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Introduction: In the 2020s, particularly following 2022, the Chinese government
introduced a series of initiatives to foster the development of the prepared dishes
sector, accompanied by substantialinvestments fromindustrial capital. Consequently,
China’s prepared dishes industry has experienced rapid growth. Nevertheless, this
swift expansion has elicited varied public opinions, particularly concerning the
potential health effects of prepared dishes. Therefore, this study aims to gather and
analyze comments from social media on prepared dishes using machine learning
techniques. The objective is to ascertain the perspectives of the Chinese populace
on the health implications of consuming prepared dishes.

Methods: Social media comments, characterized by their broad distribution,
objectivity, and timeliness, served as the primary data source for this study.
Initially, the data underwent preprocessing to ensure its suitability for analysis.
Subsequent steps in this study involved conducting sentiment analysis and
employing the BERTopic model for topic clustering. These methods aimed to
identify the principal concerns of the public regarding the impact of prepared
dishes on health. The final phase of the study involved a comparative analysis
of changes in public sentiment and thematic focus across different time frames.
This approach provides a dynamic view of evolving public perceptions related
to the health implications of prepared dishes.

Results: This study analyzed over 600,000 comments gathered from various
social media platforms from mid-July 2022 to the end of March 2024. Following
data preprocessing, 200,993 comments were assessed for sentiment, revealing
that more than 64% exhibited negative emotions. Subsequent topic clustering
using the BERTopic model identified that 11 of the top 50 topics were related
to public health concerns. These topics primarily scrutinized the safety of
prepared dish production processes, raw materials, packaging materials, and
additives. Moreover, significant public’'s interest was in the right to informed
consumption across different contexts. Notably, the most pronounced public
opposition emerged regarding introducing prepared dishes into primary and
secondary school canteens, with criticisms directed at the negligence of
educational authorities and the ethics of manufacturers. Additionally, there were
strong recommendations for media organizations to play a more active role in
monitoring public opinion and for government agencies to enhance regulatory
oversight.
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Conclusion: The findings of this study indicate that more than half of the Chinese
public maintain a negative perception towards prepared dishes, particularly
concerning about health implications. Chinese individuals display considerable
sensitivity and intense reactions to news and events related to prepared dishes.
Consequently, the study recommends that manufacturers directly address public
psychological perceptions, proactively enhance production processes and
service quality, and increase transparency in public communications to improve
corporate image and people acceptance of prepared dishes. Additionally,
supervisory and regulatory efforts must be intensified by media organizations
and governmental bodies, fostering the healthy development of the prepared

food industry in China.
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1 Introduction

In recent years, the convenience food market has expanded
rapidly due to the accelerated pace of life and the impact of the
epidemic, driving demand for convenient food products (1, 2).The
global convenience food market revenue may reach 653.6 billion US
dollars in 2024, and most of the revenue, about 154 billion US dollars
will come from China, accounting for approximately 23.56% of the
total market (3). According to statistics, the market size of Chinese
prepared dishes reached 48.54 billion US dollars in 2022, with an
increase of 21.3%. China’s prepared dishes market is also expected to
maintain a high growth rate in the future, and the scale of the prepared
dishes market will reach 1,072 billion yuan in 2026 (4).

This growth has made prepared dishes a hot spot in both academic
and industrial sectors. Existing studies have elucidated the definition
that prepared dishes are a general term for foods that are convenient
to cook, people do not need to cook or simply cook to eat (5, 6), which
is finished or semi-finished dishes made with one or more agricultural
products as the main raw materials and are pre-processed or
pre-cooked and pre-packaged through standardized flow operations
(7, 8). Furthermore, the classification, production, preservation and
other technologies of prepared dishes were researched (9-15).
Particularly in the context of China’s rapidly growing prepared dishes
market, researchers have begun to focus on public opinion regarding
these products. Various studies have revealed, through questionnaire
surveys and in-depth interviews, the factors including perceived risk
and trust (16), attitude, subjective norm, and perceived control (17),
different consumer cognition and product features (18-20), affecting
the consumption intention of prepared dishes. Also, market research
reports have been driven by consumption events. For example, during
the 2022 Chinese New Year, a survey indicated high purchase rates of
prepared dishes (over 80%), with 60% choosing them for the Chinese
New Year dinner. Despite widespread acceptance, over 60% of
consumers expressed dissatisfaction, pointing to a gap between
product offering and consumer expectation (21). The reason for such
contradictory situations is closely related to Chinese society and food
culture. In the view of most Chinese, dishes not only meet the survival
requirements of human beings but also are closely related to people’s
attitudes towards life and artistic aesthetics, so they highly value
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individuality and oppose standardization. Following Chinese family
traditions, personally cooking for family members is also important
to family ethics. For complex reasons, most Chinese prefer to rely on
natural food and condiment raw materials and reject chemical
synthetic materials. Most Chinese think additives are very unhealthy.
At the same time, Chinese people excessively reject long-term
preserved food for nutrition loss during the preservation process and
advocate fresh ingredients. In addition, Chinese people pay more
attention to their offspring’s health than their own. So Chinese
consumers’ current high acceptance of prepared dishes is a helpless
compromise in the face of social changes and life pressures. Thus, it is
easy to understand why the recent introduction of prepared dishes on
campus has raised concerns about nutritional adequacy, leading the
majority of people to hold an opposing attitude, particularly parents
worried about their children’s health (22). Subsequently, the dialogue
around public health concerns about prepared dishes has become
increasingly prominent. Thus, public perceptions regarding the health
effects of prepared dishes have also become an imperative concern
in China.

