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Abstract

[Objective] To conduct topic detection through large-scale text clustering tech-
niques and automatically select high-quality topics. [Method]Using diet-related
Weibo content on Sina Weibo as the data source, topic detection is performed by
combining text clustering and deep learning knowledge. By matching the month
of Weibo publication, posts are divided into four seasonal categories; using vec-
tor space model and text clustering methods, topic detection is conducted on
Weibo posts from different seasons to obtain candidate topics; integrating deep
learning knowledge, the concept of topic coverage rate is proposed to automati-
cally evaluate topic quality and eliminate low-quality topics. [Results] The topic
filtering results based on topic coverage rate conform to manual selection expec-
tations, successfully extracting high-quality topics with a topic coverage rate
exceeding 0.5. [Limitations] The evaluation of topic detection quality is primar-
ily based on qualitative assessment. [Conclusion] By calculating topic coverage
rate to automatically select high-quality topics, this method demonstrates high
efficiency and strong generalizability; the obtained topics are readily compre-
hensible and effectively reveal the topic distribution of diet-related Weibo posts
across the four seasons.
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Abstract

[Objective] This study aims to detect topics through large-scale text cluster-
ing techniques and automatically select high-quality topics. [Methods] Using
food-related microblog content from Sina Weibo as the data source, we com-
bine text clustering with deep learning for topic detection. By matching mi-
croblogs with their publication months, we categorize them into four seasonal
groups. Using the vector space model and text clustering methods, we detect
topics for different seasons to obtain candidate topics. Drawing on deep learning
knowledge, we propose the concept of topic coverage to automatically evaluate
topic quality and eliminate low-quality topics. [Results] The topic selection
results based on topic coverage align with manual selection expectations, suc-
cessfully extracting high-quality topics with topic coverage values above 0.5.
[Limitations] Topic detection quality evaluation is primarily based on qualita-
tive assessment. [Conclusions] By calculating topic coverage to automatically
select high-quality topics, this method is efficient, highly generalizable, and
produces easily understandable topics that effectively reveal the distribution of
food-related microblog topics across the four seasons.

Keywords: Topic detection; User-generated content; Topic coverage; Food
mining

1. Introduction

The development of Web 2.0 concepts and technologies has driven the rapid
growth of social media. Various social platforms provide great convenience for
user communication, and increasingly more people share their views on topics
through social networks. Meanwhile, with improving living standards, public
attention to diet has grown significantly, with users sharing food experiences,
recommending recipes, discussing dietary benefits, and searching for local spe-
cialties on social networks.

As a primary platform for information acquisition and sharing, Weibo contains
substantial food-related content. According to statistics, as of December 2015,
Sina Weibo had 230 million users, with 36.7% sharing information about nearby
food and attractions through the platform [1]. Therefore, conducting food topic
detection based on Weibo data is both feasible and reliable.

The rapid popularization of social networks and unprecedented enthusiasm for
online participation have led to an explosion of online information [2]. How to
efficiently and accurately locate hot topics from complex, massive, and heteroge-
neous social network comments has long been a research focus in public opinion
monitoring and competitive intelligence [3-5].

chinarxiv.org/items/chinaxiv-201711.02028 Machine Translation


https://chinarxiv.org/items/chinaxiv-201711.02028

ChinaRxiv [$X]

Traditional topic detection primarily targets ordinary text, obtaining topics
through large-scale text clustering [6]. In this approach, topics are typically
represented by all documents within a cluster, containing only category infor-
mation that is not easily understood and often requires manual review to identify
high-quality topics. This paper uses Sina Weibo as the research object, combin-
ing text clustering with deep learning knowledge for topic detection to achieve
automatic selection of high-quality topics. In the text representation model,
we screen feature words based on microblog corpus characteristics to address
data sparsity and improve clustering efficiency. In the clustering process, we
use the K-means algorithm to cluster microblogs and determine the total num-
ber of clusters based on clustering evaluation results to obtain candidate topics.
By calculating topic coverage, we automatically evaluate topic quality, elimi-
nate low-quality topics, and avoid the manual selection step, thereby improving
topic detection efficiency.

