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Abstract. Regional development often exhibits imbalances among environmental, economic, and social
dimensions. Previous studies have frequently equated regional development solely with economic growth
or land expansion, neglecting its interconnected effects on environmental and social systems. To address
this gap, this study assesses nine regions in Guizhou Province, China, through the construction of an
integrated Environmental—Economic—Social (EES) evaluation model. Using the entropy method and the
BP neural network modeling, we quantify the vulnerability of regional development from 2014 to 2023,
examining its spatiotemporal evolution. Principal component analysis (PCA) is further employed to
identify key factors influencing regional vulnerability. The results reveal significant disparities in economic
and social vulnerabilities across regions, while environmental vulnerability remains relatively balanced.
PCA indicates that the centralized urban sewage treatment rate, the proportion of tertiary industry in GDP,
the value-added of secondary industry, and urbanization rate positively contribute to vulnerability
reduction. In contrast, energy consumption per unit of GDP and the regional GDP growth rate exhibit the
most negative correlations with vulnerability. These findings highlight the diverse factors shaping regional
development and provide critical insights for policy-making aimed at promoting balanced and sustainable
regional growth.
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Introduction

The level of regional development has become a key indicator for measuring the
comprehensive competitiveness of a region. As a basis for assessing the development
status and formulating future development plans (Yang et al., 2019), vulnerability
evaluation can systematically reveal a region’s response capacity to disturbances and
provide scientific support for designing differentiated development strategies (Wang,
2025), which is of great significance for achieving regional sustainable development.
However, amid the process of rapid urbanization and regional integration, regions are
increasingly confronted with prominent issues such as ecological degradation, excessive
focus on short-term benefits, and homogeneous competition (Shi et al., 2018)—these
problems have significantly intensified the vulnerability and instability of regional
development. Located in Southwest China, Guizhou Province is characterized by high
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forest coverage, yet its ecological environment is highly sensitive and fragile, making
addressing of its development vulnerability an urgent priority.

Vulnerability is a conceptual framework encompassing three core elements:
sensitivity, exposure, and adaptability (Tian et al., 2013). Based on the theory of urban
resilience, the vulnerability of regional development involves multi-dimensional factors,
including the environment, society, economy, and governance (Li et al., 2025), and is
primarily reflected in aspects such as economic vulnerability, ecological vulnerability,
and livelihood vulnerability (Wang, 2025). The study of "vulnerability" originally
originated in the field of natural disasters (Janssena et al., 2006) and has gradually
expanded to disciplines including ecology, management, economics, and engineering. It
has now become a key focus of research in the field of sustainable development. Scholars
have explored this topic from diverse perspectives: the research scope has evolved from
early studies on ecological vulnerability to investigations in the economic domain (Shan,
2019; Li and Zhu, 2020) and social domain shifting from single-system analysis to
comprehensive evaluation of complex systems. Research objects mainly focus on
specific regions, such as urban areas (Fang et al., 2016; Chen et al., 2022), rural areas
(Yang and Pan, 2021), ecologically sensitive zones (Su et al., 2024), poverty-stricken
areas, and other human-environment systems. For evaluation methods, static analysis is
commonly adopted using statistical approaches, such as the Vulnerability Scoping
Diagram (VSD) model (Lu et al., 2020), the Pressure-Driver-Response (PDR) model
(Prata, 2024), the Analytic Hierarchy Process (AHP) (Diao et al., 2018), and the entropy
weight method (Hao and Zhang, 2021). Vulnerability evaluation is widely applied in
multi-system coupling theory, including studies on the coupling coordination between
ecological vulnerability and economic development (Fan et al., 2022; Wang et al., 2023)
and the coupling coordination of social-ecological systems (Wei et al., 2023).
Additionally, machine learning has been extensively introduced in geographical research,
with applications in climate studies (Zhang et al., 2022; Gong et al., 2022), forestry
(Zheng et al., 2024), water resources (Zuo et al., 2024), and thermal environment analysis
(Qiao and Tian, 2014).

The core of vulnerability in Guizhou Province lies in the interactive effects of
environmental constraints (Gao et al., 2024), economic growth, and social demands
during regional development (Fan et al., 2022). For instance, energy-intensive industries
intensify environmental pressure (Zhou et al., 2021), and various types of pollution exert
comprehensive stress on the environment (Chen et al., 2023) — these issues further affect
social stability. Additionally, karst areas face constraints from topographic pressure
(Wang and Zhao, 2022), and as an underdeveloped province located in western China
(Zhu and Yu, 2025), Guizhou epitomizes the conflict between ecological protection and
economic catch-up. Consequently, the research findings are generalizable to Southwest
China. Despite substantial achievements in vulnerability research, existing studies still
have three limitations: first, most rely on cross-sectional data for static spatial analysis,
with insufficient attention paid to the dynamic evolution laws of vulnerability (Wang and
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Fang, 2014); second, research perspectives often focus on a single dimension, resulting in
few comprehensive studies on the vulnerability of complex regional development
systems; third, traditional statistical methods have limitations in handling non-linear
relationships and complex systems (Huang et al., 2019). In recent years, the Back
Propagation (BP) neural network has been applied to regional development research,
demonstrating significant advantages in adaptability and prediction accuracy. It does not
require preset linear relationships and can capture non-linear correlations between
indicators (Wang et al., 2025). When combined with Principal Component Analysis
(PCA), it forms a closed loop of "evaluation-verification-driving mechanism analysis,"
which not only enables quantitative assessment but also reveals driving mechanisms,
thereby addressing the limitations of traditional static analysis.

In view of this, this study constructs a regional development vulnerability evaluation
system covering three dimensions—"environmental system-economic system-social
system"—and selects 15 specific indicators. It employs the entropy weight method and
the Back Propagation (BP) neural network model to measure the vulnerability levels and
spatiotemporal evolution trends of 9 prefecture-level cities in Guizhou Province from
2014 to 2023, and uses PCA to explore the key influencing factors. This research focuses
on addressing three scientific questions: (1) How did the wvulnerability of the 9
prefecture-level cities/autonomous prefectures in Guizhou Province fluctuate temporally
and differentiate spatially from 2014 to 2023? (2) How does the interaction between the
environmental, economic, and social systems affect overall vulnerability? (3) Through
what pathways do key indicators (e.g., urbanization rate, industrial structure) drive
changes in vulnerability? Given the uniqueness of Guizhou’s karst landform and
ecological sensitivity, the research results can provide precise policy support for the
sustainable development of ecologically fragile areas in Southwest China.

Materials and methods
Study area

Guizhou Province is located in the hinterland of Southwest China, bordering Sichuan
and Chongqing to the north, Guangxi to the south, Yunnan to the west, and Hunan to the
east. Geographically situated on the Yunnan-Guizhou Plateau, it is characterized by
numerous mountain ranges, spanning longitudes from 103°36'E to 109°35'E and latitudes
from 24°37'N to 29°13'N (Fig. ). The province straddles two major river basins—the
Yangtze River and the Pearl River—and serves as a critical ecological barrier for the
upper reaches of these two rivers. Severe rocky desertification not only restricts the
sustainable development of Guizhou’s ecological economy but also poses a threat to the
ecological security of the Yangtze and Pearl River basins (Fan et al., 2022). As a major
tourist destination in China, Guizhou is situated in a concentrated karst area, where its
tourism industry primarily relies on advantages of the natural environment. Notably, karst
landforms account for 61.9% of Guizhou’s total land area (Guo et al., 2023). The
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contradiction between its ecological vulnerability and underdeveloped economy makes
Guizhou a typical case for studying regional development vulnerability. Administratively,
Guizhou is divided into nine prefecture-level units: six cities (Guiyang, Zunyi, Bijie,
Anshun, Liupanshui, and Tongren) and three autonomous prefectures (Qiandongnan,
Qiannan, and Qianxinan).
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Figure 1. The research area

Data source and processing

To ensure the accuracy and reliability of the data, this study primarily utilizes a
ten-year panel dataset (2014-2023). The data were sourced from the China Urban
Construction Statistical Yearbook, the China Statistical Yearbook, the Guizhou
Statistical Yearbook, the Guiyang Statistical Yearbook, as well as from the statistical
yearbooks, statistical bulletins, and natural resources bulletins of each prefecture-level
city and autonomous prefecture in Guizhou (7able 1). Some indicators were calculated
from the raw data. Data from different sources were cross-validated, with any
discrepancy maintained below a 5% threshold to ensure consistency. For missing values,
linear interpolation was applied to maintain a complete and consistent dataset for
analysis.
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Table 1. Data sources

