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Abstract: Village-level agricultural specialization in China is becoming increasingly important for
rural development. However, existing knowledge of specialized agricultural villages (SAVs) based on
singular assessment criteria and data describing static time points becomes insufficient in addressing
multifaceted developmental questions today. We examined the long-term development patterns of
SAVs in Anhui, China, with attributes from multiple angles, and explored how local factors affected
SAV development across space and time using random forest regression. We found that as time
elapsed, economic rationality drove specialized farmers closer to sale dependency and made SAVs
more susceptible to market and economic factors, which builds upon previous findings analyzing
SAVs at specific time points and consolidates the importance of market factors in the long-term
development of SAVs. However, this susceptibility manifests differently in these two geographically
contrasting regions north and south of Huai River. The northern SAVs received increased influences
from market and economic factors, while the southern SAVs were continuously controlled by market
and location factors. The dynamic spatial and temporal patterns of the two regions point to different
dependencies, which emphasized local sales in the north and distant sales in the south. We propose
that policies and strategies regarding SAV development accommodate these dynamics and address
appropriate influencing factors accordingly.

Keywords: specialized agricultural villages; long-term development; random forest regression; Huai
River; China

1. Introduction

Agricultural production in the twentieth century was characterized by three major
processes: intensification, specialization, and concentration [1]. Together, these three have
greatly stimulated agricultural income in rural areas, accelerated production activities, and
advanced land-use efficiency [2,3].

Agricultural specialization has been broadly defined as the process of concentrating
resources such as labor and capital on producing a limited variety of goods [1]. Cases such
as the One Village One Product project of Japan and the Saemaul Undong Movement in
the Republic of Korea have shown specialization’s potential in reaching higher production
efficiencies and incomes [4–6], revealing its potential in dealing with the rural decline now
prevalent in many countries [7,8].

However, specialization takes on a different meaning in the Chinese context. While
large-scale grain production is increasing in size and quantity, most of the agricultural
production in China is still being carried out by smallholder farmers [9]. This huge
proportion of the farming practice has been operating under an abundant labor force and
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scarce available land resources. This, coupled with the farmers’ need to maximize profit,
the diverse geographical environment, and the sub-regional market, serve as the breeding
ground for small-scale agricultural specialization.

Meanwhile, agricultural specialization in China was also shaped by traditions as
well as economic and political development. In traditional rural China, a village is the
remnant of the historical patriarchal lineage [10] and therefore maintains a tighter bond
than the mere combination of geographical relatedness and collective economic activities.
It is both a functional and hierarchical unit in Chinese society. Ever since the Reform and
Opening-up, the household responsibility system empowered farmers with more control
over their cultivation choices, which became increasingly affected by market and economic
elements. Additionally, as certain households begin to savor the fruit of increased income
from alternative cultivation such as cash crops, others in the village may choose to follow.
The result is village-level specialization (specialized agricultural villages, SAVs). With
reference to the relevant study [11], this study considers SAVs as villages in which 65% of
farm households are commercially engaged in one or more agricultural production or
service, such that the output constitutes the bulk of the village’s economic output.

Whereas small-scale agricultural specialization elsewhere usually takes the form of
estates or farms dedicated to the production and sale of fine wine or cheese [12,13], SAVs
in China predominantly produce vegetables, coarse cereals, and fruits [14]. Here, an SAV
is defined as when most village households engage in one or more interrelated agricul-
tural produce (non-staple food) or service activities [15]. By the end of 2016, there were
60,473 SAVs in China, 2398 of which had economic incomes of more than USD 15 million,
and the rural per capita disposable income was USD 2106 in the SAVs, 12.2% higher than
the national average of USD 1850. These villages employed 17.46 million rural households,
accounting for 80.4% of the total households in these SAVs [16].

