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Abstract: The activity characteristics of the village and its symbiotic relationship with the environment
play an important role in the sustainable development of the surrounding environment. Miao
villages have a long history. In the process of long-term interaction with the surrounding natural
environment, Miao villages have formed a unique forest culture, which has an important impact on
the distribution of the surrounding forests and plays a crucial role in local forest management. In
this study, we took the Miao villages of China that are distributed in Qiandongnan Miao and Dong
Autonomous Prefecture of China as an example and constructed a research framework to study the
interaction between the natural environment and human activities around the Miao villages and
its impact on forest change based on partial least squares structural equation modeling (PLS-SEM)
and geographically weighted regression modeling (GWR) methods. The validity and reliability
evaluations showed that the PLS-SEM model was reasonable. The results showed that the Miao
villages were randomly distributed within 0–2 km and clustered in the 8–10 km buffer zone. The
temporal variation of the forest landscape around the Miao villages was small, and the spatial
heterogeneity was obvious. Within the 0~2 km buffer zone, the proportion of closed-canopy forest
was the largest, and with the increase in the buffer zone radius, the proportion of closed-canopy
forest gradually decreased, the open-canopy forest gradually grew, and the proportion of shrubbery
and other forests showed an upward trend first and then a downward trend. Temporally, the four
forest landscapes did not change much, with closed and open forests sliding, and shrubbery and
other forests increasing. Regarding the drivers of forest structure change, topographic factors and
landscape patterns had a positive effect on forest structure, while human activities had a negative
effect. The influence of topography on human activities in the Miao villages weakened the direct
positive effect of topography on forests and promoted the positive effect of the landscape pattern on
forests. There were significant spatial differences in the GWR regression coefficients of the effects of
different factors on forest structure in 2020, with a pivotal negative correlation between NDVI and
night-time light data. In addition, the higher the elevation, the more unfavorable the distribution
of open-canopy forests and the better the distribution of closed-canopy forests. The higher the
slope, the higher the NDVI but the more unfavorable the distribution of closed-canopy forests. In
general, the impacts of Miao villages on forest structure are highly complex and interactive, with
both direct and indirect effects. Different factors interact to affect the structure of the forest. The
study on the effect of Miao villages on forests is helpful for more targeted forest protection and the
formulation of laws and regulations, so as to find a balance between human activities and forest
management, in order to maintain the ecological balance of local areas. This study introduced the
PLS-SEM model to investigate the impacts of Miao villages on forest structure, which effectively
enhanced our understanding of the drivers and impacts of forest change and provides theoretical
support and a basis for forest protection and management.
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1. Introduction

Forests cover nearly one third of the Earth’s land and they provide, directly or indi-
rectly, important health benefits for all people [1,2]. The stability of forest ecosystems plays
a critical role in human survival and well-being by supporting water, blocking wind and
sand, and maintaining biodiversity, global energy flows, and material cycles [3,4]. Unfortu-
nately, as global climate change and the human footprint continue to expand, the size and
quality of forests continue to decline [5,6]. According to the Global Forest Goals Report
2021 published by the United Nations, “the global forest area declined by 1.2% between
2010 and 2020”, [7] so, in the ongoing global effort to curb the biodiversity crisis, mitigate
climate change, and achieve the Sustainable Development Goals, maintaining and, where
possible, restoring forests is an urgent task [8]. Forests play a key role in meeting social
needs and policy objectives and determine the overall level and effectiveness of sustainable
development [9]. At present, there are a number of studies on forest population ecology
and forest ecosystem ecological processes [10–12], but there are relatively few studies on
the driving factors and influencing mechanisms of forests. The study of the factors affecting
forest distribution has been a key issue in ecological research [13,14]. Currently, some
scholars have studied the drivers and mechanisms of forest distribution, including natural
factors and anthropogenic effects. The effects of natural factors on forest distribution mainly
focus on terrain, climate, and soil. Ma et al. studied the changes in ecosystem service
functions of different forest types on different topographic gradients. The results showed
that the ecosystem services of different vegetation types were different. Except for the water
yield, natural forests provided more ecosystem services than other vegetation types [15].
Ogresses et al. explored the effects of climate on forests and on tribal cultures and resources,
demonstrating that humans can use different sources and types of knowledge, including
local ecological knowledge, to mitigate and adapt to climate change [16]. Mukhortova
studied the contribution of soils to the carbon budget of forests in Russia [17]. The study of
human factors affecting forests mainly includes human production activities, ecological
policies, urbanization, and the cultural landscape. Johann et al. studied the impact of
human activities, especially glass production, on mountain forests. They showed that
human activities, including glass production and charcoal production, are responsible for
intensive deforestation [18]. Beche studied the spatial variability of anthropogenic distur-
bances in African mountain forests and their effects on forest structure and biodiversity.
The intersection between edge effects and forest degradation is context-specific and largely
depends on how forests are used by a given society [19]. Lemus-Lauzon et al. documented
the link between human disturbance and stand composition and structure, arguing that
changes in land use patterns due to anthropogenic demand change as a driver of forest
dynamics in forested landscapes [20]. Wang et al. observed the landscape changes and
sustainable development around different types of ethnic villages driven by reforestation
policies, and it was found that the application of the GGP policy promoted the protection
of forests around the ethnic villages in Qiandongnan Prefecture [21]. Cui et al. quantified
the impact of the presence and spatial distribution of Buddhist monasteries on forests
using two spatial association features, point-points and point-areas, and the presence of
monasteries was found to be highly correlated with the protection of natural ecosystems,
especially grasslands and forests [22]. Rath et al. examined species richness in sacred
forests and its role in biodiversity conservation, proving that forests used by humans can
contribute to biodiversity conservation by preserving more tree diversity than forests used
by humans [23]. Grace et al. examined the urbanization gradient in India in terms of sacred
preferences for forest and temple attributes and found that urbanized respondents were
likely to have higher perceptions of the value of unsacred and unused forests [24]. In recent
years, there have been some studies combining natural factors and human factors to study
their common effects. For example, Lingner et al. used linear regression models to simulate
changes in forest attributes caused by terrain and human activities at different spatial scales
in subtropical Atlantic forests, providing evidence that human activities cause disturbances
such as edge effects and habitat fragmentation/isolation at different spatial scales [25].
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Garbarino et al. used multivariate statistical analysis (ranking and SEM models) to link
forest structure, anthropogenic impacts, land use, and topography [26]. Terrain, human
activities, and the landscape pattern influenced by them do not only have a single effect on
the surrounding environment, but may interact and influence each other. Therefore, how
to analyze the drivers of forest structural changes and identify their mechanisms of action
have become a major issue of interest in recent years [27–29].