Corresponding author: Zhang Chengzhi, ORCID: 0000-0001-8121-4796, E-majil:
zhangcz@njust. edu.cn.
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2. Related Work
2.1 Topic Detection and Tracking Research

The rapid development of the Internet has led to exponential growth of informa-
tion resources, making efficient retrieval of hot topics a key focus in public opin-
ion monitoring and competitive intelligence [3]. Topic Detection and Tracking
(TDT) technology emerged to address this challenge, aiming to solve informa-
tion overload problems [7] by automatically summarizing information related to
topics for human review [8-9]. Current TDT research primarily focuses on online
news reports and blogs, with emphasis on story segmentation, topic tracking,
topic discovery, and new event detection [8].

Traditional topic discovery techniques mainly use clustering methods, including
K-means algorithm [10-11], hierarchical clustering [12], centroid vector method
[7, 13], and Single-Pass [13-14]. These methods have achieved good results in
topic detection tasks for ordinary text, such as in TDT corpora [15]. However,
these techniques typically represent topics using all documents within a cluster,
which is not easily understood and often requires manual review to obtain high-
quality topics. Additionally, with the rise of topic models [16-18], some studies
have used LDA model [17] and its extensions to obtain topics [19]. For example,
reference [20] extracted topics from scientific literature based on LDA topic
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models, then calculated topic intensity and influence for trend analysis; reference
[21] combined LDA models with adaptive clustering algorithms based on affine
propagation for topic discovery; reference [22] proposed an MB-LDA model
suitable for microblog topic mining by considering contact relationships and
text associations in microblogs. The disadvantage of these techniques is that
the extracted topic words have poor interpretability and high time costs.

In addition to these representative techniques, there are many other topic dis-
covery methods with unique features. These methods each have their advan-
tages, and there is currently no unified evaluation standard. Therefore, specific
needs must be considered in practical applications. This paper comprehensively
compares multiple algorithms for topic extraction and combines deep learning
knowledge to propose an indicator called “topic coverage” to automatically eval-
uate topic quality, thereby improving the efficiency of topic detection.

2.2 Food Mining Research

Current food mining research is concentrated in fields such as history [23-26],
sociology [27-29], and geography [30-31], aiming to study the impact of dietary
culture changes on these domains. Due to the lack of systematic data support,
related research has primarily been conducted through qualitative approaches
such as field investigations and historical analysis [32], with few quantitative
and systematic studies.

With the increasing abundance of online recipe data, quantitative research has
begun to emerge in food mining. Reference [33] analyzed 56,498 recipes from
multiple countries and regions, demonstrating that Western cooking tends to
use multiple spices to create mixed flavors, satisfying the so-called Food Pairing
Hypothesis, while Eastern cuisine does the opposite. Reference [34] analyzed
small-scale recipes and concluded that climate is the main factor affecting chefs’
choice of condiments; however, reference [35] statistically analyzed 8,498 recipes
from 20 Chinese cuisines and proved that geographical distance has a greater
impact on dietary habits than climate.

In summary, the rich recipe data on the Internet and massive food reviews on
social networks have made quantitative research in the food domain possible.
Existing food mining has focused on recipe data: analyzing the impact of geo-
graphical distance and climate on food preferences, exploring ingredient pairing
preferences in different regions, etc., while topic discovery research based on
food reviews is relatively scarce. This paper uses the vector space model and
text clustering methods to obtain relevant topics from food reviews; combines
deep learning knowledge to automatically select high-quality topics by calculat-
ing topic coverage, improving topic detection efficiency. Meanwhile, the exper-
imental results effectively reveal the distribution characteristics of food topics
in microblogs, which helps further explore consumer concerns and demands in
the food domain.