Data Type Specific indicators Indicator meaning Data Source
) Residential Greening {China Statistical
Xi:Per capita park green space area )
Environment Yearbook)
Xy:Forest coverage rate Urban Greening Level {China Urban
X5:Percentage of days with good air ) ) Construction Statistical
Urban Air Environment
quality Yearbook)
Direct X4:Urban sewage centralized - ) . {Guizhou Provincial
rban wastewater intensit _
indicator data treatment rate Y| Statistical Yearbook)
Xs:Natural Population Growth Rate| ~ Urban Energy Intensity (Guiyang Statistical
Xe:Urbanization rate Economic Structure Yearbook)
X5:Per capita disposable income of E ) n {Anshun Statistical
conomic growth rate
urban residents g Yearbook)

{Zunyi Statistical

Xg:Per capita disposable income of] o )
Industrialization Intensity Yearbook)

rural residents

{Bijie Statistical

Xo:Energy consumption per unit of] .
Total economic output Yearbook)

GDP
Xio:Value added of the tertiary

{Qiannan Statistical

Industrial production value
industry as a percentage of GDP P Yearbook)

{Statistical Yearbook of

Derived Xi1:Regional GDP Growth Rate Population growth
Qiandongnan)
Indicator |X12:Value Added of the Secondary ) o o
Traffic Road Capacity {Qianxinan Statistical
Data Industry
: : Yearbook)
X13:GDP per capita Traffic Road Capacity o
{Tongren Statistical
. Urban and Rural Residents'
Xi4:Industrial Value Added Yearbook)
Income . . -
{Liupanshui Statistical
Xis:Road area per capita Income of Rural Residents Yearbook)

Research methods
Establishment of vulnerability indicators

Commonly cited vulnerability indicator frameworks include risk-hazard (RH) models,
such as the Vulnerability Scoping Diagram (VSD) and Pressure-State-Response (PSR)
models. These models clarify the relationship between exposure to natural hazards and
the resulting losses. From a systematic theoretical perspective, combined with the actual
conditions of Guizhou Province and with reference to relevant studies, 15 indicators were
selected under three dimensions—environmental system vulnerability, economic system
vulnerability, and social system vulnerability—to construct an urban vulnerability
assessment indicator system for Guizhou Province.
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Urban Environmental System Vulnerability (UESV): This dimension uses indicators
characterizing the urban environment to explain the outcomes of interactions between
urban development and the environment when the city is exposed to external
environmental disturbances. The selected indicators include per capita park green space
(X1), forest coverage rate (X2), proportion of days with good air quality (X3), centralized
urban sewage treatment rate (X4), and energy consumption per unit of GDP (X5s).

Urban Economic System Vulnerability (UECSVI): This dimension uses indicators
reflecting disturbances to the economic system (focusing on the secondary and tertiary
industries). The selected indicators include the proportion of the added value of the
tertiary industry in GDP (Xs), regional GDP growth rate (X7), added value of the
secondary industry (X3), per capita GDP (Xo), and industrial added value (Xio).

Urban Social System Vulnerability (USSV): This dimension uses indicators
characterizing human-related factors in urban society to explain the impact of basic urban
development on the city. The selected indicators include natural population growth rate
(X11), per capita road area (Xi2), urbanization rate (Xi3), per capita disposable income of
urban residents (X14), and per capita disposable income of rural residents (Xis) (Table 2).

Data standardization

For positive indicators of the target layer, formula (1) is applied; for negative
indicators, formula (2) is applied.

Kji—Min(Xj;
Yi' _ ij (Xij))

] Max(Xjj)—Man(Xjj) +0.001 (qu)

- Max(Xijj)—(Xij)
Yl] - Max(Xjj)—Man(Xj;) +0.001 (qu)

In the formula, Yjj, Xjj, Max(Xjj), Min(Xj;) are the normalized value of original index
data, the original value of the index data, the maximum and minimum values of the ju
indicator in the ith sample village, respectively.

Yij

P.. =
1= 5w (Eq3)

Calculate the entropy value e¢; for the ju indicator.

In the formula: k=1/Inn, where €;>0.
Calculate the information entropy redundancy g; of the ju indicator.
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g =1-¢ (Eq.5)
Calculate the weights w; for each indicator.
—_§
w. pr —
=5 (Eq.6)
Table 2. Vulnerability study indicators
Target layer | System layer Index layer Nature| Unit Consultation
Xi:Per capita park green space area - m? (Xu et al., 2023)
Xs:Forest coverage rate - % (Gao et al., 2024)
Vulnerability | Xs3:Percentage of days with good air
) + % (Fan et al., 2022)
of quality
environmental [X,:Urban sewage centralized treatment )
- % (Bai et al., 2018)
systems rate
Xs:Energy consumption per unit of
5 gy GDE p +  [T/10%yuan|(Gao et al., 2024)
Regional X6:Value added of the tertiary industry] o (Guo et al,,
Development as a percentage of GDP ’ 2009)
Vulnerability| Vulnerability X7:Regional GDP Growth Rate - % (Fan et al., 2022)
Evaluation | of economic | Xjs:Value Added of the Secondary
- 10%yuan | (Tao, 2020)
Indicators systems Industry
for Guizhou Xo9:GDP per capita - 10*yuan |(Fan et al., 2022)
Province Xjo:Industrial Value Added - 10%yuan |(Bai et al., 2018)
Xi1:Natural Population Growth Rate + %0 (Guo, 2022)
) (Huang et al.,
Xi2:Road area per capita + m?
. 2020)
Vulnerability —
) Xi3:Urbanization rate - % (Shen, 2014)
of social — -
Xi4:Per capita disposable income of
systems ) - yuan |(Fan et al., 2022)
urban residents
Xis:Per capita disposable income of )
- yuan (Liu, 2018)

rural residents

BP neural network model construction

The BP Neural Network consists of three layers: an input layer, a hidden layer, and

output layer. Neurons within the same layer are mutually independent, while neurons

across different layers are interconnected, with weights assigned to these inter-layer
connections for calculation (Li et al., 2016; Zhou et al., 2017). Structurally inspired by
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the neural network of the human brain, it is a multi-layer network architecture that
operates based on error backpropagation, with continuous weight correction and model
training. The working mechanism is as follows: first, sample data is fed into the input
layer to initiate the training process. Subsequently, the error generated between the model
output (from the output layer) and the actual target value is propagated backward through
the network. During this backpropagation, the connection weights between neurons are
dynamically adjusted to minimize the error iteratively. Through such repeated training
and weight optimization, the BP Neural Network is capable of approximating a complex
nonlinear function with high accuracy, ultimately outputting the corresponding predicted
values (Lu and Zhang, 2016). Eventually, these predicted values can achieve a high
degree of proximity to the real target values (Figure 2).

The Input Layer The Hidden Layer The Output Layer

Figure 2. BP neural network topology of regional development vulnerability evaluation model in

Guizhou province

In this study, the BP neural network was constructed using the MLPRegressor module
from the Scikit-learn library in Python, with subsequent optimization and computation
performed in PyCharm 2025.1. The Python-implemented BP neural network model
includes built-in functions for weight initialization, model learning, and training. After
modification, the model allows flexible configuration of the input layer, hidden layer, and
output layer structures. For this research, a total of 15 indicators from the three systems
("environment-economy-society") were designated as input layer variables, while the
vulnerability scores of the three subsystems and the overall regional development
vulnerability served as output variables. Following model training and optimization, the
vulnerability levels of each subsystem and the comprehensive regional development
vulnerability were derived and subjected to integrated evaluation.
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Currently, there is no unified standard for defining the optimal range of regional
vulnerability evaluation, nor is there a fixed assessment criterion for evaluating
development vulnerability using BP neural networks. To address this gap, this study
adopted the natural breaks classification method to categorize the evaluation results
generated by the BP neural network. Regional vulnerability was divided into 4 levels,
denoted as low vulnerability (Grade 1), relatively low vulnerability (Grade II), relatively
high vulnerability (Grade III), and high vulnerability (Grade IV), respectively. First, the
weights of each evaluation indicator are calculated using the entropy method to construct
a comprehensive evaluation indicator system based on the BP neural network. Second, a
three-layer BP neural network model is constructed:

Input Layer: Contains 15 indicators (Xi;—Xi5) representing regional vulnerability.

Hidden Layer: N nodes (optimal value determined experimentally).

Output Layer: Contains 1 node (Y), corresponding to regional vulnerability level.

Network model parameters are set as follows:

e [earning rate: 0.01

e Maximum training iterations: 2000

¢ Training objective accuracy: 0.005

o Other parameters: Default

Model training was terminated when either the target accuracy was achieved or the
maximum number of training epochs was reached—this marked the successful
construction of the artificial neural network model. Finally, the standardized indicator
data were input into the trained BP neural network model, which automatically output the
corresponding regional vulnerability grade. The output values ranged between [0, 1].