The Miao people are widely distributed around the world, mainly in the southwest of
China, as well as Laos, Vietnam, Thailand, and other countries and regions in Southeast
Asia. The history of the Miao people can be traced back to ancient times. According to
historical records, the ancestors of the Miao people first lived in the middle and lower
reaches of the Yellow River [30]. Due to the continuous migration of the Miao people from
generation to generation, the footprints of the Miao people have been widely dispersed
in Asia, Europe, America, Australia, and other continents [21]. According to China’s Fifth
Census, the population of the Miao people ranks fifth among the ethnic minorities in
China. With the evolution of history, the Miao people have formed a rich traditional culture
and lifestyle in terms of material (farming and living), spiritual (ideas and religion), and
institutional (regulations and civil covenants) aspects [31]. The Miao people take farming
and economic planting as the main means of production and life. In terms of religion, the
Miao people have diversified beliefs and have their own primitive religious beliefs [32].
The Miao believe that there are spirits in all things—for example, there are spirits in the
mountains, rivers, trees, etc., in nature [33]. During the long history of human interaction
with nature, the Miao have formed traditional ethnic villages reflecting the characteristics,
history, and culture of the Miao, and they carry the traditional ecological view of the Miao
thatches as having a significant impact on the surrounding environment. This is most
evident in Qiandongnan Prefecture in Guizhou Province, China. Qiandongnan Prefecture
is one of the key collective forest areas in China and is known as the “Forest State”. Due
to its unique geomorphology and soil and climate types, it has rich forest resources and a
complex and diverse forest ecology. It is also the region with the largest Miao population,
housing nearly a quarter of the country’s Miao population and the largest Miao village
in the country, Miao Village, which has a history of thousands of years. Most of the Miao
villages are located on the mountainsides or at the foot of the mountains, and are often
surrounded by forests, thus forming a rich forest culture, which mainly includes slash-
and-burn farming, hunting, and gathering on the material level, and forest culture on the
spiritual level, mainly in folklore (such as sacred mountains and forests, plant and animal
worship, etc.), literature (such as forest-related literature, etc.), philosophy (ecological
ethics, etc.), village rules and regulations on the institutional and technical level, and forest
protection and a culture of knowledge, etc. [34,35].

The long-term interactive practice between Miao villages and forests is not only
reflected in the fact that Miao villages are influenced by forests, but also allows Miao
villages to develop a splendid and rich forest culture based on their long-term production
and living experience, which is highly vital in local forest management [36]. Some studies
have shown that forests are an important consideration in the layout of Miao villages,
which are mostly surrounded by forests [21,37]. The favorable forest vegetation protects
the water source, and the spring water flowing from the highest cave of the village is
constant throughout the year. For example, the Miao people believe in the god of the forest
and always keep small patches of forest near or within the village as the so-called sacred
forest [34]. In the process of production, various forms of forest management and protection
systems have gradually developed within the Miao villages, which strictly regulate the
daily management of forest resources and the order of their use. These customs are of
paramount importance in maintaining the harmony and stability of local communities,
protecting the traditional culture, promoting the rational development and utilization of
land resources, and promoting the sustainable use and protection of biological resources,
especially forests [35,38]. However, with the advancement of modernization, the increased
opportunities for Miao villages to interact with the outside world have led to impacts on the
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traditional Miao culture and lifestyle, and the impact on the surrounding land use practices,
including forests, has also changed [39]. Therefore, studying the mechanism and change
pattern of the influence of Miao villages on the surrounding forests and exploring the
spatial connection between forests and Miao villages can provide an important reference
and theoretical basis for the protection and management of forests and the sustainable
development of Miao villages under the modernization process.

There are many other cases of interaction between ethnic areas and forests. Cuni-
Sanchez et al. examined the importance of livelihood strategies and ethnicity in the percep-
tion of forest ecosystem services through focus group discussions and found that groups
from different cultural backgrounds make trade-offs when different ecosystem supplies
change; the evolution of ethnicity can also have an impact on economic development,
social trust, and democracy [40]. Rotaru et al., based on a hybrid approach of descriptive
statistical analysis, identified the evolution of ethnic dynamics in post-communist Romania
and applied ethnic fractionation and polarization indices [41]. Reang D et al. demonstrated
that ethnic homestead forests or traditional agroforestry systems (TAFS) can achieve sus-
tainable production, the in situ conservation of biodiversity, and climate change mitigation
while maintaining cultural values [42]. O’Brien T et al. studied ethnic migration due to
social, economic, and political factors that allow social and cultural relations to arise and
reproduce, resulting in different forms of acceptance or rejection [43].

At present, scholars have applied a variety of methods to explore the impact of multiple
drivers on various land use types, such as correlation analysis [44], linear regression models
(OLS models, etc.), geographical weighted regression models (GWR models, etc.) [45,46],
residual analysis [47], etc. These methods can study the correlation and significance of
various factors and land types, or reflect the heterogeneity of variables in space, so that
the mutual relationship between variables changes with the change in spatial location.
However, these methods cannot explain the path mechanism of the influence of variables,
nor can they determine the direct and indirect effects of variables. In recent years, structural
equation modeling (SEM) has been widely used in the field of social science and behavioral
science and is also gradually used in the field of natural science [48,49]. SEM is a multi-
variate statistical technology that integrates factor analysis and path analysis. Compared
with the above methods, its advantage lies in the quantitative study of the interaction
relationship between multiple variables, which can display the driving force analysis in a
three-dimensional and multi-level way and include the attributes that cannot be directly
measured in the analysis, while quantifying the causal relationships between various at-
tributes [50]. Among them, the variance-based partial least square method (PLS-SEM)
combines principal component analysis with multiple regression and performs iterative
estimation, which requires a smaller sample size and is more suitable for the verification,
exploration, and development of theories. Based on the above advantages, PLS-SEM mod-
els have been widely used in many areas to analyze the effects of multiple driving factors
on plant and animal diversity, land or vegetation cover, etc. [51]. Currently, most of the
related studies use PLS-SEM models for spatial correlation analysis and driver analysis,
and the research scales are mostly focused on urban clusters. For example, Zhu et al. com-
bined the data envelopment analysis (DEA) super-efficient SBM model with the partial
least squares structural equation model (PLS-SEM) to analyze the land use efficiency and
drivers of different cities [52]. Wang et al. used redundancy analysis (RDA) and partial
least squares structural equation modeling (PLS-SEM) to study the relationship between
the LULC model and water quality, etc. [51]. However, relatively few studies have used
PLE-SEM models to study the influence of cultural landscapes on the spatial distribution
patterns of surrounding lands. The establishment of a buffer zone is an effective method
to analyze the influence range and degree of geographical factors on the surrounding
environment. By establishing a buffer zone centered on the village point, the influence
of the village on the surrounding area can be calculated quantitatively. Therefore, in this
paper, based on data from the buffer zones of Miao villages, we use the PLS-SEM model
and geographic regression weighting model to analyze the influence paths and mechanisms
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of Miao villages on the surrounding forests and the spatial linkage between them, filling
the gap in the current research on the influence of human landscape on forests.