The growing importance of SAVs in China calls for more research into the development
of SAVs and the underlying drivers. However, the uniqueness of the scale and form of
Chinese SAVs separates them from cases found in other countries, impeding our ability
to draw theoretical and practical guidance from studies outside the Chinese context. On
the other hand, while studies analyzing SAVs in China did so at various scales [17], most
were based on cross-sectional data to examine SAVs at a particular time. However, as
Chinese rural areas are undergoing rapid transformations, particularly in the market and
technological aspects, the analysis of SAVs at static points in time can hardly cover their
changing trends. Thus, while these studies revealed how various factors such as geography,
market, and transportation affected the SAVs, they lacked validation at longer temporal
scales. Questions such as how the multiple drivers of SAV development change over time,
and whether new factors are brought in by rural transformations are still open and are
becoming increasingly important for understanding the SAVs’ development patterns and
mechanisms in China.

In this study, we used data from SAVs in continuous development gathered from
Anhui Province, China over a ten-year period (2010–2019), and integrated multiple factors
(e.g., terrain, resources, location, market, and economic data) using random forest regres-
sion (RFR) to analyze the changing pattern and the driving factors during the development
stages of the SAVs. While being a traditional agricultural province, Anhui stretches across
northern and southern China, and has diverse geography (plain in the north, hilly and
mountainous terrains in the south) and climate (warm-temperate in the north, subtropical
in the south). It provides a good combination of diversification and representativeness
such that the findings based on the SAVs here can be both broad and extrapolatable to
other underdeveloped inland areas.

2. Study Area and Method
2.1. Study Area

Our study area is in Anhui, a major agricultural province and a typical inland area in
east-central China. The agricultural economy plays an essential role in the development of
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Anhui. In 2019, its agricultural output value was USD 45.1 billion, and per capita Gross
Domestic Product (GDP) was USD 8067.1 [18].

The Huai River, part of the Qinling–Huai River geographical and climatic dividing
line that separates northern and southern regions of China, cuts through Anhui and divides
it into the Huai-bei (northern, dominated by the Huai River Plain) and Huai-nan (south-
ern, the Yangtze River Plain and the mountainous south) regions (Figure 1). These two
regions on the opposite sides of the Huai River hold clear differences in natural conditions,
geographical features, agricultural production, and cultural traditions. Specifically:

(1) The Qinling-Huai River line roughly coincides with the zero-degree line of average
temperature in January, which makes the area north of the Huai River more suscepti-
ble to winter frost, while the south is protected by hills and mountains. This leads
to differences in accumulative temperature between the north and the south, which
translates to differences in crop types.

(2) The Qinling-Huai River line also roughly coincides with the annual precipitation line
of 800 mm, which divides the province into wet and dry regions. The north of the Huai
River is semi-humid while the south is humid, which leads to the dry-field cultivation
type in the north (mainly winter wheat Triticum aestivum, and summer maize Zea
mays) and the water-field cultivation type in the south (mainly rice, Oryza sativa).

Figure 1. Study area: Anhui Province in China.

2.2. Quantifying the Long-Term Development of SAVs

The SAV data from 2010 to 2019 were provided by the Department of Agriculture and
Rural Affairs of Anhui Province, and included the names, leading industries, output value,
household number, and per capita disposable income of the villages. We first excluded
villages that were experiencing decreasing output values. Then, to better represent contin-
uous development, we balanced the duration of the SAVs with their matching proportions.
Specifically, the highest number of SAVs that lasted no less than five years from any given
year in 2010–2019 was 732 (from 2015–2019). When we moved the duration of the SAVs
to six years, the number dropped steeply to 45 (from 2014–2019). We thus ran with the
732 SAVs from 2015–2019. These 732 SAVs covered most of the specialization types (greater
than 50%), but to increase representativeness, we excluded 50 SAVs from various types
that constituted less than 10% of the total number, which resulted in 682 SAVs for our
subsequent analysis. These SAVs included specialized fruit villages (fru-SAV), specialized
vegetable villages (veg-SAV), specialized coarse cereal village (cer-SAV), specialized tea
villages (tea-SAV), and specialized livestock villages (liv-SAV), and their respective num-
bers were 247, 139, 132, 84, and 80. Therefore, we define the long-term development of
an SAV as an SAV existing for more than five years in this study. Then, we extracted the
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spatial information of these SAVs from Anhui cadastral data (Anhui Provincial Land and
Resources Survey and Survey and Planning institute) referencing their names.

