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A B S T R A C T   

In 2015, the Chinese government issued the Decision on Poverty Alleviation(DPA), requiring 
poverty-stricken areas to develop local characteristic industries based on their resource endow-
ments, to promote industrial structure diversification and industrial structure upgrading through 
industry-driven poverty alleviation. However, existing research lacks empirical analysis to eval-
uate it. Therefore, this paper takes poor counties in the Qinba Mountain contiguous poverty- 
stricken areas(QMCPA) as an example, using the difference in difference model and boundary 
effect model to evaluate whether DPA has promoted industrial structure upgrading and industrial 
structure diversification in poor counties. The results show that the DPA has promoted industrial 
structure upgrading and improved industrial structure diversification in the QMCPA. However, 
the effectiveness of it is not sufficient. Poor counties have failed to maintain the policy require-
ment of developing characteristic industries based on local natural resource endowments, leading 
to a decline in the degree of industrial structure diversification in the later period of the policy. 
This study indicates that local governments should strive to develop advantageous industries and 
form a division of labor and cooperation with neighboring areas, strengthen inter-regional 
cooperation and contact, and enhance anti-risk capabilities to avoid homogenized competition. 
Studying the changes in industrial structure in the QMCPA has important significance for the 
long-term stable development and poverty elimination of various poor areas.   

1. Introduction 

In 2015, the Chinese government issued the Decision on Poverty Alleviation (DPA), which explicitly required local governments of 
poor areas to formulate regional industrial goals based on the principles of industrial development in it. It means that poor county 
governments were no longer following the traditional path of industrial development with economic growth as the only goal [1,2], but 
using extending industrial chains and value chains as a means to promote industrial structure diversification and upgrading of 
contiguous poverty-stricken areas for economic growth and poverty alleviation [3,4]. Therefore, under the requirements of the DPA, 
local governments need to develop local industries based on their resource endowments, environmental capacity, industrial coverage 
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and farmer preferences, and accurately select priority characteristic advantageous industries for development, so as to eventually 
achieve the development blueprint of "one county, one industry" and "one county, one policy" [5–7]. In China’s poverty alleviation 
practice, most poverty alleviation funds are used to support industrial development, and the number of poor people lifted out of 
poverty by industry-driven is the largest [8]. As a guiding policy, DPA is a reasonable choice to transform poverty alleviation from 
"blood transfusion" to "hematopoiesis", and is the key pathway to help poor areas get rid of poverty [4]. The DPA aims to raise the 
income level of poor residents by developing agricultural and rural tourism industries and stimulating the inner driving force of poor 
residents to self-develop, guiding poor populations to participate in the development process of secondary and tertiary industries, and 
promoting the coordinated development of poor households and poor areas [9]. Therefore, under the guidance of the DPA, to promote 
industrial structure upgrading, local governments will actively guide production factors and resources to gradually shift to secondary 
and tertiary industries [10]. Meanwhile, cultivate the development of emerging industries, promote industrial agglomeration, improve 
industrial competitiveness, and thus enhance the diversification of regional industrial structure [11,12]. 