This study attempts to explore the ecological structure of landscape protection under
the conditions of human activities/land use, especially the long-term interaction between
the natural environment and human activities around traditional Miao villages and their
impact on forest change, including the change in forest structure and the spatial change of
the forest in the landscape. This study aims to understand the nature and mechanism of this
research problem, trying to find a balance between human activities and forest quality, and
integrate the ethnic cultural background, in order to maintain a better ecological balance in
the entirety of landscape space management. GIS technology, the PLS-SEM model, and the
geographical regression weighted model were used to analyze the mechanisms and direct
and indirect effects of human activities on forest structure. This paper attempts to prove
the following hypotheses: (1) the Miao village is located at a high elevation and slope, and
the surrounding forest structure is different in space and time; accordingly, the Miao village
has an impact on the surrounding forest structure; (2) Miao villages have direct and indirect
effects on the surrounding forests, and different factors interact to affect the structure of the
forest; (3) the factors affecting forest structure have spatial heterogeneity. By identifying
the complex responses of forests to multiple driving factors, this work fills the gap in the
study of the impact of natural factors and traditional villages on forests and provides an
important reference for forest protection, restoration, and sustainable development.

2. Materials and Methods
2.1. Study Area

The study area is located in the southeastern part of Guizhou Province, China, in
the Qiandongnan Miao and Dong Autonomous Prefecture (Qiandongnan Prefecture),
with longitude and latitude 107◦17′20′′–109◦35′24′′ S, 25◦19′20′′–27◦31′40′′ N (Figure 1).
The study area includes 16 cities or counties, with a total area of 30,282.34 km2, and the
topography is high in the west and low in the east, sloping from the west to the north,
east, and south, with a maximum altitude of 2178 m [53]. The study area is a subtropical
monsoonal climate zone with an average annual temperature of 16 ◦C and average rainfall
of 1200 mm. Forest resources are abundant here, with a forest coverage rate of 67.98%,
making it an important ecological barrier in the upper reaches of the “two rivers”.

The economic development of Qiandongnan Prefecture is slow, mainly in the tertiary in-
dustry. As of 2021, the gross regional product of Qiandongnan Prefecture is 125.503 billion yuan,
up 5.2% from the previous year, with a resident population of 3,740,400 [54].

Qiandongnan Prefecture has a strong ethnic composition, with 33 ethnic groups, such
as Miao, Dong, Han, and Buyi, etc. The resident population of ethnic minorities accounts
for 80.3% of the total registered population, among which the Miao population accounts
for 42.5%, making this the most concentrated area of the Miao population in China, and it
has high cultural value. The Miao populations are clustered in the form of ethnic villages,
which are built on mountains, surrounded by forests.

2.2. Data Sources and Processing of the Variables

In this work, we analyzed a large amount of data to determine the factors affecting the
structural changes of the forest around the Miao villages. Digital elevation model (DEM)
data (resolution 30 m × 30 m) were obtained from the National Earth System Science Data
Sharing Platform [55], and the slope was obtained from digital elevation model (DEM) data
using ArcGIS 10.4. Construction land and cultivated land data were extracted from remote
sensing data of land use in 1990, 2000, 2010, and 2020 from the Resource and Environment
Science and Data Center of the Chinese Academy of Sciences (http://www.resdc.cn/,
accessed on 7 September 2022), and their scales were calculated using ArcGIS 10.4. The
land use data covered 1990, 2000, 2010, and 2020, with a spatial resolution of 30 m. Night-
time light data representing the intensity of power infrastructure were provided by the
Defense Meteorological Satellite Program Operational Line Scan System (DMSP/OLS). The

http://www.resdc.cn/
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land use data were input and the edge density, maximum patch index, and average patch
area were calculated using the fragstats 4.2 software [56]. Four forest-related variables,
closed-canopy forest, open-canopy forest, garden, and Normalized Difference Vegetation
Index (NDVI), were used to characterize the forest structure. The GDP data were the
product of the GDP statistics of the county administrative area where the grid unit was
located and the weight ratio of standardized land use types and resident density GDP. The
data of forests were also obtained from land use data. Among them, closed-canopy forests
were defined as natural and planted forests with densities > 30%, including timber forests,
economic forests, protection forests, etc. Open-canopy forests were defined as forests with
densities of 10%–30%. Using ArcGIS’s resampling technique, all data were standardized at
a uniform resolution of 30 m. Table 1 shows the categories, scales, and data sources of the
explanatory variables.
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Table 1. The categories and data sources of explanatory variables.

Category Latent
Variables Variable Parameter Description Resolution Unit

Response
variables Forest structure

Closed-canopy forests Natural forest and plantation forest
with canopy density >30% 30 m ha

Open-canopy
forests Forest land with a canopy of 10%–30% 30 m ha

Garden

Unformed forest land, forest land,
nursery, and all forms of garden land

(orchard, mulberry garden, tea
garden, hot forest garden, etc.)

30 m ha

NDVI State of land vegetation cover 30 m -
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Table 1. Cont.

Category Latent
Variables Variable Parameter Description Resolution Unit

Predictor
variables

Landscape
pattern

ED Edge density 1 km -

LPI Largest patch index 1 km -

Patch Area_MN Patch area mean 1 km -

Human
activities

Night-Time light Power infrastructure strength 1 km Lm/m2

The ratio of
construction land

The proportion of land used for
construction 1 km %

GDP Gross domestic product 1 km ¥

The ratio of
cultivated land The proportion of cultivated land 1 km %

Topographic
heterogeneity

Elevation Height above sea level 30 m m

Slope Value of slope angle 30 m ◦

The traditional village data in this paper came from the Global Change Scientific
Research Data Release System, and the village coordinates were extracted from the three
batches of Chinese traditional village lists released by the Ministry of Housing and Urban-
Rural Development, the Ministry of Culture, and the Ministry of Finance in December 2012,
August 2013, and November 2014, respectively. Based on our survey data in Qiandongnan
Prefecture in the past ten years, the list of ethnic minority villages in Qiandongnan Prefec-
ture, and the census data of the Qianzhen million villages in Guizhou Province, the ethnic
attributes of each village were determined, and 137 representative traditional Miao villages
in the region were finally selected as sample points for analysis and research.