However, previous related work has not focused sufficiently on
public opinion regarding the health effects of prepared dishes and still
relies on traditional data collection methods such as closed-ended
questionnaire surveys, which have limitations in terms of quantity,
timeliness, duration, geographic scope, richness, and objectives (23,
24). While survey experiments play a vital role in understanding people
perceptions, they might be influenced by biases such as social
desirability bias, response bias, and common method bias (25, 26).
Additionally, some psychometric questionnaires struggle to capture
human emotions, which are subjectively experienced in specific
contexts, making their objective assessment difficult (27, 28).
Consequently, it becomes challenging to grasp prompt public opinion
on health effects of prepared dishes and observe the constant change in
attention. Some scholars argue that adoption of more objective data and
research methods in the studies on food industry can help to resolve
these problems (29, 30). Fortunately, with the rapid progress of
information and communication technology, especially influential
social media platforms, myriad user-generated contents (UGCs) are
recorded, stored, and accumulated, forming an important type of big
data, which are publicly available, easily collected, low cost,
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spontaneous, passionate and insightful (31). According to the report,
the number of people using social media worldwide has reached 4.74
billion in 2022 and is expected to reach 5.85 billion by 2027, affecting
more than half of the world’s population (32). People find social media
platforms convenient to share their opinions (33), sentiments (34),
attitudes (35), purchase intention (36), etc., through comments by
natural language. Social media comments are notable not just for their
depth and usability but also for the automated retrieval of this UGCs,
representing a significant technological advancement in public
psychological perception analysis (37, 38), and can serve as a valuable
supplementary data source for research in food industries (39, 40).
These dynamic data augments traditional survey methodologies by
offering a deeper understanding, tracking evolving trends, temporal
patterns, and spatiotemporal patterns across various scales—
particularly beneficial in areas where gamut surveys are lacking (41, 42).

Recently, in the food domain, mining and analyzing user-
generated comment text from social media platforms can provide us
with valuable insights into public opinion analysis for health effects of
prepared dishes (30, 40). Scholars could explore the public attitude
towards organic foods through Twitter posts (29), natural food
products opinion expressed on social media comments (43), “coffee’s
effects on health” information about food product attributes
perception sharing on Twitter (44) and public perceptions regarding
alternative meat through Sina Weibo (45). Simultaneously, the
application of natural language processing (NLP) methods—including
text preprocessing, topic modeling, sentiment analysis, and machine
learning or deep learning (24, 29, 30, 40, 44-47)—to food-related text
data analysis enables scholars to extract valuable insights from
comment corpus without the cumbersome computational work (48,
49). In contrast to conventional way to collect peoples’ responses,
social media comments and NLP approaches could deliver us current
public perception with big data dynamically and get real-time
feedback which is very vital in this fast-changing world. Nonetheless,
the Chinese public opinion on health effects of prepared dishes has not
been fully studied, particularly using objective data from social media.

Therefore, compared to previous research, this study pivots
towards a fresh perspective by harnessing the expansive reach and
immediacy of social media platforms to capture and analyze public
opinions on the health effects of prepared dishes in China. By focusing
explicitly on mining public opinions from social media, this study not
only taps into real-time public perception but also broadens the scope
of analysis beyond the limitations of conventional data collection
methods. It presents an opportunity to explore the multifaceted nature
of public discourse surrounding the health implications of prepared
dishes, capturing a broad spectrum of opinions. This approach enables
a timely and detailed examination of public’s concerns, preferences,
and expectations, providing valuable insights that could influence
policy-making, inform industry strategies, and encourage the
development of healthier convenience food options.

The remainder of the paper is structured to unfold as follows:
Section 2 introduces the methodology employed for collecting and
analyzing social media comments to gauge public opinion on the health
effects of prepared dishes in China. Section 3 discusses the findings,
shedding light on the public’s health concerns. Section 4 concludes with
a summary of key insights, offering implications for the prepared dishes
industry and public health strategies. Section 5 analyzes the study’s
limitations, introducing future research directions to understand public
opinion and navigate the complexities of public health perceptions.
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2 Research design and methods
2.1 Research design

This study introduces an analytical framework for big data,
emphasizing the importance of examining all comments on social
media platforms to capture a comprehensive public opinion on the
health effects of prepared dishes in China. Theoretical foundations
suggest that including diverse perspectives, regardless of individual
prominence, allows for a more representative aggregation of opinions
(29,41, 45, 50). To facilitate this extensive analysis, the study uses a set
of NLP techniques to increase automation efficiency. Connecting
theory to practice, data analysis in this context is carried out using two
distinct methodologies: top-down and bottom-up (51, 52). In a
top-down approach, the process starts with identifying a specific
problem and using domain-specific knowledge to form hypotheses,
which are later tested through data analysis. In contrast, this study
uses a bottom-up approach, avoiding predetermined hypotheses and
instead focusing on thorough data collection and analysis. This
method depends on using algorithms to discover hidden patterns,
providing insights directly drawn from the data.

Continuing from the methodological foundations laid out, the
study’s focus shifts to the application of these principles in
understanding the opinions of the Chinese public towards health
effects of prepared dishes. By not presupposing any initial hypotheses,
the research remains open to discovering authentic public opinions,
irrespective of the data’s origin. This method is especially useful for
examining sentiment trends and health topics in negative comments
as they change over time. The transition from theoretical underpinning
to practical application informs the subsequent steps in the research
process. After establishing the methodology, the selection of social
media comments for analysis was guided by the objective to capture a
wide range of opinions. This objective consideration shapes the overall
research design, which is detailed in the subsequent sections covering
data collection, preprocessing, and analytical techniques. Each phase
of the workflow is interconnected, ensuring that the study’s design and
execution are coherent and aligned with the overarching goal of
understanding publics’ opinion about the health effects of prepared
dishes in a comprehensive and unbiased manner. Based on the above
thoughts and methods, the research framework is depicted in Figure 1,
outlining the methodological steps as follows:

Step 1: data collection from social media. Following the research
goals, the initial step involves selecting social media platforms (e.g.,
Weibo, Toutiao, which are Twitter-like social media platform in
China) based on their influence and data availability (53, 54). This
stage includes determining the types of data to be collected and the
methods for data collection.

Step 2: data cleansing and preprocessing. This crucial step
enhances data quality and reliability by eliminating extraneous
information, which prepares the data for analysis.

Step 3: data analysis methods. Adopting a systematic approach to
data analysis, this research employs various methods, including
sentiment analysis, topic modeling, and time series analysis, to derive
meaningful patterns from the preprocessed data (55, 56). Initially,
sentiment analysis is conducted using the SnowNLP natural language
processing tool, specifically focusing on the sentiment intensity
regarding prepared dishes. Subsequent to sentiment analysis, neural
topic modeling, utilizing BERTopic model suitable for comment texts, is
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applied to cluster topics for negative comments on prepared dishes. The
final analytical step involves employing a time series model to examine
fluctuations in sentiment and topics. In this case, it could facilitate a
discussion on changing public opinions towards prepared dishes.