Many countries have tried to promote industrial development by elevating local economic levels to get rid of poverty [13–15]. For 
example, some African countries south of the Sahara have promoted cash crops to promote rural poverty alleviation [16], Thailand has 
made great efforts to promote local industrial development to boost economic growth and poverty reduction [17], Indonesia has 
encouraged labor-intensive industries such as textiles and palm oil production and promoted industrial development gradually to-
wards capital-intensive and diversified development to reduce poverty [18]. However, the effects are not satisfactory, and the con-
tradictions restricting the progress of poor areas still exist, and they even face the risk of returning to poverty [19–21]. This is mainly 
because the industrial development of poor areas is severely constrained by local resources, environment, socio-economic conditions 
and policies. In particular, the industrial structure is single, the industrial level is low, the proportion of the primary industry is high, 
and the secondary industry fails to form scale advantages [22]. Coupled with long-term deficiencies in institutional supply and weak 
fundamentals, problems such as natural resource outflows and talent outflows have occurred, making it difficult to optimize resource 
utilization, policy support and technological throughput and enhance anti-risk capabilities [23,24], and unable to transform from 
comparative advantages to industrial advantages. At the same time, the low rate of urbanization means that the whole area lacks core 
growth points, and the development of the tertiary industry is sluggish and stagnant, ultimately falling into the predicament of low-end 
development unintentionally [25,26], and unable to achieve industrial structure upgrading. In addition, some scholars point out that 
local officials may deviate from the goal and policy of industrial structural adjustment for their interests [27], leading to industrial 
development deviating from actual conditions [28]. For the Chinese government, poverty alleviation is the core goal of government 
departments. To fulfill the commitment to eliminating poverty by 2020, local governments at all levels will make poverty alleviation a 
top priority [29]. To ensure the improvement of the living standards of the poor population, the government will actively guide the 
poor population to participate in the entire industrial development chain and mobilize resources as much as possible to promote 
industrial development [30]. Therefore, whether poor areas in China can overcome many unfavorable factors and successfully realize 
industrial structure optimization and upgrading and diversification of development in contiguous poverty-stricken areas is worth 
attention [31]. 

Among China’s 14 national-level contiguous poverty-stricken areas, the Qinba Mountain contiguous poverty-stricken areas 
(QMCPA) is the largest in scale and involves the most provinces. QMCPA is located at the junction of six provinces including Henan, 
Sichuan, Chongqing, Hubei, Gansu and Shaanxi, including 75 national-level poor counties, with complex causes of poverty [32]. 
Internally, there are large differences in natural environments, and the terrain is complex. The economic situation in QMCPA, espe-
cially the industrial structure, has obvious regional characteristics [33]. The degree of industrial diversification is low, and it is difficult 
to realize industrial structure upgrading [34]. One of the biggest features of the QMCPA is the poor basic conditions and weak carrying 
capacity of resources and environment, which inability to withstand more prosperous social and economic activities while maintaining 
regional environmental stability. In addition, the Qinba mountainous region is lagging behind in economic development, with a single 
industrial structure, a lack of large-scale industries, and a low cost of industrial restructuring [35]. This makes it possible to identify the 
impact of DPA on changes in the industrial structure of poor areas more easily compared with other economic policies. 

In summary, to study the impact of the DPA on the industrial structure of the QMCPA, and verify whether each poor county follows 
the principles of DPA by developing industries based on local resource endowments, this paper will use county-level data and 
quantitative economic models to verify whether DPA can promote industrial structure upgrading and diversification, and further 
summarize the relevant experience of industrial development in poor areas and put forward policy suggestions. Current research on 
industrial poverty alleviation policies in poor areas focuses more on the path of poverty alleviation and its effects, especially its 
contribution to economic growth, and few studies focus on the changes in the industrial structure itself. In the context of China’s 
comprehensive poverty alleviation, the study of industrial structure change in contiguous poor-stricken areas can help clarify the 
importance of industrial structure in the process of the poverty alleviation, which can provide reference experience for other poor areas 
in the world in the fight against poverty. At the same time, there is no research based on the micro level of poor counties, which makes 
the research on the industrial structure of poor counties relatively blank, so this paper starts from the county level of QMCA, which not 
only fills the gap in the relevant literature, but also provides references on how to achieve the optimization and upgrading of the 
industrial structure of the poor areas. 

The structure of this paper is as follows: Section 2 is a literature review and research hypotheses; Section 3 is the methodology; 
Section 4 is empirical testing and result analysis; Section 5 is the conclusion. 
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2. Literature review and research hypotheses 

2.1. Impact of DPA on industrial structure upgrading in QMCPA 

Industrial structure refers to the proportion of the three sectors of regional industry in the economic structure, which has an 
irreplaceable role in economic development. After the issuance of the DPA, if local governments follow the policy requirements, with 
the progress of economic development and poverty alleviation tasks, the focus of industries should shift from labor-intensive industries 
to capital-intensive and technology-intensive industries [36]. However, some studies have shown that the degree of labor intensity of 
economic growth in poor areas will significantly improve the effect of poverty reduction [37,38]. Therefore, poor counties may ensure 
that their industries remain in the labor-intensive stage for the sake of economic growth, thereby negatively affecting industrial 
structure upgrading and falling into the low-end cycle of low-level repetitive production [26]. 