2.3. Spatial Distribution Pattern and Significance Test of Miao Ethnic Village Landscapes
2.3.1. Ripley’s K Function

Ripley’s K function is the most commonly used method to analyze the distribution
patterns of point-like attributes at any scale. By calculating Ripley’s K function, we can
obtain the distribution pattern change of point event with a spatial research scale or
distance. Ripley’s K function is then used to indicate the extent to which the centers of
mass of these elements are spatially clustered or diffused, and how they change as the size
of the neighborhood changes. We use Ripley’s K function for point pattern analysis, which
treats the local landscape as a point in space and draws a point location distribution map.
There are three distribution patterns of control points (ethnic villages): random distribution,
aggregated distribution, and discrete distribution [57]. The formula of Ripley’s K function
is as follows:

K(d) =
A∑n

i=1 ∑n
j=1,j 6=1 di,j(d)

n2 (1)

where A represents the total area of the study area, n is the total number of control points,
d is the distance scale, and di,j represents the distance between point i and point j. To
keep the variance stable, Besag proposed to replace K(d) with L(d) and to make an open-
square linear transformation of K(d). Under the assumption of a random distribution, the
expectation of L(d) is 0. The formula of L(d) is

L(d) =

√
K(d)

π
− d (2)

Ripley’s K function analysis was performed on the point location maps of each land-
scape type using the multi-distance spatial cluster analysis (Ripley’s K function) tool in the
spatial statistics toolbox of the ArcGIS 10.4 software [58].
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2.3.2. Monte Carlo Significance Test of Ripley’s K Function

A Monte Carlo simulation was used to test the significance of Ripley’s K index de-
viation from randomness. The starting distance and distance step were set to 2 km; the
confidence level was set to 99.9%; the boundary correction was set to simulation outer
boundary values. The calculated results in .dbf format were imported into the Excel soft-
ware 2019, and the distance values d, the observed values L(d), the upper packet trace
(HiConfEnv), the lower packet trace (LowConfEnv), and the relationship between the
d value and the difference in the L(d) value DiffK were calculated. If the L(d) value was
larger than the upper packet trace, the landscape type was significantly aggregated; if the
L(d) value was smaller than the lower packet trace, the landscape type was significantly
uniformly distributed; if the L(d) value lay between the upper and lower packet traces, the
landscape type was significantly randomly distributed. When the L(d) value was greater
than the d value, and the farther the two curves are apart, i.e., the larger the DiffK value, the
more the spatial distribution of the landscape type was aggregated. When the L(d) value
was less than the d value, and the farther the two curves are apart, i.e., the smaller the DiffK
value, the more discrete the spatial distribution of the landscape type was. The values at
different distances may show aggregation or dispersion at some distance scales, while, at
other distance scales, there is none [57,59].

2.4. The Establishment of a Buffer Zone

Buffer analysis is a technique to create a buffer area based on points, lines, or planes
in a geographic location by a given distance or range. These buffer areas can be used
to analyze and predict the features, resource distribution, and potential risks around a
location. The diffusion distance determines the influence range and mutual gravity of the
point, and it is generally believed that the closer to the central point, the greater the impact.
The impact of traditional villages on their surroundings can be measured by establishing
buffer zones [22,60]. In order to further explore the influence of Miao traditional villages on
each variable and combine the area and precision of the study area, we established buffers
in the ArcGIS 10.4 software with the Miao village point as the center and r as the radius
(r1 = 2 km, r2 = 4 km, . . ., r5 = 10 km) and extracted the values of different explanatory
variables within the buffer for analysis [61,62].

2.5. Structural Equation Modeling

SEM is a statistical analysis technique including factor analysis and path analysis,
which is suitable for the study of the relationships between multiple variables. The SEM
model is a validated quantitative multivariate causality method that incorporates factor
analysis, regression analysis, and path analysis. Among them, the structural analysis
method based on partial least squares (PLS), which combines principal component analysis
with multiple regression and iterative estimation, can estimate relatively complex models
without strict requirements on variables as well as error distribution, and can computation-
ally handle both measurement models and structural equation models [63–65]. We selected
the PLS-SEM model to study the impact of Miao villages on the surrounding forests.

2.5.1. PLS-SEM Model

The PLS-SEM model analyzes the causal relationships between multiple variables with
the covariance matrix as the core, including measurement models and structural models as
two basic models. The measurement model describes the relationships between the latent
variables and their corresponding observed variables with the following equations:

Y = Λyη + ε (3)

X = Λxξ + δ (4)

Equations (3) and (4) are the endogenous and exogenous variables, respectively. Λx is
the factor loading matrix of the exogenous measurable variable on the exogenous latent
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variable ξ; Λy is the factor loading matrix of the endogenous measurable variable on the
endogenous latent variable η; δ and ε are the measurement model error terms.

The structural model reflects the causal relationship between endogenous latent vari-
ables and exogenous latent variables with the following expressions:

η = Bη + Γξ + ζ (5)

where η is the endogenous latent variable, ξ is the exogenous latent variable, and B denotes
the effect of the exogenous latent variable on the endogenous latent variable. Γ is the path
coefficient, which measures the effect of the exogenous latent variable on the endogenous
latent variable, and ζ is the structural model residual term [51].

2.5.2. Model Variable Factors

In this study, taking Qiandongnan Prefecture as an example and combining the actual
situation of the study area, the elevation, slope, edge density, maximum patch index,
average patch area, proportion of construction land, GDP, night-time light, and proportion
of cultivated land were selected as explicit variables, and the topography, landscape pattern,
and human activities were used as latent variables to compile and calculate 13 evaluation
indicators to construct the PLS-SEM model. The PLS-SEM model used a 30 m × 30 m raster
integrated dataset to rasterize the GDP, night-time light, and elevation data into raster
layers, and the average pixel value of each raster was used as the sample set. In addition,
the proportion of construction land and the proportion of cultivated land in each cell of the
grid were calculated.

2.6. Geographically Weighted Regression Modeling

A GWR model is a type of spatial regression model that uses the weight of the
geographical location to explain the spatial relationships between model variables and
dependent variables. By setting different geographical weights, more accurate regression
analysis results can be obtained. In the GWR model, each geographical location corresponds
to an independent regression equation, and the parameter values of these equations can
be different. According to the results of the PLS-SEM model, in order to further study the
effects of different variable factors on the forest space, the GWR model was used for analysis.
In the case of the obvious spatial differentiation of variables, the geographically weighted
regression model can well solve the problem of spatial non-stationarity by calculating the
local parameters of the regression model, thus improving the goodness of fit of the model
and displaying the spatial non-stationarity of the relationships between variables. The
parameters of the GWR model are functions of position i, and the estimated parameters
change as the spatial position i changes. The GWR model can be expressed as in the
following formula:

yi = β0(ui, vi) + ∑p
k=1 βk(ui, vi)xik + εi (6)

where (ui, vi) is the spatial location of the ith sample point; xik is the independent variable
at the ith sample point; β0(ui, vi) is the constant term estimate at the ith sample point,
βk(ui, vi) is the regression parameter estimate for the kth independent variable at sample
point i; p is the number of independent variables at the ith sample point; and εi is the
residual correction term [66,67].

3. Results
3.1. The Spatial Distribution Pattern of Miao Traditional Ethnic Villages

Miao villages are mainly distributed in the central and western parts of Qiandongnan
Prefecture, i.e., the Leigong Mountain area, where the terrain is more complex. The
elevation and slope of the Miao villages are as shown in the Figure 2, mainly concentrated
in the distribution range of 600–1000 m and 5–30. Relatively speaking, the Miao villages
are located at a higher elevation and steeper slope. The spatial distribution of the Miao
villages is mainly in two patterns of aggregation and randomness, and there is no significant
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discrete distribution pattern. Among them, within the buffer zone with a radius of 2 km, the
distribution is mainly random, while, within the buffer zone of 2–10 km, the distribution is
mainly aggregated.
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Miao village; (b) spatial distribution patterns of Miao villages at different distances.

