LLMs have
reshaped the artificial intelligence landscape [2,3], facilitating substantial advancements,
especially in the realm of natural language processing, where large-scale datasets have
been utilized to explore a myriad of research inquiries, contributing to the progression of
the field [4]. Concurrently, neural networks have also considerably advanced.

Previous research has introduced efficient deep neural network models for various
applications, underscoring the potential of neural networks in handling complex tasks and
large datasets [5]. These advancements have been additionally bolstered with the advent of
other pioneering models, such as Google’s PaLM and Meta’s LLaMA [6,7]. In this context,
the developers note that the associated models alter various aspects of artificial intelligence,
ranging from natural language processing to complex tasks such as code generation and
completion [8-10].

Language models have undergone notable developmental phases since the inception
of computational linguistics. The earlier models were primarily rooted in rule-based
systems, featuring handcrafted rules and lexicons to model linguistic phenomena [11].
While these models were pivotal in initial explorations of machine language processing,
they often could not achieve the scalability and flexibility necessary to capture the nuances
of natural language [12,13]. The emergence of neural networks in the early 21st century
significantly impacted language modeling. Among these, the neural probabilistic language
models stood out, utilizing the power of distributed representations to model sequential
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data [14]. Despite their promise, these models faced difficulties in handling long-term
dependencies due to the inherent limitations of recurrent networks [15].

The field underwent a monumental shift with the introduction of transformer architec-
ture, pioneered by Vaswani et al. [16] in their seminal paper, “Attention Is All You Need”.
Eschewing recurrence altogether, this architecture relies on a self-attention mechanism,
enabling the transformers to weigh input tokens in a sequence and effectively capture the
context, regardless of the positional distance.

Building on this architecture, several influential models emerged. BERT (Devlin et al.,
2018), for instance, leveraged bidirectional transformers to understand the context from
both the left and right of a token, pioneering a pre-training and fine-tuning approach.
This methodology, where models are first trained on a vast corpus and then fine-tuned
for specific tasks, became a staple in subsequent LLM developments [17]. After BERT, the
GPT series, particularly GPT-2 and GPT-3, pushed the boundaries further. These models,
characterized by their autoregressive nature, demonstrated unparalleled capabilities in
a range of tasks, from language generation to translation and beyond [18].

The ongoing advancements and integration of theoretical insights with computational
capability highlight the potential of LLMs to transform artificial intelligence. Alongside this
technological evolution, notable dynamism within the developer community has become
apparent [19]. As these tools and models emerged, developers worldwide collaborated to
adapt, comprehend, and refine them.

As the field of LLM has developed, the community surrounding it has concurrently
progressed. Platforms such as GitHub, arXiv, and specialized forums have experienced
a surge in activity, becoming hubs for LLM discussion and collaboration [20]. A pivotal
transformation has been the democratization of LLM access and development. LLMs are
no longer dominated by select institutions and corporations. Independent developers and
researchers are now providing significant contributions, aided by major organizations that
release pre-trained LLM models. This allows a wider audience to adapt them for specific
applications without necessitating substantial computational resources [21].

The collaborative spirit within the developer community has catalyzed an increase in
open-source projects, fostering shared learning and collective development. In particular,
Stack Overflow is worthy of attention, having established itself as an indispensable resource
for the LLM community. Recognized as the world’s largest developer community, its
significance transcends mere troubleshooting, acting as an indicator of evolution in the
technology sector. In the context of LLMs, Stack Overflow offers a wealth of insights into
real-world applications and the accompanying challenges. Research into Stack Overflow,
exemplified by the work of Barua et al. [22], illuminates how developers interact with the
platform, uncovers the challenges they encounter, and provides a valuable resource for the
development of nascent technologies like LLMs.

As Ford et al. [23] articulate, platforms such as these effectively unite research and
pragmatic applications of software engineering, affording developers access to cutting-edge
solutions. This interconnectedness is notably evident in the perpetually evolving domain
of LLMs, wherein conventional documentation might not contemporaneously align with
challenges and solutions during practical implementation [17,18,24].