As such, there are two possible outcomes of industrial structural changes after the issuance of the DPA: falling into a low-cycle trap 
or promoting industrial structure upgrading. However, the DPA emphasized the importance of industrial development, which requires 
not only extending industrial chains to increase residents’ income levels, but also playing a supporting role in talents to solve key 
technological difficulties in poor areas’ industrial development, avoiding lagging industrial development due to imperfect education 
and talent levels [39]. Compared with the primary industry, the tertiary industry has a higher poverty reduction effect in rural areas 
[40]. Therefore, not all poor counties choose to remain in the low-production stage. To truly achieve poverty alleviation and ensure 
long-term development, poor counties will develop industries based on their resource endowments to effectively avoid the risk of 
falling into low-level production and gradually moving towards industrial structure upgrading. Therefore, this paper puts forward the 
hypothesis 1. 

H1. The DPA will promote industrial structure upgrading in the QMCPA. 

2.2. Impact of DPA on industrial structure diversification in QMCPA 

The DPA pointed out that local governments need to develop characteristic industries suited to local resource endowments, raise 
the income level of poor populations, and promote regional economic growth. Therefore, governments in the QMCPA need to not only 
ensure industrial structure upgrading but also guarantee the improvement of inter-regional diversification of industrial structures, 
form a virtuous cycle of industrial chains, and avoid the phenomenon of vicious competition between localities due to industrial 
homogenization. They should also cooperate to achieve division of labor and cooperation between regions, jointly build local ad-
vantageous brands to enhance market share and ensure long-term development of poor areas [12]. 

Therefore, after verifying the impact of industrial structure upgrading in QMCPA, this paper further considers the changes in in-
dustrial structure diversity within contiguous poverty-stricken areas. Compared with industrial structure upgrading being imple-
mented in each specific poor county, industrial structure diversification pays more attention to the degree of industrial specialization 
and division of labor cooperation within the region. In the past economic development process, local protectionism has led to frag-
mented policies such as trade barriers and differentiated enterprise treatment [41]. The restrictions on trade and the flow of production 
factors made it difficult for QMCPA across provincial boundaries to achieve specialized development. This also triggered the phe-
nomenon of imitation of high-tax profit industries in adjacent areas, further reducing the diversification of regional industrial 
structures. However, the DPA clearly proposes to promote diversified upgrading of industrial structures in contiguous poverty-stricken 
areas through extending industrial and value chains. Therefore, governments in poor areas need to fully leverage local comparative 
advantages, comprehensively consider natural endowments and production factors, and select characteristic industries that can serve 
as pillars of poverty alleviation. This forces local governments to no longer focus solely on similar industries that generate high taxes, 
but must consider diversification of industrial structures according to policy requirements, develop characteristic poverty alleviation 
industries, and strengthen support for agriculture and traditional handicrafts based on resource endowments in poor counties. 
Characteristic industrial development plans should be formulated to support the construction of characteristic agricultural bases and 
rational and orderly exploitation of poor area resources to ultimately achieve an industrial development pattern of "one county, one 
industry" and "one region, one characteristic industry" [26]. 

In addition, the terrain of the QMCPA is complex with diverse internal environments. Different places will face different choices, 
and factors such as altitude and slope will also affect local industrial selection [42]. Therefore, if local governments in QMCPA 
advocate alleviating poverty through characteristic industries as advocated in the DPA, the diversification of industrial structures will 
gradually improve based on the different characteristic industries selected by different local governments. Based on the above analysis, 
this paper puts forward the hypothesis 2. 

H2. The implementation of the DPA has improved the level of industrial structure diversification in the QMCPA. 