Principal component analysis (PCA)

Principal Component Analysis (PCA) is a crucial step in examining the composition of
regional development vulnerability. As one of the fundamental methods in multivariate
statistical analysis, PCA can reduce the dimensionality of multiple datasets and identify
the primary factors influencing regional vulnerability (Gong et al., 2014). The specific
steps are as follows: (1) Incorporate standardized data into the correlation coefficient
matrix (R) to compute the vulnerability correlation matrix based on standardized data; (2)
Calculate eigenvalues and eigenvectors, selecting principal components with eigenvalues
greater than 1 for analysis (Wu et al., 2025); (3) Compute the cumulative sum of principal
variance and contribution rates to identify principal components; (4) Calculate principal
component loadings to determine the primary indicators influencing overall regional
vulnerability.
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Results
Indicator weighting and model fitting
Indicator weight calculation

The weights for each indicator in Guizhou Province over the 10-year period from 2014
to 2023 were calculated using the entropy method. The average values of each indicator
over the 10-year period were then taken to ultimately obtain the weights for the regional
development vulnerability assessment indicators of Guizhou Province (7able 3).

Table 3. Weighting of indicators for vulnerability assessment of regional development in
Guizhou Province

Secondary Indicators | Weight Level 3 Indicators Weight
Xi:Per capita park green space area 0.0724
Xs:Forest coverage rate 0.0449
Environmental System | 0.2313 Xj3:Percentage of days with good air quality 0.0624
X4:Urban sewage centralized treatment rate 0.0287
Xs:Energy consumption per unit of GDP 0.0227
X6:Value added of the tertiary industry as a percentage of 0.0447

GDP
X7:Regional GDP Growth Rate 0.0427

Economic System 0.3996

Xg:Value Added of the Secondary Industry 0.1043
Xo:GDP per capita 0.1132
Xio:Industrial Value Added 0.0944
Xi1:Natural Population Growth Rate 0.0446
Xi2:Road area per capita 0.0341
Social System 0.3691 Xi3:Urbanization rate 0.0699
Xi4:Per capita disposable income of urban residents 0.0873
Xis:Per capita disposable income of rural residents 0.1330

It can be concluded that the weight of the economic system is higher than that of the
social system and environmental system. According to the calculation results of the
entropy weight method, this phenomenon is attributed to the relatively high weights of
three core indicators in the economic system: per capita GDP (Xo), added value of the
secondary industry (Xs), and industrial added value (X10). These three indicators exhibit a
high degree of variation, meaning there are significant differences in their values across
different years and regions in Guizhou Province. This finding reveals two key insights:
On one hand, it reflects that the economic system is the most prominent dimension of
Guizhou’s regional development achievements. On the other hand, it indicates that the
development gap among cities in Guizhou is most obvious in the economic system
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(weight = 0.3966), followed by the social system (weight = 0.3691), and finally the
environmental system (weight = 0.2313). Specifically, Guizhou’s economic growth
mainly relies on the secondary industry within the economic system—among which, the
added value of the secondary industry (Xg, weight = 0.1043) and industrial added value
(Xi10, weight = 0.0944) together account for nearly 50% of the total weight of the
economic system. This further confirms the dominant role of fluctuations in the economic
system in driving the overall regional development dynamics of Guizhou Province.

BP neural network model fitting

A critical challenge in the modeling of BP networks lies in determining the optimal
number of hidden layer neurons. To address this, iterative training was conducted to
identify the optimal number of hidden layer neurons for the pre-constructed BP neural
network model. Specifically, a stepwise testing approach was adopted: the number of
hidden layer neurons was varied incrementally, and the model was retrained for each
configuration. The coefficient of determination R? was used as the key metric to evaluate
model fit, with higher R? values indicating better agreement between predicted and actual
vulnerability grades. The optimal number of hidden layer neurons was determined as the
configuration that yielded the maximum R? value. Results of this optimization process are
presented in Table 4.

Table 4. Implicit neuron number test effect

Neuron 6 7 8 9 10 11 12
R? 0.6040 0.6631 0.8291 0.9866 0.8949 0.9806 0.8639
MSE 0.0018 0.0016 0.0008 0.0001 0.0005 0.0002 0.0006

As shown in Table 4, when the number of hidden layer neurons was set to 9, the
coefficient of determination R? reached its maximum value (0.9866) while the mean
squared error (MSE) was minimized (0.0001). These metrics indicate that the BP neural
network model achieved the best training fit for the sample data and the highest
prediction accuracy under this configuration. Based on these results, the optimal structure
of the BP neural network was determined as 15x9x1, where the input layer contains
1 neurons, the hidden layer contains 9 neurons, and the output layer contains 1 neuron.

Indicator data for each region were processed using the optimized BP neural network
(Table 5). Each subsystem (environmental, economic, social) was categorized into four
vulnerability grades. After data normalization, the natural breaks method was applied to
define the classification thresholds for each vulnerability grade: the minimum normalized
value (0) corresponded to the lowest vulnerability grade, while the maximum normalized
value (1) corresponded to the highest vulnerability grade. The model training was
terminated after 13 iterations, as the error fell below 51072 (Fig. 3), meeting the target
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training accuracy. The final performance metrics were as follows: mean squared error
(MSE) = 0.1x107%, mean absolute error (MAE) = 6.1x1073, root mean squared error
(RMSE) = 7.9x1073, and coefficient of determination (R?*) = 0.9866. These results
indicate excellent agreement between the model predictions and actual vulnerability
levels.

Table 5. Level of vulnerability

Level | I 111 v
Regional Development Vulnerability, <0.294 0.295~0.348 0.349~0.389 >0.390
Environmental System Vulnerability <0.171 0.172~0.224 0.225~0.317 >0.318
Economic System Vulnerability <0.315 0.316~0.363 0.364~0.507 >0.508
Social System Vulnerability <0.358 0.359~0.407 0.408~0.458 >0.459

Training Error Curve

— T raining loss

0.6 @  Optimal Solution(Round: 13; loss: 000465182

01

0.0 ad
0 5 10 15 20
Training Session

Figure 3. Deviation curve of BP neural network

Spatiotemporal evolution analysis of regional development vulnerability

Using the aforementioned indicator system, the normalized data were input into the
BP neural network, with indicator weights determined by the entropy weight method.
After model operation, four sets of vulnerability indices were obtained for the 9
prefecture-level cities/autonomous prefectures in Guizhou Province from 2014 to
2023: comprehensive development vulnerability, environmental vulnerability, economic
vulnerability, and social vulnerability. To visualize the temporal dynamics of these
indices, time-series plots were constructed. For each plot, the horizontal axis (X-axis)
represented the time period (2014-2023), while the vertical axis (Y-axis) represented the
corresponding vulnerability index value. These plots collectively illustrate the annual
fluctuations and long-term trends of each vulnerability dimension across Guizhou’s
administrative regions over the 10-year study period.
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Trends in vulnerability dynamics

(1) Overall regional vulnerability and subsystem interactions (Fig. 4a)

Based on the vulnerability indices of each subsystem (environmental, economic,
social) for Guizhou Province derived from the BP neural network (Fig. 4a), the overall
development vulnerability of each administrative region in Guizhou was further
calculated. Owing to the inherent complexity of regional systems, the three subsystems
are inherently interconnected and mutually influential:

First, a region’s resource and ecological environment serves as a fundamental
prerequisite for economic and social development—neither economic growth nor social
progress can be sustained independently of stable environmental conditions. Conversely,
human activities driving regional expansion (e.g., urban sprawl, resource exploitation)
often exert pressure on the environment, potentially causing degradation. This reciprocal
relationship—where each subsystem both supports and constrains the others—was
particularly evident in Guizhou’s development during 2014-2017.
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Figure 4. Diagram of the study area,2014-2023. (a) Vulnerability level of Guizhou Province's
development from 2014 to 2023, (b) Vulnerability level of Guizhou Province's environmental
system from 2014 to 2023, (c) Vulnerability level of Guizhou Province's economic system from
2014 to 2023, (d) Vulnerability level of Guizhou Province's social system from 2014 to 2023
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During this period, guided by national policy directives, Guizhou’s overall regional
vulnerability exhibited a downward trend, with all cities except Guiyang and Qiannan
Buyi and Miao Autonomous Prefecture (Qiannan) experiencing reductions in
vulnerability. This trend directly reflects the effectiveness of Guizhou’s environmental
protection initiatives during this phase. In contrast, over the entire 10-year study period
(2014-2023), the economic system vulnerability showed a fluctuating upward pattern,
while the social system vulnerability displayed a fluctuating downward
trajectory—highlighting the divergent dynamics of the three subsystems.

(2) Environmental system vulnerability trends (Fig. 4b)

All 9 prefecture-level administrative units (hereafter referred to as "regional clusters")
in Guizhou exhibited temporal fluctuations in environmental vulnerability. Liupanshui, a
typical resource-based city, saw its environmental vulnerability first increase and then
decrease, peaking in 2017 as the highest among all 9 clusters. This peak indicates that
Liupanshui’s environmental protection efforts were insufficient to keep pace with its
economic development during this period.