chinarxiv.org/items/chinaxiv-201711.02028 Machine Translation


https://chinarxiv.org/items/chinaxiv-201711.02028

ChinaRxiv [$X]

3. Methodology
3.1 Research Framework

To mine food topics of interest to people from massive data, this paper uses
Sina Weibo content as the research object for food topic discovery. Since the
distribution of food topics varies significantly across seasons, we conduct topic
detection separately for different seasonal microblogs. First, we collect food-
related microblogs from Sina Weibo and categorize them into four seasonal
groups based on publication month; second, we obtain topics based on text
representation models and text clustering; finally, we select high-quality topics
based on topic coverage combined with deep learning knowledge. The specific
research framework is shown in Figure 1 [Figure 1: see original paper].

3.2 Microblog Content Representation Model and Feature Selection

This paper adopts the vector space model to represent food microblog content
and screens feature items based on microblog corpus characteristics.

(1) Text Preprocessing

In the preprocessing stage, we use OPENCC! to convert traditional Chinese to
simplified Chinese in microblog text, and use Jieba Chinese word segmentation?
to complete word segmentation and part-of-speech tagging. Since there are
numerous dish names in food microblogs, we add dish name data to Jieba’s
custom dictionary for segmentation.

(2) Vector Space Model

The vector space model [36] (Vector Space Model, VSM), proposed by Salton
et al. in 1973, represents text as vectors in document space, with each selected
feature term serving as one dimension of the text. Assuming the total number
of feature items in the text space is M, the i-th text d_i can be represented as:

V(d;) = (f1,w1(d;); fa,wa(d;); s fars war(d;))

where f; is the j-th feature item; w; is the weight of feature f; in text d;. This
paper uses the tf-idf algorithm to obtain weights, with the formula as follows:

w;(d) = tf,(d) x log (f)

J

where tfj(d) is the term frequency of feature f; in document d, n; is the total
number of documents in the corpus containing term f; (i.e., document frequency
or DF value), and N is the total number of documents in the corpus.

(3) Feature Filtering Strategy

Due to the large corpus size, this paper uses individual words as feature items
in the vector space. After word segmentation and filtering of all stop words,
microblog short texts still contain many high-frequency words unrelated to topic
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mining, such as emoticons and modal particles. Therefore, we first filter all
emoticons from microblogs; then, by calculating the document frequency (DF)
of feature words, we filter out the top 100 highest DF words and low-frequency
words with DF values below 100 (both thresholds determined through manual
verification). Examples of feature items to be filtered are shown in Table 1 .

thttp://opence.byvoid.com
Zhttp:/ /www.oschina.net/p/jieba

From Table 1, we can see that these high-frequency words and emoticons appear
in most microblogs and have weak discriminative power; low-frequency words
are mostly meaningless user nicknames with weak topic relevance, and thus can
all be filtered out.

3.3 Text Clustering

This paper deals with a large dataset requiring clustering of approximately 5
million food-related microblogs. Considering time cost and topic interpretabil-
ity, and after comprehensive comparison of multiple algorithms, we ultimately
selected the K-means algorithm [37], which has the fastest running speed and
best topic interpretability, for text clustering.

K-means is a prototype-based clustering technique (using cluster centroids as
prototypes in this paper), where the centroid is the cluster center point. The
algorithm randomly selects K initial centroids, where K is the user-specified
total number of clusters; calculates the Euclidean distance between each point
and the centroids, assigns each point to the nearest centroid, with the set of
points assigned to a centroid forming a cluster; updates each cluster’s centroid
based on points within the cluster; repeats the assignment and update steps
until the centroids no longer change, completing the clustering.

Since the K-means algorithm requires specifying the total number of clusters,
this paper specifies cluster numbers K=10, 15...45, 50 for clustering respectively,
and determines the final cluster count based on clustering evaluation results.

3.4 Topic Coverage Rate

To avoid the manual selection step for determining high-quality topics in tra-
ditional methods, we propose an indicator called “topic coverage” to evaluate
topic quality by combining deep learning knowledge and word similarity calcu-
lation. Below we describe the key technologies and concepts of topic coverage
and word similarity calculation.