2.2 Data collection

Plenty of social media comments about the Chinese public
opinion on the health effects of prepared dishes should be collected to
reach the research goal. The first step involves identifying appropriate
social media platforms as data sources. Considering China’s emphasis
on data sovereignty, the adoption of strict data control policies such
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as Cybersecurity Law of the People’s Republic of China (57), the
development of Internet protection protocols within physical
territorial boundaries by “splinternet;” which restrict Internet access
for Chinese citizens to social media platforms in other countries (58,
59), and the varied preferences in social media usage, this research
draws data from six mainstream Chinese social media platforms, as
detailed in Table 1. Among them, Weibo, established in 2009, is an
early internet social platform allowing users to share succinct, real-
time updates. According to Weibo’s financial report for the third
quarter of 2023, it boasted 593 million monthly active users. Toutiao,
renowned for its data mining-based recommendation engine, reports
260 million monthly active users. Xiaohongshu, a platform fostering
community content, has seen its active monthly paying users exceed
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TABLE 1 The summary of comments collection and preprocessing from social media platforms.

Social media platform Collected comments

Preprocessed comments

Percentage (%)

Weibo 48,021 18,370 9.1
Toutiao 90,709 38,858 19.3
Xiaohongshu 32,584 12,673 6.3
Douyin 236,619 89,384 445
Kuaishou 115,482 21,789 10.8
Bilibili 82,785 19,919 9.9
Total 606,470 200,993 100.0

200 million since 2023, with 70% being post-1990s individuals.
Douyin and Kuaishou, leading China’s short video publishing sector,
reports 730 million monthly and 654 million active users until 2024.
Bilibili, a video community popular among the youth, averages 336
million monthly active users (60). People could share their views,
attitudes, information, and ideas at any time through the above
platforms, sending out text, pictures, and videos; the users could also
repost these contents with the option of adding their comments.
Upon selecting the social media platforms and data types, the data
collection methodology warrants further consideration. The web
crawler, an automated tool for web information retrieval, has been
utilized to extract social media data effectively (61-63). It navigates
within defined boundaries to isolate pertinent information, discarding
irrelevant content (64). Starting from a specific URL, the crawler
accesses linked URLs to collect and parse valuable data from each
page. Utilizing the Requests3 library, the crawler navigates search
pages within set parameters, receiving HTML files from the internet,
which are then locally saved (65). The keyword “Filfil|3%”
was chosen to refine the search and tailor the content crawling process.

(yuzhicai)

The resulting dataset comprises comments with essential attributes
like “created_at” (comment timestamp), “text” (comment content) and
platform_name, facilitating the collection and storage of data
pertinent to prepared dishes. Subsequently, this study uses Python
crawler programming to capture 606,470 public social media
comments about prepared dishes from 13 July 2022 to 25 March 2024,
as shown in Table 1.

2.3 Data preprocessing

2.3.1 Noise data cleaning

In the process of data collection from various social media
platforms, the acquisition of some invalid and incorrect data is
inevitable due to the inherent diversity and unstructured nature of
these sources. This can result in the initial dataset being non-standard
and unsuitable for direct analysis. Consequently, in alignment with
methodologies outlined in prior research (40, 66), this study employed
Python 3.10 to preprocess and cleanse a dataset comprising 606,470
original comments. This step was crucial to eliminate irrelevant
content and rectify inaccuracies, ensuring the integrity of the
subsequent analysis. The data cleaning process encompassed several
key actions: (1) Elimination of invalid content: The dataset was purged
of comments containing spam, irrelevant links, excessive punctuation,
emoticons, and special characters, which do not contribute to the
study’s objectives. A web cleanup technology was employed to
systematically filter out such content, ensuring that only relevant data
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was retained for analysis. (2) Correction of typographical errors:
Given the informal nature of communication on social media
platforms, typographical errors are common. These errors were
identified and corrected to maintain the linguistic accuracy of the
dataset. This step is essential for ensuring the reliability of text-based
analysis. (3) Synonym substitution: The Chinese language is
characterized by a rich synonymy, which can introduce ambiguity into
text-based data. To enhance the efficiency of the text mining model
and reduce potential ambiguities, synonyms within the comments
were standardized according to the context provided by the
original data.

2.3.2 Text preprocessing

Comments on social media platforms tend to be colloquial,
lacking standardized structure and format. To facilitate meaningful
analysis, the data must undergo extensive preprocessing, which
includes: (1) Field unification: Due to varying data formats across
social media platforms, it was necessary to standardize field names for
essential elements like comment content, topics, and timestamps
during collection. This harmonization ensures consistency across the
dataset, making it more manageable and analyzable. (2) Word
segmentation: For this task, we utilized Jieba, a Chinese text
segmentation tool within the Python programming framework. Jieba
offers a comprehensive dictionary for segmenting Chinese text into
meaningful phrases. Importantly, it allows for dictionary
customization, enabling the inclusion of specialized terms not present
in the default dictionary. In this study, culinary-related terms were
added to enhance the precision of text analysis in the context of
prepared dishes. (3) Removal of stop words: The study employed a
stop word list to filter out irrelevant words from the comments. Stop
words, such as “this” and “that,” are commonly excluded in natural
language processing to conserve storage and enhance the efficiency of
information retrieval systems (67, 68).

Through above data preprocessing steps, the raw data was
transformed into a unstructured corpus reflecting public attitudes
towards prepared dishes, comprising 200,993 comments as detailed in
Table 1. This unstructured dataset serves as a foundation for the
subsequent analysis, ensuring both the relevance and the quality of the

insights derived.
2.4 Data analysis methods

Natural language processing (NLP), a subset of machine learning,
enables researchers to analyze, manipulate, and potentially generate
human language. This study employs text-mining techniques such as
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sentiment analysis, topic modeling and time series model to
automatically identify and classify patterns within large datasets,
generating insights from unstructured text corpora.

2.4.1 Sentiment analysis

Sentiment analysis, also known as opinion research, investigates
linguistic features in terms of sentiment. It is a process that uses text
analysis and computational linguistics to systematically identify,
extract, quantify, summarize, and analyze subjective texts with
sentimental overtones, helping researchers to elucidate the
relationship between the formation of public opinions (29, 41, 45)
and events (55, 69). At present, the methods of sentiment analysis
mainly include dictionary-based and rule-based methods, as well
as methods based on statistical machine learning (42). Dictionary-
based sentiment analysis primarily involves training a sentiment
dictionary. This paper utilizes the National Taiwan University
Semantic Dictionary (NTUSD) and HowNet Dictionary, both
widely used for sentiment analysis in Chinese, to develop positive
and negative sentiment dictionaries and investigate public
sentiments towards prepared dishes.