3.2. Spatio-Temporal Variation Characteristics of Forest Structure around Miao Villages in
Different Buffers

Figure 3 shows the proportions of closed-canopy forest, open-canopy forest, shrubbery,
and other forests in different buffer zones around the Miao villages and their changes in
1990–2020, reflecting the influence of the Miao villages on the surrounding forest landscape.
According to the results in Figure 3, the proportions of the four forest landscapes showed
spatial heterogeneity in different buffer zones, and there was a certain pattern of change in
time. Among them, spatially, the proportion of closed-canopy forests gradually decreased
with the increase in the buffer radius, and it was especially significant in the 0–2 km buffer.
On the other hand, the spatial trend of open-canopy forests was the opposite to that of
closed-canopy forests, and the proportion of open-canopy forests gradually increased
with the increase in the buffer radius; it reached the maximum in the 8–10 km buffer
zone. The proportions of shrubbery and other forests, additionally, showed an increasing
and then decreasing trend with the increase in the buffer radius, with the proportion of
shrubbery reaching its maximum within the 2–4 km buffer zone, while the proportion of
other forests was maximum within the 4–6 km buffer zone. In Qiandongnan Prefecture,
especially around the Miao villages, the closed-canopy forests mainly include timber forests,
economic forests, and shelterbelts. In addition, people in Miao villages have the custom of
planting fengshui trees. They often plant fir, pine, walnut, and persimmon trees around
the village entrance, houses, mausoleums, and mountains, which are regarded as fengshui
trees and belong to this category. The Miao’s unique traditional culture and religious beliefs
also mean that many trees around Miao villages exist as “sacred forests”, and these also
mainly include tree species with a canopy of more than 30%. Open-canopy forests are
mainly unclosed young forests; shrubland and other forests are mainly used for ornamental
and decorative trees.

Over time, the proportion of closed-canopy forests decreased slightly in all buffer
zones except the 8–10 km buffer zone from 1990 to 2020, and the change was not significant.
Open-canopy forests, on the other hand, declined within all buffers, with the largest
proportion in 1990. Shrubbery and other forests showed an increasing trend, reaching a
maximum in 2020. Overall, the forest landscape around the Miao village had relatively
little change in time and obvious spatial heterogeneity, which suggests that the distribution
of the forest landscape may be affected by the Miao villages.
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3.3. Indicators of Association between Villages and Forest Changes Based on PLS-SEM Model
3.3.1. Tests of the Measurement Model and Structural Equation Model

Due to the existence of measurement errors, in order to verify the scientificity of the
model, it is necessary to test the reliability and validity of the data. Reliability refers to the
stability of the measurement results, and the smaller the measurement error, the higher the
stability of the results [68]. In order to effectively evaluate the reliability of the PLS-SEM
model, composite reliability (CR) and Cronbach’s α are used for evaluation. It can be seen
from the Table 2 that the Cronbach’s α coefficient of the four potential variables is greater
than 0.7, and CR is greater than 0.65. The results show that the fitting data of the four
measurement models have good reliability.

Table 2. Reliability and validity assessment of the PLS-SEM model.

Gep CR AVE Cronbach’s α

1990 2000 2010 2020 1990 2000 2010 2020 1990 2000 2010 2020

TH 0.976 0.985 0.947 0.929 0.953 0.971 0.899 0.867 0.951 0.970 0.890 0.848
HA 0.869 0.941 0.892 0.923 0.625 0.800 0.675 0.749 0.840 0.932 0.844 0.900
LP 0.993 0.968 0.936 0.949 0.978 0.909 0.829 0.861 0.989 0.950 0.897 0.919
FS 0.855 0.918 0.894 0.845 0.599 0.740 0.680 0.580 0.776 0.879 0.845 0.762

TH: topographic heterogeneity; HA: human activities; LP: landscape pattern; FS: forest structure; CR: composite
reliability; AVE: average variance extraction; Cronbach’s α: Cronbach’s alpha.

Convergence validity is used to test correlations between latent variables. Average
variance extraction (AVE) is a common index to evaluate the validity of convergence. When
AVE is greater than 0.5, the model can be considered to have sufficient convergence validity.
In this paper, average variance extraction (AVE) is used to verify the convergence validity,
and AVE is required to be greater than 0.5. According to Table 2, the AVE of the four
potential variables is greater than 0.5, indicating good data reliability and aggregation
validity. In general, the fitting data validity of the four measurement models is good.

Factor loading is one of the most important parameters in structural equation models,
and it reflects the strength and direction of the relationships between variables and factors
and is an important index to evaluate the fit degree of models and the importance of the
variables [69]. In this study, factor loading was used to evaluate the fit degree of the model.
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Each factor loading was above 0.6, indicating that the model measurement relationship
was good.

To summarize, the above indicators essentially met the ideal values, so the model had
good reliability and validity, and the overall fit was good, which proved the rationality and
reliability of the evaluation model.

3.3.2. Impact Path Analysis of Miao Villages on Forest Structure Based on PLS-SEM Model

In this study, the terrain, human activities, and landscape pattern were selected as
three potential variables affecting forest structure change, and the effects of different
potential variables and explanatory variables on the forest were measured. According to
the results of the PLS-SEM model (Figure 4), from 1990 to 2020, human activities in the
Miao village had a negative impact on the forest structure around the Miao village, and
the path coefficients were −0.289, −0.175, −0.145, and −0.251, respectively. The impact
was relatively significant, although the significance decreased slightly from 2000 to 2010.
Topographic heterogeneity had a positive effect on forests from 1990 to 2020, and the path
coefficients were 0.209, 0.494, 0.356, and 0.256, respectively, which decreased year by year
after increasing in 2000. Similarly, the impact of the landscape pattern on forest structure
was also positive, at 0.445 in 1990, 0.221 in 2000, 0.473 in 2010, and 0.176 in 2020, and the
impact of the two was also very significant.
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In this study, the terrain, human activities, and landscape pattern were selected as 
three potential variables affecting forest structure change, and the effects of different po-
tential variables and explanatory variables on the forest were measured. According to the 
results of the PLS-SEM model (Figure 4), from 1990 to 2020, human activities in the Miao 
village had a negative impact on the forest structure around the Miao village, and the path 
coefficients were −0.289, −0.175, −0.145, and −0.251, respectively. The impact was relatively 
significant, although the significance decreased slightly from 2000 to 2010. Topographic 
heterogeneity had a positive effect on forests from 1990 to 2020, and the path coefficients 
were 0.209, 0.494, 0.356, and 0.256, respectively, which decreased year by year after in-
creasing in 2000. Similarly, the impact of the landscape pattern on forest structure was also 
positive, at 0.445 in 1990, 0.221 in 2000, 0.473 in 2010, and 0.176 in 2020, and the impact of 
the two was also very significant. 
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Through the analysis of the PLS-SEM model results, it is found that the three potential
variables, terrain, human activities, and landscape pattern, not only have a direct influ-
ence on the forest, but also have indirect influences. They interact with each other and
can affect the forest structure. For example, terrain exerts indirect control on the forest
structure through its influence on human activities and the landscape pattern, and human
activities also exert a significant indirect influence on the forest structure through their
influence on the landscape pattern. These three potential variables may interact to affect
the forest structure.
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3.4. Influence of Miao Villages on Forest Structure Based on PLS-SEM Model

