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Abstract: Artificial intelligence (AI) has moved from research laboratories into everyday tools used by millions worldwide. In recent
years, advances in natural language Al systems have sparked extensive public exploration and discussion. This study investigates overall
public sentiment and key discussion topics related to the DeepSeek large language model (LLM) on Twitter (now rebranded as X) and
examines sentiment differences across discussion topics during various DeepSeck-related events. After data collection, Python was used
to perform preliminary cleaning and screening of English-language tweets. The Valence Aware Dictionary and Sentiment Reasoner
(VADER) sentiment analysis tool was applied to classify tweet sentiment. Based on the VADER labels, the dataset was stratified
to obtain a high-quality sample of 5000 tweets while preserving the original sentiment distribution. To further explore discussion
themes, latent Dirichlet allocation combined with coherence score evaluation was employed for topic modeling. Topic-level sentiment
analysis was then conducted across different DeepSeek-related events to assess public attitudes toward each discussion topic. Results
indicate that overall public sentiment toward DeepSeek LLM is predominantly positive. Topic modeling identified 10 optimal discussion
topics, covering areas such as technical performance, economic impact, political and cultural context, and international competition.
The findings also reveal significant differences in sentiment distribution across topics, demonstrating the practical value of combining

sentiment analysis and topic modeling for business intelligence and Al product optimization.
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1. Introduction

Artificial intelligence (AI) refers to computer systems and
algorithms that perform tasks typically requiring human intelli-
gence [1]. Hence, Al can learn from data and recognize patterns to
make predictions, enabling businesses to simulate human decision-
making and unlock actionable insights from large datasets. By
applying Al to operations, businesses increase efficiency through
process automation, which reduces errors and lowers costs while
reallocating human talent to higher-value work. As shown in
Figure 1 [2], the use of analytical Al in various fields has
reduced the costs incurred in respective operations, particularly
by more than 10% in marketing and sales. In research and devel-
opment of products, generative models accelerate prototyping
and innovation [3]. When responsibly governed, Al becomes a
force multiplier that enhances productivity, decision quality, and
sustainable growth potential.

*Corresponding author: Wei Chien Ng, School of Management, Universiti
Sains Malaysia, Malaysia. Email: ngweichien@usm.my

Among the Al models, large language models (LLMs)
are widely adopted by businesses, bringing significant value to
their business performance [4]. LLMs are advanced machine
learning systems trained on massive text bodies to predict and
generate human-like language. For businesses, LLMs deliver
tangible benefits by automating customer support and routine
communications at scale, which saves labor power and time con-
sumed in operations [5]. By extracting insights from documents
and conversations, LLMs can produce draft reports through
speed knowledge retrieval. Hence, LLM-driven tools enhance
decision-making by rapidly integrating market intelligence and
scenario generation, thereby improving personalization in sales
and product recommendations.

Building on LLM capabilities, DeepSeek is a specialized
language model optimized for enterprise search and context-
aware information retrieval. One of the significant advantages
of DeepSeek is its open-source nature, which allows for cus-
tomization and transparency [6]. This nature makes it more
accessible for integration into various systems. For the businesses,
DeepSeek reduces time spent locating relevant knowledge by pro-
viding concise summaries and direct references [7]. It enhances
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Figure 1
Reduced costs in respective functions from the use of Al in enterprises worldwide in 2024
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the onboarding and customer support by making institutional
knowledge accessible to employees and agents. By training on
the DeepSeek LLM for months, these efficiency gains result in
clear cost savings and a measurable competitive edge, as well as
sustained strategic value [8].

To track the trend of Al, discussion on social media is crucial,
as it has become a platform for users to share the performance
of Al nowadays. Social media provides a public platform where
diverse users share their opinions and information about trending
topics. According to a survey conducted by Dixon [9], the number
of social media users worldwide increased by approximately 64%
from 2019 to 2025, as shown in Figure 2. These platforms enable
the rapid dissemination of news and ideas, allowing conversations
to reach broad audiences quickly.

As such, businesses may keep track of social media platforms,
such as Twitter (currently rebranding as “X”), to explore the
opportunities that can be leveraged in terms of Al integration in
business. A study conducted by Kada et al. [10] demonstrated that
Twitter can significantly influence public discussion and engage-
ment. As of 2023, the number of Twitter users was 415.3 million,
and it is expected to grow to 2028, as forecasted by Statista [11], as
shown in Figure 3. Hence, businesses that adopt divergent content
strategies on Twitter, compared to their traditional rivals, may
benefit from higher engagement and faster follower acquisition.
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The Al features that improve user engagement and suitabil-
ity for tasks are crucial for enhancing the user experience in Al
systems [12]. Users of various Al products demonstrate a strong
interest in explainability features that help them understand Al
decisions and actions, thereby bridging the gap between algorith-
mic work and user needs. However, Al systems may face ethical
dilemmas such as privacy violations, bias, and discrimination,
which can significantly reduce public trust [13]. The inability to
explain AT decisions and the presence of algorithmic bias can lead
to malfunctions and injustices.

Understanding the evolution of Al topics can provide deep
insights into scientific innovations and help predict emerging
fields, as a business must stay competitive and adapt to new
developments. For example, Al applications in supply chain man-
agement are analyzed to identify key themes and trends, which
can help the business enhance efficiency and manage risks [14].
Unfortunately, the rapid changes in Al technology and pub-
lic conversation can lead to overlooked areas and unintended
consequences [15]. Businesses may lack a strategic framework
to align Al initiatives with business goals and public expec-
tations, resulting in missed opportunities and increased public
attention [16].

By gaining insights into public discussions on Al-related top-
ics, businesses can align their products and roadmaps based on

Figure 2
Number of social media users worldwide from 2019 to 2025
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Figure 3
Number of Twitter users worldwide from 2019 to 2028

Number of users in millions

real comments and suggestions collected [17]. The participation
of potential customers early in the product development process
can lead to more customized and relevant products. The different
topics surrounding the same event may elicit opposite public reac-
tions, which are often treated as uniform, misguided decisions.
As shown in Choi’s study [18], both near-future and distant-
future contexts in the framing of Al can lead to different public
perceptions of Al risks and benefits.

Hence, the research objectives in this study are to (i) deter-
mine the overall public sentiment toward DeepSeek LLM on
Twitter (RO1), (ii) determine the key discussion topics around
DeepSeek LLM on Twitter (RO2), and (iii) determine the public
sentiment on respective discussion topics around DeepSeek LLM
on Twitter (RO3).