Based on existing studies [19,20] and the definition of the SAV development indicators
provided by the Ministry of Agriculture and Rural Affairs of China [16], we constructed
our SAV development indicator using factor analysis [21] with three variables: the output
value of SAVs, the farmer specialization ratio, and the income of the farmers in the SAV.
The output value of SAVs depicts the total economic output; the specialization ratio within
an SAV was calculated as the ratio of specialized farmers to the total number of farmer
households. The farmers’ income was the per capita disposable income. We performed the
FA with the standardized transformations of the three variables. The SAV development
indicators were further split into five sub-categories: DIfru (for fru-SAV), DIveg (for veg-
SAV), DIcer (for cer-SAV), DItea (for tea-SAV), and DIliv (for liv-SAV). Their respective DIs
were calculated based on FA results as follows:

DI = a × I1 + b × I2 + c × I3 (1)

where I1, I2, and I3 represent the standardized output, the specialization ratio, and the
farmer income of SAVs, respectively, and a, b, and c are the coefficients of each of the
standardized variables (see Table 1).

Table 1. Component score coefficient matrix of factor analysis.

DIfru DIveg DIcer

Coefficient 2015 2016 2017 2018 2019 2015 2016 2017 2018 2019 2015 2016 2017 2018 2019

a 0.62 0.71 0.82 0.49 0.51 0.63 0.34 0.41 0.78 0.65 0.2 0.65 0.11 0.2 0.12

b 0.13 0.34 0.27 0.51 0.4 0.2 0.83 0.33 0.43 0.23 0.71 0.21 0.81 0.72 0.74

c 0.28 0.35 0.15 0.21 0.15 0.31 0.12 0.81 0.32 0.32 0.23 0.32 0.26 0.25 0.21

DItea DIliv

Coefficient 2015 2016 2017 2018 2019 2015 2016 2017 2018 2019

a 0.33 0.25 0.1 0.15 0.75 0.2 0.34 0.25 0.36 0.56

b 0.21 0.35 0.25 0.24 0.34 0.26 0.29 0.37 0.25 0.41

c 0.63 0.68 0.81 0.76 0.15 0.85 0.76 0.71 0.68 0.74

2.3. Defining the Factors and the Underlying Variables

We constructed a series of indices covering the terrain, resource, location, market, and
economy of SAVs (Table 2) based on previous studies that depict the development of SAVs
and the underlying drivers [14] and considering the available data. Specifically, terrain was
broken down into elevation and slope, both of which affect crop growth. The higher the
elevation and greater the slope, the more difficult it is for crops to grow [22]. The resource
indicator was broken down into spatial distance from SAV to river network, precipitation,
and soil quality to reflect water and soil resource availability. Location was broken down
into the Road Network Distance (RND) from SAV to the road network, the RND from SAV
to county, the RND from SAV to city, and the RND from SAV to the highway intersection
to reflect traffic accessibility and the SAV’s distance to the city. The transportation cost
of agricultural products is positively associated with these distances. Market was broken
down into the county urbanization population, the prefecture-level urban population,
the county urbanization rate, the prefecture-level urbanization rate, and the disposable
income of urban residents in the county to reflect market size, supply and demand, and
consumption levels. The economic factor was broken down into the gross production value
of the county, gross production value of the city, the number of agricultural enterprises in
the county, and the number of agricultural enterprises in prefecture-level cities to reflect
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the total output value and agricultural investments. Market and economic factors tend to
have positive effects on SAV development [14,22].

Table 2. Indices and variables accounting for SAV development.

First-Order Index Second-Order Variable

Terrain Elevation value *, slope value *

Resource Spatial distance from SAVs to rive *, precipitation *, soil quality grade *

Location
The road network distance from SAVs to road network *, the road network distance from SAVs to
county *, the road network distance from SAVs to city, the road network distance from SAVs to the

highway intersection *

Market County urbanization population *, prefecture-level urban population, county urbanization rate *,
prefecture-level urbanization rate, the disposable income of urban residents in the county *

Economy Gross production value of county *, gross production value of the city, the number of agricultural
enterprises in the county *, the number of agricultural enterprises in prefecture-level cities

Note: * denotes variables used in factor analysis.

We selected the variables after testing for multicollinearity. To ensure that each first-
order factor was represented by at least one variable, we set VIF≤ 5 as the selection criteria,
arriving at thirteen second-order variables (Table 2).