In multivariate analysis, the degree of influence of the independent variable on the
dependent variable, i.e., the effect value, can be categorized into direct and indirect effects.
The direct effect refers to the direct effect of the independent variable on the dependent
variable, while the indirect effect refers to the indirect effect of the independent variable on
the dependent variable, which is usually realized through the mediating variable. Based
on the results of the PLS-SEM model, the direct and indirect effects of Miao villages on
the surrounding forests were analyzed. As can be seen from Figure 5, human activities
in Miao villages have significant direct and indirect impacts on the surrounding forests,
and the direct impacts are significantly greater than the indirect impacts from 1990 to 2020.
Among them, except in 2010, the proportion of construction land has the most significant
negative impact on human activities in Miao villages, followed by GDP, night light, and the
cultivated land proportion. In 2010, the proportion of arable land had the most significant
negative impact, followed by night light, GDP, and the proportion of construction land.
As for the direct and indirect effects, as for the total effects, except for 2010, the negative
impact of construction land was the most significant. In 2020, the indirect impact of human
activities was significantly reduced, and the direct impact was significantly increased.
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Figure 5. The effects of explanatory variables on forest structure. (a) Elevation; (b) slope; (c) edge
density; (d) largest patch index; (e) Patch Area_MN; (f) GDP; (g) the ratio of construction land; (h) the
ratio of cultivated land; (i) night-time light.

In addition, we can also find indirect effects of topographic factors on human activities
in Miao villages, and the landscape pattern is directly affected by human activities in
Miao villages, thus affecting the forest structure. The indirect effect of topography was
particularly significant in 1990; it then decreased in 2000–2010 and increased again in 2020.
There was little difference between the direct and indirect effects of altitude and topography.
The direct effect of the landscape pattern was more significant in 1990 and 2010, and, among
the three variables, the edge density had the greatest effect on the forest.
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3.5. Spatial Correlation Analysis of Forest Structure Distribution and Influencing Factors of
Miao Villages

On the basis of the PLS-SEM results, among the three potential variables of terrain,
human activities, and landscape pattern, six variables of night light, the proportion of
construction land, the proportion of cultivated land, GDP, elevation, and slope were selected
to conduct a spatial response analysis based on the 2020 data (Figure 6). The GWR analysis
of NDVI, open-canopy forest, and gardens was conducted by selecting indexes with a
higher R2 spatial correlation related to human activities, such as night light, construction
land proportion, cultivated land proportion, GDP, elevation, and slope. It can be seen from
the results in Figure 6 that the regression coefficient of GWR in 2020 presents significant
spatial differences in the impact of different factors on the forest structure. For NDVI, the
regression coefficient of night-time light range from −0.357 to −0.079, showing a negative
effect, with the strongest negative effect in the southeast region and slightly weaker in
the northwest region. The regression coefficient of the proportion of construction land is
−0.166–0.161, and the overall effect is negative, except for a small part of the southeast of
Liping County. The regression coefficient of the cultivated land ratio was −0.078–0.089,
and the correlation was negative mainly in the central region, i.e., mainly in Jianhe County.
The regression coefficient of GDP is −0.023–0.065, and the overall effect is negative. The
regression coefficient of elevation is −0.017–0.094, with mainly a positive correlation, and
the regression coefficient of slope is −0.020–0.137, decreasing along the gradient from
northwest to southeast.
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For the open-canopy forests, the regression coefficient of night light was −0.280–0.313,
mainly in Taijiang County and Jianhe County. The regression coefficient of the proportion
of construction land was −0.196–0.161, and the overall negative effect was relatively large
in Jianhe County and Liping County. The regression coefficient of the cultivated land ratio
was −0.065–0.242, and it had a positive effect mainly in Jianhe County and Taijiang County.
The regression coefficient of GDP was −0.151–0.082, and it was mainly positive in Danzhai
County, Leishan County, Taijiang County, and Kaili City. The regression coefficient of
altitude was −0.040–0.525, and it had mainly a positive correlation, while the regression
coefficient of slope was −0.409–0.246, and it was mainly positive in Congjiang County.

For other forests, the regression coefficient of night light was between −0.201 and
1.277, mainly in Danzhai County and Leishan County and their surrounding areas, and it
was positive in Liping County. The regression coefficient of the proportion of construction
land was −1.762–0.227, and it was positive in Leishan County, Danzhai County, Kaili City,
Majiang County, and Huangping County. The regression coefficient of the cultivated land
proportion was −0.063–0.939, and the overall effect was positive. The regression coefficient
of GDP was−0.462 to 0.004, and it was the opposite to the proportion of cultivated land and
had a negative effect on the whole. The regression coefficient of elevation was −0.786 to
0.087, the regression coefficient of slope was −0.215 to 0.557, and the positive correlation
was mainly concentrated in the south. It can be seen from the elevation and slope that the
higher the elevation, the more unfavorable the distribution of open-canopy forests and the
better the distribution of closed-canopy forests. The higher the slope, the higher the NDVI
but the more unfavorable the distribution of closed-canopy forests.