(1) Topic Coverage Calculation

To quantitatively evaluate the quality of different topics, we reference the “intra-
cluster cohesion” concept proposed in reference [38] and extend it with deep
learning knowledge to propose the “topic coverage” concept.
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Reference [38] defines two concepts: core representative features and core arti-
cles. Core representative features refer to the 20 features with the highest DF
values in a cluster; core articles refer to articles containing more than m core
representative features. Intra-cluster cohesion is ultimately defined as ic/N,
where ic represents the total number of core articles and N represents the total
number of articles in the cluster.

From the intra-cluster cohesion concept, we know that core articles are obtained
based solely on statistical features without semantic association with core repre-
sentative features. Due to the short text characteristics of microblogs and data
sparsity, even when m=1, the proportion of microblogs meeting the criteria is
extremely small.

To obtain semantic connections between core representative features and mi-
croblogs, this paper combines deep learning knowledge to propose the “topic
coverage” concept: core representative features are defined as the top n features
with the highest DF values in a cluster, denoted as Top-n; core microblogs are
defined as microblogs with at least m terms having word similarity greater than
p with core representative features. Taking Top-n=20, m=3, p=0.9, the topic
coverage calculation formula is as follows:

To calculate word similarity, this paper uses the Distribute Representation
method proposed by Hinton [39] to represent word vectors based on deep learn-
ing knowledge, aiming to express terms as low-dimensional and fixed-length
real vectors, where similarity in vector space represents semantic similarity in
text. Since this method is more suitable for large-scale computation, it has been
widely used in recent years.

To use the above method, we utilize the Skip-Gram model in Word2Vec! to
represent text, training on the entire segmented microblog corpus to convert
words into 400-dimensional real vectors. Since Cosine distance is commonly
used to measure differences between individuals, we calculate Cosine distance
between word vectors to measure word similarity. The value range of Cosine
distance is [-1, 1], with larger values indicating greater word similarity.

4. Experiments
4.1 Experimental Dataset

Dish name data comes from the Meishijie website?, collected by Zhu et al. [35]
in April 2012. The dataset covers 20 Chinese cuisines with a total of 8,498 dish
names.

The food microblog data in this paper comes from Sina Weibo. We define mi-
croblogs containing the above dish names in their main text as “food microblogs”
and collected the main text and basic user information of food microblogs from
Sina Weibo for the entire year of 2013, totaling 8,747,190 entries. The microblog
main text includes user ID, microblog content, and publication time, as shown
in Table 2 :
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Table 2 Example of Microblog Main Text Content

User ID | Content | Time

17854 H##H##4 | A bowl of spicy noodles + braised pork knuckle + soy sauce
egg + one liang of soup dumplings + one piece of fried pork chop = stuffed |
20:04:37

1700#####+# | Fried pork chop with spicy soy sauce is absolutely amazing! |
19:59:24

Basic user information includes user 1D, gender, and location, as shown in Table
3:

Table 3 Example of Basic User Information

User ID | Gender | Location

1000## #H#H## | Na Er### | Urumgi, Xinjiang
1000#4##H##4 | Xiao Ruiqi##+# | (location data)

Based on user ID, we matched microblog main text with basic user information,
filtered out microblog main text missing user basic information, and finally
obtained 8,737,464 microblogs. Given that food topic distribution varies signifi-
cantly across seasons, we categorized microblogs into four seasonal groups based
on publication month for topic distribution detection in different seasons.

4.2 Experimental Results Analysis

(1) Seasonal Division of Food Microblogs

Based on the Gregorian calendar months of the four solar terms (Beginning of
Spring, Beginning of Summer, Beginning of Autumn, Beginning of Winter) in
the 2013 lunar calendar, we designated February-April 2013 as spring, May-July
as summer, August-October as autumn, and January plus November-December
of the previous year as winter. By matching the publication months of mi-
croblogs in the dataset and excluding 19,678 microblogs missing month infor-
mation, we obtained a total of 8,717,786 food-related microblogs for each season
in 2013.