2. Literature Review

The LLM of DeepSeek outperforms other LLMs. Hence,
the public discussion of DeepSeek LLM on Twitter may help
businesses to gain insights for improving product and strategy
development. As a result, sentiment analysis (SA) and topic
modeling are common analyses carried out to examine public
discussions on social media.

2.1. DeepSeek LLM

DeepSeek LLM exhibits distinct advantages over many other
LLMs due to its low-cost training, which substantially lowers
the financial barriers to developing and operating advanced Al
[18]. Its open-source nature provides transparency and extensive
customization opportunities. This nature enables integrators to
modify and adapt the model for specific field requirements, as
it can assist in validating and ensuring compliance with new
products. The current systems may limit flexibility and increase
dependence on vendor support for updates and licensing if not
assisted by DeepSeek LLM [19]. Moreover, the energy industry
benefits from DeepSeek LLM’s ability to handle complex queries
and integrate vast amounts of data, which is essential for optimiz-
ing operations and enhancing research in fields such as petroleum
engineering [20].

Additionally, DeepSeek LLM exhibits superior reasoning
capabilities for complex tasks. DeepSeek-R1 exhibits advanced
reasoning capabilities, achieving reasoning accuracy compara-
ble to GPT-4 while producing more diverse judgments [21].

Its algorithms, such as Multi-head Latent Attention, Mixture-
of-Experts, and Multi-Token Prediction, significantly improve
memory efficiency and computational performance [8]. Support-
ing hardware-aware optimizations enables cost-efficient training at
scale. It includes FP8 mixed-precision training and a Multi-Plane
Network Topology designed to minimize the network overhead.
These algorithmic and systems advancements allow DeepSeek to
utilize hardware more effectively [8]. Businesses can reduce oper-
ational resource demands and support large-scale developments
with lower infrastructure costs while maintaining comprehensive
capacity.

Despite these noted strengths, the literature exhibits a pro-
nounced optimism that warrants critical scrutiny. The discourse
can benefit from engaging with persistent challenges, such as the
need for independence, empirical validation of the claimed training
efficiencies, and reasoning benchmarks in diverse, real-world indus-
trial settings. Furthermore, the open-source model raises significant
questions regarding long-term maintenance, model governance,
and the potential hidden costs of customization. More balanced
research must address this applicability gap and the evolving eth-
ical and operational risks associated with deploying such systems
in high-stakes domains, such as the energy sector.

2.2. Twitter data in business intelligence

Twitter data has become a crucial source of modern business
intelligence, providing real-time insights into public discussion
sentiment and emerging trends. The study conducted by Aram-
buru et al. [22] focused on the processing of Twitter data for
Social Business Intelligence projects, emphasizing the importance
of data exploration and profiling in building a high-quality data
collection that aligns with the project’s analysis objectives. By
applying descriptive and content analysis techniques, businesses
can derive insights into customer interactions and refine their
engagement strategies. Another study by Al-Otaibi et al. [23]
employed SA on Twitter data to categorize tweets as positive, neg-
ative, or neutral, providing insights into public discussions and
supporting business decisions. By analyzing these Twitter-derived
signals, businesses can help forecast demand and prioritize feature
requests from their customers to shape systematic preparation for
business opportunities.

As such, the reliance on public application programming
interface raises critical questions about completeness and repre-
sentativeness, which can potentially skew analysis. Furthermore,
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sentiment classification often overlooks linguistic nuance, such
as sarcasm and context, which can compromise the validity of
business insights derived. Confront the ethical dimensions of data
extraction and the commercial use of public sentiment, issues fre-
quently marginalized in techno-optimistic accounts of business
intelligence.

2.3. Sentiment analysis

SA, also known as opinion mining, is a technique used to
identify and categorize the opinions expressed in textual data [24].
It aims to determine the sentiment polarity of a given piece of text,
which classifies it as positive, negative, or neutral. This process
involves analyzing subjective information from various sources
such as social media posts, product reviews, and customer feed-
back. Furthermore, SA research has gradually broken through
the traditional polarity label, combining it with the dimension
of emotional intensity [25]. This trend significantly enhances the
expressive ability and practical value of the model, as SA is widely
utilized in text analysis research on social media.

In fact, SA is crucial for businesses to understand consumer
feedback and develop strategies accordingly. In the study by Sut-
edja and Hendry [26], this method enables businesses to identify
customer needs and concerns, along with potential measures that
can be taken to sustain and improve their performance. Accord-
ing to Murthy et al.’s research [27], this technique is used to
support emotional marketing campaigns, enabling businesses to
create more targeted and personalized messaging that resonates
with their customers. In highly competitive industries, such as the
automotive sector, businesses like Honda, Toyota, BMW, Audi,
and Mercedes utilize SA to evaluate the customer sentiments
expressed in social media posts, which helps them improve their
marketing strategies and product offerings [28].

Therefore, businesses can utilize SA to monitor social media
platforms, which have become essential tools for understand-
ing customer emotions, preferences, and opinions. According to
Singh et al.’s study [29], this analysis enables businesses to opti-
mize their product offerings and improve customer satisfaction
by analyzing user-generated content on platforms such as Face-
book and Twitter. By analyzing Twitter data, Rao et al. [30]
demonstrated that businesses can redesign their products based on
identified areas for improvement to better meet customer needs
and preferences. Moreover, Samuel and Krishna [31] demon-
strated that Twitter SA provides real-time insights into public
opinion, enabling businesses to respond quickly to customer
feedback and complaints.

To carry out SA on Twitter Data, Valence Aware Dictio-
nary and Sentiment Reasoner (VADER), which is a SA algorithm
that leverages a lexicon and predefined rules, is particularly effec-
tive for short social media posts like tweets [32]. Furthermore,
Mountstephens and Quen [33] demonstrated the multilingual
capabilities of VADER by translating and adapting its sentiment
lexicon while maintaining its rule-based structure. Moreover,
Dhanalakshmi et al. [32] conducted SA on airline-related tweets.
They found that the method is fast and the results are easy to
interpret, making it suitable for sentiment classification of social
media texts. According to a study by Abubakir et al. [34], VADER
is specifically designed for analyzing sentiments expressed on
social media platforms, such as Twitter, and is highly effective in
analyzing the concise and informal language used in tweets.