Despite the attention LLMs have attracted and the evident importance of platforms
like Stack Overflow in illustrating the technology landscape, there is a notable lack of
in-depth discourse analysis. Investigating this aspect is vital, as understanding the real-
world application and discourse around LLMs can connect theoretical advancements
with practical implementations [25,26]. Previous studies have delved into diverse topics,
such as predicting the acceptability of answers in specific programming languages [27],
understanding refactoring discussions [19], and exploring the use of technologies like
Apache Spark [28]. Additionally, research to comprehend discussions around deep learning
frameworks has been undertaken, as evidenced by the mining and comparing of discussions
on platforms like Stack Overflow and GitHub [20]. However, the discourse and trends
specific to LLMs on Stack Overflow remain uncharted. This research endeavors to bridge
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this gap by providing a meticulous analysis of LLM-related discussions and trends on Stack
Overflow and, thereby, offering a novel contribution that is distinct from previous studies.

This study aims to explore the technology and development trends of LLMs based
on experts’ discussions and opinions using an open data platform. The research questions
addressed are as follows: “How do LLM-related Tags on Stack Overflow exhibit usage
frequency and evolving trends, and what significance do Tags representing new technolo-
gies and frameworks hold?” and “How do dominant keywords and themes shape the
LLM-related discussions on Stack Overflow, and what insights can be drawn from the
interplay and interconnectedness of these terms about the evolving narrative within the
developer community?” Interactions on Stack Overflow offer invaluable insights into the
real-world challenges, adaptations, and innovations associated with LLMs. The Tags, ques-
tions, and thematic discussions on the platform provide insights into the prevailing tools,
frameworks, and practices within the developer community [29]. As LLMs are integrated
into diverse applications, the big data trend analysis of the discourse has become pivotal,
offering invaluable suggestions to researchers, developers, and tool creators.

Consequently, this study delves into LLM discussions on Stack Overflow, highlighting
the practical implementation challenges encountered by developers. It explores the need
to foster a dialogue between technological advancements and practical usability in the
LLM domain while simultaneously paving a pathway for future research on the evolving
challenges faced by artificial intelligence developers.

2. Methods
2.1. Data Collection and Pre-Processing

As depicted in Figure 1, the methodology encompassing our study provides a system-
atic and in-depth approach to exploring the interactions and queries of developers on the
Stack Overflow platform. Specifically, it concentrates on the discussions and advancements

relevant to LLMs post 2017.
Extracting Data Using

“Posts.xml” to CSV LLM-Related Search Terms

(4) Data Cleaning

Regular Expression,
Beautiful Soup

Post 2017
- Code Snippet Removal

- HTML Tag Cleaning
- Merge Body & Title Columns

(58,777,633 Posts)
(27,167 Posts)

(8) LDA Analysis

Gensim, Scikit-learn,
NetworkX
- Calculate Coherence Value
- Topic Modeling
- Visualize t-SNE Clustering
- Visualize Network Analysis

(5) Text Pre-processing

(7) TF-IDF Analysis

Scikit-learn

WordCloud, Scikit-learn

NLTK, spaCy

- Calculate Tag Occurrences
- Visualize Tag Frequency
- Visualize Tag Trends
with Linear Regression

- Analyzing Posts
using TF-IDF Vectorization
- Visualize Cosine Similarity

- Stopword Removal
- Lemmatization

Figure 1. Overview of methodology of our study.

The data dump from Stack Overflow, made available under the Creative Commons BY-
SA 4.0 license, has been released by Stack Exchange in an XML format, thereby facilitating
a wide spectrum of analyses for researchers. This study utilized the dataset archived
on 30 July 2023, which comprises multiple XML files, including posts, comments, Tags,
badges, post history, post links, users, and votes. With a focus on analyzing the developers’
questions and answers, the Posts.xml file was leveraged. For the purpose of our analysis,
the Posts.xml file was parsed into a CSV (Comma-Separated Values) format [30,31].

