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In the context of the “Internet plus” era, the study of tea industry online attention is a new perspective in research on the tea industry and an opportunity for the sustainable and high-quality development of this industry. Based on the Baidu index, this paper obtains web attention data from 2012 to 2021, analyzes the spatial and temporal evolution characteristics of online attention using the seasonal concentration index and geographic concentration index, and quantitatively discusses the influencing factors using correlation analysis and GeoDetector. The results show the following: The interannual change in China’s tea industry online attention shows “rapid growth, high level of stability, slow decline,” the monthly distribution has an intense concentration, mainly in March-April and October, and the interday distribution of attention peaks on weekdays. The spatial distribution shows an intense geographical concentration, with an overall trend of “light concentration first, then light dispersion.” The migration trajectory of the center of attention is tilted toward the southwest. Economic development status, residents’ income, the natural environment of tea growing, the leisure time of followers, and the price level of tea are the essential factors affecting the of the tea industry online attention. In contrast, the other factors we have chosen have a weaker impact on online attention compared to the few factors just mentioned.
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1 INTRODUCTION
1.1 Background and literature review
China is the birthplace of tea (Meegahakumbura et al., 2017), and tea culture has a long history. Tea is an essential traditional economic crop in China. Over the past 40 years, China’s modern tea industry has been developing rapidly, with tea plantation area, tea production, and domestic tea consumption ranking first globally. However, with “Internet plus” and globalization vision, the traditional model of the tea industry is facing unprecedented challenges. With the rapid development of network applications, “Internet plus” is becoming a catalyst for dramatic changes in various fields and industries. The development of the “Internet plus tea industry” model is a crucial way to promote regional development, improve the living standards of residents, and support rural revitalization and industrial integration and is a typical example of the transformation of the development of traditional industries and a new opportunity for the high-quality development of the tea industry.
Online attention (OA) refers to the users’ degree of concern and demand for information through online searches for relevant information (He et al., 2017), which reflects the degree of concern and request of users according to the search volume, and its data sample size is large and time-sensitive (Sun et al., 2017). Chinese users mainly use the search engines Baidu, Bing, and Google, of which Baidu accounts for approximately 72.4%, so the Baidu index, as one of the big data indicators for studying online attention, can broadly reflect the temporal and spatial characteristics of Chinese users in regard to the tea industry online attention (Abbreviated as TIOA). Producers release information to the public through online platforms. Consumers, in turn, follow, understand and access information through Internet channels to inform their decisions. Online attention on the one hand becomes an important channel for followers to obtain information and assist in decision-making. On the one hand, researchers and some industry personnel can use big data technology to analyze and mine the historical data and dynamic evolution, summarize industrial development laws, patterns and predict development trends. The study of the spatial and temporal characteristics of network attention and its influencing factors has certain guiding significance for production information management and online marketing.
Research on online attention was first started by Western scholars (Katz and Aspden, 1997; Kwan et al., 2006), mainly exploring topics such as search behavior and consumer decision-making based on Google Trends. It is found that Internet search data reflect users’ attention to a certain phenomenon or thing to a certain extent, and to a certain extent there is a correlation with real social behavior (Ginsberg et al., 2008). In recent years, global scholars have focused their research on online attention in tourism (Yang et al., 2015; Zhang et al., 2022), media (Holt et al., 2013), disease surveillance (Hu et al., 2022), hazard monitoring (Guo et al., 2022), finance and trade (Jue et al., 2017; Cheraghali et al., 2022). This research is mainly concerned with the spatiotemporal characteristics (Zhang et al., 2016), marketing strategies (Cai et al., 2016), and empirical coupling studies (Ju et al., 2017) of online attention.
Research on “Internet plus” in the tea industry has focused on the following areas. Hu’s research review provides an outlook on Internet + tea through concept definition, overview framework, and application prospects (Hu, 2015). In terms of empirical research, Shen conducted a sample of respondents through in-depth interviews in the field. It was concluded that the media and the Internet provide opportunities for the development of small and medium scale, pointing out the contribution made to the economy of the tea industry and rural revitalization (Shen and Chou, 2022). Paul developed a conceptual model of a BCT-driven tea supply chain by integrating BCT into the tea supply chain and investigated its positive impact on the tea supply chain based on the structural equation of partial least squares regression (Paul et al., 2021). Dou et al. (2021) used data from yearbooks, statistical handbooks, etc. An evaluation index system affecting the price of pu-erh tea was established and an empirical study was conducted using TOPSIS method. It was pointed out that economic development factors and Internet development level factors have a great influence on the price, so it proposed that the need to use Internet thinking is an important work for the tea industry in the future (Dou et al., 2021). Liu et al., studied an IoT-aware machine learning (ML) approach for early prediction of disease probability in agricultural environment, which plays an active role in the application of precision agriculture (Liu K. et al., 2022). Xu adopted a mixed-method approach and conducted a questionnaire survey of key practitioners, the public sector, and domestic and international tourists during fieldwork in the West Lake Longjing tea region, with the aim of analyzing the problems and proposing countermeasures for the development of tea tourism in China in the era of the experience economy (Xu, 2022). KHAN used a structured questionnaire and constructed a structural equation model. The extent of customers’ decision to purchase tea was studied in terms of social influence, shared vision, psychological evaluation and mutual trust, concluding that internet always has a crucial role in individuals’ decision to purchase, use and change their perception. (Khan et al., 2021). For concern people, information was usually obtained through TV, radio, books, and conversations, but nowadays, the Internet can be used to obtain a large amount of information easily and quickly. For researchers and practitioners, data are usually obtained through field research, in-depth interviews, volunteer experiments, statistical yearbooks, etc., which is more difficult to obtain information and the amount of data is limited. Compared with traditional information dissemination methods, Internet+ and big data have convenient and efficient features, which make up for these problems very well.