While highlighting practical applications, it exhibits a pro-
nounced techno-optimism that requires a critical counterpoint. It
often overlooks fundamental methodological critiques, including
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the inherent subjectivity of sentiment categorization and the lim-
itations of lexicon-based tools like VADER in capturing nuanced
linguistic phenomena, such as sarcasm, context, and cultural
nuances. The ethical dimensions of mass public opinion min-
ing and the potential for algorithmic bias in shaping business
strategies remain underexplored. These validity and ethical chal-
lenges are crucial to moving beyond instrumental descriptions of
capability.

2.4. Topic modeling

Topic modeling is an unsupervised machine learning tech-
nique used to identify hidden topics within an extensive collection
of documents [35]. It is beneficial for organizing large volumes
of unstructured text data, which are viewed as mixtures of top-
ics, where each topic is represented as a distribution over words.
Hence, topic modeling utilizes hidden random variables to repre-
sent the latent topics in text and uncover these structures through
subsequent analysis.

From past studies by Strydom et al. [36] as well as Yazici
and Ozansoy Cadirci [37], businesses utilize topic modeling to
analyze social media data and customer reviews, gaining insights
into customer opinions and experiences. For instance, Strydom
et al. [36] applied various topic modeling algorithms to Red-
dit data to categorize the customer discussions into different
topics related to product features and software application devel-
opments. Another study by Yazici and Ozansoy Cadirct [37]
employed topic modeling to analyze customer reviews from the
Best Buy platform, comparing different algorithms to under-
stand their semantic potential in marketing research. In terms
of unstructured data sources, such as customer feedback, social
media posts, and news articles, Nasereddin [38] demonstrated that
topic modeling enables businesses to understand their customers,
competitors, and market trends, facilitating informed, reasonable
strategic decision-making. In the study by Vukanti and Jose [39],
topic modeling was used to analyze business digital economy
datasets, extracting emerging trends and generating word clouds.

As such, topic modeling has been applied to Twitter data
across various domains. For example, Sharaff et al. [40] analyzed
tweets related to the Indian farmers’ protest using multiple topic
modeling techniques to compare their coherence scores. Accord-
ing to the study by Cripps et al. [41], businesses can exchange
high-quality information on Twitter to build customer relation-
ships and promote innovation within their industries. Some
research [42, 43] has compared different topic modeling meth-
ods, including latent Dirichlet allocation (LDA), Non-negative
Matrix Factorization, and Correlation Explanation, to evalu-
ate their effectiveness in extracting topics from Twitter data. As
a result, LDA is widely recognized as the most common and
popular technique in topic modeling.

LDA is a widely used probabilistic topic modeling technique
in machine learning and natural language processing (NLP),
which is designed to identify latent topics within a collection of
documents by modeling each document as a mixture of topics
and each topic as a distribution over words [44]. By adopting
Twitter and utilizing LDA for analyzing firm-generated content,
businesses that actively use Twitter to share product-related infor-
mation can see an increase in their market value. For instance,
a study by Azizi et al. [45] on COVID-19 tweets used LDA to
identify topics and then performed SA to categorize these topics
into positive and negative groups. Similarly, another study by Tan
and Chia [46] analyzed that combining LDA with SA tools, such
as VADER, allows businesses to evaluate the sentiment of topics
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discussed on Twitter. Yang et al. [47] examined media framing
and public discourse on major global issues, including the rep-
resentation of China in COVID-19 reporting by Western media.
Hence, the combination of VADER and LDA can improve the
efficiency and accuracy of text analysis [48].

Literature presents a largely uncritical adoption of LDA as
a methodological standard, overlooking significant epistemologi-
cal and practical constraints. Its application to sparse, short-form
texts, such as tweets, is problematic, as the bag-of-words assump-
tion often fails to capture nuanced semantic meaning. The heavy
reliance on algorithmic coherence scores for validation is an inter-
nal metric that does not guarantee interpretability or thematic
relevance to human analysts. This gap between statistical out-
put and actionable human insight is frequently under-examined,
revealing a need for more interdisciplinary validation frameworks.

3. Research Methodology

The analysis process flow is demonstrated in Figure 4. At the
first step, it involves collecting Twitter data. It proceeds with the
data preprocessing of collected data, where SA, topic modeling,
and topic SA are carried out in the next step to determine the
overall public sentiment, key discussion topics, and public senti-
ment on respective discussion topics related to DeepSeek LLM
on Twitter.

3.1. Data collection

Kaggle is recognized as the largest platform for learning and
competition in data analysis and modeling [49]. The platform is
known for its well-documented notebooks, shared by data scien-
tists, which serve as exemplary of best practices in data science
documentation. A dataset, “Tweets and Reactions on DeepSeek,”
is obtained from Kaggle, which contains Twitter data investi-
gated in this study. The dataset comprises 364,295 tweets collected
from January 20, 2025, to January 29, 2025. This dataset contains
tweets and reactions about DeepSeek and its release model, as
well as text data on other keywords closely related to DeepSeek,
such as OpenAl, Meta, and Llama.

3.2. Data preprocessing

The raw data may contain errors, inconsistencies, and noise
that can negatively impact the analysis [50]. Data preprocessing
helps in cleaning the data by correcting noisy data [51]. It is vital
for handling large-scale datasets efficiently, as data preprocessing
can involve data reduction techniques that minimize the dataset’s
size without losing significant information. As such, the dataset
from Kaggle is undergoing several stages of data preprocessing to
generate clean and reliable data.

As mentioned by Timbers et al. [52], Python is widely used
for data cleaning, as it offers a range of libraries specifically
designed for this purpose, such as Pandas. Hence, this study uses
Python to perform preliminary data cleaning. Given the require-
ments of the two analysis tools for text language, VADER is
explicitly mentioned as an SA tool for English texts, particularly
optimized for social media [53]. The performance of VADER
in English is superior compared to its adaptations in other lan-
guages, as shown by lower results compared to VADER. On the
other hand, LDA can be significantly disrupted by multilingual
mixing as the model must account for multiple languages simul-
taneously, which can lead to challenges in accurately determining
the topics. Therefore, this study retains only English tweets for
language filtering, ensuring the language consistency required for
sentiment classification and topic determination.