The sentiment value calculation and sentiment orientation
assessment employ the SnowNLP library, a Python-based natural
language processing component, has been widely applied in sentiment
analysis research of social media texts (40, 42). The workflow of
SnowNLP, as shown in Figure 2, first passes the Chinese text corpus
to the module. Subsequently, SnowNLP will traverse the words in the
text and look for any matches in the sentiment dictionary. Once
matched, the emotional polarity (positive or negative) of the words
will be determined and the number of positive and negative emotional
words in the text will be calculated. In order to analyze emotions more
accurately, SnowNLP also considers the relationships between words
and sentence structures, such as the influence of negative words.
Calculate sentiment scores based on the number, polarity, and context
of emotional vocabulary SnowNLP to represent the intensity
of emotions.

2.4.2 Topic modeling

The endeavor of topic modeling involves leveraging statistical
techniques to unearth the latent semantic frameworks within
extensive text corpora (70). Grasping the central topics present in an
array of texts, encompassing news articles, social media contributions,
and various commentaries, furnishes valuable perspectives and

10.3389/fpubh.2024.1424690

strategic intelligence crucial for managerial decision-making processes
across diverse sectors (29, 47, 50). This analytical approach not only
demystifies the content’s inherent topics but also facilitates a nuanced
understanding, enabling organizations to navigate through the
informational deluge with informed precision.

The classical approaches to topic modeling predominantly
encompass Latent Dirichlet Allocation (LDA) and Probabilistic
Latent Semantic Analysis (PLSA), which have been recognized as the
most prevalent methodologies in the field (71, 72). Despite their
widespread adoption, these models exhibit several limitations,
including susceptibility to stop words, disregard for word order, the
prerequisite of pre-calculating the optimal number of topics, and a
lack of suitability for analyzing short texts such as social media
comments. In response to these challenges (73), introduced
BERTopic, a novel approach that leverages BERT embeddings
alongside c-TF-IDF to generate dense clusters, facilitating the
interpretation of topics and ensuring the preservation of significant
words within topic descriptions. This methodology has demonstrated
considerable efficacy in topic modeling across diverse domains (74—
77). Consequently, as depicted in Figure 3, the present research
endeavors to apply the BERTopic model to the analysis of social
media comments pertaining to prepared dishes, aiming to mine the
underlying topics. BERTopic generates coherent topics through
follow steps:

1. Document embeddings. BERTopic uses the Sentence-BERT
(SBERT) framework. Therefore, in the process of mining social
media comments related to prepared dishes, BERT embedding
word vectors are first used, which preserve context sensitivity
and relationships, and then represent the comment text as
points or vectors in a continuous vector space.

Uniform Manifold

Approximation and Projection (UMAP) is to reduce the

2. Document clustering. First, the
dimensionality of embeddings, has been shown to better
preserve both local and global data features, which has three
calculation processes.

« Constructing the K-Nearest Neighbor (KNN) graph. For each
point m in a high-dimensional dataset, find its nearest K nearest
neighbors. This can be achieved by calculating the distance
between point m and all other points in the dataset, and then
selecting the nearest K points. For point m and one of its nearest

Hownet
dictionary

Preprocessed

SnowNLP
text

NTUSD
dictionary

FIGURE 2
Flowchart of SnowNLP.

Sentiment
score

Count
words

Negative
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neighbors 7, the distance d(m,n) can be calculated using
Euclidean distance, illustrated in Equation 1.

(1)

Where D epresents the dimensionality of the data, x,, and x;, are
the coordinate values of point m and 7 in the i-th dimension,
respectively.

« Calculating high-dimensional joint probabilities. In order to
establish similarity relationships between high-dimensional
samples, UMAP adopts a joint probability distribution. The
calculation process is shown in Equation 2.

~ exp(—d(m,n)/cm)
Pln/m)= Zkimexp(—d(m,n) / am)

The joint probability P(n / m)is computed based on the distance
between point m and its neighbors, with o, serving as a local
scale parameter that adjusts the sensitivity of distances within the
neighborhood of point m.

Adjusting for probability consistency. After the joint probability
calculation of all comment data points is completed, in order to
ensure the consistency of probabilities between any two data
points, an expression is introduced in Equation (3).

B=A+A" —404" 3)
Among them, A represents the weighted adjacency matrix
composed of all E(m,n), © represents the Hadamard product
of the matrix, and B is the modified weighted adjacency matrix,
used to ensure consistency and symmetry between data points.

Subsequently, the reduced embeddings are clustering used the
Hierarchical Density-based Spatial Clustering of Applications with
Noise (HDBSCAN), an advanced version of DBSCAN that using a
soft-clustering approach allowing noise to be modeled as outliers. This
prevents unrelated documents to be assigned to any cluster and is
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expected to improve topic representations, which has two

calculation processes.

Modeling distance probabilities in low-dimensional space. In the
UMAP algorithm, the distance probability modeling of low
dimensional space is achieved through the curve family

1

m , where s and ¢ are hyperparameters used to adjust

the sensitivity of the model and maintain the topological
structure. The probability function constructed in low
dimensional space is specifically expressed in Equation (4).

1

F(mn)=(1+50m )| @

Among them, y,, — y, represents the distance between any two
data points y,, and y,, in a low dimensional space, reflecting the
relative positional relationship between comment data points
after dimensionality reduction.

Cross-entropy loss function. In order to ensure that the reduced
dataset can maintain the structural characteristics of the original
dataset as much as possible, it is necessary to optimize by
minimizing the difference in similarity distribution between data
points in high-dimensional space and low dimensional space.
This difference can be quantified through the cross entropy loss
function, which is used to measure the similarity between two
probability distributions. Its specific expression is shown in
Equation (5).

E(m,n)log(F(m,n)) +
(1 —E(m,n))log(l - F(m,n))

L--¥

m,n

)

In this expression, E(m,n) represents the joint probability
between data points m and n in high-dimensional space, while
F(m,n) is the simulation probability between corresponding
points in low dimensional space. By optimizing this loss function,
points in low dimensional space can be adjusted to better reflect
the data structure in high-dimensional space, especially in
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maintaining the relative distance and distribution pattern
between data points.