Internet data is rich in value, which helps to discover the development rules of the industry and provide information for industry decision-making. Baidu index is used to conduct statistics and analysis of internet search attention of the tea industry, with a view to providing reference for tea industry producers to better understand and grasp market demand. It has certain significance for the tea industry to formulate regionalized, seasonal and precise marketing strategies and deploy transportation resources, revealing the precursor effect and spatio-temporal characteristics of online attention, and providing scientific reference for the layout of the tea industry. The application of Internet + helps the transformation and optimization of the tea industry, a traditional industry, to upgrade.
From the research method, the current research is mostly qualitative research, and the results of quantitative research are relatively few. From the data sources, it is mostly questionnaire interviews, statistical data and yearbook data, and the data types are mostly cross-sectional data. In terms of research content, the fields involved are relatively broad, and there are fewer studies combining Internet + tea with geography. Therefore, compared with previous studies, this paper is innovative in terms of research design.
In the context of “Internet + tea industry”, there are more achievements in other fields, but there are fewer studies on the tea industry online networks, and the tea industry “Internet+" has not been studied quantitatively using big data. Studies of the tea online attention perspective based on internet big data are even rarer. Thus, As for the innovation point of this paper, a cross-disciplinary study of the spatial and spatiotemporal distribution characteristics and influencing factors of China’s tea industry online attention is conducted based on a multidisciplinary perspective and geographic spatiotemporal thinking and using internet big data. In addition, in the research of influencing factors, compared with the same type of research, qualitative analysis, GWR model and correlation analysis are mostly used, and we introduce GeoDetector to detect factors and interact with influencing factors, which are less used in the same type of research. The aim of this paper is to provide data support for the marketing decisions of the tea industry, which is helpful for accurately understanding demand so that targeted products and services can be offered and is greatly significant for the high-quality and sustainable development of the tea industry.
1.2 Study area overview
The research object of this paper is the tea industry online attention in 31 provincial administrative regions in China, excluding Hong Kong, Macao and Taiwan. In this paper, China is divided into tea production and marketing areas according to the production status of the tea industry (Xiao et al., 2018). The production and marketing area, that is, the tea production area, is mainly distributed in the latitude range of 18°N∼37°N and the longitude range of 95°E∼122°E. It is primarily classified into four tea regions, namely, the North Yangtze, South Yangtze, South China and Southwest tea regions. Warm weather, suitable ground that is acid and not alkali, and shade, not Sun, are best for growing tea, so the tea industry and the distribution of tea-producing areas and the geographical environment of tea growth are closely linked. The tea production distribution map of China was drawn based on tea production data from 2012 to 2021 (Figure 1). The spatial distribution of the tea industry reflects the tea production of each province. Provinces with high production include Hubei, Zhejiang, Yunnan, Fujian, Anhui, Jiangsu, Sichuan and Henan. These provinces are the main tea-producing areas in China and have more complete supportive industrial chains, with higher production and marketing value and a more intensive tea industry. Other provinces such as Shaanxi and Shandong also have a small amount of tea industry distribution. The above areas are the production and marketing areas of China’s tea industry, and other areas are the sales areas of China’s tea industry. In general, the distribution of China’s tea industry has a “dense south and sparse north” pattern.
[image: Figure 1]FIGURE 1 | Tea-producing areas and production distribution in China.
2 THEORETICAL FRAMEWORK
The theory of limited attention is derived from psychology and was first applied to research in the field of investment. It focuses on the relationship between asset prices and investor behavior. Scholars have concluded in their research that people can only pay attention to one thing within a time period, and it is difficult to pay attention to more than one thing at the same time (Cherry, 1953). People cannot obtain and understand information in a timely manner due to limited time and energy and can only analyze and judge the information that attracts their attention. For followers and potential followers, there is a large amount of information about the tea industry on the Internet, and usually only a limited amount of attention will be directed to attractive content at a certain time. This also leads to differences in the degree of attention received by different regions at different times, which provides the basis for this paper to analyze the spatial and temporal differences in the online attention of the tea industry in China and the influencing factors.
Spatio-temporal thinking is one of the characteristics of geographic research. Temporal thinking is reflected as ephemeral research, cotemporal research and anticipatory research; spatial thinking is reflected as spatial distribution, spatial structure and spatial relationship (Yao-feng et al., 2011). The organic combination of spatial thinking and temporal thinking reflects the unity of ephemerality and co-occurrence. In this paper, the use of Spatio-temporal thinking helps to enhance the depth and scientificity of research on issues such as spatial evolution and temporal research.
As a new subdiscipline of geography, cyberspace geography is an extension of real space to virtual space, which transforms the traditional human-land relationship into a new human-land-net relationship (Gao et al., 2019). Big data technology has “6 V″ characteristics: volume, variety, velocity, veracity, value, and valence. Based on the principle of big data visualization to visualize abstract data in visual graphics, geospatial thinking is used to present the information and Spatio-temporal dynamic laws implied in the data.