4. Discussion
4.1. The Influence of Traditional Miao Villages on the Surrounding Forests

In this study, five buffer zones were established with the Miao village as the center
and an interval of 2 km to analyze the forest structures of different buffer zones around
the traditional Miao village. According to the research results, the forest structure around
the traditional Miao village is significantly different from that in other buffer zones within
the 2 km buffer zone. Within the 2 km buffer zone, the proportion of closed-canopy
forests is obvious, and with the increase in the buffer zone interval, the proportion of
closed-canopy forests, shrubbery, and other forest land gradually decreases, while the
proportion of open-canopy forests increases. It shows that the Miao villages have a certain
degree of influence on the forest structure. The impact of Miao villages on the surrounding
forests is mainly related to production, lifestyle, and religious beliefs. Miao villages mainly
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focus on agricultural cultivation and economic planting. There are a large number of
timber forests around the villages for house construction and energy materials, such as
trees for winter heating and furniture processing. Affected by the market economy, there
are also economic forests for market transactions to obtain economic benefits, such as
a large number of planted peach trees, pear trees, and so on [70]. Because most of the
Miao villages are located in high mountains and the terrain is complex, there are also
many shelterbelts around the Miao villages, which are mainly aimed at preventing natural
disasters, maintaining infrastructure, protecting production, improving the environment,
and maintaining ecological balance. Furthermore, the unique traditional culture and
religious beliefs of the Miao people also mean that many trees around the Miao villages
exist as “sacred forests” and are protected by the Miao people. For example, the people
in Miao villages have the custom of planting fengshui trees. They believe that this will
protect and bring good fortune to future generations and it is a symbol of auspiciousness.
Not only the Miao but also the Hani people, who live mainly in Yunnan Province, have
beliefs and customs that regard trees as gods. The Hani people believe that the sacred
forest (“milsanlsanqqu”) housed the Earth’s mother. Each village has one or more sacred
forests, the size of which varies according to the size of the village, ranging from a few
hundred square meters to several hectares. The sacred forest is only used for annual sacred
events [71]. This is also consistent with the findings of other scholars. The importance
of studying this cultural dimension of forest use was raised by de la Fuente et al. in
their previous assessment of the implementation of the Native Forest Act. They argue
that “cultural barriers are fundamental factors undermining the effectiveness of Chile’s
forest regulations [72]”. Reyes et al. propose that no ethnic and religious group is more
or less able to manage their forests in a sustainable way, but rather that specific socio-
ecological circumstances, by changing people’s attitudes toward risk and time, determine
differences in the way that people face uncertainty, which ultimately affects forests [73]. By
investigating the perceptions and use of forest ecosystems according to ethnic differences,
Cuni-Sanchez et al. discovered the importance that the Turacos place on the forest, where
some rituals can only be performed [40]. There are also open-canopy forests, a small
amount of shrubbery, and other forests around the Miao village, which are used for orchard
planting and aesthetic appreciation.

From 1990 to 2020, with the passage of time, the forest structure in the 2 km buffer
zone of the Miao village also changed obviously, the proportion of closed-canopy forests
and open-canopy forests gradually decreased, and the proportion of shrubbery and other
forest gradually increased. Among them, the difference in closed-canopy forests is small,
while the difference in open-canopy forests, shrubbery, and other forests is large. With the
development of the economy and the advancement of modernization, the production and
lifestyle of Miao villages have also changed. The building materials have changed from
wood to brick, and the living materials of people have gradually decreased. Under the
influence of the market economy, the modern utilization of forests began to appear in Miao
villages. People’s pursuit of material and economic benefits led to a decline in the area of
economic forests, which were replaced by orchards and tea gardens that could obtain more
economic benefits. However, due to the particularity of the geographical environment and
the need to maintain an ecological balance, the shelterbelts around the Miao villages have
been maintained in a good state. Under the influence of religious beliefs, the sacred forests
and sacred trees in the villages have also been protected. The implementation of the policy
of returning cultivated land to forests has made the green concept popular, the ecological
value of forests has been paid attention to, and the forest around the Miao village has been
protected to a certain extent, so there is little change in the closed-canopy forests. At the
same time, with people’s pursuit of aesthetic landscape and recreation needs, open leisure
forests, and shrubbery for building, the proportion of both has gradually increased.
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4.2. Direct and Indirect Impacts of Factors on Forest Structure

In this study, a structural equation modeling (PLS-SEM) approach was used to quan-
tify the direct and indirect effects of topography, human activities, and landscape patterns
on the forest structure around Miao villages. Compared with traditional statistical anal-
ysis methods, PLS-SEM is scientifically and credibly tested for reliability, validity and fit.
The PLS-SEM model has the advantage of conducting exploratory research in the face of
numerous influencing factors and influence paths, and it can analyze the causal relation-
ships among multiple variables in the system simultaneously, facilitating model prediction.
The model can also study the correlations of each path, and the user can specify various
relationships and obtain valid information by testing them.

Figure 7 shows the effect of different explanatory variables on the forest structure.
Many studies have shown that topography has a direct impact on the structure of forests;
for example, the proportion of forest landscape distribution in Qiannan Prefecture shows
high middle and low sides with increasing elevation, and a trend of increasing and then
decreasing with increasing slope, with the highest point being the slope, and the trend of
curve change is close to a normal distribution. Some studies show that the patch density
and edge density indirectly reflect the strength and extensiveness of the interaction be-
tween forest elements, a high patch density and edge density predict the active landscape
ecological process, and the landscape pattern of the forest drives the distribution of the
forest landscape to a certain extent [74]. In addition, human activities in Miao villages
can negatively affect the surrounding forests. The higher the proportion of land used for
construction [75], the proportion of cultivated land [76], GDP [77,78], and the number of
night-time lights [79], the higher the negative impact on the forest, which is consistent with
previous findings. Beche et al. showed that edge effects driven by human use of the forest
depend on how the local community values and uses different forest resources [19]. The ex-
pansion of building sites has led to the destruction of many forests, and the development of
agricultural and forestry economies has led to the expansion of villages and the destruction
of forest resources.
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In addition to the direct effects described above, topography can also influence the
spatial distribution of Miao villages and thus the structure of the forest. The geographical
environment of Miao villages is very special due to their long-term adaptation to the
local natural environment and the historical and cultural background of the Miao, which
are mostly located in the Leigong Mountains, a region with high and steep mountains
and peaks. However, the residents of Miao villages have established a sound traditional
management system for natural resources such as land resources, water resources, forest
resources, and biological resources. Therefore, the forests around Miao villages are not only
determined by the terrain itself, but also influenced by the Miao villages. The correlation
between the spatial distribution pattern of Miao villages and their culture is also worth
exploring. Historically, in order to escape war, the Miao people kept moving and eventually
settled in the mountains. Safety was an important factor for the initial site selection of a
Miao village. The stockade and the tail of the village are protected by the village forest, and
the generally dangerous terrain and large number trees are the objects of the site selection of
the village, as they have the characteristics of concealing. From the perspective of the Miao’s
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traditional culture and customs, feng shui theory is one of the concepts involved in Miao
village location. The Miao people believe that if the material life can create “strangeness”, it
must have extraordinary vitality, and remaining close to, following, or imitating them will
lead to shelter and help. Forests are one such type of life. In addition, the presence of Miao
village groups linked by family names or family name alliances in the site selection activity
reveals that the Miao people have a strong desire for aggregation and active planning
given their history of a lack of security. Therefore, compared with the outside world, Miao
villages tend to gather together. In addition, human activities in Miao villages also lead to
changes in landscape patterns, which in turn affect the structure of the forest. Linger et al.
showed that human activities at different spatial scales lead to disturbances such as edge
effects and habitat fragmentation/isolation, which are associated with continuous changes
in the structure and composition of Atlantic secondary forests [25].

The utilization of forests in Miao villages also promotes the protection of large forest
complexes in the landscape structure to a certain extent. Large-sized forests play a key role
in the long-term persistence of carbon storage [80] and have greater species richness [81]
and structural complexity, which can provide supportive habitats for typical forest species,
including rare and endangered forest species. Miao villages’ worship of the sacred forest
puts them in a good position to protect large forests, meaning that the forests around ethnic
villages have a greater capacity to support biodiversity. In this paper, the impact of ethnic
villages on large forest complexes has not been deeply studied, so it needs to be explored
in future studies.