Text normalization is a fundamental preprocessing step in
handling social media data, where it involves transforming noisy
and unstructured text into a standard form to improve the perfor-
mance of NLP applications, such as SA [54]. In the study by Ali
et al. [55], duplicate records can significantly reduce data qual-
ity and lead to incorrect conclusions. Similarly, Agustini et al.
[56] demonstrated that missing values can degrade the statisti-
cal power of analyses and lead to biased or incorrect models.
To ensure accuracy, empty or duplicate values in text fields of
datasets are removed to maintain data integrity. Social media texts
are often noisy due to informal language and nonstandard gram-
matical structures [57]. Irrelevant content, such as hyperlinks,
user mentions, hashtags, and punctuation, is removed from the
dataset using regular expressions. Meanwhile, all text is converted
to lowercase, as this helps reduce the variance caused by differ-
ent capitalizations of the same word, ensuring that words like
“Happy” and “happy” are treated as the same token [58]. More-
over, the leading and trailing spaces are removed from text data
to eliminate unnecessary whitespace that can affect the analysis
and lead to inconsistencies in the dataset [59].

After data preprocessing of the English tweets, this study used
stratified random sampling based on the sentiment labels. The
purpose of stratified sampling is to maintain the original proportion
of each sentiment category [60] and reduce the bias in analysis
results caused by the sample imbalance [61] after data cleaning.
In the context of business, Pradhani et al. [62] demonstrated that
stratified random sampling is used to evaluate the influence of
social media on brand loyalty and brand equity, illustrating its
application in marketing research. As such, it can improve the
representativeness of sentiment visualization and topic modeling.
As a result, the stratified random sampling produces a before and
after sentiment distribution that stratifies three types of sentiment
(positive, negative, and neutral) according to their proportion in
the entire dataset and then uses the stratify parameter to extract a
total of 5000 tweets in equal proportion from each layer to form the

Figure 4
Analysis process flow
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analysis sample set, as shown in Figure 5. The sentiment proportion
structure is retained after data cleaning, which effectively ensures
the representativeness of the sample.

3.3. Sentiment analysis

In SA, VADER is used as a lexicon and rule-based tool
to score text, which is particularly effective in capturing senti-
ments expressed on social media. The structure relies on a system
that maps the lexical features to emotion intensities, such as the
sentiment score [63]. The results of the VADER algorithm cate-
gorize sentiment polarity into three categories: positive, negative,
and neutral. The sentiment scores are normalized between —1
(extremely negative) and +1 (extremely positive) to represent the
overall sentiment [64]. The sentiment score, which is above zero,
indicates a positive sentiment; the sentiment score, which is below
zero, indicates a negative sentiment; and the sentiment score of
zero indicates a neutral sentiment.

As a result, the sentiment extraction is done using Rapid-
Miner. It supports various SA techniques, which include
lexicon-based approaches and machine learning algorithms [65].
Therefore, the SA process flow is performed. First, the cleaned
dataset is loaded using the Retrieve operator. Then, the target
text column is extracted with the help of the Select Attribute
operator to avoid interference from other fields. Next, the nom-
inal attributes are converted to text with the Nominal-to-Text
operator to enhance the readability of the data. After that, the
Extract Sentiment operator is applied for SA. Finally, the Gener-
ate Attributes operator is used to create new fields that enrich the

dataset by providing additional contextual information and facil-
itating a more comprehensive SA. To determine the confidence
intervals of the result, bootstrap estimation is used as it sim-
plifies the often-complicated calculations required by traditional
statistical theory, making it easier to estimate confidence intervals
for complex statistics [66]. Specifically, 1000 resampling are per-
formed based on the original sentiment classification results, and
the 95% confidence intervals for the proportion of each sentiment
type are calculated.

3.3.1. Model validation and accuracy metrics

Since most DeepSeek-related tweets are collected from nat-
ural sources and lack manually annotated sentiment labels, the
tweets are difficult to use directly for performance testing of senti-
ment classification models [67]. The tweets need to be aggregated,
cleaned, and manually annotated, which is a time-consuming
process and is not suitable for the rapid model performance
verification stage. Therefore, a dataset “COVID-19 NLP Text
Classification” is chosen from Kaggle, as it has manually anno-
tated sentiment labels to verify the model’s performance and the
classification performance of VADER on the Twitter corpus. As
shown in Table 1, this dataset contains English tweets posted
by Twitter users during the COVID-19 pandemic. It has been
manually annotated into five emotion categories: extremely pos-
itive, positive, neutral, negative, and extremely negative. Both
datasets are informal text data from the Twitter platform. Second,
both datasets address the current emerging social topics, where
COVID-19 Tweets NLP focused on global public health events,
while “Tweets and Reactions on DeepSeek” focused on DeepSeek

Figure 5
Stratified random sampling based on sentiment analysis
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Table 1
Comparison of datasets
Attribute Tweets and reactions on DeepSeek COVID-19 tweets NLP text classification

Data source Twitter

Topic Discussions and reactions to DeepSeek (Al)
Type of data Raw tweet text (short text)

Language English

Text length Standard Twitter length (< 280 characters)
Sentiment label No label

Twitter

COVID-19 pandemic-related discourse
Raw tweet text (short text)

English

Standard Twitter length (< 280 characters)

Human-annotated (5 classes)
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Table 1
(Continued)

Attribute Tweets and reactions on DeepSeek

COVID-19 tweets NLP text classification

Label classes No predefined classes

Unlabeled

Real-world prediction and inference

Label source
Use of case

Academic use Limited academic references

Extremely positive, positive, neutral, negative,
extremely negative

Manually labeled
Model training and performance evaluation

Widely used as a benchmark dataset in the literature

around recent hot models in the Al field. The data text is similar
in length to original Twitter tweets, with a character length of 280
or fewer. Both reflect the emotional attitude of the public toward
the significant events or technologies on social media and belong
to the emotional corpus of time-sensitive topics. The emotional
tendencies of the two-text data are obvious. Users often express
strong positive, negative, or neutral opinions, such as apprecia-
tion, concern, and questions, in both datasets. Therefore, both
are suitable as inputs for three categories of emotion classifica-
tion tasks (positive/neutral/negative) and are highly adapted to the
VADER model.

Both datasets demonstrate the extensive value of NLP appli-
cations in public discussion analysis, technology trend prediction,
crisis management, and other fields, regardless of whether it
involves the public discussion of the COVID-19 pandemic or
the outcomes of Al-related technologies. To simplify the classi-
fication task and focus on the model’s ability to recognize basic
emotions, this study merges the five labels into three categories:
positive, neutral, and negative. Consequently, this study uses
standard evaluation indicators to verify the accuracy of the sen-
timent model in “COVID-19 NLP Text Classification,” including
accuracy [68], precision [69], recall [69], and F1-score [70].