Hypotheses H1. and H2 were proposed based on limited attention theory and Spatio-temporal thinking theory, and the hypotheses were verified using geospatial statistical methods, correlation analysis and geographic detectors.
H1. Chinese tea industry network attention has significant divergent characteristics in Spatio-temporal distribution.
H2. Natural factors, economic factors and social factors have a significant influence on the spatial pattern of attention.To study the distribution characteristics of network attention, first, hypothesis H1H2 is proposed based on theories such as limited attention theory, Spatio-temporal thinking and network spatial geography theory. Second, the Spatio-temporal pattern of Chinese tea industry network attention is analyzed with the theoretical framework of the scale-pattern-process-mechanism; geospatial statistical methods, correlation analysis and geographic detectors are used to study the influencing factors to verify the hypothesis of H1H2 (Figure 2).
[image: Figure 2]FIGURE 2 | Theoretical framework.
3 MATERIALS AND METHODS
3.1 Data source
Since the study area of this paper is China, we used the Baidu index, which is owned by Baidu, the world’s largest Chinese search engine, with the aim of improving the accuracy of the study. For this paper, we use “cha (tea)" and “cha ye (tea leaf)" as keywords in the Baidu index platform to obtain daily, monthly and yearly data on the internet attention of 31 provincial-level administrative regions (Hong Kong, Macao and Taiwan are not included in the study because the values for these areas are too low). The Baidu index data for this term started in February 2011. For the sake of data integrity, 2012 is taken as the starting year of data, and 2021 is taken as the cutoff year of data. The climate data and socioeconomic statistics from 2012 to 2021are obtained from the statistical yearbooks, statistical bulletins and government work reports of each province (autonomous region).
3.2 Research methods
3.2.1 Interannual variation index
The interannual variation index is an index that describes the interannual variation in web attention based on the average value of web attention over many years, where Yv is the interannual variation index, Ni is the value of web attention in year i, and n represents the number of study years. The closer to 100% the value of Yv tends to be, the less the interyear variation of online attention is, and the more stable the online attention is, and vice versa. A Yv value greater than 100% indicates that the web concern of the place is higher than the overall average. A Yv value less than 100% indicates that it is lower than the overall average (Bao and Chen, 2017; Wang et al., 2022; Yan, 2023).
[image: image]
3.2.2 Seasonal concentration index
This index is used to reflect the concentration of the research subjects in monthly time (Zhang et al., 2016). In this index, xi is the proportion of the attention of each month in the whole year, and R is the seasonal concentration index. The more R tends to zero, the more uniform the monthly online attention distribution and the smaller the seasonal concentration; the more significant the R value is, the more dispersed the attention distribution and the greater the seasonal concentration (Ma and Long, 2017; Tang and Bao, 2018; Guan et al., 2022).
[image: image]
3.2.3 Geographical concentration index
This index is an indicator of the degree of geographical concentration of an economic activity (Xiao et al., 2018), reflecting the concentration or dispersion of the regional distribution of the tea industry online attention. In the formula, pj indicates the tea industry online attention in region j; p indicates the total amount of tea industry online attention, and G is the geographical concentration index, n represents the number of regions. The closer G is to 100, the more concentrated the online attention is in a particular region, and vice versa, the more dispersed it is (Frandsen, 2005; Wren, 2012).
[image: image]
3.2.4 Intra-weekly distribution skewness index
This index is used to measure the concentrated distribution characteristics of the tea industry online attention on the micro time scale within weeks. The calculation formula is:
[image: image]
In the formula, ifi is the ratio of online attention on day i to online attention in the week. If W < 0, the online attention is distributed in the early part of the week; if W > 0, the attention is mostly concentrated in the late part of the week; and if W = 0, the attention is symmetrically distributed throughout the week (Liu et al., 2010; Qiu and Zheng, 2017; Rosselló and Sansó, 2017).
3.2.5 GeoDetector
GeoDetector (GD) is a model that is used to detect spatial heterogeneity, explain the explanatory strength of the differential driving forces behind its influencing factors, and reveal factor interactions (Wang et al., 2016). In this paper, we use the factor detection and interaction detection functions to clarify the explanatory strength of each influencing factor on the attention of the tea industry online and to detect the interaction between each influencing factor indicator.
[image: image]
The q in the formula is the impact factor impact strength detection value, Nh is the number of cells contained in the probe element and the whole area, and N is the variance between the element layer h and the Y value of the whole area, L is the stratification (Strata) of variable Y or factor X, representing the classification or partition. q has a value range between 0 and 1 if the stratification is generated by the independent variable X; the larger the q value is, the more substantial the explanatory power of the independent variable X on the attribute Y, and vice versa (Liao et al., 2021; Liu Z. et al., 2022).
4 RESULTS
According to the theoretical analysis framework of “scale - pattern - process - mechanism”, the research results mainly illustrate three academic issues: firstly, to explore the temporal characteristics of the Chinese tea industry online attention; secondly, to explore the evolution of the spatial distribution pattern of the Chinese tea industry online attention; thirdly, to establish the index system of the influencing factors of the tea industry online attention, and to study the influencing factors based on qualitative and quantitative analysis and geographic detectors.
4.1 Temporal distribution trends of TIOA
There are various scales for analyzing the temporal characteristics of online attention, and this study aims to analyze the temporal characteristics of online attention in detail and specifically through three time scales: annual, monthly, and intra-weekly, and to provide reference for production operators to develop seasonal and seasonal production and marketing strategies through temporal characteristics.
