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Abstract: Vegetables are an important element in people’s dietary structure, and the price fluctuation
of vegetables has attracted more and more attention. The disturbance sources of vegetable price fluctu-
ations are characterized by uncertain risks, environmental complexity, nonlinearity, self-organization
and mutation. Analyzing the disturbance sources that affect vegetable price fluctuation is helpful to
the establishment of early warning and regulation mechanisms of vegetable price risk. To address
the problem that existing studies have not comprehensively and objectively clarified the disturbance
sources of vegetable price fluctuations, this paper proposes a method of combining the LDA (Latent
Dirichlet Allocation) topic model with grounded theory, constructs a system of vegetable price volatil-
ity disturbance source indicators and relationship matrix by improved conceptual lattice-weighted
cluster method, obtains 23 disturbance sources indicators affecting vegetable price fluctuations in
four aspects of supply, demand, natural environment and economic policy environment, and identi-
fies six key factors through calculation and analysis. Through the research of this paper, a system
of disturbance source indicators affecting vegetable price fluctuations is constructed, the internal
connection of many disturbance sources of vegetable price fluctuations in a complex and uncertain
environment is clarified, and key influencing factors are selected, thus facilitating the establishment
of vegetable price risk warning models and regulation mechanisms.

Keywords: vegetable price fluctuation; complex uncertainty; LDA; grounded theory; DEMATEL

1. Introduction

China is the world’s largest vegetable producer and consumer, with a large import
and export volume of vegetables. According to data from 2017, China’s vegetable output
was 5.44 million tons, ranking first among the major vegetable producing countries in the
world. With a large population base, China has naturally become the largest vegetable
consumer (Data source: http://www.stats.gov.cn/, accessed on 1 February 2022). China
has a large import and export volume of vegetables. Since China’s reform and opening
up, the Chinese vegetable industry has developed rapidly and its production scale has
continued to expand [1]. From the supply side, in 2019, the vegetable planting area was
more than 300 million acres, and the annual production exceeds 72 million tons, with
foreign exports exceeding 11 million tons, creating huge foreign exchange income. From
the demand side, the national vegetable consumption reached 709.8954 million tons in 2019.
Compared with the average annual compound growth rate of 0.46% of the population, the
compound growth rate of vegetable consumption reached 2.06%. Affected by many factors,
such as increased costs, extreme weather, information asymmetry and market environment,
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vegetable price volatility is increasing (national vegetable industry development plan
2015–2020). In 2019, typhoon “lichima” caused a severe rainstorm in Shouguang City,
Shandong Province, which affected many vegetables, and the prices of some vegetables
in Beijing increased by as much as 30%. The frequent and violent fluctuation of vegetable
prices not only brings huge losses to producers and consumers but also puts pressure on the
government’s market regulation. In the complex domestic and international environment, it
increases the uncertainty of the vegetable market, which also makes it difficult to study the
influencing factors of vegetable price fluctuation in complex and uncertain environments.
This is the significance of this paper, in order to find the infection source of vegetable price
fluctuation in complex and uncertain environments.

Regarding the sources of disturbances in vegetable price fluctuations, domestic and
foreign scholars have mainly studied three aspects: demand, supply, and circulation. From
the demand side, Gilbert studied the impact of demand growth, currency expansion and
exchange rate changes on agricultural product prices [2]. Using the ARCH and GARCH
models, the inherent logic of the fluctuation of vegetable prices and the money supply
was found [3]. Some scholars have found that people prefer fresh vegetables, therefore,
the fluctuation of vegetable prices will be affected by their quality [4]. The reason is that
vegetables are perishable, which also leads to the rapid transmission of their decline, which
directly leads to changes in vegetable supply [5].

In addition to demand factors, supply-related factors may also lead to the volatility of
vegetable prices, and scholars have conducted studies from the perspective of the vegetable
supply chain [6], of which production cost is the most important factor [7]. Additionally,
the quality of fertilizers, pesticides, seeds and other production materials can constitute
a source of production risk for agricultural products. In addition, through the research
on the policy reform of supply chain regulations in fresh fruit and vegetable market in
Turkey, scholars found that after reducing the number of middlemen, the wholesale price
of fresh vegetables was effectively reduced [8]. In addition, the supply level is also related
to the export system between importing countries, and seasonal tariff quotas also lead to
fluctuations in vegetable prices [9].