Notably, Liupanshui’s environmental vulnerability index declined sharply after 2017,
dropping from 0.70 in 2017 to 0.28 in 2018. This dramatic reduction was closely tied to
improvements in environmental governance: Liupanshui’s centralized urban sewage
treatment rate had fallen to 65.36% in 2017 (down from 72.36% in 2016), but targeted
remediation measures implemented in 2018 significantly restored sewage treatment
capacity, leading to the steep decline in vulnerability.

In contrast, the remaining 8 regional clusters maintained a steady downward trend in
environmental vulnerability from 2014 to 2023, with the lowest values recorded in 2023.
This consistent reduction underscores Guizhou’s commitment to balancing regional
development with ecological conservation, ensuring that economic expansion did not
come at the expense of environmental quality.

(3) Economic system vulnerability trends (Fig. 4c)

The economic vulnerability of Guizhou’s 9 regional clusters showed substantial
variability, with Qiandongnan Miao and Dong Autonomous Prefecture (Qiandongnan)
exhibiting the most pronounced fluctuations. Qiandongnan’s economic vulnerability
reached two distinct peaks: the first (0.57) in 2017 and the second (0.70) in 2021.

The 2017 peak was primarily driven by a sharp decline in key economic indicators: the
regional GDP growth rate plummeted to 3.8% in 2017 (compared to 11.8% in 2016 and
6.4% in 2018), while industrial added value fell to 141.88x10% yuan (down from
180.74x10® yuan in 2016 and only slightly recovering to 142.48%108 yuan in 2018).

The 2021 peak, by contrast, stemmed from a drop in the proportion of tertiary industry
added value in GDP—this ratio fell from 57.4% in 2020 to 51.6% in 2021—even as other
economic indicators continued to rise steadily.

For the remaining 8 regional clusters, economic vulnerability decreased sharply in
2021 due to proportional growth across most economic metrics. A slight decline in
indicators was observed in 2022, followed by a recovery in 2023. This pattern suggests
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that Guizhou’s regional economy was disrupted by the global COVID-19 pandemic in
2020; however, the post-pandemic resumption of production enabled a gradual return to
the high-growth trajectory seen before the pandemic.

(4) Social system vulnerability trends (Fig. 4d)

The regional vulnerability of all nine urban clusters in Guizhou Province showed an
average development trend. However, Anshun City experienced a significant increase
from 0.52 in 2014 to 0.72 in 2015, Bijie City (0.59 in 2014 to 0.67 in 2015), and Qiannan
Prefecture (0.36 in 2014 to 0.59 in 2015) all experienced vulnerability increases in 2015.
The remaining clusters saw vulnerability decreases in 2016, though these declines were
modest. This indicates that alongside economic development, local clusters across
Guizhou Province are simultaneously addressing social needs, refining social systems,
and enhancing the quality of life for its people. As the provincial capital, Guiyang leads
the province, followed by Zunyi and Tongren. Anshun, with its relatively late start in
social development, currently has the highest vulnerability rating in the province.

Over the past decade, the regional development vulnerability index for some cities in
Guizhou Province first declined and then rose, with all regions ultimately maintaining
vulnerability below Level IV. Guiyang and Zunyi saw their regional vulnerability
gradually increase to Level III urban vulnerability. Guizhou's regional development still
requires attention: Liupanshui must prioritize environmental system vulnerability
alongside development, Qiannan should focus on economic system vulnerability, while
Anshun, Bijie, and Qiannan should pay attention to social system vulnerability. From a
holistic perspective, Guiyang City experienced a decline in environmental vulnerability
(0.39-0.16) between 2014 and 2023, while its economic system vulnerability remained
stable (0.25-0.25) and its social system vulnerability decreased (0.34-0.20). This reflects
Guiyang's concurrent efforts to protect its environmental system and influence its social
system while developing its economy. Zunyi City saw its environmental vulnerability
decrease (0.34-0.10) from 2014 to 2023, accompanied by declines in both economic
vulnerability (0.31-0.29) and social vulnerability (0.34-0.31), indicating a trade-off
between economic growth and ecological conservation. Anshun City experienced a
decline in its environmental system (0.55-0.12) and social system (0.52—0.49) from 2014
to 2023, while its economic system improved (0.34-0.55). This highlights Anshun's
prioritization of environmental protection, yet as the city with the lowest regional GDP, it
faces challenges in achieving robust economic development. Bijie City, Tongren City,
Qiandongnan Prefecture, Qiannan Prefecture, and Qianxinan Prefecture mirrored
Anshun's trajectory, with their environmental systems ultimately declining to (0.19, 0.09,
0.14, 0.11, 0.17) while their economic systems rose to (0.50, 0.53, 0.53, 0.53, 0.55).

Geographically, Guiyang as the provincial capital and Zunyi bordering Chongqing
represent Guizhou's two largest economies. These cities receive the province's strongest
policy and economic support and cultural tourism resources (Fig. 5), with their unique
developmental conditions enabling them to significantly outperform other regions in
Guizhou.
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Figure 5. To assess temporal trends in tourist arrivals from 2014 to 2023

Evolutionary patterns of vulnerability spaces

(1) Based on the annual vulnerability indicator characteristics calculated in the
preceding sections, spatial distribution maps of environmental vulnerability were
generated using ArcMap 10.8 (Fig. 6). These maps reveal a dramatic spatial-temporal
transformation of environmental vulnerability in Guizhou Province from 2014 to 2023,
with the following key stages. 2014 (Fig. 6a): The entire study area was classified as
Grade IV (high environmental vulnerability), indicating that Guizhou’s regional
environment was under widespread pressure at the start of the study period. 2017
(Fig. 6b): A clear spatial differentiation emerged: 3 administrative units reached Grade II
(relatively low vulnerability), 4 units remained at Grade III (relatively high vulnerability),
and 2 units persisted at Grade IV (high vulnerability). This transition reflects the initial
effectiveness of targeted environmental governance measures in some regions. 2020
(Fig. 6¢): Environmental vulnerability across all regions fell below Grade IV, marking a
provincial-scale breakthrough in environmental quality improvement—no area remained
in the "high vulnerability" category. 2023 (Fig. 6d): The optimization of environmental
vulnerability reached its peak: 6 administrative units achieved Grade I (low
vulnerability), 2 units maintained Grade II (relatively low vulnerability), and only 1 unit
remained at Grade III (relatively high vulnerability).

Notably, Guiyang and Zunyi—Guizhou’s key development hubs—also attained Grade
I environmental vulnerability by 2023. This outcome demonstrates that these two regions
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successfully balanced economic development with environmental protection, avoiding
the trade-off between growth and ecological degradation often observed in rapidly
developing areas.
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Figure 6. Spatial evolution of regional development environmental vulnerability in Guizhou
Province, 2014-2023

(2) Spatial dynamics of economic system vulnerability

Spatial distribution maps of economic vulnerability (Fig. 7) reveal a contrasting
pattern to environmental vulnerability, with a growing concentration of high vulnerability
in non-core regions over the study period: 2014 (Fig. 7a): The economic vulnerability
exhibited relatively balanced spatial distribution: 2 administrative units were classified as
Grade I (low vulnerability), 5 units as Grade II (relatively low vulnerability), and 2 units
as Grade III (relatively high vulnerability). No region reached Grade IV (high
vulnerability) at this stage. 2017 (Fig. 7b): A clear hierarchical gap emerged: Guiyang
(the provincial capital) remained at Grade I, Zunyi (the second-largest economic hub) at
Grade II, while all other regions fell into Grade IIl or IV. This marked the initial
formation of an economic vulnerability gradient centered on Guiyang and Zunyi. 2020
(Fig. 7c): Driven by the radiative effects of Guiyang and Zunyi, the economic
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vulnerability of surrounding regions decreased, with no area exceeding Grade IV. This
reflects the role of core cities in driving the economic stability of neighboring regions.
2023 (Fig. 7d): The spatial polarization of economic vulnerability intensified: Only
Guiyang and Zunyi maintained Grade I (low vulnerability), while the remaining 7
prefecture-level units regressed to Grade IV (high vulnerability). This pattern clearly
manifests a "core-periphery" structure in Guizhou’s economic development—core cities
(Guiyang, Zunyi) enjoy stable, low-vulnerability growth, while peripheral regions face
persistent economic instability.
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Figure 7. Spatial evolution of regional economic vulnerability in Guizhou Province, 2014-2023

(3) Spatial dynamics of social system vulnerability (2014-2023)

Based on the spatial distribution maps of social system vulnerability (Fig. §), a general
trend of progressive improvement was observed across Guizhou Province over the
10-year period, with significant inter-regional variations in the pace and magnitude of
improvement:

Guiyang: Maintained consistently low social vulnerability throughout the study
period, fluctuating between Grade II (relatively low) and Grade I (low). This stability
reflects Guiyang’s advanced social infrastructure, mature public service systems, and
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continuous investments in social welfare—advantages inherent to its role as the
provincial capital.