The insight-rich dataset sourced from Stack Overflow necessitated a comprehensive
pre-processing strategy to align with the analytical goals of the study [32]. Priority was
given to specific columns: Id, PostTypeld, CreationDate, Body, Title, and Tags. While
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the code embedded within Stack Overflow posts using <code> Tags can be contextually
relevant, it was considered extraneous for textual analysis and, thus, was purged using
regular expressions. Additionally, any remaining HTML artifacts in the Body column were
sanitized using the BeautifulSoup library. To maintain uniformity, commas present in the
Body, Title, and Tags columns were substituted with spaces. Considering the dataset’s
magnitude, this pre-processing procedure was executed in portions, with each refined
chunk saved in a distinct directory.

To make the analysis relevant, we confined the timeframe to data from 2017 onwards.
This choice was influenced by pivotal developments in 2017, specifically the introduction
of the Transformer architecture and the self-attention mechanism from Google. These
breakthroughs signified a transformative period in NLP, igniting widespread research on
LLMs [16].

After initial data cleansing, the focus transitioned to further refining the dataset,
with a specific emphasis on discussions pertaining to LLMs and related technological
advancements [33]. A curated list of keywords, emblematic of current strides in NLP, was
developed. This list included terms such as “transformer”, “large language model”, and
“gpt” and acknowledged recent innovations from organizations like “OpenAl”. Moreover,
concepts like “self-attention” and “fine-tuning” and emerging trends such as “prompt
engineering” and “few-shot learning” were integrated into this keyword list. By utilizing
regular expressions, the entries in the “Body” and “Title” columns that featured these
keywords were retained, shaping the dataset for more focused analysis.

To delve into the textual data, several refinement stages were undertaken to enhance
its readiness for analysis. Common English words, or stop words, were identified and
excluded using the NLTK library, prioritizing terms with a higher analytical value. Sub-
sequently, normalization was executed, which involved converting the entire text corpus
to lower case and excising non-alphabetical symbols, resulting in a refined, word-focused
dataset [34]. The Gensim library was utilized to identify bigrams, enabling the detection of
nuanced linguistic constructs. In the final refinement stage, SpaCy was used for lemmatiza-
tion, ensuring that all the word variants were mapped to their foundational form [35,36].
These meticulous steps are crucial in enhancing the dataset’s integrity and laying a robust
foundation for subsequent analytical endeavors.

2.2. Research Design and Process

This section elucidates the methodology and techniques employed. We addressed the
first research question, “How do LLM-related Tags on Stack Overflow exhibit usage fre-
quency and evolving trends, and what significance do Tags representing new technologies
and frameworks hold?”. In deciphering the discussions surrounding the LLM on Stack
Overflow, ensuring analysis integrity was paramount. A key component involved the
reliable selection and interpretation of relevant Tags from the “Tags” column using Python.
To maintain consistency in the data, entries without Tags were filtered out. This method
aimed to embed individual Tags within the wider discourse, highlighting their significance
over time. Exponential modeling, particularly with log-transformed data, facilitated the
clear representation of Tag trends. Additionally, utilizing word cloud visualizations enabled
a succinct and intuitive display of the prominence and frequency of the discussed Tags.

To address the subsequent research question, “How do dominant keywords and
themes shape the LLM-related discussions on Stack Overflow, and what insights can be
drawn from the interplay and interconnectedness of these terms about the evolving narra-
tive within the developer community?”, textual analysis was performed. This approach
was utilized to extract and understand thematic layers and semantic connectivity among
terminologies within the discussions.