4.1.1 Inter-annual characteristics
The interannual variation index was used to quantify the interannual variation in tea industry online attention (Figure 3). The resulting Yv values all ranged from 50% to 120%. When Yv is closer to 100%, it indicates that the interannual variation in online attention is more stable. A Yv value greater than 100% indicates a good development trend. Yv rose from 2012 to 2017 and peaked in 2017. From 2017 to 2019, the online attention remained relatively stable at a high level, and after 2019, the online attention gradually declined. Among these years, the one with the most significant increase in online attention is 2013–2014, with a rise of 32.12%, and the largest decline is 2019–2020, with a decrease of 12.98%; the rate of decline for 2020–2021 is 2.89%, slowing down the rate of decline. Yv values after 2014 are more significant than 100%, and the overall development trend of the tea industry online degree is good. The 2017 tea industry online attention peaked, which may be related to the professional qualification certificate of tea artisan “return”, China’s first discovery of the tea tree genome, the death of tea industry titan Zhang Tianfu and other public opinion events related to the tea industry. The inter-year characteristics show us the trend of concern in different years.
[image: Figure 3]FIGURE 3 | Interannual change index of China’s TIOA from 2012 to 2021.
4.1.2 Monthly characteristics
Online attention is a reflection of consumer demand and search behavior on the internet. Visualize the monthly distribution of online attention in China’s tea industry from 2012–2021, roughly showing a bimodal pattern (Figure 4). The peak periods are March to May and October every year. The rest of the months have a more even distribution of tea industry online attention, which is the trough period of attention. Overall, the tea industry online attention has more obvious seasonal characteristics, with the highest attention in spring, followed by autumn, and the lowest online attention in winter. It is initially speculated that the monthly change in tea industry online attention may be related to the climate, which will be verified later.
[image: Figure 4]FIGURE 4 | Monthly distribution characteristics of China’s TIOA from 2012 to 2021.
Mathematical model analysis was used to enhance the accuracy of the study, based on the visual presentation of monthly characteristics, the seasonal intensity index R is used to analyze the degree of temporal concentration of the Chinese tea industry online attention. A larger value of R indicates more significant monthly differences, and vice versa, it tends to be evenly distributed. As shown in Table 1, the R values of Chinese tea industry online attention are all concentrated between 8.2 and 8.3, and the seasonal concentration index is relatively stable. Among them, the R-value of 2021 is the largest, indicating that the monthly variation in tea industry online attention is the largest in 2021, and the R-value of 2017 is the smallest, which means that the monthly variation in 2017 is the smallest. This indicates that the distribution characteristics of tea industry online attention have a strong monthly concentration. Through the monthly distribution characteristics analysis, we can see a “bimodal”, indicating that the tea industry online attention in a year there are 2 periods of higher attention.
TABLE 1 | Seasonal intensity index and intraweekly distribution skewness index of China’s tea industry online attention from 2012 to 2021.
[image: Table 1]4.1.3 Interday characteristics
The intraweekly distribution of tea industry online attention was further analyzed using the intraweekly distribution skewness index W. The results are shown in Table 1. The results show that W < 0 from 2012 to 2021, and the value of W does not vary significantly, indicating that the intraweekly distribution of tea industry online attention is skewed toward the front part of the week and that the degree of skewness does not vary significantly. Among them, the smallest W value in 2013 indicates that the degree of intraweek bias is the largest, and the largest W value in 2016 tends to 0, indicating that the intraweek distribution bias in that year is the weakest and tends to the average intraweek distribution.
The data superimposed on daily attention from 2012 to 2021 are superimposed, and the average value is needed to obtain the distribution of online attention within each year. Its distribution is consistent and generally manifests as the characteristics of high working days and low weekends. The highest value is Monday, and the minimum attention value is Saturday (Figure 5). Therefore, it is speculated that the distribution characteristics of the tea industry online may be related to work needs. The intra-week distribution study aims to explore whether weekends have an impact on the attention of the tea network.
[image: Figure 5]FIGURE 5 | Intra-week distribution characteristics of China’s TIOA from 2012 to 2021.
4.2 Spatial distribution characteristics of TIOA
This section aims to explore, through visualization, whether there are spatially concentrated characteristics of online attention, how differences are presented, what kind of differences are presented, and how the center of gravity of spatial distribution is shifted in direction.
4.2.1 Spatial aggregation characteristics
To analyze the spatial distribution clustering characteristics of China’s TIOA, a quantitative analysis with the geographical concentration index was conducted.
First, the geographical concentration index was used to measure the spatial concentration degree of tea industry online attention. Assuming that tea industry online attention is uniformly distributed across 31 provincial administrative regions, the geographical concentration index ‾G was calculated as 17.96. As shown in Table 2, the geographical concentration index of attention from 2012 to 2021 is greater than ‾G, indicating that the degree of concentration of attention distribution is greater than the concentration when it is uniformly distributed. From 2012 to 2021, the degree of attention G first showed an overall increase and then decreased. In 2016, the geographical concentration index was the highest, indicating that the degree of attention was most concentrated at this time. Overall, the spatial distribution of online attention shows a trend of mild concentration and then slight dispersion, and there is no drastic change in the attention of each year, indicating that the spatial distribution is relatively stable. It is preliminarily speculated that the changes in the geographical concentration index after 2016 may be related to factors such as the popularity of regional internet and the rise of the concept of “health preservation” in recent years, making tea popular in more regions, so the attention tends to be scattered. The study of "Spatial aggregation characteristics" based on the geographical concentration index aims to initially determine whether the Chinese tea industry network attention is spatially clustered.