The accuracy of a sentiment model measures the propor-
tion of correct predictions made by the model and is found using
Equation (1).

TP+ TN
TP+ TN+ FP+ FN

where TP is a true example in which the model correctly predicts
the number of positive classes, TN is a true example in which the
model correctly predicts the number of negative classes, FP is a
false example in which the model incorrectly predicts the number
of positive classes, and FN is a false example in which the model
incorrectly predicts the number of negative classes.

Continuously, the precision of a sentiment model indicates
the proportion of positive samples predicted as positive, as
determined by Equation (2). The recall of a sentiment model
demonstrates the proportion of positive samples that are correctly
predicted, as shown in Equation (3). Ultimately, the F1-score is
the harmonic average of precision and recall, which aims to com-
prehensively evaluate model performance and is calculated using
Equation (4).

Accuracy =

M

TP

Precision = TP+ FP @)
TP
Recall = m (3)

Precison X Recall
Fl1— =2X —m— 4
seore X Precision + Recall @)

3.4. Topic modeling

Topic modeling is a text mining technique used to automat-
ically identify hidden topics from large amounts of text data [35].
The topic modeling method employed in this study is LDA, a
generative model used to automatically discover potential topic
structures from a large amount of unlabeled text. LDA is a com-
monly used tool in text analysis, NLP, and social media mining.
Hence, the flowchart of topic modeling in this study is performed
using RapidMiner. Initially, the preprocessed data is imported
into the RapidMiner database. Next, the research review text is
selected using the Select Attribute operator, and then it is con-
verted into text format using the Nominal-to-Text operator. After
that, a Data-to-Document operator is used to convert the cleaned
data into a document collection. Finally, a Loop Collection
operator is implemented to preprocess the text.

Through the Loop Collection process, the quality and con-
sistency of the data can be significantly improved by unifying the
cases, removing meaningless stop words, extracting stems, and
filtering tokens by length [44]. It simplifies the data processing
process, improving the accuracy and reliability of the analysis
results. Ultimately, these steps help better understand the core
content of the text data and support effective decision-making.

To enhance the quality of topics, coherence scores are criti-
cal for evaluating the quality of topics generated by topic models.
They measure the semantic relatedness of words within a topic,
which is essential for ensuring that the topics are meaningful and
interpretable by humans [71]. In terms of social media data, they
help in validating the quality of these topics and ensure that the
insights derived are reliable and actionable. For example, coher-
ence scores were used by Valencia et al. [72] to analyze topics from
Facebook posts, revealing key themes related to personal rela-
tionships and school-related concerns. Finally, this study utilizes
Gensim in Python to perform a topic consistency assessment by
determining the optimal number of topics (k value). It conducts
LDA modeling analysis in RapidMiner to effectively measure
the semantic similarity between popular keywords in each topic.
A series of models is evaluated with different k values, and the
coherence score is plotted for comparison.

3.4.1. Word frequency analysis

Word frequency analysis is a frequently used tool for
analyzing social media user discussions, which helps identify high-
frequency words and topics. It provides a better understanding
of the main content and emotions expressed in the dataset [73].
Furthermore, word frequency analysis can help businesses gain
insight into the concerns of potential customers and their over-
all sentiment, enabling them to improve customer experience and
adjust their business strategies accordingly. As such, the process
flows for word frequency analysis in RapidMiner are performed
to determine the frequency of the respective topics. The flow

07



Artificial Intelligence and Applications Vol. 00

Iss. 00 2026

starts with Retrieve, which loads the input dataset, then contin-
ues with Select Attributes to narrow the examples to the textual
fields of interest. The selected attributes feed into the Nominal-
to-Text operator to convert any nominal-coded values into plain
text examples. The text then enters Process Documents from Data
operator, where standard text preprocessing is applied to produce
a corpus-level word list, which is passed to the WordList-to-Data
operator to convert the word list into a structured example set of
word frequency attributes. Finally, the processed result is written
out by the Store for further analysis.

3.4.2. Word cloud analysis

Word cloud analysis is a text visualization technique that
highlights the most frequently used words in a body of text by dis-
playing them in a visually prominent manner [74]. The size of each
word in the cloud typically represents its frequency or importance
within the text. It can help identify recurring themes, concerns,
and emotions in qualitative data. By distilling text down to the
most frequent words, word clouds offer a summarized represen-
tation of the document, which makes it easier to extract crucial
information quickly. In the study of Xu et al. [75], an analysis of
tweets about smartwatches used word clouds to extract and visu-
alize product attributes and sentiments over time, which provided
valuable insights into brand sentiment. Therefore, the word cloud
analysis is carried out. The process begins with loading the input
dataset into the process and sorting the examples by a frequency
attribute, so the most relevant tokens rise to the top. Continu-
ously, the Filter Example Range operator trims the sorted set to a
defined slice that will be used in the cloud. Finally, the filtered list
is exported to an Excel file for visualization or further analysis.

3.5. Topic sentiment analysis

The integration of topic information with SA can signif-
icantly improve the accuracy of sentiment classification. For
instance, Wang et al. [76] demonstrated that topics can enhance

SA by providing fine-grained sentiment information, resulting
in improved prediction performance. The analysis is valuable in
multiple fields such as marketing, customer care, and financial
analysis, as it helps businesses understand consumer behavior to
improve services by making informed decisions [77]. Therefore,
this study conducts topic SA combining topic modeling with SA
to show the variation of discussions and emotions by different
topics. To carry it out in this study, each topic is assigned to
a separate document, allowing a sentiment classifier to be run
per document in Python. The flexibility of Python allows for the
development of customized SA programs that can be tailored to
specific needs, such as analyzing customer feedback [78]. As a
result, the respective sentiment score can be computed to deter-
mine the sentiment according to different topics. Meanwhile, a
heat map is used as a visualization tool for topic SA, which
can quickly identify changes and trends in public discussion and
is more effective than textual representations, particularly when
using Python. Ultimately, a chi-square test is used to determine
the significance level of the relationship between public sentiment
and discussion topics, providing direct insight for the businesses in
this study. The chi-square test is crucial for validating the signifi-
cance of experimental results in SA, ensuring that improvements
in accuracy and performance are statistically significant [79].