Shifting the focus to the textual content of Stack Overflow posts, the “Title” and
“Body” were combined into a single entity, aiming for a comprehensive understanding
of the users’ discussions about LLMs. The TF-IDF (Term Frequency-Inverse Document
Frequency) technique was employed using this combined data, involving more than
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the term frequency [37]. It emphasized terms that were uniquely significant to specific
discussions. By aggregating the TF-IDF scores across all the discussions, the terms with
general importance were brought to the forefront. Additionally, the cosine similarity
measure played a pivotal role in uncovering semantic links between these critical terms,
illuminating potential associations and correlations in the discussions [38,39].

In response to the complexities arising from the vast consolidated textual content, con-
ventional reading methods were insufficient. Thus, Latent Dirichlet Allocation (LDA) was
utilized as a means to discern underlying themes and narratives within the data [40]. Based
on initial data insights, LDA was configured to extract five dominant topics. To enhance the
visualization and interpretation of these topics, t-SNE (t-Distributed Stochastic Neighbor
Embedding), known for transforming high-dimensional data into a two-dimensional space,
was employed [41]. t-SNE is valued for its capability to create visually interpretable models,
which render the abstract outputs of LDA into more tangible, comprehensible visuals.

Lastly, network analysis was incorporated to complement the thematic insights de-
rived from LDA and present a clearer image of keyword interrelations. The networkx
library was instrumental in this phase, presenting keywords as nodes and their thematic
interconnections as edges. The visualization’s spring layout was opted for, ensuring the
articulate presentation of keyword groupings and overlaps [42,43].

3. Results
3.1. Overview of the Dataset

The analysis utilized the comprehensive Stack Overflow data dump, offering an inclusive
overview of developer interactions on the platform. This vast dataset encompasses a wide
range of topics, discussions, and user engagements, as evidenced by the multitude of posts,
questions, Tags, and active users. Data on LLM discussions since 2017 were selectively
analyzed. This subset highlights the community’s engagement with LLMs, as shown by
the number of LLM-related questions, Tags, and interactions by distinct users. Table 1
presents a comparative view of the entire dataset against the LLM-related subset, enabling
an understanding of the dataset’s scope and diversity.

Table 1. Statistics about the collected data.

Item Entire Dataset LLM-Related Subset

(Since 2017)

Number of posts 58,777,633 27,167

Number of questions 23,719,810 16,769

Number of answered questions 20,291,340 11,180
Number of accepted answers 12,057,994 5257
Number of distinct Tags 64,785 5400

Number of distinct users 6,112,508 20,482
Average number of Tags per question 297 3.40
Average number of answers per question 147 0.87

3.2. Linear and Word Cloud Analysis of the Tags

Within the expansive domain of Stack Overflow, Tags are instrumental, guiding users
to germane discussions and demarcating the primary thematic focal points of the content.
The analytical examination of the dataset unveiled the Tags that are frequently invoked,
particularly those that resonate with LLMs.

As shown in Figure 2, the actual monthly frequencies of questions linked to these
Tags are represented by blue solid lines. The red dashed lines, on the other hand, signify
the linear fit of the log-transformed data. This log transformation is crucial for capturing
the exponential nature of discussions around these topics, providing a clearer perspective
on their growth trajectories. The slope of the linear fit, represented by the coefficient
values from a linear regression, encapsulates the monthly trend of discussions for each Tag.
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A higher coefficient indicates a steeper incline, signaling a more rapid monthly increase in
discussions about that Tag.
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—— Actual
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—— Actual
=== Linear Fit on Log-Transformed Data

2020-H2 2021-H1 2021-H2 2022-H1 2022-H2 2023-H1
Figure 2. Log-transformed trends of key Tags.

Delving into the specifics, the “huggingface-transformers” Tag shows a particularly
sharp incline, hinting at its rising influence and rapid adoption among developers. This
reflects the burgeoning popularity of the Hugging Face’s Transformers library in the
LLM domain. The “openai-api” Tag, with the steepest coefficient among the observed
Tags, signifies the surging interest in offerings from OpenAlI, notably when it introduced
pioneering models and tools. The “python” Tag demonstrates consistent and steady growth,
emphasizing its foundational role in LLM-related developments. Similarly, the Tags “bert-
language-model” and “transformer-model” exhibit growth patterns that underscore the
continued relevance and foundational significance of BERT and transformer architectures
in NLP, respectively. The insights garnered from Figure 2 emphasize the heterogeneous
engagement levels and growth associated with various LLM Tags on Stack Overflow. The
comparative analysis of these growth trajectories offers insights into the shifting focal points
of discussion, illuminating both the foundational pillars and emergent areas of interest
within LLM discourse.