4.3. Limitations and Management Suggestions

There are many factors that affect the geographic distribution of forests, including
biological factors, abiotic environmental conditions, and the effects of human activities.
Many studies have shown that climate is a significant human disturbance factor affecting
forests, but because the study area is in the same climatic zone, the climate of the villages is
homogeneous, so the influence of the climate factor is not considered in this paper. Most
of the Miao villages are located in the mountains, with high elevation and slope, and the
altitude is relatively average. Each village has a slight temperature difference, but due to
the difficulty of measurement, we cannot include them in the research system. Current
studies on the influence of cultural landscapes, such as ethnic villages, on forest change
have involved less quantitative analyses. Specifically, Bhagwat et al. used traditional
palaeoecological and statistical methods to study the cultural drivers of tropical forest
reforestation in the Western Ghats of India [82], and Grace et al. used walk-through
and survey data to study personal preferences for sacred forests and non-forest temples
along an urbanization gradient (defined by land use) [24]. However, due to the specificity
of the Miao villages themselves, which can influence the surrounding forests in terms
of production, lifestyle, and religious beliefs, the mechanisms of influence are complex
and difficult to analyze quantitatively, so this study attempted to innovatively propose
a research framework that explores the influence of the interaction between the natural
environment and human activities in ethnic villages on forest change, bridging the gap
in quantitative analyses in existing studies. This study also has certain limitations. For
example, there are other factors that affect forests, such as soil and temperature [83] as
natural conditions and tourism [84] and ecological restoration projects [21] as human
activities. Since the consideration of forest change lacks the inclusion of these drivers, the
actual driving mechanisms may not have been revealed yet. Therefore, the effects of other
drivers on the forest structure should be considered in an integrated manner in future
studies. Another limitation of the study is the limited number of samples analyzed by the
PLS-SEM model, so the inclusion of a richer sample could be considered in the future to
more accurately assess the impact of ethnic villages on forests.

In this study, we emphasize the specificity of the production, lifestyle, and cultural
practices in ethnic villages, which provides a new perspective for forest change research.
This study incorporates the natural environment and human activities into the analytical
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framework and constructs a comprehensive evaluation framework of the causal relation-
ship between forest structure and different influencing factors. By constructing a balanced
system between the economic and social development of ethnic villages and the surround-
ing forest ecosystem, the impact of human activities on forests is controlled within a
reasonable range, with the aim of achieving sustainable development of the environment
and society, especially in unique areas. This study also examined 17 specific indicators
of the SDGs, such as SDG 6.6 (protect and restore water-related ecosystems) and SDG
15.2 (promote sustainable management of all types of forests, stop deforestation, restore
degraded forests, and significantly increase global afforestation and reforestation), which
provide some theoretical basis [85]. The analysis of the impact of Miao villages on the
structure of the surrounding forests and the way that they are affected shows that the
relationship between humans and nature must be the focus of our attention. Integrating
the ethnic culture of the ecological environment-bearing subject into the process of the
ecological utilization of resources can better enable the effective combination of culture
and nature and better ensure the ecological maintenance of culture. Therefore, protecting
the Miao villages, coordinating and maintaining the harmonious interaction between the
villages and the surrounding environment, and promoting the sustainable development of
the Miao villages can provide a reference for the management of a harmonious interaction
between human beings and the natural and natural environment. The three-dimensional
spatial structure of the forest, cultivated land, and buildings within the Miao villages also
caters to the concept of modern urban ecological architecture and can provide experience
for the planning, design, and operation of modern cities. Although Miao villages have
inevitably been affected by the impacts of modern society, the unique ethnic culture of Miao
villages and the concept of ecological civilization are still worth studying and learning
from. Therefore, in the development of land use and economic activities, we should not
only improve the policies and regulations related to forest protection, but also make full
use of the concept of ecological civilization in the Miao culture to promote the development
of local areas from the perspective of sustainable development.

5. Conclusions

By introducing the PLS-SEM and GWR models, this study innovatively constructed a
research framework on the impact of ethnic villages on forest change and its mechanism.
From the perspective of the temporal and spatial dynamics of forests, the interaction and
influence degree of each driving factor were systematically discussed. Taking Qiandongnan
Prefecture as an example, this paper analyzed the spatiotemporal characteristics and driving
factors of forest structure changes around Miao villages in Qiandongnan Prefecture from
1990 to 2020 and explored the possible causes of these changes and the impact of the Miao
villages on forest structure. The results show the following. (1) Almost all the Miao villages
are located in the zone with high elevation and slope, distributed randomly in the buffer
zone of 2 km, and clustered in the buffer zone of 2–10 km. The forest landscape around
the Miao village has relatively little change in time and obvious spatial heterogeneity.
In the 0–2 km buffer zone, the proportion of closed-canopy forests was the largest, and
the proportion of closed-canopy forests gradually decreased as the radius of the buffer
zone increased, while open-canopy forests showed the opposite, and the proportion of
shrubbery and other forests showed a tendency to first increase and then decrease as the
radius of the buffer zone increased. Temporally, all four forest landscapes changed little,
with closed-canopy forests and open-canopy forests decreasing and shrubbery and other
forests increasing. (2) In terms of driving factors of forest structure change, the study found
that human activities had a negative impact on forests, while topographic factors and
landscape patterns had a positive effect on the forest structure distribution. Our results
show that Miao villages not only have a direct effect on the surrounding forests, but also
affect the forests by indirectly influencing the landscape pattern. The PLS-SEM models
have identified a number of indirect pathways that affect the forest distribution. The effect
of topography on human activities in Miao villages weakened the direct positive effect
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of topography on the forest structure, while the positive effect of the landscape pattern
on the forest structure was promoted. The impacts of Miao villages on forest structure
are highly complex and interactive, with both direct and indirect effects. Three potential
variables, topography, human activity, and landscape pattern, interact to affect the forest
structure. The results of the PLS-SEM model show that topography, human activities, and
landscape patterns all have a direct impact on the surrounding forest. Our study shows that
topography and landscape patterns exert a direct positive influence on the forest structure
around Miao villages. (3) There are significant spatial differences in the GWR regression
coefficients of the impacts of different factors on forest structure in 2020, among which the
NDVI and night light data are significantly negatively correlated. In addition, the higher
the altitude, the more unfavorable the distribution of open-canopy forest land, and the
better the distribution of other forest land. The higher the slope, the higher the NDVI, but
this is not conducive to the distribution of other forest land.

In general, this study attempts to introduce the PLS-SEM model to study the impact of
Miao villages on the forest structure, which effectively enhances our understanding of the
driving forces and impacts of forest changes. These findings provide an important basis
for the conservation and management of forests under different driving factors, especially
cultural landscapes, and contribute to the achievement of the ecological and environmental
goals of the United Nations’ 2030 Sustainable Development Goals.
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