Risks may also arise at the circulation level, with many scholars focusing on the
transmission of vegetable prices at the wholesale and marketing levels [10]. Transaction
costs are an important source of risk in fresh produce markets, and capital market shocks
can amplify risks following a reduction in the production of storage-resistant vegetables;
Ward, R. found that wholesale prices fluctuate first, followed by changes in retail and
point-of-shipment prices [11]. There are also studies showing that online public opinion
will have a potential impact on vegetable price fluctuations [12], and media hype and
government macro-control will aggravate vegetable price fluctuations [13]; in addition,
scholars have made a knowledge map of vegetable price research at home and abroad by
combing a large number of vegetable price literature [14].

From the existing literature, domestic and foreign scholars have done some research
on the interference sources of vegetable price fluctuation, which provides a certain reference
for this study, but there are some deficiencies. The research on the risk sources of vegetable
price fluctuation is generally considered from a single factor, such as supply, demand
and weather. However, the environment affecting vegetable price fluctuation is often
uncertain, complex and diverse. Firstly, most scholars consider the single variables that
affect vegetable prices, such as quality factors, seasonal replacement factors, natural disaster
factors, etc., when studying vegetable price fluctuations from a single perspective they
often ignore the influence of other factors and variables, resulting in the lack of scientificity
of the results; secondly, even if some studies involve several factors, their standards
are different, which makes the verification results lack unity and unconvincing. Then,
few scholars study the influencing factors of vegetable price fluctuation in extremely
uncertain environments; finally, some studies use the form of a questionnaire, which has
great subjectivity. Based on this, this paper aims to solve two problems: one is to select
vegetable price interference sources by using an objective quantitative method which
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can adapt to the chaotic nature; second, to take the vegetable price under complex and
uncertain environment as the research object and establish the early warning index system
of vegetable price risk. Therefore, different from the traditional expert consultation method
or literature review method, the data source of this paper is to collect the text data of
network platforms, industry consultation websites and academic literature websites, extract
the subject words by LDA method, select the initial interference source of vegetable price
fluctuation, and then code and sort through grounded theory to establish the interference
source index system of vegetable price fluctuation. The key influencing factors are selected
by the concept lattice weighted group method.

2. Theoretical Framework and Method Selection
2.1. Theoretical Framework

The realistic and complex economic environment is full of unknowns, and every sub-
ject in economic activities will inevitably face the uncertainty of the probability distribution
that cannot be fully known in the decision-making process. Lack of market information,
storage facility problems, and lack of processing industries are all problems facing the
development of the vegetable industry [15]. In China, the vegetable market is frequently
threatened by natural risks, economic policy risks, and market risks [16], which are mani-
fested in the uncertainty of the supply relationship in the Chinese vegetable market. From
the Equilibrium Price Theory and Cobweb Theory, supply and demand in the market
is the basis for the formation of product prices; when the market supply and demand
change, product prices will also change accordingly, and the uncertainty of the supply
relationship leads to the complex uncertainty of vegetable prices. In terms of natural risks,
unpredictable and unexpected factors, such as extreme weather and insect pests will reduce
the quantity of vegetables supplied, leading to violent fluctuations in vegetable prices in a
short period of time. In terms of economic policy risks, producers in the vegetable market
are susceptible to policy adjustments to adjust vegetable production and planting varieties,
which will affect vegetable supply. In addition, the gradual decline of the demographic
dividend in the development of China’s economy and the upward pressure on agricultural
production crowding out profit margins may have an impact on the market’s supply and
demand. In terms of market risks, fluctuations in the prices of related substitutes affect
the demand for products, and thus lead to fluctuations in the prices of vegetables. As
the marketization of vegetables and other agricultural products continues to deepen, the
production and circulation of their industrial chains are more transparent and more vul-
nerable to online public opinion, food safety issues, etc., resulting in rapid fluctuations in
vegetable prices in a short period of time. In order to clarify the interference sources of
vegetable price fluctuations in a complex and uncertain environment, we train the obtained
vegetable price-related network text data based on the LDA topic model to obtain the
document-topic distribution of the data samples [17]. DbSCAN (Density-Based Spatial
Clustering of Applications with Noise) clustering algorithm is applied to achieve text
clustering, clustering similar corpora into one class, and generating core corpus and subject
words by computationally sorting the text data in each class [18]. The grounded theory
method is used to encode the extracted topic words [19]. After three coding stages, namely,
open coding, main axis coding and selective coding, an index system of interference sources
that affect vegetable price fluctuations is initially obtained. The key influencing factors are
identified by applying the subjective and objective comprehensive weighting method based
on the concept lattice-weighted group DEMATEL technology to determine the importance
ranking of the interference source indicators of vegetable price fluctuations [20]. The model
framework of this article is shown in Figure 1.
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2.2. Research Methodology
2.2.1. LDA Topic Mining