3. Topic Representation. The c-TF-IDF was used to evaluate the
degree of importance of words within a clustered cluster,
generates topic representation. The c-TF-IDF of a single
word in topic ¢t was calculated. The frequency of each word
w for each topic ¢(wy) was divided by the total number of
words n(n) in the documents of topic ¢, which is the
extension of TF-IDF. Subsequently, the average number of
words m in each topic t was divided by the total frequency of
word w across all i topics. The calculation of c-TF-IDF is
shown in Equation (6).

c—TF—]DF,:&xlog +—" (6)
ny ! Wi
j=1 J

2.4.3 Time series model

Time series data can reflect the dynamic characteristics of the
described phenomenon over time. Peoples’ sentiments orientation
and discussed topics towards the health effect of prepared dishes
can be reflected in publics’ opinion, including positive or negative
sentiments and the main topic focus of attention, and their
changing trends for prepared dishes. Then, continuous data
collection across time allows time-series analysis, which is
significant in exploring a corpus for expressing public opinions of
longitudinal data. In order to better understand publics’ opinion
to various topics and sentiments changes of prepared dishes, this
paper employs the time-series concept to divide the research
period into time intervals using the captured social media
comments, refers to the previous research (40, 78) and adopts the
Mann-Kendall method to analyze the attitude changes of prepared
dishes. The Mann-Kendall trend test is a non-parametric test
method proposed by Mann and Kendall (79, 80), also known as
the distribution-free test. It is suitable for analyzing time series
with continuous increasing or decreasing trends (monotonic
trends) whose advantage is sample data does not need to satisfy
the assumption of normal distribution, nor is it disturbed by
individual outliers. Therefore, it is widely used in academic
research related to trend testing.

As follow, set a time series X as the statistic /' in the Mann-
Kendall test. The calculation of H is shown in Equations (7) and (8).

T

H= sgn(xs—xp) (7

1

M
-

~
o
~

I ifxp—x,>0
sgn(Xf—xp)z 0 ifxp—x,=0 (8)
-1 if xr-x,<0

Among them, k represents the total number of time series data
points, x s represents the data point of former time, and x, represents
the data point of present time.

The following formula can be obtained by standardizing the
statistic /, as shown in Equation (9).
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var(H )
c=l 0 ifH=0 )
var(H)

The statistic C obeys a standard normal distribution. If the p-value
is less than the significance level (a = 0.05), it indicates a significant
increasing or decreasing trend.

3 Results and discussion

3.1 Results

3.1.1 Public sentiment analysis of prepared dishes

Following the preprocessing procedure, this study obtained a total
0f200,993 eligible comments, which were then subjected to sentiment
scoring using SnowNLP. SnowNLP assigns scores ranging from 0 to
1, representing the probability that a comment has a positive
sentiment. In this study, comments scored within the range of [0, 0.5]
were classified as negative sentiment, while those scored in the range
of [0.5, 1] were classified as positive sentiment. Public sentiment
orientation on prepared dishes is show in Figure 4; negative comments
accounted for 64.11%, while positive comments took up 35.89%. It is
evident that the Chinese public holds a majority of negative sentiments
towards prepared dishes.

Then, in Figure 4, the left side shows the sentiment distribution
across various score segments, revealing a significant disparity in
how sentiments are distributed. This detailed analysis of sentiment
scores highlights the varying degrees of emotional expression
among the comments. Concerning the comments with negative
sentiments, a substantial majority of the comments fall within the
negative range of [0.0, 0.2], suggesting a strong prevalence of
negative emotional expressions regarding prepared dishes.
Conversely, the positive sentiments, primarily found within the
range of (0.6, 0.9]. This can be attributed to a substantial portion
of individuals acknowledging the benefits of prepared dishes, such
as convenience, speed, and ease of storage (16, 19). Additionally,
given China’s large population, the prepared dish industry is poised
to become a substantial sector with numerous stakeholders (17,
18, 20).

It is generally known that people exhibit negative emotions when
voicing concerns about their health (22). Consequently, it becomes
essential to delve deeper into these expressions, particularly focusing
on topics related to public health present within the negative
comments. Therefore, in this step, a total of 128,856 negative sentiment
comments related to prepared dishes have been identified. The next
step will involve analyzing topics related to public health within these
negative comments.

3.1.2 Topic analysis of negative comments

In the second step, the BERTopic model was employed to conduct
a cluster analysis of 128,856 negative sentiment comments. This study
identified and analyzed the 50 most frequently occurring topics,
labeled TopicO to Topic49. Topics beyond Topic49, starting from
Topic50, exhibited a drop in the proportion of negative affective
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Sentiment distribution of all comments.

comments to less than 2%. Given this minimal contribution to the
study’s objectives, these topics were deemed peripheral and
consequently excluded from further analysis.

Subsequently, to focus on the effects of the Chinese public on the
health implications of prepared dishes, it is necessary to select health-
related topics from the first 50 topics for further analysis. Due to the
inherent variability and richness of language used in social media
comments, where multiple expressions may convey similar meanings,
this study chose to respect the diversity and complexity of such language
by not standardizing or altering it. This approach acknowledges the
natural arbitrariness and richness of user-generated content, allowing for
a more authentic analysis of sentiment and expression. The selection of
topics for analysis adheres to several guiding principles: (1) The topics
must contain keywords explicitly related to the production and
consumption of prepared dishes, or directly pertain to health, disease,
and potential harm, ensuring relevance to the core subjects of
investigation. (2) Due to the complex nature of the production and
consumption chains of prepared dishes, topics that include keywords
associated with these processes are also incorporated. Special emphasis
is placed on scenarios linked to educational settings and adolescent
health, recognizing the heightened sensitivity and potential impacts in
these areas. (3) Topics concerning market supervision, regulatory
measures, and the enforcement of penalties for production and
marketing practices detrimental to health are also selected. This inclusion
reflects the importance of governance and accountability in safeguarding
public health within the prepared dish industry.

Based on the above principles, 11 topics were found to be closely
related to public health concerns, as depicted in Figure 5. Meanwhile,
the proportion of these 11 health-related topics in all negative affective
comments is shown in Figure 6.