TABLE 2 | 2012‒2021 China’s TIOA geographic concentration index.
[image: Table 2]4.2.2 Spatial divergence characteristics
Using ArcGIS 10.8, the spatial distribution characteristics of China’s tea industry online attention were visualized and analyzed. The values of tea industry online attention in each province in 2012, 2015, 2018 and 2021 were selected for stratified coloring, and the results are shown in Figure 6.
[image: Figure 6]FIGURE 6 | (A) is 2012’s spatial interpolation chart of China’s TIOA, (B) is 2015’s spatial interpolation chart of China’s TIOA, (C) is 2018’s spatial interpolation chart of China’s TIOA, (D) is 2021’s spatial interpolation chart of China’s TIOA.
The overall spatial distribution of the TIOA shows the characteristics of “China’s east more west less, coastal high inland low”. The north and south have high value area distributions, and the difference between the north and south is not significant. From a spatial point of view, the TIOA is the highest in Guangdong Province, and Jiangsu, Zhejiang, and Shandong also have a high degree of concern. The provinces with the lowest attention are Tibet, Qinghai and Ningxia. In addition, the online attention of Sichuan is higher than that of surrounding provinces, forming an island of high values; the online attention of Shanxi, Chongqing, Guangxi and Jiangxi is also significantly lower than that of neighboring provinces, forming a low value area. From a regional point of view, the value of online attention in each year by regional summation from high to low, in order, are as follows: East China, followed by North China, Southwest China, South China, Central China, Northwest China and Northeast China, with the overall spatial distribution of tea industry online attention around those that are more stable. It is preliminarily speculated that East China may have the highest ranking because of the degree of economic development in the region. The regional economic status and material conditions largely determine the level and volume of regional consumption, determine the development scale of the industry, and thus affect online attention. The lower TIOA in Northwest China is presumed to be related to the local dietary habits and preferences as well as the smaller population and lack of enough people to pay attention and search.
Referring to the research method of scholars (Tang and Xu, 2021). The rank order of online attention in each province and region was divided into cold spot and hot spot areas (Figure 7). The 1st-15th place of attention ranking is the hot spot area, and the 16th-31st place is the cold spot area. Meanwhile, the ranking changes are divided into growing, stable and declining. The average rank order and rank order change rate of online attention of each province and region from 2012 to 2021 were visualized, and the rank order and change rate were divided into six types. In terms of bit order characteristics, the top ten provinces in terms of online attention are Guangdong, Zhejiang, Jiangsu, Shandong, Beijing, Henan, Fujian, Sichuan, Hebei and Shanghai, in that order. In terms of the rate of change, provinces and regions with faster growth in rank order include Jiangsu, Yunnan, Anhui and Chongqing; provinces and regions with faster decline in rank order include Beijing, Fujian and Tianjin. Provinces and regions such as Guangdong, Zhejiang, Fujian and Hunan have a stable ranking while maintaining a high level of online attention. Provinces and regions such as Tibet, Qinghai, Hainan and Ningxia have lower and more stable attention. In addition, among the top 10 provinces of China’s TIOA, 7 provinces are the production areas of China’s tea industry and have better development of this industry and related industries. The spatial pattern of China’s tea industry reality has a certain coupling with the spatial pattern of online attention. Based on the Spatial Interpolation Chart and rank order change diagram of China’s tea industry online attention, the aim is to clarify which provinces have high attention and which provinces have low attention, and to analyze the overall trend of change in the attention of these provinces.
[image: Figure 7]FIGURE 7 | Average rank order and change rate of TIOA by provinces and regions from 2012 to 2021.
4.2.3 Spatial orientation characteristics
The standard deviation ellipse tool (SDE) and the center of gravity model tool in ArcGIS 10.8 were used to visualize and analyze the center of gravity of the distribution of TIOA, and the results are shown in Figure 8. The standard deviation ellipse distribution of China’s TIOA from 2012 to 2021 is relatively stable, and its long axis, short axis, flatness and distribution direction have not changed significantly, which indicates that the geographical space of the tea industry online attention distribution is also relatively stable. The mean center tool was used to determine that the center of gravity of the Chinese tea industry online attention is located in Henan Province. From 2012 to 2013, the center of gravity of attention was located in the Yicheng District of Henan Province, in 2020, it was located in Tongbai County, and for the rest of the years, it was located in Biyang County. The migration trajectory of the center of attention shows a shift from the northeast to the southwest, Combining the direction of change of the long axis of the SDE, i.e., the Chinese tea industry online attention tends to the southwest of China. In the study of the ranking characteristics above, among the 11 provinces that have risen in the ranking of China’s tea industry, the southwest region accounts for 4 places. Since 2012, tea production and sales, planting area and other indicators in Yunnan, Guizhou and Sichuan have grown rapidly. The reality of the rapid development of the tea industry in Southwest China in recent years is consistent with the fact that the center of gravity of China’s tea industry online attention is shifting to the southwest. Spatial orientation characteristics aims to explore which part of China’s regions are developing faster in terms of online attention from a more macro perspective, and to explore whether there is a coupling between the online attention situation and reality.
[image: Figure 8]FIGURE 8 | The SDE of TIOA distribution and the migration trajectory of center of gravity from 2012 to 2021.