During the clustering process for seasonal microblogs, we found that the mi-
croblog dataset contained a large number of “spam microblogs” that were too
short and contained no topic information. These microblogs were numerous
and seriously affected clustering efficiency and result interpretability. After
screening microblog feature words, we filtered out 3,783,652 microblogs with
fewer than 10 feature words (this parameter is empirical data), which greatly
improved the interpretability of clustering results. We finally obtained 4,934,134
valid food-related microblogs across seasons in 2013. The total number of sea-
sonal food microblogs before and after filtering is shown in Figure 2 [Figure 2:
see original paper].

(2) Clustering and Clustering Evaluation
This paper uses the K-means algorithm to cluster microblogs for each season
separately. Considering practical needs for topic detection, we specify the num-
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ber of clusters between 10-50. Since the total number of topics varies across
seasons, we specify cluster numbers K=10, 15..45, 50 for K-means clustering
of seasonal food microblogs respectively, and determine the final cluster count
based on clustering evaluation results.

To quantitatively evaluate clustering effectiveness, we use cohesion and silhou-
ette coefficient as validity functions. K-means is a prototype-based clustering
technique (using cluster centroids as prototypes), so we define cluster cohesion
(SSE) as the sum of proximities of points to the cluster prototype [40]; to mea-
sure absolute distances between points in space, proximity dist() is generally
measured by Euclidean distance. The calculation formula is as follows [40]:

K

Cluster SSE = Z Z dist(c;, x)

i=1 xeC;

where z represents an object and ¢; represents the center of cluster C;. Lower
cohesion indicates smaller average distance between objects within a cluster and
better intra-cluster cohesion.

The silhouette coefficient combines the advantages of cohesion and separation.
The silhouette coefficient for an individual point is calculated as follows [40]:

For the i-th object, calculate the average Euclidean distance from i to all other
objects in the same cluster, denoted as a;;

For the i-th object and any cluster not containing it, calculate the average
Euclidean distance from the object to all objects in the given cluster and find
the minimum value, denoted as b;;

For the i-th object, the silhouette coefficient is calculated as:

b —a;
§; = —————
‘" max(a;,b;)
The silhouette coefficient value ranges between -1 and 1, with larger values indi-
cating better clustering quality. By calculating the average silhouette coefficient

of all objects, we can obtain a total measure of clustering quality.

Figures 3 [Figure 3: see original paper] and 4 [Figure 4: see original paper]
show the cohesion and silhouette coefficients for different seasons with different
numbers of clusters. Lower cohesion and higher silhouette coefficient indicate
better clustering performance. We can see that both evaluation metrics show
consistent trends with the number of clusters. Based on the distribution trends
of cohesion and silhouette coefficient, we can determine that the optimal number
of clusters is 50 for spring, 15 for summer, 45 for autumn, and 10 for winter.

(3) High-Quality Topic Selection Based on Topic Coverage

Traditional text clustering-based topic detection techniques generally require
manual selection to obtain clusters with high topic significance after clustering
results are obtained. This approach involves high manual participation and low
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efficiency. This paper automatically scores and ranks the topic significance of
each cluster by calculating its topic coverage, avoiding this problem through
quantitative evaluation and greatly improving topic detection efficiency.

To demonstrate the effectiveness of this method, Table 4 uses spring clustering
results as an example to rank clusters with different intra-cluster cohesion values.
Each cluster is represented by the top 15 core representative features with the
highest intra-cluster DF values.