Zunyi: Exhibited a volatile but overall downward trajectory: social vulnerability
initially rose from Grade III (relatively high) to Grade IV (high) in the early stage, before
declining steadily to Grade I (low) by 2023. This pattern suggests a period of social
adjustment (e.g., addressing gaps in public services amid rapid economic growth)
followed by targeted policy interventions that restored social stability.
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Figure 8. Spatial evolution of regional development social vulnerability in Guizhou Province,
2014-2023

Bijie: Achieved the most dramatic reduction in social vulnerability, transitioning from
Grade IV (high) to Grade II (relatively low) and ultimately to Grade I (low) by 2023. This
progress is closely linked to Bijie’s economic development: economic growth has
facilitated increased investments in social sectors (e.g., education, healthcare, and
poverty alleviation) and environmental governance, forming a positive synergistic
relationship between economic advancement, social improvement, and ecological
protection.
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By 2023, the spatial differentiation of social system vulnerability in Guizhou had
become clear, with the following grade distribution:

Grade I (low vulnerability): Guiyang, Zunyi, Bijie, and Tongren—these regions
represent the leading areas of social development in Guizhou, supported by robust
economic foundations or targeted social policies.

Grade II (relatively low vulnerability): Qianxinan Buyi and Miao Autonomous
Prefecture—this region showed moderate improvement but still lags slightly behind the
Grade I group, likely due to slower progress in social infrastructure upgrades.

Grade III (relatively high vulnerability): Qiandongnan Miao and Dong Autonomous
Prefecture, Qiannan Buyi and Miao Autonomous Prefecture, and Liupanshui—these
regions face persistent challenges such as uneven distribution of public services or
lagging social welfare coverage.

Grade IV (high wvulnerability): Anshun—uniquely remaining in the highest
vulnerability grade, this outcome underscores the strong link between Anshun’s
underdeveloped economic base and its lagging social development. Unlike regions where
economic growth drove social progress (e.g., Bijie), Anshun’s limited economic capacity
has constrained investments in social sectors, resulting in slower improvement in social
vulnerability.

(4) Spatial dynamics of overall regional vulnerability (2014-2023)

Spatial distribution maps of overall regional vulnerability (Fig. 9) reveal a profound
transformation in Guizhou’s regional development resilience over the 10-year period,
with a clear shift from widespread high vulnerability to differentiated but generally
reduced risk:

2014 (Initial State): Guizhou’s overall regional vulnerability was highly concentrated
at high grades: only 2 administrative units were classified as Grade II (relatively low
vulnerability), while all remaining regions fell into Grade IV (high vulnerability). This
pattern reflected the province’s limited development resilience and widespread
challenges across environmental, economic, and social systems at the start of the study
period.

2023 (Final State): A balanced and differentiated spatial pattern emerged after a
decade of development:

Grade III (relatively high vulnerability): Guiyang, Zunyi, Bijie, and Liupanshui;

Grade II (relatively low vulnerability): Anshun;

Grade I (low vulnerability): Qianxinan Buyi and Miao Autonomous Prefecture,
Qiannan Buyi and Miao Autonomous Prefecture, Qiandongnan Miao and Dong
Autonomous Prefecture, and Tongren.

A notable counterintuitive trend emerged in the 2023 data: Regions with higher
economic and social vulnerability tended to exhibit lower overall vulnerability, while
regions with lower economic vulnerability showed higher overall vulnerability. This
pattern is quantified by the 2023 overall vulnerability indices:
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Low overall vulnerability (Grade I regions): Tongren (0.24), Qiandongnan (0.26),
Qiannan (0.25), and Qianxinan (0.28)—these regions, despite facing higher economic
and social subsystem risks, achieved balanced performance across environmental,
economic, and social dimensions (e.g., strong environmental protection offsetting
economic instability), leading to lower integrated vulnerability.

Higher overall vulnerability (Grade III core regions): Guiyang (0.36) and Zunyi
(0.37)—as Guizhou’s economic hubs, these regions maintained low economic
vulnerability but faced lingering pressures in other subsystems (e.g., social service gaps
amid rapid urbanization or environmental stress from industrial expansion), resulting in
higher integrated vulnerability than their peripheral counterparts.
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Figure 9. Spatial evolution of overall regional development vulnerability in Guizhou Province,
2014-2023

Factors influencing overall regional development vulnerability

Data were processed using IBM SPSS Statistics 26 to derive factor loading matrices
and rotated factor scores. Principal component scores were calculated based on the
relationship between principal component scores and unrotated factor scores. Scores for
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each principal component factor were weighted by their variance contribution rates and
summed to obtain the composite scores for each indicator.

Factor contribution analysis in principal component analysis (PCA)

To extract the impact of key factors on regional development vulnerability, a principal
component analysis (PCA) was conducted on the 15 current influencing factors, yielding
five principal components with a cumulative contribution rate of 80.7%. It is generally
accepted that data with a Kaiser-Meyer-Olkin (KMO) measure threshold greater than 0.5
are suitable for PCA. Although the current cumulative contribution rate is not
exceptionally high, the data demonstrate a certain common structure among the current
factors, making them suitable for principal component analysis. The p-value (sig.) is
significantly less than 0.05, indicating that the current independent variables exhibit
significant correlations among the factors, thus supporting the application of principal
component analysis (Table 6).

Table 6. Total variance explained by principal components

Extract the sum-of-squares load Rotational Square Sum Load
PCA Total Total
Variance % | Cumulative% Variance % | Cumulative%
(Eigenvalue) (Eigenvalue)
PC1 5.706 38.038 38.038 4.281 28.537 28.537
PC2 2.906 19.375 57.413 4.192 27.947 56.484
PC3 1.322 8.815 66.228 1.375 9.166 65.651
PC4 1.157 7.711 73.939 1.221 8.138 73.789
PC5 1.026 6.838 80.776 1.048 6.988 80.776
Ksiser-Meyer-Olkin(KMO)Sufficient sampling 0.729
inspection
Bartlett's Sphericity Test X?=1294.262 df=105 p=0.00

Principal component analysis (PCA) factor analysis

The principal component loadings matrix for the 15 indicators is shown in Figure 4.
The development of the first principal component (PC1) is closely related to economic
growth. The second principal component (PC2) is associated with environmental and
urban social development. PC3 is related to population growth. PC4 is associated with the
development of the tertiary industry. PCS5 is related to environmental governance.

In Figure 10, it can be seen that in the principal component analysis, PC1 contributes
38.038%. The loadings for secondary industry value-added (Xs), per capita GDP (Xo),
industrial value-added (Xi0), urbanization rate (Xi3) have loadings of 0.948, 0.846, 0.884,
0.889, and 0.748, respectively. This indicates that industrialization is the core driver of
economic vulnerability in PC1. While high-value-added industries (Zunyi equipment

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 24(1):1763-1792.
http://www.aloki.hu @ ISSN 1589 1623 (Print) @ ISSN1785 0037 (Online)
DOL: http://dx.doi.org/10.15666/aeer/2401 17631792
© 2026, ALOKI Kft., Budapest, Hungary



Hu et al.: Assessment of regional development vulnerability in Guizhou Province of China based on the BP neural network
- 1785 -

manufacturing) do not significantly impact the natural environment, resource-based
industries (Liupanshui coal) cause environmental pollution during production. PC2
contributes 19.375% to variance. Regional GDP growth rate (X7), per capita road area
(X12), and per capita disposable income of urban residents (X14) have loadings of -0.789,
0.819, and 0.812 respectively. This indicates that regional economic factors are direct
contributors to PC2, while GDP growth rate exerts a negative influence. In PC3, the load
factor for per capita park green space area (X1) is 0.803, indicating environmental factors
are direct contributors. In PC4, the load factor for tertiary industry value-added as a
percentage of GDP (Xs) is 0.931, confirming economic factors remain the primary
contributor. In PC5, the load factor for centralized urban sewage treatment rate (X4) is
0.983, indicating that pollution treatment in the region is a direct influencing factor for
PCs.