3.6. Libraries in Python

Python is widely used for SA on social media platforms, such
as Twitter. Ilyas et al. [80] demonstrated that Python libraries,
such as VADER and TextBlob, have been employed to analyze
public sentiment toward government decisions and events, includ-
ing Brexit. These tools help to quantify daily public sentiment and
correlate it with real-world events. The libraries of Python facil-
itate the extraction and analysis of sentiments and topics from
large datasets efficiently [81]. As a summary, the libraries used in
this study are listed in Table 2.

Table 2
Summary of libraries used in Python
Analysis Library Usage
Data preprocessing pandas Reading, filtering, deduplicating tweet data from CSV files
re Text normalization via regex (e.g., URLs, mentions, hashtags)
langdetect Language detection using “detect” to retain English tweets
numpy Array-based data transformation, value aggregation, and statistical
computation
Sentiment analysis vadersentiment Compound score-based sentiment classification into positive/neutral/negative

Topic modeling

Visualization

sklearn.model_selection

scipy.stats

numpy
nltk

gensim
pyLDAvis

tqdm
matplotlib.pyplot
seaborn
wordcloud

seaborn.heatmap

Stratified sampling of tweets to ensure class balance in subsampling

Performing statistical significance tests (e.g., chi-square tests) on sentiment
distributions
Bootstrapping to compute confidence intervals for sentiment class proportions

Tokenization and stop word removal for topic modeling preprocessing
Building and evaluating LDA topic models with coherence scoring
Interactive topic visualization of LDA model results

Progress bar tracking for loops in preprocessing and modeling

Bar charts for sentiment distribution and coherence evaluation
Sentiment comparison before and after sampling using count plots
Creating positive/negative word clouds from tweet corpora

Generating correlation or association heatmaps from sentiment/topic statistics
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4. Results and Discussion

4.1. Sentiment analysis

By analyzing the 5000 tweets of datasets, as shown in
Figure 6, the results of SA indicate that most Twitter users
expressed positive sentiment, with 2585 of them being positive
comments, which suggests that Twitter users are highly satisfied
with DeepSeek-related events. Additionally, 1219 comments are
classified as negative, indicating that DeepSeek has some short-
comings. In other words, the launch of DeepSeck has a negative
impact and pressure on some users. By analyzing negative com-
ments, businesses can gain valuable insight into the specific factors
that led to user dissatisfaction with DeepSeek. By addressing these
negative sentiments, the businesses can improve product develop-
ment on certain Al-related features to sustain long-term growth.
Among these comments, 1196 are classified as neutral. These
neutral comments can be understood in the following three per-
spectives: (1) users have a general experience with the release of
DeepSeek, (2) users do not care about the development of the
LLM in the Al field, (3) it needs a more extended period to
observe the performance of DeepSeek, where further understand-
ing and experience may be needed. For the LLM environment in
Al such as DeepSeek, these perspectives show that there is an
opportunity for continued performance and improvement. As an
overview, the positive tweets account for 49.76%, neutral tweets
account for 25.84%, and negative tweets account for 24.40%.

To further statistically verify the results of SA, this study
employs the Bootstrap resampling method to estimate the 95%
confidence interval for each sentiment ratio. The results in
Table 3 indicate that the confidence intervals for positive senti-
ment are from 48.5% to 51.2%, negative sentiment is from 23.3%
to 25.6%, and neutral sentiment is from 24.6% to 27.0%. Since
the confidence intervals for each sentiment category are narrow, it
means that the sample size is sufficient, and the sentiment results
are statistically significant and reliable. Therefore, this study can
reasonably conclude that DeepSeek has triggered positive user
comments on social media.

Figure 6
Results of sentiment analysis
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Table 3

Bootstrap resampling with 95% confidence level

Sentiment Proportion % 95% confidence level
Positive 49.76 (48.50%, 51.20%)
Negative 24.40 (23.30%, 25.60%)
Neutral 25.84 (24.60%, 27.00%)

In terms of the accuracy of the sentiment model, the accuracy
of the VADER model in the “COVID-19 NLP Text Classifi-
cation” dataset is 94.42%, which indicates that the rule-based
VADER model performs well in sentiment classification. The neg-
ative category performs best with an Fl-score of 0.9519, as the
negative sentiment vocabulary may be more concentrated and eas-
ier to identify. The neutral category performs relatively weakly
(Fl-score = 0.9138), which is attributed to the ambiguity of the
VADER model when classifying neutral emotions.

These sentimental results provide businesses with a reliable
reference point for public reaction to DeepSeek and a quantifi-
able basis for prioritizing decisions. Nearly half of the tweets
expressed positive reactions, which shows healthy initial mar-
ket acceptance, while almost a quarter expressed dissatisfaction,
and another quarter remained neutral or undecided. The nar-
row bootstrap confidence intervals indicate that these proportions
are stable and suitable for guiding resource allocation, rather
than relying on anecdotes. Practically, this enables the product
teams to extract recurring negative themes and trace them back
to specific features or user journeys that need improvement. Mar-
keting can responsibly focus on authentic positive commentary to
build credibility, and customer success can be achieved by engag-
ing neutral users with targeted education and demonstrations to
accelerate adoption. The recurring negative themes are identified
and mapped to support workflows and documentation, ensuring
that feedback loops close quickly. Since the neutral detection in
VADER is weaker, manual review samples may be added, and
a fine-tuned domain classifier may be explored to capture the
nuance. A dashboard can be created to unify sentiment, topics,
and usage for weekly leadership reviews, where social sentiment
can inform prioritization and investment decisions. Through these
discussions, businesses can address the most frequent complaints
while continuing to work on successful features.

4.2. Topic modeling

As shown in Figure 7, when k = 10, C_V =~ 0.386; when
k =50, C_V =~ 0.389. Although the coherence score is the largest
when there are 50 topics, fewer topics can improve interpretability,
and smaller k values are usually suitable for summary analysis
with high requirements for human readability. Therefore, 10 topics
are selected for LDA topic modeling analysis in this study.

As a result, there are five keywords associated with each topic
in Table 4. The topic encompasses multiple dimensions, including
model performance, national technological competition, capital
market dynamics, and data privacy, which illustrates the multi-
level discussion among users on DeepSeek and the Al ecosystem
in which it is situated.