3. Methodology 

3.1. Empirical model construction 

Quantitative economic models play an irreplaceable role in the field of public policy analysis [43]. They can help quantify policy 
impacts, quantitatively evaluate the correlation between policy objectives and indicators, and examine changes before and after a 
policy is implemented to determine policy effects [44]. The implementation of a public policy impacts some social groups, while others 
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may not be impacted or impacted to a much lesser degree. Therefore, the execution of a policy can be analogous to conducting a 
"treatment" on natural experimental objects in a natural science experiment, where external events that cause changes to individuals’ 
or cities’ environments in society are called natural or quasi-experiments. 

If a public policy can be considered a natural experiment, then the effects of the policy can be understood by comparing the 
"treatment group" of social groups impacted by the policy and the "control group" of social groups not impacted. The DID model has 
been widely used in policy evaluation research and is a primary method for causal inference [45]. Scholars use the DID model to 
examine the impacts of various public policies such as welfare and environmental policies to provide a basis for their continuous 
improvement [46–49]. 

Although some scholars argue that DID cannot completely resolve the endogeneity issue of policies, the DID model calculates the 
size of the impact on the treatment group by computing the difference in average values between the treatment and control groups 
before and after the exogenous event (i.e. policy implementation). If the model controls for time trends and regional effects, it indicates 
that unobservable natural changes unaffected by the policy have been excluded, and the coefficient of the core explanatory variable 
interaction term represents the net effect of the policy. If the coefficient is positive, it means the policy promoted the increase of the 
variable of concern; if negative, it means the policy resulted in a decrease. 

Many studies have used DID models to evaluate policy effect and determine if they achieved the expected results [50–53]. 
Therefore, this paper selects the DID model to examine the policy effects of DPA and determine if it promoted industrial structure 
upgrading. Industrial structure upgrading is generally measured by combining rationalization and advancement of industrial structure 
[54,55]. Given data availability, we choose the industrial structural advancement index as an alternative variable and use a DID model 
to test whether the DPA affected industrial structure upgrading in the QMCPA. The quantitative economic model is as follows. 

inhit = cons+ β1Policyt ∗ Povertyi + β2Xit + δt + γi + εit (1) 

The dependent variable inhit refers to the industrial structural advancement index; the independent variable Policyt ∗ Povertyi in-
dicates whether the region has implemented the DPA, β1 is the impact coefficient of x on the dependent variable inh, representing the 
degree of influence of DPA implementation on industrial structure upgrading, which is also the core focus of this paper; Xit represents 
other control variables, representing the degree of influence of control variables on industrial structure upgrading; δt is the time fixed 
effect, γi is the regional fixed effect, and εit is the error term. 

In measuring the level of industrial structure diversification in the QMCPA, we selected industrial structure deviation as an 
alternative indicator of industrial structure diversification based on Young’s paper [56]. The deviation is calculated at the county, city 
and provincial levels respectively. 

By observing the changes in industrial structure deviation in the QMCPA from 2011 to 2019 through these three dimensions, it can 
be determined whether there are differences in industrial structure between counties, cities and provinces, thereby validating the 
changes in diversification of industrial structures in poor areas are real and effective, brought about by DPA. 

It is worth noting that changes in industrial structure diversification require more precise identification to avoid temporal 
randomness and misjudging existing industrial structure differences as policy-driven. Many studies note that inter-provincial boundary 
effects lead to significant differences in industrial development and structure, economic growth rate, and factor mobility between 
adjacent inter-provincial prefecture-level cities [57,58]. If there was no policy intervention, industrial structures would naturally 
distribute spatially, but administrative changes alter the original distribution pattern while institutional factors of each province would 
effectively intervene in the industrial layout, appearing natural. Especially under local government competition, through specialized 
division of labor and cooperation, regions move towards inter-regional coordination and mutual cooperation, further enlarging dif-
ferences in inter-provincial industrial structures. 

Therefore, if the province is solely taken as the smallest research unit for QMCPA, it would be difficult to distinguish whether 
industrial structure diversification is driven by DPA or administrative division. To further validate that inter-provincial industrial 
structure trends still exist after excluding inter-provincial heterogeneity, this paper will use boundary effect models and the con-
struction of virtual provinces to test [41]. 