Table 4 Example of Spring Clustering Results

Topic Coverage | Intra-cluster Cohesion | Topic Name | Core Representative

Features

0.94 | 0.00025 | Throat swelling and pain | throat swelling#drink#water

soak#throat#hair#honey dates walnut#dry#cucumber#ginger#light salt
water#chapped#kiwi#lips#throat dryness#swelling and pain

0.91 ] 0.00025 | New Year greetings | smooth#everything#prosperity#wealth#dragon

horse spirit#smooth sailing#good health#all the best#no taboos#wealth

0.88 | 0.00025 | Recipe sharing | pour in#stir fry#a little#twash clean#cooking

wine#evenly#heat up#fish out#scallion#starch#low heat#mix well#light

SOy sauce#£soy sauce

0.85 ] 0.00025 | Beauty care | skin#honey#ginger soup#goji berry#skin#improve#tea#tbeauty#milk#beauty
care#theatiness#vinegar#pain#fire food#effect

0.82 | 0.00025 | Ingredient: Pumpkin | pumpkin#wash clean#peel#stir

fry#paste#dough#pour in#pumpkin slices#pumpkin cake#slice#pumpkin

porridge#small pumpkin#marinate#white sugar#appropriate amount

0.79 | 0.00025 | Beauty care | red dates#longan#goji berry#wash

clean#tremella#lotus seeds#moisten lungs#emperor#yam#lily#goji berry

porridge#beauty care#strengthen spleen#low heat#walnut

0.15] 0.00025 | Unidentifiable | food#after drinking#fat#food#health#milk#diet#{fruit#vegetables#vitamins
0.12] 0.00025 | Unidentifiable | sun#breeze#tshine#sunshine#weather#mood#happiness#walk#moon#afterr
0.08 | 0.00025 | Illness | illness#family#vomit#openf#pitiful #restaurant#find#sad#sell#dizzy #boss#special;
bites

0.05 | 0.00025 | Unidentifiable | walk#happiness#{riend#cute#gift#special#time# China#bag#laugh#die#tas

In Table 4, some topics are marked as “unidentifiable” because their core repre-
sentative features lack strong correlation, making manual identification impossi-
ble. Experimental results show that clusters with higher topic coverage (>0.5)
have higher topic significance, while clusters with too low topic coverage are
difficult to interpret. This ranking based on topic coverage aligns with man-
ual selection expectations, effectively explaining the distribution of food-related
topics across the four seasons and confirming the feasibility of our method.

Table 4 compares the values of intra-cluster cohesion and topic coverage for
topics of different quality. We can see that topic coverage values with added
semantic association are more reasonable and more evenly distributed, such as
for “recipe sharing” and “beauty care” topics. Due to data sparsity issues, the
number of core microblogs obtained solely through statistical features is too low,
resulting in very low intra-cluster cohesion values for most topics that cannot
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effectively evaluate topic quality, such as the “illness” and other “unidentifiable”
topics.

(4) Comparative Experiments

To demonstrate method effectiveness, we added two groups of comparative ex-
periments: one based on the Doc Embedding model [41] combined with K-means
clustering to obtain topics; the other based on the LDA topic generation model
[17] to obtain topics. Using spring as an example, both experiments specified a
total of 50 topics for topic detection on spring microblogs, with relevant result
examples shown in Tables 5 and 6 respectively.

Table 5 Example of Spring Topics Obtained by Doc Embedding Technology
Core Representative Features (Top_ n=10)

wash clean#pour in#stir fry#a little#tcooking wine#fish out#low heat#cut
into#light soy sauce#evenly

set meal#value#enjoy#group purchase#portion#sell#original price#choose#today#100
appropriate amount#50#304#20#materials#ingredients#wash clean#milk

pour in#cooking wine#stir fry#a little#low heat#starch#soy sauce#evenly#fish
out#light soy sauce
food#health#honey#fire#skin#drink#effect#hair#fat#diet

squid#hot and sour noodles#potato#barbecue##hamburger#Chinese ham-
burger#small meatballs#{ried#octopus#pizza

apple#lunch#milk#a cup#rice#banana#fruit#diet#morning#soy milk
birthday#thanks#happy birthday#gift#gift#wish#happy#dear#cute#thanks
recipe#a dish#Douguo#net#kitchen#world#collection#look#simple#complete
collection

red dates#pot#stew#lily#wash clean#goji berry#yam+#longan#tremella#lotus
seeds

Table 6 Example of Spring Topics Obtained by LDA Model

Topic Words (Top_ n=10)