4.3 Influencing factors of TIOA
Scholars believe that any factor that can influence the needs and access to information of followers is a factor that affects online attention (Dann, 1977; Tang and Xu, 2021). Based on the research of scholars (Zhang et al., 2016; Li et al., 2019; Mei et al., 2020; Hu et al., 2022), combined with the spatial and temporal characteristics of TIOA, this paper uses a combination of quantitative and qualitative approaches to explore the influencing factors that may affect tea industry online attention in natural, economic and social dimensions and uses a geographic detector to validate the influencing factors and measure the degree of influence of different factors.
4.3.1 Selection and analysis of influencing factors
This section aims to make a preliminary exploration of the influencing factors by correlation analysis of the influencing factors. in order to prepare for the geographic probe in the latter part.
4.3.1.1 Natural factors
Natural factors are the fundamental factors that affect attention. Tea is the material basis of the tea industry. If we only study the influencing factors of the tea industry from economic and social perspectives, we will split the natural attributes of the tea industry. The spatial distribution of tea industry online attention is closely related to the distribution of tea-producing areas and the geographical environment of tea growth. The environmental factors that affect the distribution of tea mainly include moisture, accumulated temperature, light, soil pH, drought and flood disasters. A good climate and natural environment are conducive to the growth of tea, while unsuitable natural environmental conditions make it difficult for the tea industry to develop, which in turn affects attention to the tea industry on the internet. Considering the availability of national-scale data, precipitation, temperature, sunshine and humidity were selected as indicators of natural factors affecting the attention of the TIOA (Lu et al., 2018; Shimei et al., 2018; Guo et al., 2022), and Pearson correlation analysis was conducted with the online attention of the tea industry. The results are shown in Table 3.
TABLE 3 | Correlation analysis of influencing factors of TIOA.
[image: Table 3]The tea season is the best period for natural conditions and tea growth and is therefore an important factor influencing the attention of the TIOA. According to the monthly distribution characteristics of the tea industry, two peaks of attention are formed in March to April and October every year. March to April coincides with the tea season dates of spring tea every year, while October corresponds with the autumn tea season every year. Every year, when a large number of new teas are listed in the tea season, it is not only the peak of consumers’ attention to the tea industry but also the peak time for each tea production operator to obtain information, which drives up the TIOA under the joint action of production and consumer demand. The correlation analysis initially showed that natural factors are one of the factors influencing online attention.
4.3.1.2 Economic and social factors
Economic and social factors are the direct factors affecting the attention of the TIOA. Referring to the relevant literature, GDP, income, industrial base, and output were selected as the indicators to measure economic factors (Liu and Liao, 2021; Liu et al., 2023). For consumers, the economic level determines the income consumption level and purchasing power of residents. The more developed the economy is, the stronger the potential willingness to buy, and the higher the demand for information, which in turn affects online attention. Tea is a nonessential good, and tea consumption can also reflect its income consumption level to a certain extent. Second, for producers, the economic level determines the level of tea industry funds, technical base and related supporting facilities. The industrial base determines the integrity of the upstream and downstream industrial chain of the tea industry, which in turn affects the level of development of the tea industry and ultimately affects the yield and healthy development of the tea industry. Combined with the actual situation in China, the level of economic development and marketization of the eastern coastal region is higher than that of the central and western regions during the same period, which is also one of the reasons for the divergence between east and west in the presentation of tea industry network attention (Sang et al., 2023).
In terms of social factors, the factors that affect the TIOA mainly include the online penetration rate, brand density, tea price index, education level and age of the followers (Lin, 2021; Wenjing and Gang, 2021; Zhao et al., 2022; Chen et al., 2023). Since population bases and internet user bases vary among different places, it is not accurate enough to adopt the number of internet users as the influencing factor, as the online attention penetration rate can directly affect the number of users who can search for information about the tea industry through the internet.
Brand density can reflect the level of development of the tea industry and the level of awareness of property rights protection in a certain place, and this paper uses the number of “China’s top ten famous teas” and geographical indication products as the basis for measuring brand density. Third, price is a reflection of demand, which can have an impact on the production arrangement of producers and the consumption intention of residents, which in turn can convey the degree of attention to information about the tea industry. In addition, demographic characteristics are also important factors that influence the online attention of the tea industry. For example, the age and education level of the followers are important factors that affect the degree of users’ usage of the online and the way they use it. Pearson correlation analysis was conducted between the above influencing factors and tea industry online attention, and the results are shown in Table 3. Most of the factors showed moderate correlation, and the p values of all factors passed the significance test.
The correlation analysis initially showed that Economic and social factors are one of the factors influencing online attention.
4.3.1.3 Other factors
The intraweekly distribution skewness characteristics above show that weekdays and nonworking days have an impact on tea online attention. Since leisure time is difficult to quantify, on the basis of reference to scholars’ assignments (Lijun et al., 2011; Zhang et al., 2016; Wang and Meng, 2023), a social virtual index (Hi) was used to assign a value between 0 and 1 to the degree of leisure in the intraweekly distribution from 2012 to 2021. 1 is busy, and 0 is leisure. Correlation analysis was performed between Hi and the mean value of online attention from 2012 to 2021, and the Pearson correlation coefficient was 0.901 and p < 0.001, which passed the consistency test (Table 4).
TABLE 4 | Intra-week TIOA and social virtual indicators table.