First, quantitative economic models are utilized to prove whether actual differences in industrial structure diversification exist 
between provinces, thereby weakening the trend of industrial structure diversification in QMCPA. Taking the industrial structure 
differences of cross-provincial boundary poor counties as the dependent variable, the least squares dummy variable (LSDV) model is 
estimated to test whether the industrial structure differences between cross-provincial boundary poor counties and non-cross- 
provincial boundary poor counties are significant [59,60]. 

To avoid the influence of too few observations on research results, boundary counties are defined as counties located on or adjacent 
to provincial boundaries. The following quantitative economic model is established: 

Diffijt = cons+ α ∗ cross − provinceij + φij + θt + εijt (2) 

The dependent variable Diffijt represents the difference in industrial structure between two poor counties paired according to the 
principle of spatial proximity; cross − provinceij represents whether the two paired poor counties are cross-provincial, and this variable 
does not vary over time; φij is the regional fixed effect at the provincial boundary junction line, θt is the time fixed effect, and εijt is the 
error term. 

After empirical model verification, the sample counties are sorted alphabetically and then divided into 6 virtual provinces. The 
calculation results of industrial structure differences constructed along this path show no significant differences from randomly 
shuffled calculation results. 
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If competition between different provincial governments leads to differences in industrial structures, randomly constructing virtual 
provinces to reintegrate poor counties from different original provinces into new "administrative regions" effectively eliminates 
provincial effects, with no heterogeneity between virtual provinces. 

If similar trends in industrial structural changes are observed in the virtual provinces, it would be sufficient to explain that the level 
of industrial structure diversification within the QMCPA underwent significant changes after the implementation of the DPA. 

By constructing virtual provinces in this way, the inter-provincial heterogeneities are removed to the greatest extent while still 
retaining the characteristics of original contiguous geographical connections within the QMCPA. This provides an effective means to 
accurately verify the independent impact of policy implementation on industrial structure diversification. 

3.2. Indicator construction 

3.2.1. Dependent and independent variables 
According to the method proposed by Young, industrial structure diversification is measured by industrial structure deviation [56, 

61]. The lower the industrial structure deviation, the more similar the regional industrial structures. Industrial structure deviation 
includes absolute deviation and weighted deviation. The calculation method for absolute deviation of industrial structure is as follows: 

E=
∑n

i

∑m

j

⃒
⃒Sij − Sj

⃒
⃒ (3)  

where Sij refers to the proportion of the output of industry j in region i, Sj refers to the proportion of industry j in total output. The 
weight deviation is calculated as follows: 

E= I ∗
∑n

i

∑m

j
wi
⃒
⃒Sij − Sj

⃒
⃒ (4)  

where I is the number of regions, wi is the share of the output of region i in the total output, and Sij and Sj are defined in the same with 
absolute deviation. 

The dependent variable in the boundary effect model of this paper is the difference in local industrial structures between neigh-
boring counties. This paper adopts the "industrial division of labor index" proposed by Krugman to calculate the difference in industrial 
structures between two poor counties [62]. The calculation method is as follows: 

Diffijt =
∑m

k=1

⃒
⃒Xik − Xjk

⃒
⃒ (5)  

where Diffijt is the difference in industrial structure between two poor counties i and j in period t. The higher the value of Diffijt, the 
greater the difference in industrial structure between the two poor counties. Xik is the share of the kth industry in county i, and Xjk is the 
share of the kth industry in county j. 

The dependent variable in the DID model is the industrial structure upgrading index. The connotation of industrial structure 
upgrading includes progress in industrial proportional relationships and rationalization of production factor allocation between 
industries. 