PC1 PC2 PC3 PC4 PC5 Value
0.9850
X1| 024 0.301 0.803 -0.191 0.028
x2| -0.161 0.745 20311 0.02 022
X3 | -0.094 0.76 -0.014 0.138 0.045
0.6300
X4 | -0.038 0.033 -0.001 0.027 0.983
X5 | -0.307 - <031 10237 0.012
X6| 0.059 0.05 -0.003 0.931 0.027
0.2750
X7| -0.163 - -0.025 0.043 -0.149
X8| 0948 -0.002 0.061 0.059 -0.004
X9 | 0.846 0.217 -0.08 0033  -0.048
~0.0800
X10 | 0.884 20.017 0.009 20.094  -0.016
X1 | -0135 [E0MSI  0.658 0.303 -0.047
X12| o1 0.819 0.135 0331 -0.027
—0.4350
X13| 0889 0.018 0.263 0.098 0.034
X14 | 0537 0.812 0.025 0.037 0.036
X15| 0.748 0.599 0.076 0.116 0.016
~0.7900

Figure 10. Principal component matrix

Based on the above analysis, it is evident that in calculating environmental
vulnerability, indicator X4 exhibits the strongest positive correlation, while Xs shows the
strongest negative correlation. When calculating economic vulnerability, indicators Xe
and Xg demonstrate the strongest positive correlations, and X7 exhibits the strongest
negative correlation. In assessing social vulnerability, all indicators show positive
correlations, but X3 is most strongly associated with social vulnerability.
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Discussion
Comparison with existing research

Existing research has achieved significant progress in regional development studies.
For instance, neural networks have been employed to interpret various regional
vulnerability factors such as marine economic systems, tourism economic systems,
ecological systems, and gas pipeline networks (Peng et al., 2015; Ma et al., 2019). As
environmental systems represent the most sensitive dimension of regional development
(Iwanaga et al., 2022), their development process must adhere to sustainability principles.
This study adopts a macro-level perspective to analyze the role of regional environmental
socio-economic systems in regional development (Li et al., 2022), seeking a balance
between regional growth and environmental conservation (Kang et al., 2021; Deng et al.,
2022).

The research contributes to the expansion of vulnerability theory. While the existing
Vulnerability Scoping Diagram (VSD) model emphasizes the
"Exposure-Sensitivity-Adaptive  Capacity" framework, this study proposes a
"multi-system coupling framework" that reveals a closed-loop mechanistic pathway of
"environmental constraints-economic vitality-social response". This approach more
accurately captures the transmission mechanism of "economic growth
(X9)—urbanization (X13)—reduction in social vulnerability", thereby better reflecting the
realities of regional development.

Furthermore, Principal Component Analysis (PCA) was applied to validate the results
derived from Backpropagation (BP) neural network analysis (Sequeira and Borges,
2024). This methodology not only identifies the influence of individual components on
overall regional vulnerability development (Giri et al., 2021), but also provides deeper
insights into the complex synergistic and antagonistic interactions among factors within
these components. Consequently, it enables more effective formulation of targeted
strategies for addressing regional development vulnerabilities. The findings offer
governmental agencies evidence-based policy recommendations tailored to regional
transformations.

While previous studies have emphasized the varying importance of climate change
(Kemp et al., 2022), environmental shifts, economic poverty (Chen et al., 2021), and
energy shortages (Cao and Nguea, 2025) in regional environmental, economic, and social
development (Singh et al., 2021), this study employs Principal Component Analysis
(PCA) to demonstrate that value-added of the secondary industry, per capita GDP,
industrial value-added, urbanization rate, per capita disposable income of urban residents,
and disposable income of rural residents are key factors in achieving coordinated regional
development.

Although prior research exhibits considerable diversity (Kurniawan et al., 2022;
Rakuasa and Latue, 2023), the resulting policy recommendations tend to be broad and
span multiple domains. In contrast, the recommendations of this study are more specific
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and readily implementable. Whereas earlier studies often relied on models such as RH,
VSD, and PSR to calculate vulnerability indices, this research introduces a
Backpropagation (BP) neural network model. This model is a multi-layer feedforward
network trained according to the error backpropagation algorithm. Its advantage lies in
not requiring a predefined mathematical equation describing the mapping relationship;
instead, it can directly learn and store extensive input-output mapping relationships,
thereby facilitating a more efficient computation of vulnerability indices

Limitations and future prospects

Although this study quantified the vulnerability index of regional development in
Guizhou Province using BP neural network, several limitations should be acknowledged.

First, the analysis was conducted at the prefecture level or above. Future work should
prioritize the use of county-level data to refine the spatial accuracy of regional indicators
and enhance the specificity of the vulnerability assessment. We must also recognize a key
methodological limitation: the BP neural network was trained on only ten years of data.
Due to missing records for certain years in Guizhou’s urban datasets, the training and test
sets—though split in an 80%-20% ratio—were ultimately based on a limited number of
instances, with only two years of data available for testing. This constrained the model’s
ability to robustly predict vulnerability. Although the neural network produced a
quantifiable output, it converged before reaching the maximum number of training
iterations, resulting in suboptimal adaptability and generalizability. Future studies should
focus on improving vulnerability predictions for Guizhou by incorporating more
comprehensive datasets, thereby supporting development strategies that reduce
environmental, economic, and social vulnerabilities.

Furthermore, while the selected indicators covered representative aspects of
environmental, economic, and social dimensions, the framework did not include
emerging indicators such as "technological innovation" or "digital economy." Future
assessments would benefit from incorporating metrics like "ecosystem service value,"
"R&D investment intensity," and "digital economy scale" to better capture the dynamics
of high-quality development.

Finally, we recommend extending the model to other provinces in southwestern China
to construct an "Ecologically Sensitive Regional Vulnerability Database." This would
provide a quantitative foundation for national ecological compensation policies and
support regional resilience planning.

Conclusions
Key findings

This study constructs a vulnerability evaluation framework based on the
"environmental system—economic system—social system" triad from a regional
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perspective. Taking specific regions within Guizhou Province as the study object, a
Backpropagation (BP) neural network was applied to calculate various vulnerability
indices, enabling an evolution analysis of vulnerability characteristics over time.
Principal Component Analysis (PCA) was further employed to examine the contribution
of each evaluation indicator to the overall vulnerability.

The results reveal that the spatiotemporal pattern of vulnerability in Guizhou Province
is characterized by “economic dominance and regional divergence”. In 2023, four
prefectures reached Grade I (low vulnerability), while Guiyang and Zunyi were classified
as Grade III due to industrial agglomeration and urbanization pressures. In contrast,
ecologically advantaged areas such as Qiandongnan, Qiannan, and Qianxinan exhibited
lower vulnerability, reflecting disparities in development quality. PCA identified
indicators X4, X¢, X3, and X3 as major positive driving factors, whereas Xs and X7 were
key negative factors influencing vulnerability.

Acknowledgements. This study was financially supported by 2025 Provincial Department of Education
Research Project on Humanities and Social Sciences in Higher Education Institutions: Research on the
Mechanism for Realizing the Value of Ecological Products and the Development of the Green Economy in
Guizhou(2025RW032) and the Guizhou University of Finance and Economics 2025 Student Research
Project Funding Project (2025BAZYSY 132).

REFERENCES

[1] Bai, Y., Zhang, B., Wu, T. B., et al. (2018): Research on the path relationship between
greening and urbanization in Heilongjiang Province. — Forestry Economics 40(5): 39-44.
https://doi.org/10.13843/j.cnki.lyjj.2018.05.007

[2] Cao, L., Nguea, S. M. (2025): Vulnerable energy, vulnerable food: Assessing the effects of
energy vulnerability on food security in Africa. — Energy 320: 135105.
https://doi.org/10.1016/j.energy.2025.135105

[3] Chen, J., Rong, S., Song, M. (2021): Poverty vulnerability and poverty causes in rural
China. — Social Indicators Research 153(1): 65-91.
https://doi.org/10.1007/s11205-020-02481-x

[4] Chen, X. H., Xu, X. Q., Liu, Y. J., et al. (2022): Patterns and Driving Forces of the
Temporal-Spatial Evolution of Urban Vulnerability in Harbin-Changchun Urban
Agglomeration based on the production-living-ecological Spatial Quality. — Acta
Ecologica Sinica 42(15): 6395-6405. https://doi.org/10.5846/stxb202106221662

[5] Chen, Y. F., Zhou, K., Xu, Y. (2023): Analysis of environmental pollution stress and
construction of vertical spatial control system in the Qinghai-Tibet Plateau: A case study of
Tibet Autonomous Region. — Journal of Natural Resources 38(10): 2653-2671.
https://doi.org/10.31497/zrzyxb.20231015

[6] Deng, X., Liang, L., Wu, F., Wang, Z., He, S. (2022): A review of the balance of regional
development in China from the perspective of development geography. — Journal of
Geographical Sciences 32(1): 3-22. https://doi.org/10.1007/s11442-021-1930-0

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 24(1):1763-1792.
http://www.aloki.hu @ ISSN 1589 1623 (Print) @ ISSN1785 0037 (Online)
DOL: http://dx.doi.org/10.15666/aeer/2401 17631792
© 2026, ALOKI Kft., Budapest, Hungary


https://doi.org/10.13843/j.cnki.lyjj.2018.05.007
https://doi.org/10.1016/j.energy.2025.135105
https://doi.org/10.1007/s11205-020-02481-x
https://doi.org/10.5846/stxb202106221662
https://doi.org/10.31497/zrzyxb.20231015
https://doi.org/10.1007/s11442-021-1930-0