Topics 0 and 5 reveal the public interest in comparing
DeepSeek to other LLMs. The keywords “train,” “cost,” and
“code” highlight that the users focus on training expenses, effi-
ciency, and output quality as the key concerns as Al models
transition from research to market. Topic 1 reveals that the pub-
lic is particularly concerned about the Chinese background and
technological sovereignty issues associated with DeepSeek. Under
the dominance of OpenAl and other models, discussions on
DeepSeek as a model with strong Chinese processing capabili-
ties have triggered comparisons with models from other countries
due to its local positioning in China. This theme reflects the
intersection between technology and national competition, which
manifests the public concern about the strategic level of Al
development.
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Figure 7
Number of topics and coherence score
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Table 4 Topic 7 involves less popular but forefront topics, which are
Topics determined through topic modeling decentralized computing power and Web3 network infrastructure.
Topic  Top keywords The keyw‘ord. Aethlr refers to a dlstrlbutedA computlng. power
. platform, indicating that some users are exploring the relationship
0 model, DeepSeek, train, OpenAl, cost between decentralized computing power resources and Al model
1 DeepSeek, chines, China, OpenAl, tech training and deployment.
2 NVIDIA, game, card, core, Altman Topic 8 contains multiple popular words, such as ChatGPT,
3 NVIDIA, market, stock, DeepSeck, NVDA Llama, YouTube, and Dlsney. It may reflect that some users dis-
4 DeepSeck. OpenAL NVIDIA e think cuss DeepSeek alongside other popular models, entertainment
cepSeck, OpenAlL NV » people, thin content, or network trends. This topic suggests that discussions
5 ChatGPT, code, Claud, OpenAl, gener about AI models on social media are not always focused on
6 data, secur, potenti, concern, user the technology itself, where users are more inclined to explore a
7 comput, decentr, power, network, Aethir broa(};r 1?0193 .cultlilre context. ' d wolitic hich
. opic 9 involves cryptocurrencies and politicians, which may
8 ChatGPT, llama, stockmarketcrash, YouTube, Disney have an indirect relationship with Al itself. It may indicate that
9 crypto, Trump, Bitcoin, coin, Solana

Importantly, this study proves that multiple topics reflect the
market impact of DeepSeek and NVIDIA. Topic 2 suggests that
people associate the development of Al with the demand for
hardware, especially NVIDIA graphics processing units (GPUs).
Topic 3 focuses more on the reaction of the stock market and
investment market, which reveals the collateral impact of releas-
ing DeepSeek on NVIDIA’s stock price fluctuations. Topic 4
reflects the views of several major Al giants. These topics demon-
strate that the public focuses on both Al models from a technical
perspective and interprets them within a broader industrial and
financial ecosystem.

Topic 6 highlights public concerns about user data privacy
and the potential risks associated with AI. The keywords such
as “secure,” “concern,” and “potential” clearly convey that the
public is attentive to information leakage and abuse that models
like DeepSeek may cause. Negative emotions may accompany this
theme, as evidenced by a higher proportion of neutral-to-negative
comments in SA, which highlights the sensitivity and importance
of this topic.
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Al is widely utilized in the cryptocurrency market to enhance
security, predict price movements, and optimize trading strategies.
Meanwhile, the rise of cryptocurrencies necessitates the develop-
ment of regulatory frameworks to ensure their safe and effective
use. Hence, the connection between these keywords may be more
profound in the future.

These 10 topics reveal that the public discussion has become
more diversified after the release of DeepSeek LLM. Twitter users
are not only concerned with technical performance and economic
benefits but also extend to political and cultural aspects, as well as
international competition. LLM such as DeepSeek has gradually
been integrated into the mainstream discourse system in the field
of AI, which has received widespread attention.

The 10-topic LDA identified provides businesses with a clear
and actionable view of the market frames of DeepSeek across
technical, industrial, political, and cultural dimensions. The
recognition that users debate model performance, training cost,
and code quality allows engineering and product managers to pri-
oritize improvements that address the most common complaints
and enhance perceived value. The hardware and Nvidia-linked
discussions may support strategic vendor partnerships and capac-
ity planning, where supply and pricing risks can be managed
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proactively. In the realm of national competition and sovereignty
themes, they guide public relations and localization strategies
that help the legal and policy teams in businesses prepare com-
pliance and communications tailored to the relevant audiences.
Since there are many conversations taking place in broader pop
culture or platform contexts, it suggests that marketing should
position the case studies and demos where those audiences actively
engage, thereby keeping up with the trends of customers. Addi-
tionally, the clear presence of privacy and safety topics indicates
where investment in governance, transparency, and safety tooling
will most directly reduce neutral-to-negative sentiment. This align-
ment is designed to reduce time-to-market and enhance customer
retention. Continuously, the exploration of decentralized com-
puting power and Web3 indicates potential partnerships or pilot
programs to reduce infrastructure costs and increase resilience.
The product marketing of businesses can increase the positive
conversations by seeding influencer and platform-specific content
while monitoring coin- and politics-related threads to avoid brand
entanglement.

4.2.1. Word frequency and word cloud analysis

From the results of topic modeling, the data is sorted in
descending order from high to low to identify the most frequently
used words. The most frequently used word is “DeepSeek,” which
appears 2,287 times, and the least frequently used word is “dont,”
which appears 238 times. The top 20 highest frequency words
are determined, and the top five most frequently used words are
“DeepSeek,” “NVIDIA,” “OpenAl,” “model,” and “ChatGPT.”

As shown in Table 5 and Figure 8, the highest frequency of
the word “DeepSeek” shows that the users pay great attention to
the model itself. Second, “NVIDIA” and “OpenAl” frequently
emerge as key companies in the current Al industry, indicating
that users are keen to explore the relationship between DeepSeck
and these prominent technological companies. This reflects pub-
lic interest in the relationship between technological ecosystems
and the industry’s competitive landscape. In addition, the words
“model” and “ChatGPT” show that the users focus on both
the model structure and the technical framework adopted by
DeepSeek by comparing it with ChatGPT, a representative prod-
uct of OpenAl. As such, it demonstrates that users are focused
on the performance of different LLMs to stay up-to-date with the
latest Al features.