However, due to data availability constraints, this paper has to give up industrial structural rationalization and chooses the in-
dustrial structure upgrading index as the dependent variable. The industrial structure upgrading index involves the evolution of 
proportional relationships between industries. The higher the value, the higher the level of regional industrial structure upgrading. 
Referring to existing studies, this paper uses the spatial vector method to calculate it as follows: 

Take the proportion of the industrial added value of the three industries in GDP as a component in the spatial vector, thus forming a 
set of 3-dimensional vectors X0 = (x1,0,x2,0,x3,0), and then calculate the angles θ1, θ2, θ3 between X0 and the vectors X1 = (1, 0,0),X2 =

(0,1, 0),X3 = (0, 0,1) of the industries arranged from low to high levels: 

θj = arccos

⎛

⎝

∑3
i=1

(
xi,j ⋅ xi,0

)

(∑3
i=1

(
x2
i,j
)1

2 ⋅
∑3

i=1

(
x2
i,0
)1

2
)

⎞

⎠, j= 1, 2, 3 (6)  

inh=
∑3

k=1

∑k

j=1
θj (7)  

3.2.2. Control variables 
In addition to DPA, many other factors can affect industrial structure upgrading in poor areas. Therefore, this study selects control 

variables from three aspects:1) Economic development: GDP growth rate, per capita income, and the number of industrial enterprises; 
2) Fiscal: fiscal decentralization; 3) Population: population density, and human capital level.  

1. GDP growth rate (SGDP) 
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As an indicator of economic growth, the GDP growth rate is also used in studies related to industrial structure. The relationship 
between industrial structure upgrading and economic growth is not stable, with a negative direct effect and a positive indirect effect 
[63]. It is necessary to include the GDP growth rate as a control variable in the regression to ensure accuracy.  

2 Per capita income (AveGDP) 

Although regional GDP is often used to measure the economic situation of an area, per capita regional GDP is one of the important 
indicators to measure local development level, which can better represent the level of economic growth than regional GDP alone. 
Generally, the better the economic development of an area, the more reasonable the industrial structure and the stronger the speed and 
ability of industrial transformation and upgrading [63,64]. Therefore, this paper uses the per capita GDP of each poor county to 
represent the level of per capita income within the poor county.  

3. Number of industrial enterprises (Firm) 

Poverty alleviation is closely related to industrial development [5]. The more industrial enterprises, the higher the degree of in-
dustrial agglomeration, and the greater the scale effect, thereby driving the development of local industrial structure [37]. Therefore, 
including the logarithm of the number of above-scale industrial enterprises in the regression can control its impact on industrial 
structure upgrading.  

4 Fiscal decentralization (Finance) 

Government revenue share (government revenue as a percentage of GDP) has been widely used as a control variable in local in-
dustrial structure and industrial agglomeration research, as local governments may generate a series of alienation behaviors to obtain 
fiscal revenue or local economic output, thereby affecting industrial structure upgrading [65,66]. Therefore, fiscal revenue share is 
selected as a method to assess the intensity of the government’s impact on industrial structure.  

5 Population density (PDes) 

Population density refers to the ratio of total population to jurisdiction area. Some studies have shown that population density 
differs significantly across counties in the QMCPA, with eastern and southern areas generally higher than western and northern areas, 
and population density has a higher correlation with harsh natural conditions and local GDP [33]. Therefore, population density is 
included as a control variable in the regression.  

6. Human capital level (Education) 

Studies commonly use the proportion of undergraduate students to the total population or average years of education to indicate 
the human capital level. However, as this paper uses county-level data, it cannot obtain the number of undergraduate students over the 
years. For the QMCPA, the education level of residents is relatively lower than the average. There are huge education inequalities 
between urban and rural China, with 3.87 million rural children not completing compulsory education by 2015 [67]. Therefore, we 
select the number of junior high school students as an alternative indicator to measure the local human resource level. 

3.3. Data collection 

To ensure the differences between the treatment group and control group are not too large, leading to biases in the empirical 
regression results, this paper selects national-level poor counties (treatment group) and non-poor counties (control group) within the 
QMCPA as samples. All data comes from the China County Statistical Yearbook and local statistical bureaus. 

Due to incomplete data and changes in statistical standards for the QMCPA in the statistical yearbooks, the statistical caliber or 
selection of indicators for various economic indicators has changed, resulting in missing data (such as total output value, number of 
employees, number of junior high school students, etc. of above-scale industrial enterprises). Therefore, on the premise of ensuring 

Table 1 
Descriptive statistics of variables.  