1. Shandong#aunt#little#sweet and sour#crab roe#dark soy sauce#extremely#beef
noodles#Ding Ding#Jinan

5. Chinese hamburger#rice noodles#stir-fried noodles#potatofgluten#fresh
shrimp#crab pieces#spinach#clear stir-fry#tofu

7. Naxi#record#spare ribs#broad beans#meat slices#flavor#shredded
chicken#Japanese style#lettuce#cooking skills

10. sushi#shepherd’s purse#shredded meat#buckwheat#dried tofu#carp#pickled
vegetables# West Lake#abalone#rose

Through the Doc Embedding technique, each microblog text is expressed as a
100-dimensional vector; topics are obtained through K-means clustering; topics
are ranked based on topic coverage, with relevant topics represented by 10 core
representative features. From Table 5, we can see that compared with spring
topics in Table 4, topics obtained by this method have poorer interpretability
and more homogeneous topic types. Additionally, topic quality ranking based
on topic coverage aligns with manual selection expectations, again proving the
effectiveness of this indicator.
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Based on part-of-speech and statistical features, we filter out topic-unrelated
terms; topic distribution is obtained through LDA topic modeling. Each topic is
represented by the 10 topic words that best represent the theme. From Table 6,
we can see that topics obtained by this method are difficult to interpret, and the
distinction between topics is also low. The composition pattern of topic words is
basically “location+person+food or ingredient”, such as “Shandong+aunt-+crab
roe” in topic 1 and “canteen+dad+specialty” in topic 2.

Through the above comparative experiments, we can see that the topic detec-
tion method combining vector space model and text clustering technology in
this paper obtains topics with stronger interpretability, and the topic distribu-
tion across seasons also matches actual conditions; the topic quality evaluation
method based on topic cohesion is efficient and highly generalizable, and can
replace the manual selection step for high-quality topics.

(5) Topic Distribution Difference Analysis
To measure the distribution of topics within each season, Figure 5 [Figure 5:
see original paper| shows the distribution of topic coverage across seasons.

From Figure 5, we can see that spring and autumn have more topics, and
the number of topics with high topic coverage is also much higher than in
summer and winter. Therefore, taking representative topics with topic coverage
higher than 0.4 in each season as an example, we categorize topics into several
major categories to compare and analyze topic distribution differences and their
causes across the four seasons. After manual review, this paper categorizes
seasonal food topics into four major themes: “benefits”, “festivals”, “cooking”,
and “travel”, with relevant topics in each season enumerated under each major

theme. Topic examples are shown in Table 7 .

Table 7 Examples of Representative Topics Across Seasons

Spring Representative Topics | Autumn Representative Topics

—|—

Benefits | Cough relief#cough#honey#radish#wind-cold#white radish#ginger

jujube soup#cold#fresh pear#phlegm removal | Fire#drink#water
soak#throat#hair#honey dates walnut#dry#cucumber#ginger#light salt
water

Benefits | Skin#honey#ginger soup#goji berry#skin#improve#tea#beauty#milk#beauty
care | Red dates#longan#goji berry#wash clean#tremella#tlotus seeds#moisten
lungs#emperor#yam#lily

Benefits | Cough relief#cough#honey#radish#wind-cold#cold#ginger jujube

soup#white radish#fresh pear#lung abscess | Fire#water soak#throat#hair#cucumber#chapped#kiwilips:
salt water

Benefits | Fluid production#phlegm removal#heat relief#weight loss#health#beauty
care#ttremella#winter melon soup#cough relief#slimming | Red dates#autumn#thealth
preservation#honey#food#goji berry#effect#moisten lungs#lily#nourish yin