Based on the assumption of the bag of word model, the LDA topic model assumes
that the text set is D, and wd

l is the lth word in the corpus d, zd
l is the topic to which the

lth word in corpus d belongs, θd
l represents the vector composed of the probability of the

topic t in the corpus d. θd
l = [t1, t2, . . .], t1, t2... is the probability of being in the corpus d. ψt

υ

represents the probability that the topic t contains the participle υ, and ψt represents the
vector composed of the probabilities of the participle υ contained in the topic t [21]. The
generation of the LDA topic model is mainly divided into two processes:

(1) Generate topic distribution θd for a piece of corpus d from the distribution of Dirichlet(α),
and then assign a topic zd,n to the word according to θd for the nth word in corpus d.

(2) Generate K topic-word distribution ψt
υ from the distribution of Dirichlet(β), select

ψzd,n with number zd,n and generate ωd,n according to this distribution.

α, β are the parameters involved in the model, and K is the number of topics. The
topic of each word is determined by Gibbs sampling, and then θd and ψt

υ are calculated
by counting the information of the word and topic. Input corpus data into the LDA topic
model [17], training can obtain K topics. Meanwhile, each corpus is represented as a
probability vector distribution of K topics, realizing the topic vectorized representation of
the corpus. Then the obtained probability vector distribution matrix is used as the input of
the DBSCAN clustering algorithm to divide the data into different categories [18]. Finally, the
topic words are extracted in the central corpus by selecting the corpus with a higher importance
in the representative corpus as the central corpus. Based on the assumption of the TextRank
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model: a corpus can be considered an important corpus if it has high similarity with another
corpus. If there are two sentences Si and Sj, the similarity calculation formula is Equation (1).

Similarity
(
Si, Sj

)
=

∣∣{tk ∪ tk ∈ Si ∩ tk ∈ Sj
}∣∣

log|Si|+ log
∣∣Sj

∣∣ (1)

tk represents candidate keywords. Calculate the similarity of the next sentence of each
classification topic according to the formula, extract the most important T sentences as
the core corpus and extract topic words from it. The evaluation indicators selected by
the DBSCAN clustering algorithm in this paper are Calinski–Harabasz (CH coefficient)
to calculate the compactness of each cluster, the Davies–Bouldin Index (DB coefficient) to
calculate the average maximum similarity of each cluster [22], and the Silhouette Coefficient
(SC Coefficient) to calculate the degree of cohesion and separation of each cluster class [23].

2.2.2. Grounded Theory

Application of Grounded Theory to construct an indicator system for sources of
disturbances in vegetable price fluctuations. Grounded theory is a qualitative research
method that constructs an initial theory through three-level coding of collected data and
returns to the original data and actual scenarios to be tested for theoretical saturation to
revise and refine the constructs [19]. Grounded theory can effectively avoid the limitations
of the data paradigm, which relies only on empirical formulas or a priori theoretical models
to conduct “programmatic” research on the collected data. Currently, this approach is
mostly used in the field of management, including the exclusion of influencing factors and
the construction of models of influencing factors for a phenomenon or behavior [24].

2.2.3. Improved Concept Lattice-Weighted Group DEMATEL Algorithm

To address the shortcomings of previous studies on vegetable price volatility in terms
of indicator evaluation and inter-factor information mining, this study introduces a com-
prehensive subjective and objective weighting method based on the conceptual lattice-
weighted group DEMATEL technique, evaluating a system of indicators of disturbance
sources of vegetable price fluctuations derived from rooting theory and exploring the
interactions among the factors [20]. The subjective-objective assignment method can not
only fully reflect the evaluator’s subjective perception degree of different indicators, but
also objectively process known information, thus making up for the shortcomings of the tra-
ditional assignment algorithm in the accuracy and objectivity of determining the relationship
between factors. The calculation formula of the relationship coefficient between the factors in
the improved concept lattice-weighted group DEMATEL algorithm is Equation (2).