The thirteen variables were calculated using various sources and methods. Terrain
variables (elevation and slope) were calculated based on SRTM DEM 30 m data (Resource
and Environment Data Cloud Platform of Chinese Academy of Sciences), using the zonal
statistics as a table tool window analysis (2.51 km2 as the window size) in ArcGIS10.7 (Esri,
Redlands, CA, USA). For the resource variables, distance to river was calculated based on
Anhui’s five-level river data (Anhui Provincial Land and Resources Survey and Planning
Institute) using the near tool of ArcGIS10.7 (Esri, Redlands, CA, USA), precipitation and
soil quality were calculated by the yearly average precipitation data of Anhui Province
(National Meteorological Data Center of China) and soil quality data of Anhui Province
(Land-Atmosphere Interaction Research Team of Sun Yat-sen University) in the zonal
statistics as a table tool of ArcGIS10.7 (Esri, Redlands, CA, USA). The location variables
were calculated based on Anhui’s road network data (national road, provincial road, and
county road) from Anhui Provincial Land and Resources Survey and Planning Institute,
and we utilized the network analysis tool of ArcGIS10.7 (Esri, Redlands, CA, USA) to
calculate the RNDs from SAVs to the respective sites. Market and economy variables were
gathered from the statistical yearbooks of the relevant counties.

2.4. Methodology
2.4.1. Kernel Density Estimation

Kernel density estimation is a non-parametric method used to estimate the specified
feature density in an area [23]. It is an important method to characterize the spatial
pattern of geographic events and has been widely applied in geography, ecology, and
epidemiology [24,25]. We used this method to analyze the spatial pattern of SAVs.

f̂ (x, y) =
1
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i=1 K
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where f̂ (x, y) is the density value of the estimated point (x,y); h represents the width of a
measurement window (also called the kernel bandwidth); n is the number of point events
within a specific bandwidth range, meaning the number of SAVs within a certain distance
in this study; di,(x,y) is the distance between the incident point i and the location (x,y); K is
a density function that describes the contribution of point i changing with the changing of
di,(x,y); δ is a constant; and f ′ represents the second derivative of the kernel function.

2.4.2. Random Forest Regression Model

Random forest regression (RFR) is a natural non-linear statistical method that was
formed based on random sampling learning and feature selection [26]. The RFR method has
been widely used in simulating the dynamic distribution of the population [27], analyzing
PM2.5 concentration [28], etc. Compared with the standard regression models (such as
multiple linear regression and logistic regression), RFR excels at ensuring high model
accuracy, reporting variable importance, and avoiding over-fitting. It is suitable for dealing
with complex geographic problems [26]. We ran the RFR in the scikit-learn package of
Python 3.8.6 [29] to explore the influences of terrain, resources, location, market, and
economic factors on the development of SAVs. First, the frequency of occurrence of each
variable was counted and ranked from high to low, then the variable with the highest
frequency at each step was selected as a critical variable in the development index of
SAV. We also applied root mean square error (RMSE) and coefficient of determination (R2)
to evaluate the accuracy of RFR (Equations (5) and (6)). A larger R2 and smaller RMSE
translate to a higher RFR accuracy.

RMSE =

√
∑n

i=1(ŷi − yi)
2

n− 1
(5)

R2 = 1− ∑n
i=1(ŷi − yi)

2

∑n
i=1(yi − yi)

2 (6)

where yi represents the actual value, ŷi is the predicted value of RFR, yi is the average
value of the sample, and n is the number of samples.

3. Results
3.1. Changing Patterns of SAV Development

We quantified and generalized the development for the five types of SAVs in 2015–2019
to roughly three major patterns (Figure 2). The continuously rising SAVs, fru-SAV and
veg-SAV, continued to develop throughout the study period (Figure 2a,b), and their annual
growth rates held steady around 0.1. The plateaued SAVs, tea-SAV and liv-SAV, thrived at
first but plateaued after 2017, and their annual growth rates dropped from around 0.1 in
2015 to 0.01 in 2019 (Figure 2d,e). The rising but fluctuating SAV, cer-SAV, was a special
case because it demonstrated considerable fluctuations, showing zero growth in 2017 but
rapid growth in 2018 (Figure 2c).