Festivals | Smooth#everything#prosperity#wealth#dragon horse spirit#smooth
sailing#good health#all the best#no taboos#wealth | Moon cake#five

nuts#egg yolk#egg yolk pastry#Mid-Autumn Festival#fresh meat#lotus seed
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paste#red bean paste#Cantonese style#filling

Cooking | Wash clean#cooking wine#low heat#appropriate amount#a lit-
tle£fish out#mix well#light soy sauce##pour in#starch | Wash cleanf#£appropriate
amount#pour in#a little#low heat#add#cooking wine#mix well#fish
out#cut into

Travel | Beijing#exploded tripe#fermented bean drink#fried liver#Zhajiang
noodles#snacks#Chengang#Dan Dan noodles#tangyuan#China | Tai-
wanf#snacks#night  market#pineapple cake#bun#Taipei#braised pork
ricefflarge intestine#nougat#small intestine

Travel | Travel#explore#journey#experience#world#trip#appreciate#£dream#£culture#scenery
| Taiwan#night market#snacks#pineapple cake#bun#large intestine#small
intestine#Shilin#Taipei#thin noodles

Summer Representative Topics Winter Representative Topics
Benefits Fluid production#phlegm
removal#heat

relief#lily#health#moisten
lungs#beauty care#tremella##winter
melon soup#fire

Benefits MM#try#girl#hot
recommendation#ice clear jade
clean#Korea#crystal#enzyme#big
S#red and tender

Benefits Food#health#milk#red
dates#nutrition#health preserva-
tion#diet#honey#apple#lily

Cooking Wash clean#pour in#stir
fry#cooking wine#fish out#low
heat#appropriate amount+#light soy
sauce#evenly#starch

Due to space limitations, relevant topics are represented by 10 core representa-
tive features. Comparing topic distribution across seasons in the table, we can
draw the following conclusions:

Topics about food “benefits” are prominent throughout the year, with spe-
cific types of benefits changing with seasonal characteristics. For example, “fire
relief” and “cough relief” are distributed across all four seasons; spring and au-
tumn specifically have “beauty care” and “nourish yin” topics; summer adds
“heat relief” topics; winter adds “health preservation diet” topics.

Topics about “cooking” tutorials are distributed throughout the year with high
homogeneity.

Spring and autumn have suitable temperatures and more opportunities for
users to travel, so there are more food-related topics such as “local specialty
snacks” and “travel food recommendations” under the “travel” category.
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Spring and autumn have many important traditional festivals, such as “Spring
Festival” and “Mid-Autumn Festival”, where users tend to share representative
foods for specific holidays, such as “moon cakes”.

Summer and winter have more extreme climates, users travel less, lacking
“travel”-related topics; there are fewer food-related holidays, lacking “holiday”-
related topics.

Through the above analysis, we explain why spring and autumn have more topics
than summer and winter; we also prove that the four-season topics obtained by
our method align with actual conditions.

5. Summary and Outlook

Rich recipe data on the Internet and massive food reviews on social networks
provide data support for food mining research. How to detect hot topics from
these reviews to provide decision-making basis for consumers and marketers has
become a widespread concern. Traditional topic detection tasks mainly obtain
topics through large-scale text clustering. Since topics obtained by this method
only contain category information that is not easily understood, manual review
is often required to remove low-quality topics, resulting in low topic detection
efficiency.

This paper uses Sina Weibo as the data source and combines text clustering
with deep learning knowledge for topic detection. After obtaining seasonal food
topics through text clustering, we automatically select high-quality topics based
on topic coverage. Our method is highly generalizable and efficient, avoiding
the manual topic selection step after clustering. Experimental results effectively
reveal the distribution of food microblog topics across the four seasons, helping
to further explore consumer focus and demand in the food domain. Future
work will further consider: the application of this topic detection method in
other domains; combining feature word extraction technology to achieve more
accurate and in-depth topic detection tasks.
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