zij
′ =

p

∑
l=1

λl ·zij (2)

zij is the initial matrix obtained after the expert scoring method is used to determine the
influence relationship between factors, λl is the weight coefficient after clustering experts
with the same judgment, and zij

′ represents the influence matrix of all expert opinions.
According to the steps of the traditional DEMATEL algorithm, the centrality and cause of
each factor can be calculated, centrality represents the importance of the factor in the system,
and cause represents the interaction of the factor with other factors. The weight value ωj
of each factor in the probability vector distribution matrix of the LDA topic model and the
centrality rj calculated by the concept lattice-weighted group DEMATEL algorithm can be
weighted average to obtain the final weighted centrality Gj of each factor, and then leads to
the identification of key factors and their interactions, the calculation formula is as follows:

Gj =
rjωj

∑n
j=1 rjωj

(3)
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3. Data Sources and Data Processing
3.1. Data Sources

The data sources of this article are news, analytical articles, and academic articles
related to vegetable prices. Head Internet platforms, industry consulting websites, and
academic literature websites are selected as the main data collection websites. The specific
data sources are shown in Table 1.

Table 1. Text Data Sources.

Content Source Web Address (accessed on 1 February 2022)

News
Baidu https://www.baidu.com/
Weibo https://weibo.com/

WeChat subscription accounts https://mp.weixin.qq.com/
Industry information

Analytical articles
Consultation huinong https://news.cnhnb.com/

China agricultural information network. http://www.agri.cn/
Influencing factor CNKI (China National Knowledge Infrastructure) https://www.cnki.net/

The crawled data set contains 85,216 articles related to the fluctuation of vegetable
prices from 2010 to 2020, each of which includes title, text content, publishing time and
publisher. In addition, there were 950 articles on CNKI, spanning 2010 to 2020, each of
which includes a title, abstract, author and text. The data source selected in this paper is
based on the top six people with high attention. Based on China’s web page’s clicks and
dispatch volume, the top six websites are Baidu, Weibo, WeChat subscription accounts,
Consultation huinong, The China agriculture information network, and China National
Knowledge Infrastructure (CNKI). In addition, they rank in seventh place and differ greatly
from sixth place. Therefore, this article selects only the first six websites as data sources.
Ignore other URLs. At the same time, the high-precision crawler is used to only focus on
the articles and comments on the fluctuation of vegetable prices under complex uncertainty.
After multiple screenings, the data with less relevance are deleted. After later testing, the
data is highly representative.

3.2. Data Processing

In order to facilitate the model construction, data cleaning, word separation and
deactivation are needed for the raw text data. After removing punctuation marks and
network tags from the text, there are still more high-frequency prepositions, adverbs,
conjunctions and tone words in the data that do not contribute substantially to the results,
such as “the”, “and”, “do”, etc. These will have inhibitory effects on other words and
reduce the processing efficiency and accuracy of the text data, so the data need to be
deactivated, and this step requires a deactivation word lexicon. In this paper, we choose a
list of commonly used deactivated words and additionally add some deactivated words
related to this study by manual screening method. Since the original text will also contain
many vegetable nouns as well as grain and meat nouns, which are less useful for studying
the sources of disturbances in vegetable price fluctuations, they are also added to the
deactivation word list (Table 2).

Table 2. New stop words.

Category Stop Words

Vegetables Winter melon, beans, pumpkin, garlic, green pepper,
ginger, spinach, beef, mutton, leafy vegetables

Unit Kilogram, catty, ton, yuan

3.3. Descriptive Statistical Analysis of Text Data

There are 7002 documents in this research data set. After data preprocessing, the text
data set contains 85,216 paragraphs, with a total of 106,273 words.

https://www.baidu.com/
https://weibo.com/
https://mp.weixin.qq.com/
https://news.cnhnb.com/
http://www.agri.cn/
https://www.cnki.net/
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The statistics in Table 3 show that vegetable price-related web articles have variability,
in terms of the total number of words in individual documents, the mean value of the
dataset is 1064 with a standard deviation of 155, and from the number of paragraphs in
individual documents, it can be seen that each article has an average of 12 paragraphs with
a standard deviation of 37, indicating that the length of different vegetable price-related
web articles and their relevance to the content of the study have some variability. From
the number of words per paragraph, it can be seen that the average number of words
with a certain meaning in each paragraph is 6, and the standard deviation is 5, indicating
that there is variability in the structure and content of different paragraphs in vegetable
price-related web articles.