3.2. The Spatial Distribution of Long-Term SAVs

The kernel density of the development indices shows SAVs aggregating in three areas,
which were the Huai River plain to the north of Huai River, the hill–plain transition area
to the south of Huai River, and the hill–mountain transition zone further down south
(Figure 3a). The numbers of continuous SAVs to the north and south of Huai river were
363 and 319, respectively. A breakdown of the different types of SAVs shows that fru-SAV
and cer-SAV are mainly distributed in the northern plains, with minor distributions in the
plain–hill transition area in the middle (Figure 3b,d). The veg-SAV is mainly distributed in
the plain–hill transition area in the middle, with minor distributions in the northern plains
and the southern hill–mountain transition area (Figure 3c). The tea-SAV and liv-SAV are
mainly distributed in the southern hill–mountain transition areas (Figure 3e,f).
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Figure 2. Long-term development indices of fru-SAV (a), veg-SAV (b), cer-SAV (c), tea-SAV (d) and liv-SAV (e).

Figure 3. The spatial distribution of SAVs (a), fru-SAV (b), veg-SAV (c), cer-SAV (d), tea-SAV (e) and liv-SAV (f).

Using kernel density distribution as a selection criterion, we partitioned the SAVs
in their highest distributed areas for better representation of their attributes, which was
used for the subsequent RFR analysis. The respective density thresholds for the fru-
SAV, veg-SAV, cer-SAV, tea-SAV, and liv-SAV were 16.8 pcs/1000 km2, 14.4 pcs/1000 km2,
9.1 pcs/1000 km2, 7.0 pcs/1000 km2, and 6.1 pcs/1000 km2.
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3.3. Factors Accounting for the Spatial–Temporal Variations in SAV Development

The RMSE values of RFR ranged from 0.0354 to 0.0485, and the R2 values ranged from
0.86 to 0.91. By summing up the Normalized Feature Importance, we were able to compare
the influences of variables for the various types of SAVs and their changing patterns over
time. It shows that the long-term overall development of SAVs in Anhui was influenced
more by location, market, and economic factors than it was by terrain and resource factors
(Figure 4). As time passed, market and economic factors grew in their relative importance,
while those of terrain and resources dropped (Figure 4).

Figure 4. Factors accounting for long-term SAV development north (a) and south (b) of Huai River.

However, if we look at the regions north and south of Huai River separately, we
can see that while market and economic factors dominated the long-term development
of SAVs in the north, it was location and market factors that continuously controlled the
south. Even similarities in the first-order indices between the two regions had different
underlying second-order variables nested inside. The key economic variable for the long-
term development of fru-SAVs in the north was the gross production value of the county
(Table 2; Figure 5a), mostly likely pointing to local market and sales. However, the key
economic variable for the long-term development of both tea-SAVs and liv-SAVs in the
south was the number of agricultural enterprises (Table 2; Figure 5b,c), which can mean a
variety of things, including transportation and logistics.

Though the relative importance of location factors dropped, they still retained some
influence over the development of SAVs south of Huai River. They were key for the long-
term development of veg-SAVs (variable ×7: RND from SAV to the road network, Table 2;
Figure 6a), and came in second for the long-term development of cer-SAVs (variable ×7:
RND from SAV to the road network, Table 2; Figure 6b). Location was vital for SAVs
because produce depends on efficient transportation to reach its destination. However,
as China made sustained efforts to improve rural transportation throughout the nation,
the moving of agricultural products was made increasingly easier, thereby reducing its
relative importance.
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Figure 5. Spatial–temporal pattern of the factors affecting the long-term development of SAVs. (a) Fruit SAVs, (b) tea SAVs,
and (c) livestock SAVs. The variables are ×1: elevation, ×2: slope, ×3: road network distance from SAVs to river, ×4:
precipitation, ×5: soil quality, ×6: road network distance from SAVs to county, ×7: road network distance from SAVs to
road network, ×8: road network distance from SAVs to the highway intersection, ×9: county urbanization population,
×10: county urbanization rate, ×11: disposable income of urban residents in the county, ×12: gross production value of the
county, and ×13: number of agricultural enterprises in the county.