For the 11 selected topics, an analysis of the corresponding keywords
under each topic provides insight into the public’s concerns about the
health impacts of prepared dishes. Figure 5 illustrates several key findings:

Firstly, Topic 2, the third most discussed topic, includes keywords
such as “Preservative, Additive, Food chemical,” which reflect people’s
doubts about the health effects of using preservatives and various
additives in the production of prepared dishes. Then, Topic 7 features
words like “Overnight meals, Inedible, Toxic,” emphasizing concerns
about the safety and health implications of the long-term storage process
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typical of prepared dishes. Topic 27 includes terms such as “Fat meat,
High salt food, Edible syrup, Unqualified food ingredients,” indicating
public concerns over the use of ingredients that are high in sugar and fat,
and even potentially unsafe animal tissues in pre-packaged food
products. These three topics reflect legitimate people concerns arising
from the technical aspects of prepared dishes and the potential health
issues associated with their production processes.

Furthermore, by analyzing keywords such as “Adolescent growth
and development, Resolutely prevent, Physical health, Harmful,
Mental health, Cancer, Leukemia” in Topics 3, 44, and 47, it becomes
apparent that people are discussing the detailed impact of prepared
dishes on health, linking an increasing incidence rate of cancers and
other diseases in young people to these products.

Additionally, Topics 3, 11, and 20 address the environments where
people encounter prepared dishes, with keywords like “Primary
schools, Secondary schools, Chain catering, Luncheonette, Takeout,
and Food stalls” These discussions reveal that prepared dishes are
commonly found in small restaurants, chain convenience stores, and
food stalls, with takeout being the most prevalent distribution method.
There is particular concern over the extensive use of prepared dishes
within the canteens of public primary and secondary schools, which
has elicited strong negative reactions.

Then, according to the third principle of topic selection, keywords
such as “Food safety, Urgent, Importance, Heavy punishment, Factory
owner, Government regulation, and Accountability” found in Topics
28, 16, and 48 underscore significant concerns about the impact of
prepared dishes on health. These topics identify the potential harms
of prepared dishes as stemming from a perceived lack of corporate
social responsibility and the profit-driven moral degradation of
business owners. Consequently, there is a public demand for increased
media oversight to prevent unethical business practices and for
government regulatory bodies to intensify the severity of penalties for
such malpractices. There is also expressed dissatisfaction with the
current laws and regulations that govern these enterprises.

Finally, although Topic 0 was not selected as a health-related topic,
it ranks first and needs to be discussed separately in this study. In
Figure 7, Topic 0 corresponds to the importance level of the
corresponding keyword, and “Retweet comments” ranks first,
indicating that a significant people belief that prepared dishes pose
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health risks. Retweeting these concerns to friends and relatives is seen
as a protective measure in situations where individuals feel alarmed
and powerless to effect change directly.

An equally noteworthy experimental result is the heatmap of
negative comments on the health effects of prepared dishes, which
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provides relevant information on public focus areas regarding the
health effects of prepared dishes. This tool helps establish an intuitive
understanding of the relationship between these focus topics.

In Figure 8, the depth of colors indicates the degree of correlation
or similarity between topics. Topic 27 includes words such as “Fat

10 frontiersin.org
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meat, High salt food, Edible syrup, Unqualified food ingredients,”
while Topic 44 contains phrases like “Health, Important, Physical
health, Daily diet” With a correlation score of 0.9, this suggests that
the public generally believes prepared dishes, which are high in fats,
sugars, oils, and salts and contain low-quality ingredients, pose a
serious threat to physical and mental health. Similarly, Topics 2 and
20 include terms such as “Preservative, Additive, Food chemical,
Takeout, Cheap, Never, and Food stalls,” with the same high
correlation score of 0.9. This indicates that the production and
processing technologies of prepared dishes are closely linked to the
environments in which they are produced, significantly impacting
public health perceptions and influencing negative public comments.

Furthermore, the correlation score between the phrases “Primary
schools, Secondary schools, Adolescent growth and development,
Resolutely prevent” in Topic 3, “Factory owner, Responsibility,
Accountability, Punish” in Topic 48, and “Heavy punishment,
Compulsory bankruptcy, and Sentence” in Topic 16 reached 0.8. This
demonstrates strong public opposition to the introduction of prepared
dishes on school campuses and a pressing call for government
departments to strictly regulate companies that fail to adhere to
regulations. The aim is to prevent the introduction of prepared dishes
into schools through administrative measures such as accountability
and punishment, minimizing their impact on youth health.

Lastly, Topics 11, 20, and 47, with a correlation score of 0.7 and
including keywords such as “Chain catering, Luncheonette, Business
hotel, Takeout, Cheap, Never, Cancer, Youthfulness, Increasing,” reveal
that in locations such as chain restaurants, small restaurants, and
business hotels—where dining out is common—prepared dishes
frequently appear on dining tables. The ubiquity of prepared dishes in
physical restaurants has penetrated daily meals, raising fears that long-
term consumption may cause serious health issues, including cancer.
Additionally, the correlation between the terms “Overnight meals,
Carcinogenic, Inedible, Toxic” in Topic 7 and “Food safety, Urgent,
Importance, Great risk” in Topic 28 is 0.7. This reflects public concern
that the long-term storage of prepared dishes may produce

10.3389/fpubh.2024.1424690

carcinogenic and toxic substances that jeopardize health, underscoring
the urgent need to address prepared dishes within the scope of food
safety management.

In summary, the correlation analysis of the health impact of
prepared dishes on related topics comprehensively interprets the
public’s real and objective reactions to prepared dishes food, including
their cognition, concerns, and appeals, from the lexical level to the
thematic level.

3.1.3 Sentiment and topic changes analysis of
based-time series

Figure 9 illustrates the changes in the number of prepared dishes-
related comments and the percentage of negative sentiment per month
from July 2022 to early March 2024. From 2022 to July 2023, the
number of social media comments discussing the health effects was
relatively small, averaging no more than 5,000 comments per month.
During this period, the proportion of negative sentiments averaged no
more than 50%, indicating that the public maintained a relatively
neutral stance towards prepared dishes when discussing them on
social media platforms, with limited discussion about their impact on
health. This trend may be attributed to the “No. 1 Central Document
issued in February 2023,” which focused on cultivating and developing
the prepared dishes industry, possibly leading to fewer health-related
comments and more neutral emotions.