Figure 3 presents a word cloud that underscores the salience of the selected Tags.
Among them, “python”, “huggingface-transformers”, “huggingface”, “bert-language-
model”, “openai-api”, and “chatgpt-api” are distinct. The “python” Tag, with its pro-
nounced visibility, corroborates its central position in LLM development and deployment.
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In LLM applications, “huggingface-transformers” and “huggingface” emphasize the as-
cendancy and widespread adoption of the Hugging Face framework. The “bert-language-
model” Tag is indicative of the community’s deep interest in BERT and its variants. Mean-
while, “openai-api” and “chatgpt-api” highlight the growing intrigue around OpenAl’s
offerings, especially the ChatGPT platform.
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Figure 3. The results of word cloud analysis.

Though they are not prominently displayed in the word cloud, two emerging Tags,
“lora” and “langchain”, must be given attention. The Tag “lora” corresponds to the Low-
Rank Adaptation technique, enhancing computational efficiency in fine tuning, particularly
with models like GPT-3. This method, by augmenting rank-decomposition weight ma-
trices, optimizes training and memory usage [44]. Additionally, “langchain” signifies a
new framework designed for language model applications, emphasizing modularity and
adaptability [45,46]. Its emergence underlines the shift towards more versatile applications
of language models. Collectively, while core tools remain significant, the introduction of
innovations like “lora” and “langchain” showcases the dynamic evolution of LLMs on Stack
Overflow. These emblematic Tags provide an insight into the primary interests and focal
points of the developer community, facilitating our understanding of how practitioners
navigate the evolution of LLMs on Stack Overflow.

3.3. TF-IDF and Heatmap Analysis of Terms

TF-IDF analysis was conducted on the Titles and Bodies of the posts, facilitating the
identification of the significance of individual terms within the dataset. By evaluating
the frequency of each term in a specific post relative to its overall frequency across all the
posts, TF-IDF yields a measure of the term’s relative importance. Consequently, Table 2
displays the top 20 terms, ranked according to their TF-IDF scores. Notably, terms such as
“use”,” python”, “data”, and “huggingface” are prominent.

VTS

use”, “model”, “transformer”, “bert”,
These central terms underscore the dominant topics, frameworks, and challenges frequently
deliberated by developers. For instance, while terms like “bert” and “transformer” allude
to specific models and frameworks, foundational terms like “use”, “model”, and “data”
illuminate broader discussions concerning practical applications and challenges in LLMs.
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Table 2. Top 20 dominant terms using TF-IDF vectorization.

Rank Term TD-IDF Score
1 use 1192.12
2 model 1165.78
3 transformer 887.52
4 error 711.59
5 code 682.28
6 try 662.08
7 bert 560.09
8 work 553.53
9 python 552.85

10 data 541.80
11 file 537.94
12 like 530.44
13 train 528.98
14 huggingface 513.91
15 follow 468.42
16 need 452.72
17 run 446.52
18 want 442 .62
19 openai 427.15
20 api 424.09

Heatmap analysis was conducted to confirm the semantic interaction between the
most important terms extracted through TF-IDF vectorization. The heatmap analysis results
demonstrate that a pivotal attribute is the cosine similarity value, wherein terms with aug-
mented semantic consistency or those frequently bundled in user queries are emphasized.