Figure 6. Spatial–temporal pattern of the factors affecting the long-term development of SAVs. (a) Vegetable SAVs, (b) cereal
SAVs. The variables are ×1: elevation, ×2: slope, ×3: road network distance from SAVs to river, ×4: precipitation, ×5: soil
quality, ×6: road network distance from SAVs to county, ×7: road network distance from SAVs to road network, ×8: road
network distance from SAVs to the highway intersection, ×9: county urbanization population, ×10: county urbanization
rate, ×11: disposable income of urban residents in the county, ×12: gross production value of the county, and ×13: number
of agricultural enterprises in the county.

4. Discussion
4.1. Factors Accounting for the Spatial–Temporal Variations in SAV Development

Compared with the formation of SAVs, which has been associated with the leadership
of rural elites or preexisting traditions [11], SAVs’ long-term development can manifest as
changes in complex attributes at multiple levels. We attempted to capture these attributes
by selecting variables at and within the village, which helps to avoid using one-dimensional
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attributes, because each angle in itself can only measure one side of the SAV development.
From the village perspective, attributes such as output value and number of SAVs reflect
the level of agricultural specialization in the region. These have also been the primary
indicators used in previous SAV studies. In terms of the intrinsic attributes, as farming
households gradually becomes more specialized in a near competition-free environment,
the proportion of specialized households within a village therefore not only defines an
SAV, but also reflects the vibrancy of the village and the acceptance of said specialization
pattern. As we look further down at individual households, farmers’ income measures
both the change in living standards resulting from specialization and the potential for
reinvestment in production activities, the latter of which drives the continued development
of an SAV. The combination of these attributes generated multifaceted images of the SAVs’
development characteristics. Using FA, we were able to extract the latent quantities of
these three aspects by differentiating the communalities and the uniqueness of the multiple
attributes for further analysis.

Our methodology can also be applied when evaluating other comprehensive SAV
concepts such as resilience and development potential, for which single and direct mea-
surements are difficult to identify. These concepts are important for a broad range of rural
developments. A multifaceted approach to SAV development offers enormous possibilities
for understanding relevant studies with potentially richer spatial and temporal details, and
for detecting complex and non-linear changes. Meanwhile, using multiple attributes can
also generate multi-angle measurements as a self-validation mechanism.

4.2. Similarities and Differences of Influencing Factors North and South of Huai River

Specialization is the farmer’s way of rationalizing their economic conditions by uti-
lizing the diverse geographic conditions and rich resources available to them. In the
beginning, these advantages might have been terrain and resources, which set SAVs apart
from traditional cultivation villages; these differences in marginal productivity in turn
determined specialized types [14]. As SAVs developed further, economic rationality drove
farmers to seek maximized profit by pursuing the most productive factors that gave them
comparative advantages, only this time it was market and economic factors which deter-
mined the sale of their products. This reinforces the market’s importance in the long-term
development of SAVs regardless of their type and geographic location.

In northern Anhui, where geographic and climatic conditions largely resemble those
of China’s northern warm-temperate agricultural regions (such as Henan and Shandong
Province), the aggregating fru-SAVs and cer-SAVs (Figure 2) were under the increased
relative influences of market and economic factors, because SAVs thrive on the sale of their
products. In our case, market and economic factors directly translate to the condition of
sales locally. While terrain, resources, and location factors might have played important
roles in the initial stages of the SAVs in these regions, they became less important as SAVs
continued to develop. Furthermore, with the completion of the national Cun-cun-tong
Project (Extending Access to Every Village), the transportation of agricultural products
became less of a limiting factor in the development of these SAVs. Our findings echo with
previous reports of rural development in China’s northern agricultural regions [22,30],
and suggest that market and economic environments should be given more thought in
promoting rural specialization at the township or village levels in similar areas.