Since then, the social media comments number on health effects
of prepared dishes has had noticeable fluctuation, but an overall
upward trend can be observed. Notably, comments engagement
peaked in September 2023, coinciding with the start of the school year.
At this time, some primary and secondary schools in parts of China
began introducing prepared dishes, sparking heated discussions and
strong negative reactions due to concerns over the health implications
of such meals. The related event “Health concerns caused by prepared
dishes on campus”

Subsequently, in January 2024, as depicted in Figure 9, comments
related to health decreased, and the intensity of negative emotions
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FIGURE 9
Number of comments on health and percentage of negative sentiment per month.
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softened. This change demonstrates the extensive social discussion
and the previously strong negative sentiments concerning the use of
prepared dishes in schools. Chinese education authorities have
adopted a cautious approach regarding the use of prepared dishes in
schools and implemented corresponding regulatory measures, as
indicated by the incident “Prohibition of prepared dishes in primary
and secondary schools across various provinces and cities” However,
these measures had little effect on reversing the public’s negative
perceptions of prepared dishes, with negative sentiment still exceeding
60% at that time.

Finally, it is evident from Figure 9 that the number of comments
and the proportion of negative emotions related to the health of
prepared dishes reached their peak in March 2024. The corresponding
event is “March 15, 2024, China’s annual consumer rights protection
day” Some official media reports on certain manufacturers illegally
producing processes and using raw materials have once again raised
public concerns and strong negative emotions about the health impact
of prepared dishes.

Overall, the fluctuations in the number of comments and
sentiments across different events reveal the sensitivity of the Chinese
public to issues related to prepared dishes. Positive publicity often
leads to suspicion and negative reactions, while cautious policies and
government actions often receive public support.

3.2 Discussion

In contrast to the traditional self-report method, this study
adheres to a data-driven research paradigm (51, 53, 81), subjecting the
data to strict cleaning and preprocessing. The primary purpose was to
identify objective public expressions within social media comments,
thereby establishing a semantic analysis framework encompassing
“Sentiment Analysis—Topic Mining—Time Series Analysis”

Initially, sentiment analysis of 200,993 social media comments
disclosed that approximately 64% exhibited negative emotion,
reflecting public opposition to prepared dishes. This finding, however,
differs from prior research. For example, a study focused on
consumers cognition and purchase intentions indicated a positive
attitude towards prepared dishes in supermarket interview surveys
involving 1,209 participants (18). Additionally, a questionnaire survey
of 1,767 respondents demonstrated that over 90% of adults accepted
prepared dishes, with outdoor camping scenarios being the most
favored, accounting for 52.8% (82). We believe that the difference
between our research results and previous ones comes from the
research based on social media data, where the expression of public
opinions and questionnaire surveys are in entirely different
environments. Due to the close relationship between social media and
contemporary life, we believe that people can freely express their
opinions on a particular topic rather than being limited by the scope
of survey questionnaires. Therefore, previous studies in many fields
have shown that social media comments have better objectivity,
especially when the data volume and coverage are sufficient. Although
expressing opinions through social media data often lacks strict
comparison and reasoning processes compared to questionnaire data,
it is easier to express them intuitively. More importantly, for significant
news events, policies, and other external factors, social media data has
higher real-time sensitivity, spreads faster, and retweets more
frequently (83). Also, scholars have suggested that social media data

Frontiers in Public Health

13

10.3389/fpubh.2024.1424690

analysis is a valuable supplement to the in-depth, context-rich insights
provided by survey data analysis, with its extensive breadth and
capacity to capture real-time, large-scale trends (45, 84). Previous
analyses of questionnaire and interview data have indicated that the
Chinese public concerns regarding the food safety and perceived
health risks associated with prepared dishes (17-20). In the present
study, previous research results guided the analysis based on social
media comments. Consequently, the design of the semantic analysis
framework focused first on identifying negative comments and then
on exploring health-related topics within those negative comments, as
people often express negative emotions when discussing
health concerns.

Secondly, topic mining of 128,856 negative comments identified
11 topics related to the health effects of prepared dishes. Compared
with a previous empirical study on the perceived health risks of
prepared dishes (19), which has five questions in the designed
questionnaire, our results are more fine-grained. Our study contributes
to this line of research by further measuring the public’s perception of
the health effects of prepared dishes using objective data derived from
social media comments. Moreover, based on the 11 health-related
topics identified, we ranked them by the proportion of negative
comments. The top-ranked topic, Topic 2, involved keywords such as
“Preservative, Additive, Food chemical,” which confirmed previous
survey results showing that the public was most concerned about
illegal additives in prepared dishes, accounting for 68.55% (22).
Further, after interpreting the meaning of each topic and discussing
the correlation between the topics through the heatmap output of the
BERTopic model, we validated these findings by comparing them with
previous studies on prepared dishes from different perspectives. For
instance, Topic 3 highlighted concerns about prepared dishes in
primary and secondary school canteens affecting students’ health. This
topic ranked second in negative comments, supporting previous
survey results indicating that 54.68 and 42.6% of the public do not
accept prepared dishes in primary and secondary school canteens (22,
82). Similar to present studies, topics 16, 28, and 48 present the public’s
spontaneous demands for punishment, supervision, and accountability
for the health effects of prepared dishes, which coincide with the
proposed measures in the previous research results (17, 18, 20, 85, 86).
The topic mining results of this study not only prove that the social
media comment data can reflect the needs and opinions in the “real
world” but also present issues that have not been paid attention to in
previous studies. For example, Topic 20 reveals public concern about
the health impact of take-out meals and a rejection of the use of
prepared dishes in such meals, an area not covered in earlier surveys
(82). In particular, topic 0 is also a manifestation of the unique
properties of social media data, and the keyword “Retweet comment”
ranks first in the topic, which proves that negative comments are
spread quickly and forwarded more on the Internet (45, 83). This
explains why most health-related content in our study about prepared
dishes expressed by the public on social media platforms contains
negative emotions.

Last but not least, it is important to acknowledge that previous
empirical or survey studies have typically covered a specific period
(17-20, 22, 82), with public opinion potentially evolving dynamically
over time. This temporal limitation can obscure understanding of how
perceptions respond to new information or events. This study employs
automated web crawling and advanced big data analytics to monitor
real-time changes in public perceptions of prepared dishes. The results
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of our study reveal that significant events, such as “Health Concerns
Caused by Prepared Dishes on Campus” and “March 15, 2024, China’s
annual consumer rights protection day;” frequently capture social
media attention. These events trigger a surge in comments,
controversies, and expressions of negative emotions. Although social
media comment data often follows intuition and lacks in-depth
thinking and sufficient rational judgment, these features may
introduce bias in research (83). However, they can highlight the
sensitivity of social media data to event-driven fluctuations, which is
consistent with the researchers’ observations. Therefore, social media
data has unique advantages over traditional survey methods in fields
that require high real-time performance. For instance, this approach
has been successfully utilized in studying public perceptions of various
food products, including alternative meats (45), organic foods (29),
and coffee (44). The immediacy and breadth of data from social media
allow for a more instantaneous and comprehensive observation of
public opinion compared to conventional questionnaire surveys and
interviews. This ability to capture real-time shifts in public sentiment
is invaluable for businesses and governmental bodies. It enables a swift
and nuanced understanding of emerging trends and public concerns
regarding the health effects of prepared dishes. The key is that
stakeholders can make wiser decisions and take timely intervention
measures to address public concerns, ensuring their strategies remain
relevant and effective in a rapidly changing social environment. This
is very important for the Chinese government and enterprises eager
to promote the development of prepared dishes.