As illustrated in Figure 4, the term “huggingface” is similar to “transformer” and
“bert”. This alludes to recurrent dialogues centered around Hugging Face’s transformer
libraries and the BERT model, highlighting their criticality in the LLM domain. Furthermore,
a moderate level of affinity between “data” and “file” intimates their recurrent association,
presumably within the ambit of data processing or file operations. An intriguing parallel
between “openai” and “api” is also depicted, potentially suggesting discussions primarily
revolving around the functionalities of OpenAl’s API These analytical undertakings yield
invaluable insights, enabling both researchers and practitioners to delineate the focal points
of LLM discourse on Stack Overflow.
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Figure 4. Cosine similarity between top TF-IDF terms.
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3.4. Topic Detection and Analysis Using LDA

Latent Dirichlet Allocation (LDA) was used to find document topics based on the
words in it; this research covered the discussions related to LLMs on Stack Overflow.
The LDA model postulates that documents contain a blend of topics, with each topic
embodying a conglomerate of words, iteratively assigning words to topics, and refining
these via successive iterations. A critical step in applying LDA involves identifying the
optimal number of topics (K) with the Coherence Score, which examines the word similarity
within the topics and serves as an essential metric. Despite six topics providing the highest
C_V score, this study strategically selected five topics, understanding that topic selection is
not solely guided by coherence scores but also by the researcher’s expertise (see Table 3).

Table 3. C_V coherence scores.

Number of Topics Coherence Score Number of Topics Coherence Score
3 0.464357 12 0.466664
4 0.470718 13 0.465737
5 0.477660 14 0.455902
6 0.493817 15 0.452959
7 0.475287 16 0.448704
8 0.460076 17 0.458541
9 0.446352 18 0.454590
10 0.474169 19 0.432896
11 0.451729 20 0.433316

In the execution of the LDA model using the Gensim library, default hyperparameters
were utilized: alpha and eta adopted a prior symmetric Dirichlet distribution, with configu-
rations set for a single pass and multiple iterations through the corpus (alpha = symmetric;
eta = none; passes = 1; and iterations = 50), ensuring harmonious equilibrium between
computational efficiency and model performance.

As shown in Table 4, a total of five topics were identified: “OpenAl Ecosystem and
Challenges”, “LLM Training with Frames”, “APIs, File Handling and App Development”,
“Programming Construction and LLM Integration”, and “Data Processing and LLM Func-

tionalities”.

Table 4. The key topics about LLMs on Stack Overflow.

Section Topic and Description Related Terms
OpenAl Ecosystem and Challenges:

1 Discussions revolve around the intricacies of deploying LLMs openai, python, code, error, run, api, gpt,
using OpenAl’s API, emphasizing common challenges, follow, time, version
Python-related solutions, and runtime nuances.

LLM Training with Frameworks:

5 Focuses on prevalent models like BERT and the extensive use of model, huggingface, train, transformer, bert,
libraries like Hugging Face for training LLMs within Python code, text, dataset, python, data
environments.

APIs, File Handling and App Development:

3 Emphasizes the significance of APIs in LLMs, error resolutions, and file, api, error, code, response, create, app,
the intricacies of developing applications that seamlessly integrate data, find, send
these models.

Programming Constructs and LLM Integration:

4 Conversations lean towards object-oriented programming, class, object, transformer, method, error, type,
leveraging transformers in coding paradigms, TypeScript value, typescript, xml, code
applications, and XML integrations.

Data Processing and LLM Functionalities: .
. 11 . . . . transformer, data, function, code, type,

5 Highlights the nuances of data manipulations, coding strategies,

and functionalities tailor-made for optimizing LLM operations.

example, column, way, value, pipeline
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First, in the realm of the OpenAl Ecosystem and Challenges, the discussions pre-
dominantly center around the deployment of LLMs using OpenAl’s APIL. The developers
frequently confront Python-specific errors, runtime issues, and the challenges related to
versioning to seamlessly integrate OpenAl’s LLMs into diverse applications.