Table 3. Statistical Analysis of Text Data.

Maximum Minimum Average Standard
Deviation

Number of effective words per document 1064 3 15 155
Number of paragraphs per document 46 1 12 37

Number of effective words per paragraph 26 1 6 5

4. Model Calculation Results and Analysis
4.1. Keyword Extraction Based on LDA Topic Model

(1) LDA topic modeling results analysis. The LDA topic model is an unsupervised
machine learning algorithm that can be used to mine the implicit topic information in
large-scale document sets. The number of topics T is a very important parameter in LDA,
and the selection of T is directly related to the extraction and analysis of topics afterward.
When the number of topics is small, the information between topics is more scattered and
cannot extract information effectively; when the number of topics is large, the degree of
correlation between topics will increase and the topics have a high overlap. It has been
shown that the model quality is better for α = 50/T and β = 0.01. The LDA model tends to
assign few words to each topic and prefers to describe the document with fewer topics. In
general, the number of topics in a text set is related to the size of the text set, the larger the
size of the text set, the higher the number of topics [17].

In this paper, we used the degree of confusion to select the number of topics. The number
of topics selected ranges from 1 to 20 for iteration. The results are shown in Figure 2.
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From the calculation results, it can be seen that as the number of topics increases, the
perplexity shows a trend of first decreasing and then increasing, and the perplexity reaches
the lowest value when the number of topics is taken to 9. Therefore, the model performance
reaches the optimum when the number of topics is 9. Afterward, the probability vector
distribution matrix of about nine topics can be obtained by training the LDA model with the
collected corpus, and the training results are also visualized to obtain Figure 3. From Figure 3,
we can see that the nine themes obtained from the training have a high degree of similarity and
overlap, such as “reduction” and “drop”, “price increase” and “mark up”, “production and
sales” and “sales”, etc. We can find the central corpus by further clustering to extract the theme
words with a high degree of relevance, so as to reduce the redundancy of the data.
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(2) Analysis of DBSCAN clustering results. The calculation results of evaluation
indexes are CH = 45,747.1824, DB = 0.84441, SC = 0.6934. According to the analysis of
characteristic words extracted from the core corpus of cluster 1, the topic is mainly related
to the factors affecting the planting, circulation and holidays of vegetable prices. The topic
of cluster 2 is mainly related to the cost and transportation factors affecting vegetable prices.
The topic words of cluster 3 mainly include vegetable production and consumer income.
The topic of Cluster 4 mainly includes vegetable varieties and substitutes. The topic of
Cluster 5 mainly includes labor force, planting area, CPI, economy and other factors. The topic
of the central corpus of cluster 6 is the weather. Therefore, the weather is one of the important
factors affecting vegetable prices, and there are many reports and concerns on the Internet.

4.2. Construction of Vegetable Price Fluctuation Index System Based on Grounded Theory

Through the keywords obtained earlier, nouns or noun phrases are extracted from
them as feature words, and the feature words are coded and analyzed and modeled by
using the rooting theory [25].
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(1) Open coding. This process performs open coding of the collected information with
feature words as concept words, and the open coding is completed with two key steps,
a conceptualization step, and a categorization step, in accordance with the principles of
objective science.

Through constant comparative analysis, 32 categories were summarized.
(2) Spindle coding. In the open coding results, 32 categories were integrated and

grouped together to obtain five main categories and corresponding 27 sub-categories. The
sales cost, transportation cost, profit, pesticide, sowing area, technology level, resource,
variety, industry chain, processing, infrastructure, and vegetable production were grouped
into the supply category, the festival, car, substitute, network environment, population
size, vegetable consumption, price index, and people’s livelihood were grouped into the
demand category, the weather, month, and geographic location were grouped into the
natural environment category, the government policy and market economy were grouped
into the economic policy environment category, and vegetable price as vegetable price
category. The spindle coding results are shown in Table 4.

Table 4. Spindle coding results.

Main Category Corresponding Category Main Category Corresponding Category

Supply

Cost of sales

Demand

Festival
Transportation cost Vehicle

Profit Alternatives
Pesticides Network environment

Seeded area Population size
Technical level Vegetable consumption

Resources Price index
Varieties People’s livelihood

Industrial chain
Natural environment

Weather
Machining Month

Infrastructure Geographical position

Vegetable yield
Economic policy environment

Government policy
International environment Market economy

Vegetable price Vegetable price

Data source: self sorting and drawing.