Hu et al.: Assessment of regional development vulnerability in Guizhou Province of China based on the BP neural network
- 1789 -

[7] Diao, F., Zhu, W. L., Qing, L. G., et al. (2018): Evaluation method of Anti-Sliding control
based on analytic hierarchy process. — Transportation Technology 7(6): 371-380.
https://doi.org/10.12677/0JTT.2018.76045

[8] Fan, J., Zhao, H., Guo, R., et al. (2022): The new trend and coping strategies of regional
development gap in China. — Economic Geography 42(01): 1-11.
https://doi.org/10.15957/j.cnki.jjd1.2022.01.001

[9] Fan, Z. H,, Xiong, K. N., Li, L., et al. (2022): Research on Coupling and Coordinated
Development of Agricultural Eco-economic System in Karst Ecologically Vulnerable
Region: A Case Study of Guizhou Province. — Resources and Environment in the Yangtze
Basin 31(02): 482-491. https://doi.org/10.11870/cjlyzyyhj202202021

[10] Fang, C. L., Wang, Y., Fang, J. W. (2016): A comprehensive assessment of urban
vulnerability and its spatial differentiation in China. — Journal of Geographical Sciences
26(2): 153-170. https://doi.org/10.1007/s11442-016-1260-9

[11] Gao, H. G.,He, M. X, Xu, Y. Y., et al. (2024): Impact of environmental target constraints
on high-quality economic development of resource-based cities. — Resources Science
46(10): 1976-1995. https://doi.org/10.18402/resci.2024.10.06

[12] Giri, M., Bista, G., Singh, P. K., Pandey, R. (2021): Climate change vulnerability
assessment of urban informal settlers in Nepal, a least developed country. — Journal of
Cleaner Production 307: 127213. https://doi.org/10.1016/j.jclepro.2021.127213

[13] Gong, L. Y., Meng, X. J., Liu, N. Q., et al. (2014): Evaluation of apple quality based on
principal component and hierarchical cluster analysis. — Transactions of the Chinese
Society of Agricultural Engineering 30(13): 276-285.
https://doi.org/10.3969/j.issn.1002-6819.2014.13.034

[14] Gong, Y. L., Ma, S. X., Liu, W. Q. (2022): A comparative study of machine learning and
statistical models in climate downscaling in the Shiyang River Basin. — Journal of Desert
Research 42(01): 196-210. https://doi.org/10.7522/j.issn.1000-694X.2021.00210

[15] Guo,C.L.,Dong, X.F., Pan, J. H., et al. (2009): Prediction and analysis of urban Land-Use
scale: A case in Lanzhou. — Journal of Hebei Agricultural Sciences 13(1): 57-59.
https://doi.org/10.16318/j.cnki.hbnykx.2009.01.052

[16] Guo, Y. Y. (2022): Spatial and temporal evolution and mechanism analysis of urban
construction land in Hebei Province. — Shanxi Architecture 48(8): 167-172.
https://doi.org/10.13719/j.cnki.1009-6825.2022.08.045

[17] Guo, X. Y., Ming, Q. Z., Yang, C. Y., et al. (2023): Spatiotemporal evolution of tourism
ecosystem resilience in Karst ecologically fragile areas and its Multi-scale obstacle factors:
A case study of Guizhou. — Economic Geography 43(10): 190-200+230.
https://doi.org/10.15957/j.cnki.jjd1.2023.10.019

[18] Hao, J., Zhang, S. J. (2021): Evaluation of Inter-Provincial ecological data in China based
on entropy method. - Information Science 39(01): 157-162.
https://doi.org/10.13833/j.issn.1007-7634.2021.01.021

[19] Huang, X.R., Liu, J. Z., Li, L. (2019): Dynamic characteristics analysis method of complex
systems based on nonlinear mode. — Journal of Beijing University of Aeronautics and
Astronautics 45(07): 1337-1348. http://dx.doi.org/10.13700/;.bh.1001-5965.2018.0643

[20] Huang, Y. F., Zhang, X. T., Cui, S. H., et al. (2020): Indicator construction and weight of
green city evaluation index system. — Acta Scientiae Circumstantiae 40(12): 4603-4612.
https://doi.org/10.13671/j.hjkxxb.2020.0302

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 24(1):1763-1792.
http://www.aloki.hu @ ISSN 1589 1623 (Print) @ ISSN1785 0037 (Online)
DOL: http://dx.doi.org/10.15666/aeer/2401 17631792
© 2026, ALOKI Kft., Budapest, Hungary


https://doi.org/10.12677/OJTT.2018.76045
https://doi.org/10.15957/j.cnki.jjdl.2022.01.001
https://doi.org/10.11870/cjlyzyyhj202202021
https://doi.org/10.16318/j.cnki.hbnykx.2009.01.052

Hu et al.: Assessment of regional development vulnerability in Guizhou Province of China based on the BP neural network

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

- 1790 -

Iwanaga, T., Usher, W., Herman, J. (2022): Toward SALib 2.0: Advancing the
accessibility and interpretability of global sensitivity analyses. — Socio-Environmental
Systems Modelling 4: 18155-18155. https://doi.org/10.18174/sesmo.18155

Janssena, M. A., Schoon, M. L., Ke, W., Borner, K. (2006): Scholarly networks on
resilience, vulnerability and adaptation within the human dimensions of global
environmental change. — Global Environmental Change 16(3): 240-252.
https://doi.org/10.1016/j.gloenvcha.2006.04.001

Kang, J., Zhang, X., Zhu, X., Zhang, B. (2021): Ecological security pattern: A new idea for
balancing regional development and ecological protection. A case study of the Jiaodong
Peninsula, China. — Global Ecology and Conservation 26: ¢01472.
https://doi.org/10.1016/j.gecco.2021.e01472

Kemp, L., Xu, C., Depledge, J., et al. (2022): Climate endgame: Exploring catastrophic
climate change scenarios. — Proceedings of the National Academy of Sciences 119(34):
€2108146119. https://doi.org/10.1073/pnas.2108146119

Kurniawan, R., Saputra, A. M. W., Wijayanto, A. W., Caesarendra, W. (2022):
Eco-environment vulnerability assessment using remote sensing approach in East
Kalimantan, Indonesia. — Remote Sensing Applications: Society and Environment 27:
100791. https://doi.org/10.1016/j.rsase.2022.100791

Li, Y. D., Hao, Z. B, Lei, H. (2016): Survey of convolutional neural network. — Journal of
Computer Applications 36(09): 2508-2515+2565.
https://doi.org/10.11772/1.issn.1001-9081.2016.09.2508

Li, B., Zhu, T. H. (2020): Debt leverage, financial literacy and household financial
fragility—An empirical investigation based on CFPS 2014 data. — Studies of International
Finance (07): 25-34. https://doi.org/10.16475/j.cnki.1006-1029.2020.07.003

Li, L., Fan, Z., Feng, W., Chen, Y., Qin, K. (2022): Coupling coordination degree spatial
analysis and driving factor between socio-economic and eco-environment in northern
China. — Ecological Indicators 135: 108555. https://doi.org/10.1016/j.ecolind.2022.108555
Li, Y. Y., Wang, M., Wang, Y. H., et al. (2025): The concept, quantitative measurement,
and spatial differentiation of urban spatial vulnerability: A case study of prefecture-level
cities in the Chengdu-Chonggqing economic circle. — Urban Planning Forum (02): 43-50.
https://doi.org/10.16361/j.upf.202502006

Liu, Y. S. (2018): Research on the urban-rural integration and rural revitalization in the
new era in China. — Acta Geographica Sinica 73(04): 637-650.
https://doi.org/10.11821/d1xb201804004

Lu, H. T., Zhang, Q. C. (2016): Applications of deep convolutional neural networks in
computer vision. — Journal of Data Acquisition and Processing 31(01): 1-17.
https://doi.org/10.16337/j.1004-9037.2016.01.001

Lu,H. Y., Sun, G. L., Li, L., et al. (2020): Ecological vulnerability assessment in Xinjiang
based on VSD model. — Xinjiang Agricultural Sciences 57(02): 292-302.
https://doi.org/10.6048/j.issn.1001-4330.2020.02.010

Ma, H. Q., Lian, Q. W, Lun, Y. C., Xi, J. C. (2019): Spatial differentiation of tourism
economic system vulnerability based on BP neural network in different provinces of China.
— Resources Science 41(12): 2248-2261. https://doi.org/10.18402/resci.2019.12.09

Peng, F., Han, Z. L., Yang, J., et al. (2015): Time-space differentiation of the vulnerability
of marine economy systems in China's coastal area based on BP neural networks. —
Resources Science 37(12): 2441-2450. https://www.resci.cn/CN/Y2015/V37/112/2441