Second, when it comes to LLM Training with Frameworks, there is a palpable emphasis
on the complexities of training these models, particularly leveraging renowned models like
BERT and indispensable libraries like Hugging Face. The discourse is rich with practical
facets of managing datasets, crafting code, and efficiently handling text data.

Third, the theme of APIs, File Handling, and App Development underscores the
growing integration of LLMs with everyday applications. The pivotal role of APIs is
clear, with developers navigating a maze of challenges, especially in the arenas of data
management and the construction of LLM-centric applications.

Fourth, in the domain of Programming Constructs and LLM Integration, the narra-
tive shifts to the confluence of object-oriented programming and LLMs. A discernible
enthusiasm exists among the developers regarding how transformers dovetail into diverse
coding paradigms, with a spotlight on modern web development frameworks and XML
integrations.

Lastly, with Data Processing and LLM Functionalities, the crux lies in the precision of
data processing tailored for LLM effectiveness. Conversations are rife with data transforma-
tion strategies, a deep dive into LLM-specific functionalities, and the pursuit of operational
excellence.

t-Distributed Stochastic Neighbor Embedding (t-SNE), an advanced technique for vi-
sualizing high-dimensional data, was used to facilitate the analysis by positioning the topic
distribution from the LDA model and exploring the relationships between the identified
topics. Figure 5 shows that the five topics are clearly classified into distinct clusters.

@ APIs, File Handling & App Development
Data Processing & LLM Functionalities

® OpenAl Ecosystem & Challenges

Programming Constructs & LLM Integration

® LLM Training with Frameworks

Figure 5. t-SNE representation of the topics.

3.5. Network Analysis

As shown in Figure 6, network analysis was conducted to analyze the interrelationship
of the keywords derived from the LDA model. In this network, individual nodes represent
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keywords, and edges represent the collective appearance of these keywords within a
particular subject. The frequency of their simultaneous occurrence determines the weight
or intensity of each connection edge.

Figure 6. The result of network analysis.

o o Za

The analysis confirmed that nodes, such as “transformer”, “code”, “python”, “error”,
“data”, “value”, “type”, and “api”, are highly central and that these pivotal keywords
play an important role in various discussions of other topics. A particularly striking
feature is the strong link between “code”, “transformer”, and “python”, which has led to
frequent discussions exploring the complexity associated with various transformer models.
Additionally, a cluster that includes “python”, “api”, and “openai” also indicates a common
narrative, concentrating on the processes and methodologies of implementing OpenAl
APIs using Python. In contrast, some keywords that appear to be on the periphery with
fewer connections may represent niche or specialized discussions that are less interwoven

with the central discourse.

4. Conclusions
4.1. Findings and Implications

In the ever-evolving landscape of LLMs, understanding the nuances of developers’
interactions and preferences is paramount. The discourse surrounding LLMs, particularly
on platforms like Stack Overflow, provides insights into the prevailing thoughts and trends
within the developer community. This research has unearthed several pivotal insights into
this discourse.

Firstly, this analysis underscores the significant roles of “Transformer” and “Hugging
Face” within LLM discourse, reflecting prevalent developer preferences and tool use in this
rapidly advancing field. The continuous development of LLM technologies necessitates
consideration for the advancements of “Transformer” and “Hugging Face” and sustained
engagement with expert discourse. Enhancements and development in modules, especially
Hugging Face, which facilitates the use of the “Transformer Architecture”, warrant attention.
With the aim of democratizing machine learning, Hugging Face alleviates computational
cost barriers and simplifies natural language processing, offering customizable pre-trained
SOTA models for various tasks. Consequently, the evolution of such architectures and
the proliferation of open-source resources may exert a substantial influence on LLM’s
technological and popular development.
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Secondly, this study presented the key terms and topics of LLM expert groups to
improve their expertise by looking at the trends in LLM discussions within the community.
In particular, the results of the topic analysis show that “LLM Training with Frames” has
more influence and is discussed more than the other topics. This means that the keywords
model, Hugging Face, train, transformer, BERT, code, text, dataset, Python, data, etc., that
make up “LLM Training with Frames” are the most important issues of discussion by LLM
experts, and above all, can emphasize the importance of learning through the framework.
Eventually, considering the complexity and rapid changes in the OpenAl ecosystem, it is
necessary to learn about LLMs and discuss ecosystem expansion and development through
APT integration.