(3) Selective coding. The typical relationship structure of the main category is shown
in Table 5.

Table 5. Typical relation structure of the main category.

Typical Relational Structure Connotation of Relational Structure

Supply→ Vegetable prices Supply has an impact on vegetable prices

Demand→ Vegetable prices Demand has an impact on vegetable prices

Natural environment→ Vegetable prices Supply plays an intermediate role in the impact
of the natural environment on vegetable prices

Economic policy environment Economic policy environment plays a
regulatory role in the impact of supply on

vegetable prices
↓

supply → vegetable prices
Data source: self sorting and drawing.

By analyzing and comparing the five main categories and 27 corresponding subcate-
gories, “vegetable prices” can be used as the core category of this study. Based on this core
category, various variables related to the sources of disturbance of vegetable price volatility
in a complex and uncertain environment are grouped into a theoretical framework.



Agriculture 2022, 12, 648 10 of 14

The storyline that unfolds is that four aspects: supply, demand, natural environment,
and economic policy environment have an impact on vegetable price fluctuations, with
supply playing an intermediate role in the process of the natural environment’s impact on
vegetable prices and the economic policy environment playing a moderating role in the
process of supply’s impact on vegetable prices.

(4) Construction of vegetable price fluctuation index system. This paper constructs
a preliminary system of indicators of vegetable price fluctuation disturbance sources
under complex uncertainty conditions based on the three-level coding of rooting theory
and optimizes the indicator system by using the literature research method and expert
consultation method. Drawing on relevant literature and consulting relevant experts and
scholars, the indicators that are difficult to measure are split or combined to ensure that
the indicators follow the combination of quantitative and qualitative. The index system
constructed after optimization is shown in Table 6.

Table 6. Index system of interference sources of vegetable price fluctuation.

Primary
Index Secondary Index Indicator Type Primary Index Secondary Index Indicator Type

Supply

Annual yield of vegetables Quantitative index

Demand

Price of relevant substitutes Quantitative index
Vegetable planting area Quantitative index Urban population Quantitative index

Material cost input Quantitative index Rural population Quantitative index
Total power of agricultural machinery Quantitative index Vegetable consumption of urban residents Quantitative index

Cost-profit ratio Quantitative index Vegetable consumption of rural residents Quantitative index
Vegetable imports Quantitative index Consumer price index Quantitative index

Economic
policy envi-

ronment

Traffic level Qualitative index Urban family Engel Quantitative index
Technical level Qualitative index Rural household Engel Quantitative index

Soundness of price control policies Qualitative index Network environment Qualitative index
Soundness of vegetable industry chain Qualitative index

Natural
envi-ronment

Climatic conditions Qualitative index
Economic development level Quantitative index Geological conditions Qualitative index

Social development level Quantitative index

Data source: self sorting and drawing.

4.3. Identification of Key Influencing Factors Based on Improved Concept Lattice-Weighted Group
DEMATEL

Then, experts in the field of agricultural economics were invited to determine the
interaction between the factors, and the evaluation degree of the influence relationship was
set as strong = 4, strong = 3, average = 2, weak = 1, and none = 0. The results were clustered
by the conceptual lattice-weighted group method. The direct influence matrix of the pooled
four experts’ opinions was obtained.

According to the formula in the traditional DEMATEL method M = Z
max

(
∑n

j=1 zij

) , we

obtain the standardized influencing factor matrix M. Furthermore, according to the for-
mula N = lim

k→∞

(
M + M2 + · · ·+ MK) = M(I −M)−1, we can obtain the comprehensive

influence matrix N.
Finally, we use formula ai = ∑n

i=1 nij and formula bi = ∑n
j=1 nji to obtain the influence

degree ai and affected degree bi in the vegetable price fluctuation index system. Then,
according to the formula ri = ai + bi and si = ai − bi, we obtain the centrality ri and
cause degree si. Since the probability vector distribution matrix based on the LDA theme
model objectively reflects the influence proportion of each index in the vegetable price
fluctuation system, it is used as the basis for measuring the importance of the index, while
the concept lattice weighted group DEMATEL method more comprehensively considers
the interaction between each index. Therefore, we calculate the weighted centrality of each
indicator according to Formula (4) to ensure the scientific and rigor of the data results. The
calculation results are shown in Table 7.
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Table 7. Calculation results of improved concept lattice weighted group DEMATEL model.