4 Conclusions and implications
4.1 Conclusions

In response to the growing awareness of health hazards and
related issues associated with prepared dishes, this study aimed to
explore public perceptions regarding the health effects of these
products. People are now more willing to express their opinions on
social media platforms. Thus, this study used this kind of data to
explore the concerns of the Chinese public about the health of the
rapidly developing prepared dishes industry with a fast response time.
Our study utilized public comments on social media, employing a
semantic analysis framework based on NLP technology to identify
and analyze the most discussed health effects of prepared dishes
within negative comments and tracking their evolution over time. The
findings demonstrate that individuals are more willing to express their
opinions on social media platforms, free from external biases. The
results obtained through semantic recognition of comment data from
these platforms provide relatively objective and verifiable insights.

Academically, this research is the first early-stage study to use
social media comments and NLP methods to examine public
perceptions of the health effects of prepared dishes. It enriches existing
literature by providing a broader and more nuanced understanding of
public opinion towards prepared dishes. Unlike traditional methods,
this study explores real-time observations, offering a more dynamic
view of public opinion than phased observations from surveys and
interviews. The results show that the public initially had concerns
about several technical aspects of the prepared dishes industry,
including production processes, food ingredients, additives, and
packaging materials, which were perceived as potential health hazards.
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There was also notable distrust of companies involved in producing
prepared dishes, with strong calls for increased media scrutiny and
government regulation. Additionally, the act of retweeting comments
further amplified public discourse, vividly expressing individual
concerns about the potential health risks of these products. Practically,
our findings can help policymakers and businesses strengthen the
regulation of prepared dishes, ultimately building public confidence
and ensuring the sustainable growth of this market. This information
empowers stakeholders to make informed decisions and take actions
that benefit public health and the industry.

In conclusion, this study addressed these limitations compared to
previous research, which primarily relied on surveys and interviews
and was often limited by factors such as small sample sizes and a lack
of real-time responsiveness. Our research findings are mutually
consistent with existing studies in major aspects, and they have better
real-time performance and more extensive coverage. Moreover, some
differences compared to previous research reflect new characteristics
of changes in the expression of the public will. That is, the negative
emotions of the public towards a particular product or category,
especially those related to food safety and health, will quickly spread
to a larger audience through social media. The characteristics of these
changes suggest that government management departments,
enterprises, and researchers should attach importance to such changes.

4.2 Implications

For the government, the role of regulatory bodies is crucial in
maintaining the integrity and safety of the food industry, particularly
concerning prepared dishes. With China’s rapid urbanization and
changing lifestyle dynamics, governmental agencies must prioritize
enacting stringent food safety regulations to protect public health,
enforcing existing laws and adapting regulatory frameworks to address
the new challenges the prepared dishes industry poses. Proactive
government oversight is necessary to ensure that enterprises adhere
to high product quality and safety standards. Moreover, government
initiatives to stimulate industrial prosperity during economic
downturns should integrate robust mechanisms for capturing and
responding to public sentiment, ensuring that growth does not
compromise food safety standards.

For enterprises and manufacturers, due to public concerns about
the health effects of prepared dishes, it is imperative to prioritize
aligning their operations with both public expectations and regulatory
standards. This alignment is crucial in navigating the complexities of
public health concerns and consumer skepticism. Manufacturers, in
particular, play a pivotal role in innovating safer and more nutritious
food preparation technologies that can mitigate health risks associated
with prepared dishes. These entities must invest in the continuous
improvement of food quality, diversification of flavors, and
enhancement of nutritional values to meet the evolving demands of
consumers. Additionally, fostering transparency about ingredient
sourcing, production processes, and safety measures is essential to
build trust and facilitate informed consumer choices.

For the general public, the advent of “we-media” has significantly
transformed their role from passive consumers to active participants
in the discourse surrounding food safety and industry practices. The
widespread dissemination of information empowers the public to
express concerns and demand transparency and accountability from
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food producers. The study underscores the necessity for public
engagement in dialogue and decision-making processes related to
food policies. By voicing their concerns, the public can influence
industry practices and governmental policies, contributing to the
overall improvement of food safety standards.

For the prepared dishes industry to thrive sustainably, a multi-
stakeholder approach is essential. Governments must continually
enforce and refine regulations; businesses and manufacturers must
innovate and maintain high standards; and the public should remain
engaged and informed. This collective effort will ensure that the
prepared dishes industry grows and contributes positively to public
health and safety.

5 Limitations and future research
5.1 Limitations

It should be noted that, due to various limitations, this study was
unable to establish a causal relationship between the characteristics of
prepared dishes and public responses. Instead, the research was
confined to objectively presenting the psychological perceptions of the
public on specific health-related topics associated with prepared dishes.

Utilizing machine learning techniques, this research conducted
sentiment analysis and topic clustering on comments from Chinese
social media regarding prepared dishes. The findings indicate a
generally negative sentiment among the Chinese public concerning
the potential health risks associated with these dishes. For topic
clustering, this study employed the BERTopic model, which demands
considerable computational power. Thus, the corpus size used in the
research is constrained. Moreover, given the strong correlation
between food and public health, alongside cultural differences, it is
anticipated that both the promotion of prepared dishes in China and
the enhancement of public acceptance will undergo a protracted and
dynamic process. Consequently, the conclusions of this study are
confined to the objective presentation of current data, reflecting
these limitations.

5.2 Future research

The large-scale promotion and popularization of prepared dishes
in China are likely to be significant, making the accumulated
experience from this study valuable for long-term future research.
Due to constraints in resources and time, this study did not delve into
fine-grained aspects such as population segmentation and
geographical distribution, areas that merit further exploration.
Additionally, to enhance the precision and efficiency of future
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