The high-frequency terms indicate that users focus on the
product itself, as well as major industry players and compara-
tive models, where attention should be concentrated and acted
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upon by businesses. By observing that users emphasize the prod-
uct name and compare it to established platforms, product
teams can prioritize comparative benchmarks, publish perfor-
mance metrics, and create concise migration guides that reduce
adoption friction. Partnerships with hardware providers should
be revisited, as the supply and performance of GPUs are impor-
tant to public discourse. Marketing and investor relations can
leverage these keywords for targeted campaigns while craft-
ing messages that directly address competitive positioning and
ecosystem relationships. By optimizing documentation and com-
munity support around noted technical concerns, it can convert
interest into trials and sustained usage, while reducing misinfor-
mation and improving product adoption, thereby strengthening
its competitive position over time.

4.3. Topic sentiment analysis

Figure 9 presents the sentiment of users across various topics.
In overview, the dominant sentiment across all topics is positive,
as the public generally holds a positive attitude during discussions
about DeepSeck. Particularly, topic 8 has the highest proportion
of positive sentiment (57.6%), where users are confident in the
performance of LLMs in fields other than Al, such as entertain-
ment. Besides, topic 6 has the highest neutral emotion (31.9%).
It may indicate that users continue to observe security and pri-
vacy issues, possibly caused by DeepSeek-like LLMs. On the other
hand, the negative sentiment is lower than other sentiments on
average, with the highest negative sentiment at topic 4 (32.6%).
However, topic 4 has the lowest positive sentiment (38%), which
may indicate that users are more divided on this topic or have
more dissatisfied feedback, such as comparisons with competitors
or performance doubts.

Ultimately, the chi-square test results in a p-value of 0.0000,
indicating a statistically significant correlation between “topic”
and “sentiment” as it is smaller than the significance level of 0.05.
This study demonstrates that the topics discussed in tweets signif-
icantly affect the emotional tendencies and expressions of users
across different topics. The emotions of users are influenced by
various topics. This result indicates that the distribution of user
emotions across different topics in DeepSeek-related tweets is not
random, but rather closely tied to the topics being discussed. For
example, some technical topics, such as model performance and
computing power deployment, are more likely to be accompanied
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Figure 9
Heat map of topic sentiment analysis
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by neutral or positive comments. In contrast, topics involving
market competition and capital relations are more likely to cause
negative emotions.

The strong statistical link between topic and sentiment pro-
vides businesses with a reliable basis to tailor their products,
communications, and risk strategies. By mapping the topics with
their respective attractive positive, neutral, or negative reactions,
it allows them to prioritize solutions quickly where sentiment is
most negative and to highlight growth where the positive sig-
nal is strongest. For instance, the controversy and performance
concerns associated with topic 4 may be addressed by promot-
ing entertainment and cross-platform use cases related to topic 8.
Marketing can create topic-specific campaigns and investor rela-
tions to proactively address capital market concerns, ensuring
messaging aligns with stakeholder expectations. Operationally,
businesses can route topic-tagged feedback to expert teams to
accelerate improvement and measure the impact through follow-
up SA. The combined topic sentiment tracking with retention and
conversion metrics will reveal the interventions that move both
perception and business outcomes.

5. Conclusion

This study has made a significant contribution to the the-
oretical framework of social media research, specifically in the
context of tweet analysis and text mining methods for Al prod-
ucts. This study presents a transparent and replicable Python
workflow for preprocessing tweet datasets, specifically for SA
and topic modeling, which encompasses data cleaning and text
normalization of user mentions. The data preprocessing flow is
platform-independent and readily transferable to comment data
from other social networks and e-commerce sites, such as Amazon
and Taobao, allowing practitioners to extract customer opinions
across various domains. By improving model input quality and
interpretability, practitioners are not limited to an Al perspective,
but are applicable to wider fields, such as discussions on pric-
ing, product design, and loyalty initiatives. The product teams,
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marketers, and researchers are supported in making evidence-
based decisions for strategic business outcomes. This study
proposes a methodological framework that combines VADER SA
and LDA topic modeling, suitable for the multidimensional eval-
uation of Al products in public discussions on social media. The
results of SA indicate that most of the public sentiment toward
DeepSecek-related events is positive. The topic modeling identifies
a total of 10 major discussion topics, including model perfor-
mance, competitors, and data security. Finally, the chi-square
test results (p < 0.05) indicate a significant statistical correlation
between topics and sentiment.

These findings have important implications for the devel-
opment and public communication strategies of Al products.
This study enables businesses to strategically allocate resources
by prioritizing enhancements in areas with concentrated negative
sentiment, such as data privacy and model performance, while
actively promoting positive narratives around entertainment and
cross-platform utility to bolster public perception. From a pol-
icy perspective, the identified concerns regarding technological
sovereignty, data security, and market competition underscore the
need for clear regulatory frameworks that foster innovation while
ensuring the ethical deployment of Al and transparent user data
governance. By aligning product development with sentiment-
driven insights and advocating for policies that address public
apprehensions, organizations can not only improve product-
market fit but also contribute to the development of a trustworthy
and sustainable Al ecosystem.

However, this study poses limitations, as the data obtained
from comments posted by Twitter users may contain some
commercial marketing accounts or discussions dominated by
specific countries and regions, which can cause biases in the
results. This study only analyzes a subset of the available Twit-
ter data. Although the dataset contains temporal information,
this study does not examine the evolution of topics or sen-
timent over time, as the timestamps of the dataset are likely
irregular to support reliable trend analysis. This study is lim-
ited to English-language tweets, as multilingual analysis is not
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performed through language-specific annotation, model valida-
tion, and native-speaker review. Moreover, the VADER SA model
is based on dictionary rules, which can lead to misjudgments
when dealing with sarcasm, irony, or expressions with strong con-
textual dependence. This study primarily focuses on the public
discussion on Twitter regarding DeepSeck-related events, exclud-
ing other external factors that may influence public sentiment,
such as the market performance of related companies or the
platform’s algorithm in public discussion mechanisms.

To sustain the research, future studies may focus on overcom-
ing these limitations and incorporate other complex sentiment
models, such as RoBERTa-large, DeBERTa-v3-base, and other
models to account for various possible factors. To enhance
validity, future research should integrate graph-based network
analysis to filter out non-human and spam accounts and employ
multilingual transformer models, such as mBERT, rather than
relying on lexicon translation. To address model limitations,
hybrid approaches that combine deep contextual models, such
as RoBERTa, with pragmatic rule-based filters are recommended
to improve the detection of sarcasm and irony. Additionally,
moving beyond ternary classification to fine-grained, aspect-
specific sentiment scales with confidence metrics would more
accurately capture neutral and ambiguous expressions, improving
practical utility.
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