Variable name Description Mean Std. Min Max 

inh Industrial structure upgrading index 3.773 0.586 2.576 5.425 
Finance Fiscal decentralization 0.052 0.034 0.055 0.247 
NumFirm Number of industrial enterprises (taking logarithmic value) 3.547 1.379 0 6.320 
PDes Population density 0.025 0.024 0.0005 0.143 
AveGDP Per capita income 3.170 2.346 0.380 17.897 
SGDP GDP growth rate 0.117 0.100 − 0.419 0.827 
Edu Human capital level 0.115 0.031 0.055 0.247 

Source: Author’s own calculation 
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data completeness and not affecting regression results, this paper selected variables appropriately. The descriptive statistics of vari-
ables are shown in Table 1. 

4. Empirical test and results analysis 

4.1. The impact of the DPA on the industrial structure upgrading 

4.1.1. Basin regression 
Table 2 Columpn (1) shows the results of using the DID model to examine the impact of DPA on industrial structure upgrading in the 

QMCPA without adding any control variables. R2 represents the goodness of fit of the model, which is 0.494, indicating that the model 
fit is good. The F-test result represents the overall significance of the regression model. At this time, the F value is greater than the 
critical value, and the regression is overall significant. 

The coefficient of the core explanatory variable is 0.078 (standard error in parentheses), with a positive sign and significance at the 
1 % confidence level, indicating that the implementation of DPA has a significant promoting effect on industrial structure upgrading in 
the QMCPA, and the level of industrial structure upgrading has increased significantly. 

Column (2) shows the regression results after adding control variables. It can be seen that after controlling for other variables, the 
coefficient sign and significance of the core explanatory variable have not changed, indicating that the implementation of the DPA has 
indeed improved the degree of industrial structure upgrading in the QMCPA and has a significant promoting role, Local governments 
pay attention not only to economic growth but also promote industrial structure upgrading during the growth process. This verifies 
Hypothesis 1 of this paper. 

The GDP growth rate (SGDP) coefficient is positive, indicating that as the economic level of poor counties improves and the GDP 
growth rate decreases, the government will shift its attention to promoting industrial structure upgrading, not just promoting in-
dustrial manufacturing development. The fiscal decentralization coefficient (Finance) is negative, meaning that fiscal revenue 
decentralization has a negative impact on industrial structure upgrading. This is consistent with existing research conclusions that 
fiscal decentralization inhibits the development of industrial structure upgrading, and local governments may generate a series of 
alienation behaviors to obtain fiscal revenue. The number of above-scale industrial enterprises (NumFirm) has a positive impact on 
industrial structure upgrading. From the descriptive statistics in the first part, the number of industrial enterprises showed an upward 
trend. More industrial enterprises increased local employment and production value. Considering the development level of poor areas, 
the government would strengthen support for labor-intensive processing industries and services industries. Given the development 
level of poor areas, the government will increase support for labor-intensive manufacturing and service industries, thereby increasing 
the proportion of labor-intensive industries and reducing the proportion of agricultural output, gradually optimizing the industrial 
structure. 

Table 2 
Base regression and robustness test results.   

Basin Regression Robustness Test 

(1) Without controlling 
variables 

(2) With controlling 
variables 

(3) Lagged dependent variable 
regression 

(4)Trimming 
Regression 

Policyt ∗ Povertyi 0.078*** 0.056*** 0. 066*** 0.055*** 
(0.021) (0.021) (0.022) (0.021) 

SGDP  0.504*** 0. 485*** 0.503***  
(0.066) (0. 071) (0.066) 

Finance  − 0.134 − 0.267 − 0.130***  
(0.209) (0. 214) (0.210) 

AveGDP  − 0.006 − 0.007 − 0.007  
(0.009) (0. 011) (0.009) 

PDes  − 2.241 − 1.445 − 2.208  
(1.597) (1.7775) (1.600) 

NumFirm  0.044* 0.013 0.047*  
(0.024) (0.028) (0.024) 

Edu  − 0.011** − 0.007 − 0.011**  
(0.004) (0.005) (0.004) 