[image: Table 4]The second factor is the impact of festival activities or special events on the tea industry online attention. Relevant studies by scholars show that public opinion events and events also have a significant impact on online attention (Luo et al., 2011). For example, in March 2018, on the day when the “first bamboo tea” of Mengdingshan tea was launched, the attention of the tea industry online increased significantly. Major events not only drive the development of related industries but also play a positive role in stimulating demand, and some factors are not easily quantifiable. Examples include the personal preferences, living habits, consumption habits, and regional cultural background of the followers. The formation of living habits is a product of the natural climate, economy, culture and other factors formed under long-term effects. For example, the difference between the northern and southern tea drinking habits, the difference between coastal and inland areas, the demand for tea and the demand for tea types, clear drinking and blending and other drinking methods are also different, and these individual preferences also have an impact on attention. The correlation analysis tentatively showed that other factors were one of the factors influencing network attention, but we did not include other factors in the GeoDetector because they were not easily quantifiable.
4.3.2 Validation of impact factors based on geodector
The methods that scholars have used to research influencing factors mainly include correlation analysis, multiple linear regression (Xiao et al., 2017), and GWR models (He et al., 2018) among others. GeoDetector is an effective tool for studying and analyzing driving factors. Since GeoDetector can only detect the intensity of the impact factor and cannot discern the direction of the impact, correlation analysis needs to be performed first, and then GeoDetector can be used to verify the impact factor.
4.3.2.1 Factor detection
As shown in Table 5, all factors passed the Pearson correlation analysis as well as the p-value significance test. The data mean value was processed, and the influence factor data were clustered and discretized based on the Jenks natural break method to generate type data. Finally, each influence factor was imported into the geographic detector for influence q-value measurement to analyze the strength of the explanatory power between the influence factors and attention values of Chinese tea industry online attention. A total of 3 major categories and 12 index systems were established.
TABLE 5 | TIOA influence factor detection results.
[image: Table 5]Referring to the classification method of scholars on the q-value of influencing factors (Ruan et al., 2019), the influencing factors were classified into three categories: core influencing factors (q ≥ 0.5), important influencing factors (0.4 ≤ q < 0.5) and general influencing factors (q < 0.4). Among them, Y1 (GDP) and Y2 (per capita disposable income) are core influencing factors, X3 (annual sunshine hours), Y4 (tea yield), and Z3 (tea price index) are important influencing factors, other detection factors have relatively low q values, and the relative humidity (X4) and the education level of followers (Z4) have a weak degree of influence on the attention of the TIOA. The factor detection aims to know which factors have a strong influence on the attention and which factors have a weak influence on it.
4.3.2.2 Interaction detection
Interaction detection is mainly used to analyze whether there are interactions among the factors that influence tea industry attention. The interactions are classified into the following five categories according to the relevant definitions. If q(X1∩x2)<Min (q(X1), q(X2)), the interaction shows nonlinear weakening; if Min (q(X1), q(X2))< q(X1∩X2)<Max (q(X1), q(X2)), it shows one-factor nonlinear weakening; when q(X1∩X2)>Max (q(X1), q(X2)), both show bifactor enhancement; when q(X1∩X2) = q(X1)+q(X2), it exhibits independence; and finally, when q(X1∩X2))> q(X1)+ q(X2), it exhibits nonlinear enhancement. Interaction detection aims to analyze whether the joint effect between factors presents a positive or negative effect on attention.
As shown in Table 6, the interaction types of each main influencing factor were two types of two-factor enhanced and nonlinear enhanced. Among them, there were 51 groups of the two-factor enhanced type and 27 groups of each nonlinear enhanced type. The interaction detection results show that there is an interaction between any two influencing factors, and the results all show that the interaction enhances the strength of the explanation of the TIOA. That is, the two-factor interaction is stronger than the single-factor effect strength. This indicates that the spatial and temporal characteristics of tea industry online attention are influenced not only by the natural environment, society and economy but also by the joint effect of the interaction of each factor that finally forms the spatial and temporal distribution pattern of TIOA.
TABLE 6 | TIOA influence factor interaction detection results.
[image: Table 6]5 DISCUSSION
At present, some progress has been made in the research on online attention, but there are few research results with a certain industry or a certain product as the research object, and it does not involve the tea industry for the time being, so further research is needed. In addition, due to the dual natural and social attributes of the tea industry, this paper differs from those of scholars in terms of influencing factors regarding online attention, so the selection of indicators has been innovated. Unlike most scholars who only analyze 1 year or individual years, we focus on Chinese tea industry online attention from 2012 to 2021 as the data source, which has a longer time span and helps to better reveal the spatial and temporal divergence pattern of tea industry online attention. This paper takes internet big data as the data source, which enriches the perspective of tea industry research from geographic spatiotemporal thinking and provides a useful reference for the high-quality development of the tea industry under the perspective of “Internet+".