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 24(1):1763-1792.
http://www.aloki.hu @ ISSN 1589 1623 (Print) @ ISSN1785 0037 (Online)
DOL: http://dx.doi.org/10.15666/aeer/2401 17631792
© 2026, ALOKI Kft., Budapest, Hungary


https://doi.org/10.1016/j.rsase.2022.100791

Hu et al.: Assessment of regional development vulnerability in Guizhou Province of China based on the BP neural network

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

- 1791 -

Prata, J. C. (2024): The environmental impact of e-waste microplastics: a systematic
review and analysis based on the Driver—Pressure—State—Impact—Response (DPSIR)
Framework. — Environments 11(2): 30. https://doi.org/10.3390/environments11020030
Qiao, Z., Tian, G. J. (2014): Spatiotemporal diversity and regionalization of the urban
thermal environment in Beijing. — National Remote Sensing Bulletin 18(03): 715-734.
https://doi.org/10.11834/jrs.20143030

Rakuasa, H., Latue, P. C. (2023): Regional Development Planning and Policy in the
Aspects of Vulnerability and Disaster Resilient Cities: A Review. — Sinergi International
Journal of Communication Sciences 1(2): 64-77. https://doi.org/10.61194/ijcs.v1i2.52
Sequeira, C. A., Borges, E. M. (2024): Enhancing statistical education in chemistry and
STEAM using JAMOVI. Part 2. Comparing dependent groups and principal component
analysis (PCA). — Journal of Chemical Education 101(11): 5040-5049.
https://doi.org/10.1021/acs.jchemed.4c00342

Shan, D. P. (2019): Financial literacy and urban poverty. — China Industrial Economics
(04): 136-154. https://doi.org/10.19581/j.cnki.ciejournal.2019.04.008

Shao, Y. W., Xu, J. (2015): Understanding urban resilience: A conceptual analysis based
on integrated international literature review. — Urban Planning International 30(02): 48-54.
Shen, L. H. (2014): Forecast of urban construction land based on wavelet neural network. —
Computer Applications and Software 31(10): 180-182.
https://doi.org/10.3969/J.ISSN.1000-386X.2014.10.042

Shi, D. Q., Ding, H.,, Wei, P., et al. (2018): Can smart city construction reduce
environmental  pollution. — China Industrial Economics (06): 117-135.
https://doi.org/10.19581/j.cnki.ciejournal.2018.06.008

Singh, A. K., Jyoti, B., Kumar, S., Kumar Lenka, S. (2021): Assessment of global
sustainable development, environmental sustainability, economic development and social
development index in selected economies. — International Journal of Sustainable
Development and Planning 16(1): 123-138. https://doi.org/10.18280/ijsdp.160113

Su, Y., Liu, H., Yang, W. N., Ouyang, Y., Zhang, J. H., Zhang, T. J., Huang, Y. (2024):
Ecological vulnerability of highland mountain areas: A case study of Kangding City,
SichuanProvince. — Remote Sensing for Natural Resources 36(3): 206-215.
https://doi.org/10.6046/zrzyyg.2023086

Tao, R. (2020): Impact of land urbanization on green coverage rate of built-up
area Taking Anhui Province as an example. -
https://doi.org/10.27784/d.cnki.gahjz.2020.00023 1

Tian, Y. P., Xiang, Q. C., Wang, P. (2013): Regional coupled human-natural systems
vulnerability and its evaluation indexes. — Geographical Research 32(01): 55-63.
https://doi.org/10.11821/yj2013010006

Wang, Y., Fang, C. L. (2014): Comprehensive evaluation and dynamic evolution analysis
of Daqing’s wurban Vulnerability. — Geographical Science 34(5): 547-555.
https://doi.org/10.13249/j.cnki.sgs.2014.05.547

Wang, P., Zhao, W. (2022): Ecological restoration zoning of territorial space in typical
karst region: A case study of Maotiao River Basin in Guizhou. — Journal of Natural
Resources 37(09): 2403-2417. https://doi.org/10.31497/zrzyxb.20220914

Wang, Y., Wu, J. M., Miao, H. X, et al. (2023): Spatial pattern and influencing factors of
coupling coordination degree between ecological vulnerability and comprehensive
economic level in Gansu Province. — Journal of Environmental Engineering Technology
13(2): 808-816. https://doi.org/10.12153/j.issn.1674-991X.20220543

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 24(1):1763-1792.
http://www.aloki.hu @ ISSN 1589 1623 (Print) @ ISSN1785 0037 (Online)
DOL: http://dx.doi.org/10.15666/aeer/2401 17631792
© 2026, ALOKI Kft., Budapest, Hungary


https://doi.org/10.11821/yj2013010006
https://doi.org/10.12153/j.issn.1674-991X.20220543

Hu et al.: Assessment of regional development vulnerability in Guizhou Province of China based on the BP neural network

[50]

[51]

[52]

[58]

[59]

[60]

[61]

[62]

- 1792 -

Wang, Z. (2025): Vulnerability measurement and differentiation analysis of rural regional
system in Xi’an city. — Chinese Journal of Agricultural Resources and Regional Planning
46(02): 259-268. https://doi.org/10.7621/cjarrp.1005-9121.20250222

Wang, Y. X., Deng, X. H., Fan, H. W. Q., et al. (2025): Research advances and arid zone
applications of coupled models for water resources carrying capacity. — Arid Zone
Research 42(06): 1004-1020. https://doi.org/10.13866/j.azr.2025.06.05

Wei, Y. X., Liu, X. P., Feng, K. L., et al. (2023): Vulnerability of Social-Ecological System
and Its Influencing Factors in the Poverty Eradication Area in Southern Ningxia. —
Research of Soil and Water Conservation 30(4): 365-372.
https://doi.org/10.13869/j.cnki.rswc.2023.04.036

Wu, C., Yang, M., Wei, H., et al. (2025): Spatial variability of cultural landscape
vulnerability and influential factors in ethnic villages of Southeast Guizhou. — Sci Rep 15:
1491. https://doi.org/10.1038/s41598-024-83734-4

Xu, C. X., Wan, H. L., He, R. N., et al. (2023): Research on spatio-temporal evolution and
driving factors of urban agglomeration vulnerability in Guanzhong Plain. — Journal of
Desert Research 43(06): 111-120. https://doi.org/10.7522/j.issn.1000-694X.2023.00065
Yang, F., Ma, C., Fang, H. J. (2019): Research progress on vulnerability: from theoretical
research to comprehensive practice. — Acta Ecologica Sinica 39(2): 441-453.
https://doi.org/10.5846/stxb201802020289

Yang, R., Pan, Y. (2021): Spatial patterns, formation mechanism and coping strategies of
rural vulnerability in China at the county level. — Acta Geographica Sinica 76(06):
1438-1454. https://doi.org/10.11821/d1xb202106009

Zhang, M. Q., Wen, X. Y., Bao, Y., et al. (2022): Statistical downscaled climate projection
dataset for China Using artificial neural network. — Acta Scientiarum Naturalium
Universitatis Pekinensis 8(02): 221-233. https://doi.org/10.13209/j.0479-8023.2022.015
Zheng, J. J., Zhou, Z. F., Zhu, M., et al. (2024): Remote sensing estimation of forest
volume in typical Karst mountainous areas. — Bulletin of Soil and Water Conservation
44(02): 176-186. https://doi.org/10.13961/j.cnki.stbctb.2024.02.019

Zhou, F. Y., Jin, L. P., Dong, J. (2017): Review of convolutional neural networks. —
Chinese Journal of Computers 40(06): 1229-1251.
https://doi.org/10.11897/SP.J.1016.2017.01229

Zhou, K., Wu, J. X, Fan, J., et al. (2021): Driving factors of environmental pollution stress
and their spatial effects in the Yangtze River Economic Belt. — Acta Scientiae
Circumstantiate 41(5): 1996-2004.

Zhu, X. H., Yu, F. W. (2025): Evolution characteristics, regional differences and
influencing factors of urban-rural integrated development at the county scale: Take 64
counties in Wuling Mountain Area as examples. — Journal of Natural Resources 40(05):
1386-1411. https://doi.org/10.31497/zrzyxb.20250515

Zuo, Z. H., Li, S. K., Yang, Y., Yuan, Y., Li, X. (2021): Research on water resources
carrying capacity of shale gas development area based on GA-BP neural network. — Journal
of Environmental Engineering Technology 11(01): 194-201.
https://doi.org/10.12153/j.issn.1674-991X.20200081

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 24(1):1763-1792.
http://www.aloki.hu @ ISSN 1589 1623 (Print) @ ISSN1785 0037 (Online)
DOL: http://dx.doi.org/10.15666/aeer/2401 17631792
© 2026, ALOKI Kft., Budapest, Hungary