Primary
Index Secondary Index Influence

Degree
Affected
Degree Centrality Cause

Degree Importance Weighted
Centrality Sort

Supply

Annual yield of vegetables 2.2031 2.8603 5.0634 −0.6572 0.1055 0.0699 1
Vegetable planting area 2.4070 2.8876 5.2946 −0.4806 0.0955 0.0661 5

Material cost input 1.7615 2.1982 3.9597 −0.4367 0.0967 0.0501 12
Total power of agricultural machinery 1.5551 1.7554 3.3105 −0.2003 0.0885 0.0383 17

Cost-profit ratio 2.3183 2.4034 4.7217 −0.0851 0.0890 0.0550 8
Vegetable imports 1.7253 1.7653 3.4906 −0.0400 0.0840 0.0384 16

Demand

Price of relevant substitutes 2.2504 2.6193 4.8697 −0.3689 0.1070 0.0682 3
Urban population 1.6559 1.4368 3.0927 0.2191 0.1060 0.0429 14
Rural population 1.8131 1.6092 3.4223 0.2039 0.0960 0.0430 13

Vegetable consumption of urban residents 2.1049 2.3912 4.4961 −0.2863 0.0856 0.0503 11
Vegetable consumption of rural residents 2.0944 2.4807 4.5751 −0.3863 0.0856 0.0512 10

Consumer price index 2.1565 2.2750 4.4315 −0.1185 0.0445 0.0258 18
Engel coefficient of urban households 1.7078 1.9795 3.6873 −0.2717 0.1160 0.0559 7
Engel coefficient of rural households 1.6666 1.9768 3.6434 −0.3102 0.1100 0.0524 9

Vegetable related network public opinion 1.1671 1.0980 2.2651 0.0691 0.0240 0.0071 22

Natural
environment

Climatic conditions 1.8718 1.5490 3.4208 0.3228 0.1260 0.0564 6
Soil conditions 1.7134 1.1055 2.8189 0.6079 0.1095 0.0404 15

Economic
and social

environment

Soundness of price control policies 2.4025 2.1195 4.5220 0.2830 0.1140 0.0674 4
Soundness of vegetable industry chain 2.5494 2.2180 4.7674 0.3314 0.1110 0.0692 2

Economic development level 2.9984 2.4171 5.4155 0.5813 0.0220 0.0156 19
Technical level 1.6342 1.4112 3.0454 0.2230 0.0170 0.0068 23

Traffic level 2.0602 2.0225 4.0827 0.0377 0.0230 0.0123 20
Social development level 2.9086 2.1462 5.0548 0.7624 0.0160 0.0106 21

From the results of the calculation of the impact degree and the impacted degree of
each indicator in Table 7, the indicators with higher influence degree include the level of
economic development, the level of social development, the soundness of the vegetable
industry chain, vegetable planting area, and the soundness of price regulation policy, which
have relatively higher influence degree on other factors and belong to the “origin type”
factors. In terms of the degree of being influenced, the indicators with a higher degree of
being influenced include vegetable planting area, annual vegetable production, prices of
related substitutes, vegetable consumption of rural residents, and cost profitability. These
influencing factors are influenced by other factors to a greater extent and belong to the
“result type” factors.

The magnitude of centrality and causality of each indicator in the complex uncertainty
system reflect the importance of the indicator in the system and the correlation with
other indicators, respectively. The relatively important factors among the 23 indicators of
disturbance sources of vegetable price fluctuations are annual vegetable production, the
soundness of the vegetable industry chain, and the prices of related substitutes. Meanwhile,
the factors affecting vegetable price fluctuations can be divided into 11 causal factors (causal
degree > 0) and 12 consequential factors (causal degree < 0) according to the size of the
causal degree of each indicator. The factors with larger cause factors are social development
level, economic development level and soil conditions, which indicate that these factors are
not easily influenced by other factors in the system, but can actively influence other factors.
The factors with larger outcome factors are annual vegetable production, vegetable planting
area, material cost inputs, etc., which are mainly reflected in the supply category, which
indicates that supply level factors are more susceptible to other factors in the vegetable
price fluctuation system, but have a weaker ability to influence other factors. Therefore,
attention should be paid to the differences between the cause-and-effect factors in the
implementation of vegetable price regulation.