Since natural factors are the innate and limiting factors affecting the attention of the tea industry network, natural conditions such as climate, precipitation are difficult to change, therefore the optimization measures in this study are mainly from economic and social factors. As agriculture, disorderly development must be avoided and attention needs to be paid to the ecological harmony between human and nature. In the context of the “Internet +" era, the following suggestions are proposed based on the optimization of China’s TIOA and the sustainable and high-quality development of the tea industry:
Economic factors are important elements that influence the attention of the tea industry network. We propose suggested measures based on Y1-Y4, GDP, disposable income, share of primary production, and tea production from the perspective of product, culture, and industry. (1) First, for the product side, the technological content of tea production should be improved, the product system should be further developed, and product quality should be optimized to create the core competitiveness of the tea industry. (2) Second, for the cultural aspect, the tea industry is a traditional industry with thousands of years of heritage and should involve the active inheritance and promotion of traditional tea culture and the enhancement of the cultural connotation of products in this industry. (3) For industrial integration, the new “Internet + tea” and “tea + tourism” business models should be actively promoted. Relying on internet technology, through the Internet + agricultural e-commerce model, there is a direct connection between consumers and tea industry business entities, extending the tea industry chain, broadening the distribution channels, and promoting the transformation of traditional agricultural industries to modern agriculture. Combined with tea resources and seasonal characteristics, local conditions are used to create a tea tourism area and develop tea tourism, study, experience and other forms to achieve the interactive development of the tea industry and tourism. (4) For the spatial and temporal characteristics of online attention and Price Index (Z3), a differentiated and accurate marketing strategy should first be developed. Spatially, for the lower attention to the northwest and northern regions, the tea industry market should be actively explored, new channels should be developed, potential markets should be targeted, etc. At the same time, the eastern and central advantageous markets should be consolidated, and products and services should be improved; in terms of time, the tea industry online attention has strong seasonal characteristics. Therefore, off-season marketing, differentiated marketing, anti-seasonal promotion and other measures can be carried out; in terms of population characteristics, as preferences for tea vary across different regions and age groups, product differentiation and precision strategies should be implemented to provide diversified and multiple price options. At the same time, for the trend of tea drinking younger, traditional marketing methods should also be adjusted. (5) For the spatial and temporal characteristics and geographical indication tea brand (Z2), followed by the strengthening of publicity efforts. In the context of the Internet +, a combination of online and offline marketing should be utilized. For online publicity, the internet and new media platforms should be actively employed for publicity and promotion to enrich the channels of information understanding. Offline publicity can be organized through the tea industry fair, “National Tea Day” and other high-quality activities to promote the local tea industry and representative industry brands to enhance the visibility of the industry. At the meantime, it should actively declare geographical indication products and do a good job of brand protection. It also improves customer satisfaction by increasing brand reputation and loyalty, and in the long term (Gong et al., 2021). (6) Internet penetration (Z1) is an important indicator that affects online attention, based on this, the internet can be used to build a comprehensive information service platform for the tea industry. In the context of Internet +, the internet has become an important platform for information elements. First, the construction of web infrastructure should be improved, and internet platforms should be well built and maintained. The second step is to build a wisdom platform for the tea industry based on internet big data. Big data, cloud computing, the Internet of Things and other technologies can be used to support tea industry production and processing, sales promotion of agricultural products, consumer shopping and other preproduction and postproduction digital information sharing and linkage to provide producers and consumers with intelligent services. At the same time, agricultural big data application services should be put to good use. This includes using agricultural environment big data, production and marketing big data, etc., to provide scientific and efficient technical support for decision-making and high-quality development in the tea industry. (7) At the government level, the relevant departments should do a top design, while giving production operators to develop “Internet + tea industry” funding and policy support (Cui and Xu, 2022). In addition, the proportion of higher education (Z4) is also an important factor affecting the online attention, and “Internet +" should be used to train highly qualified personnel in modern agriculture and improve the literacy level of practitioners through continuing education. At the same time to strengthen cross-regional collaboration in the tea industry, the integration of the advantages of local resources, to achieve resource sharing, complementary advantages, mutual benefit and win-win.
This paper has some shortcomings. Due to the use of different keywords and different search engines, the presented results are not the same. In addition, the Baidu index does not comprehensively reflect the demographic attributes of users, so future research can integrate online and offline data in terms of data sources to improve the completeness and reliability of the data. In addition, the factors influencing online attention are complex and multifaceted, and this paper is not sufficiently comprehensive in selecting the index system. In terms of research scale, further small-scale, microlevel, and refined research on tea industry online attention, as well as comparative research at different regional levels, can be carried out in the future to enrich the depth and breadth of research.
6 CONCLUSION

(1) In terms of temporal characteristics, the interannual characteristics of China’s tea industry online attention from 2012 to 2021 show a trend of rapid growth, a high and stable period, and then a slow decline. In 2017, tea industry online attention reached its highest peak. In terms of monthly characteristics, the seasonal intensity index of attention is 8.2, with a strong monthly concentration. March to April and October in each year are the two peaks of TIOA, which coincides with the tea seasons of spring tea and autumn tea. In terms of intraweekly distribution, the intraweekly distribution skewness index is negative, indicating that the online attention is mainly concentrated in the first part of the week, i.e., weekdays, and the TIOA is significantly lower on Fridays and weekends.
(2) In terms of spatial characteristics, the geographic concentration index G of online attention from 2012 to 2021 is approximately 19, and the overall value is stable, showing a trend of mild concentration first and then mild dispersion. The interprovincial differences in online attention are relatively obvious. The migration trajectory of the center of attention shows a shift from the northeast to the southwest, and the online attention of China’s tea industry has a tendency to tilt toward the southwest.
(3) In terms of influencing factors, the core factors of TIOA are economic development and residents’ income. The natural environmental conditions of tea growth, leisure time of followers and tea price level are important factors affecting attention but are less influential. Each factor presents nonlinear enhancement and dual-factor enhancement, and the dual-factor interaction is stronger than the single-factor effect. Under the joint action of each factor, the spatiotemporal distribution pattern of TIOA is finally formed.
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