In southern Anhui, where veg-SAVs, tea-SAVs, and liv-SAVs aggregated (Figure 2),
however, market and location factors have continuously played key roles in the SAVs’
long-term development (Figure 4b). This partly relates to its geographical location south of
Huaihe River, which is controlled by a subtropical humid monsoon climate with abundant
resources, and abundancy meant less threat, which meant less influence. However, more
importantly, this is where Huishang (merchants of southern Anhui) historically thrived
and is now part of the Yangtze River Delta urban agglomeration, which is one of the
most active economic regions in China. The rural residents here have always been trade
oriented, and their SAVs thrive by catering to the needs of the major cities (e.g., Shanghai,
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Nanjing, and Hangzhou) on top of the local ones. Therefore, location factors came in second
because they function as surrogates that measure distant markets. Similarly, the highest
contributing economic variable (variable ×13: number of agricultural enterprises in the
county, Figure 5b,d,e) grew in relative importance, most likely by representing enterprises
registered locally that transport goods to the large cities. These patterns are different from
previous findings identifying market and economic factors as the main contributor in SAV
development distribution, such as those south of Huai River [22]. However, our results
do not necessarily contradict previous ones. By analyzing SAVs in larger geographical
areas, previous studies likely categorized the SAVs with their distant markets in one
region, and, naturally, location factors became less important within that region, while
economic factors of the region became more so. Together, our findings suggest that a
spatial mismatch may exist between the source of economic factors that influence SAV
development (e.g., investment into SAVs) and the location of the SAVs, one that can only
be revealed at the right spatial scales. It also means that policies for SAV development
coming from different levels of the authorities should target different influential factors to
maximize efficiency.

4.3. Policies for Promoting SAV Development

Our analysis suggests a differential treatment for SAVs north and south of Huai
River in Anhui and similar areas when policies to promote SAV development are being
made: (1) for the SAVs north of Huai River whose development is dominated by mar-
ket and economic factors, local authorities or stakeholders should focus on the types of
agricultural products and improve their quality by bettering the production environment
and expanding relevant markets. They can also establish agricultural trading platforms
(online or offline markets) to attract economic elements inside and outside of the region
and create an integrated service system for the production and marketing of agricultural
products to promote the prosperity of rural industries; (2) For the SAVs south of Huai River
whose development is largely affected by market and location factors, local authorities or
stakeholders should focus on agricultural products with higher values to increase their
competitiveness, which can help their products reach larger, more competitive, and more
demanding markets.

Meanwhile, the temporal and spatial limitations of the influencing factors should
also be considered. Authorities and local communities should treat SAV development as
continuously changing rather than fixed, and policies and strategies coming from different
hierarchical levels should address appropriate influencing factors accordingly.

5. Conclusions

We analyzed the long-term development of SAVs in Anhui Province, with respect to
the geographical differences north and south of Huai River, from 2010 to 2019, examined
their spatial patterns, and explored how terrain, resources, location, market, and economic
factors continuously affected SAVs’ long-term development. We found that the SAVs in
Anhui differentially distributed north and south of Huai River, with the fru-SAVs and
cer-SAVs aggregating in the north, and the cer-SAVs, tea-SAVs, and liv-SAVs aggregating
in the south.

While market and economic factors, compared with terrain, resources, and location
factors, were on the whole more important to the development of SAVs in Anhui, different
temporal and spatial patterns emerged in the northern and southern regions. The SAVs in
northern Anhui received increased influences from market and economic factors, but the
SAVs in southern Anhui were dominated by market and location factors. These patterns
reveal similar underlying dependencies to sales. The SAV development in northern Anhui
should focus on market and economic environments, formulating policies and strategies,
and on the types and quality of agricultural products to expand relevant local markets. The
SAV development in southern Anhui should make better use of their proximity advantages
by focusing on agricultural products with higher values to reach larger markets. The
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dynamic temporal and spatial patterns of the factors affecting SAV development also
suggest that policies and strategies should accommodate these dynamics and address
appropriate influencing factors accordingly.

The development of SAVs is affected by multiple factors. Aside from those discussed
here, factors such as rural elites, local government management, and peasant household
self-development capabilities are also important. However, it has been challenging to
measure these factors quantitatively. We may need to introduce novel data by datamining
through new approaches and define new indicator systems to quantify these factors in
future studies. Meanwhile, our study did not intend to establish any causal relationship
between the development of SAVs and these factors using RFR due to nonlinearity, which
limits the applicability of our policy recommendations. In this regard, future studies would
benefit from establishing causal relationships using econometric models or nonlinear
predictive models.
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