5. Conclusions and Suggestions

This paper uses web crawlers to obtain 86,166 pieces of text data related to vegetable
price fluctuations over a 10-year period, uses the LDA topic model and DBSCAN clustering
algorithm for topic analysis and key corpus research, uses the rooting theory qualitative
research method for three-level coding, constructs a system of disturbance source indicators
affecting vegetable price fluctuations, and finally applies the improved concept lattice. The
DEMATEL algorithm with an improved concept lattice-weighted cluster technique was
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applied to deeply explore the interactions among the factors and select the key influencing
factors: annual vegetable production, the soundness of the vegetable industry chain, the
price of related substitutes, the soundness of price regulation policy, vegetable planting
area, and climatic conditions. Compared with the previous research, the indicators ob-
tained in this paper subdivide the urban and rural dimensions of vegetable consumption,
household Engel coefficient and population number of urban and rural residents [26].
In the dimension of the natural environment, the network of public opinion related to
soil conditions and climatic conditions was introduced, and the impact of social media
public opinion on vegetable prices was refined [12,13]. In the dimension of the economic
and social environment from the macro perspective, the connotation of the indicators is
extended at the four levels of price regulation and control policies, industrial chains, and
economic and social development levels, which are more objective and comprehensive
than the previous system, and enrich and improve the risk warning indicators for vegetable
price fluctuations.

According to the conclusions of this paper, the following policy recommendations are
put forward:

(1) Ensure the steady growth of vegetable production, and achieve a healthy market
supply. Ensure adequate quantity, variety and balanced supply of vegetables to prevent
drastic fluctuations in vegetable prices Relevant departments should start to solve the
production difficulties from the supply side of funds, technology, innovation and other
elements in all aspects, promote the rapid development of new production models, and
promote the steady increase in vegetable production and the sustainable and healthy
development of related industries. At the same time establishing and improving the
relevant incentives and support policies to encourage relevant practitioners and R & D
personnel in the vegetable industry to actively explore and improve the level of technical
planting at the source of vegetable production.

(2) Promote the construction of the whole industrial chain of vegetables. At present,
China’s vegetable production and operation has a certain degree of fragmentation, a single-
family scattered planting and operation mode leads to vegetable production and circulation
and sales cannot be effectively docked. Therefore, the government should promote the
scale production of vegetables as well as the model of agricultural super-connection to
improve the vegetable industry chain, realize the standardization of the whole industry
chain, and promote the high-quality development of the vegetable industry.

(3) Implement and improve the price control policy of agricultural products, using
a variety of regulatory instruments to stabilize price fluctuations. At present, due to
the special nature of vegetable production and circulation, the market sometimes fails
in the development of the vegetable industry thus hindering the development of the
vegetable economy. Price authorities can further improve the price control mechanism
from the perspective of the construction of the early warning mechanism for vegetable
price fluctuations, the improvement of the vegetable price adjustment fund system, and
the maintenance of market supervision norms.

(4) Develop a new model of rural land transfer to protect the vegetable planting area.
At present, with the increasing level of urbanization in China’s rural areas, a considerable
portion of agricultural land has been expropriated by industrial and commercial industries,
bringing some resistance to the large-scale production of vegetables. Therefore, the relevant
departments around the minimum vegetable planting area should be set by the “red line”
and actively introduce other policies to promote the reasonable and healthy transfer of
rural land to insure vegetable planting areas around the country, which are important for
the maintenance of stable vegetable prices around China.

(5) Strengthen early warning of natural disasters to reduce the adverse effects of
climatic conditions in vegetable production. Disaster factors in climatic conditions have
an important impact on vegetable cultivation status and total production. Therefore,
it is necessary to vigorously develop the facility vegetable industry chain to alleviate
the seasonal contradictions of vegetable price fluctuations; encourage the introduction
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and research and development of new technologies related to bulk vegetable varieties to
mitigate the adverse effects of price fluctuations. At the same time to do a good job of
meteorological warning, and achieve early prevention, to minimize the risk and loss.

(6) Promote the construction of a vegetable big data service platform to promote the
development of the vegetable industry driven by the internet and big data and reduce the
uncertainty of vegetable price fluctuation. This paper suggests integrating market data
with meteorological data to provide a data basis for the subsequent vegetable price warning
and vegetable quality evaluation. At the same time, it provides vegetable price inquiry and
analysis services for vegetable industry operators and consumers to reduce the unreasonable
allocation of resources caused by the asymmetry of information between market supply and
demand and promote the healthy economic development of the vegetable industry.
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