Finally, as you can see from the network analysis results, it was confirmed that a
structural relationship between the topics and terms centered on transformers, code, and
Python appeared. Ultimately, these results show that the community of LLM experts builds
ecosystems and works on structural network communication. In the end, the LLM also
shows that efforts to expand the ecosystem based on global networks and cooperation are
of paramount importance and not the domain of specific experts or institutions. Therefore,
other than the open sourcing of technology and data in the future, it is necessary to create
a foundation for global cooperation by experts to further developmental discourse and
strengthen business utilization.

These sequential insights have significant implications. For developers, they offer
a roadmap to understand the prevailing trends, aiding their learning of LLM advancements.
For researchers, the findings from this study present valuable directions for future research,
especially in areas with pronounced interest or noticeable gaps. Developers can utilize
identified trends to inform technology adoption, while researchers may explore the causes
behind the prominence of certain technologies in LLM discourse. Tool creators can align
tool development with prevalent community topics and challenges, ensuring relevance
and utility for LLM developers and practitioners.

Moreover, the insights derived could potentially steer the evolution and adoption
of LLM technologies across varied applications by highlighting the focal points and chal-
lenges within the developer community. This, in turn, could foster a more informed and
collaborative approach towards addressing prevalent issues and innovating solutions in
the LLM domain, thereby bridging the gap between theoretical advancements and practi-
cal implementations. The insights derived could potentially guide the development and
adoption of LLM technologies in various applications. By highlighting the key areas of
focus and challenges within the developer community, this can promote a more informed
and collaborative approach to addressing the existing LLM issues and innovative solu-
tions. As a result, it can bridge the gap between theoretical advancements and practical
implementations.

In particular, many companies continue to enhance their efficiency by incorporating
LLM-based technologies into management systems and processes. Accordingly, LLM is
an object that must be learned by many people in the entrepreneurial and business sectors.
In this respect, the results of this study will help them understand LLM’s technology
trends and suggest learning directions for business utilization. As collaboration and
communication with LLM experts should continue to take place within an open ecosystem,
a collaborative learning program should be considered.

4.2. Limitations and Future Plans

Although this study offers a comprehensive and insightful exploration of the LLM
discourse on Stack Overflow, it possesses certain limitations that must be acknowledged.
Firstly, despite the notable depth provided by focusing the data analysis on Stack Overflow,
it is imperative to acknowledge the potential biases and limitations, given that the dialogue
therein may not wholly represent the broader, multifaceted discussions and perspectives
on LLM prevalent across various forums and communities. In the future, researchers
must cautiously interpret these insights as a part of a larger, global developer dialogue
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and potentially extend the scope by incorporating data from diverse platforms for a more
comprehensive and inclusive view of global LLM discourse.

Secondly, a notable temporal limitation is present in our study. The cut-off of early June
2023 precludes the most recent three months, during which there has been a discernible
uptick in discussions and releases pertaining to open-source LLMs. Consequently, this
study might not encapsulate the nuances, challenges, and innovations introduced by these
nascent open-source LLM developments. These omissions underscore potential research
gaps that should be addressed in the future to ensure the timely and contemporaneous
portrayal of ever-evolving LLMs.

Lastly, other researchers could explore the use of tools such as the transformer-based
BERTopic for a more nuanced examination of the discourse surrounding LLMs. BERTopic,
with its ability to comprehend the semantic context of words and phrases, could potentially
provide richer and more meaningful topic representations than traditional methods like
TF-IDF and LDA can. Further analyzing these extracted topics using models like GPT
or LLaMA could provide deeper insights into the underlying themes and enhance our
understanding of the text data.
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