Cons 3.536*** 3.478*** 3.576*** 3.464*** 
(0.015) (0.113) (0.128) (0.113) 

Time Fixed Effect Yes Yes Yes Yes 
Regional Fixed Effect Yes Yes Yes Yes 
R2 0.494 0.527 0.498 0.522 
F-test 128.48 83.09 69.49 81.56 

Note: ***, **, * indicate significance levels of 1 %(p ≤ 0.01), 5 %(0.1<p ≤ 0.5) and 10 %(0.5<p ≤ 0.1) respectively. 
Source: Author’s own calculation 
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4.1.2. Robustness test  

(1) Parallel trend test 

The parallel trend assumption is a prerequisite for correctly identifying the causal effect in this paper’s model. The key assumption 
of the DID model is that in the absence of policy interventions, the changes in the treatment group and control group will follow 
parallel time trends [68]. The strength of identifying causal relationships depends on whether the parallel trend assumption holds. 

Therefore, to ensure the accuracy of the baseline regression, this paper conducts a parallel trend test on the samples. The test results 
are shown in Fig. 1. Post refers to the year of policy implementation. Post 1–4 refer to the 1st-4th years after policy implementation. 
Before1-3 refer to the 1st-3rd years before policy implementation. 

It can be seen that the coefficient estimates before the policy were mostly not significant, indicating that the pre-trends of provincial 
poor counties and other non-poor counties were parallel without significant differences, satisfying the parallel trend assumption. The 
implementation of DPA has a relatively strong causal relationship with industrial structure upgrading. 

In the year of DPA implementation and the following two years, due to the inertia of policies, there were no significant differences 
between the treatment group and the control group. But from the third year after implementation, the coefficient estimates became 
significant and showed an upward trend, which is sustainable, again confirming the reliability of our results.  

(2) Lagged regression of dependent variable 

To further reduce endogeneity issues and ensure the stability of regression results, the independent variable was lagged one period 
for regression again, observing its significance. The results are shown in column (3) of Table 2. 

The lagged regression results show that DPA still has a significant positive impact on industrial structure upgrading, further 
confirming the reliability of the basic regression results in this paper.  

(3) Truncation treatment 

Fig. 1. Parallel trend test results. 
(Source: Author’s own calculation). 
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To eliminate the impact of outliers on regression results, we performed a 1 % tail truncation on the sample and re-ran the regression 
after truncation. The regression results are shown in column (4) of Table 2. Overall, the size and significance of the independent 
variable coefficients are consistent with the baseline regression, indicating that the model has relatively strong robustness. 

4.1.3. Heterogeneity test  

(1) Heterogeneity test based on regional altitude 

Altitude is a very important indicator of vegetation types, biological migration, agricultural production, urban layout, village 
locations and population agglomeration [33]. 

Therefore, the altitude data of poor counties was used to calculate the local altitude to test the impact of altitude on industrial 
structure upgrading. The regression results are shown in columns (1) and (2) of Table 3. Column (1) shows areas with lower altitudes, 
where the interaction term coefficient is significant and positive. Column (2) shows areas with higher altitudes, where the interaction 
term coefficient is insignificant and negative. 

This indicates that in areas with lower altitudes, the implementation of the DPA improved the industrial structure upgrading of 
poor counties; but in areas with higher altitudes, there was no significant improvement in industrial structure upgrading of poor 
counties. 

Theoretically, the lower the altitude, the better the natural geographic conditions, the more convenient the transportation, and the 
more suitable for the agglomeration and layout of primary and secondary industries. The higher the altitude, the greater the terrain 
undulations, the more drastic the changes in water heat conditions, the more adverse the natural conditions, the more dispersed the 
residence, and the more difficult it is to provide more complete infrastructure and services. 

Therefore, poor counties in high-altitude areas face difficulties in industrial development and lag in secondary and tertiary in-
dustries. The government is inclined to select characteristic industries adapted to high-altitude areas, such as characteristic agriculture 
and animal husbandry, with a relatively higher proportion of primary industry. Therefore, the promoting effect of the DPA on their 
industrial structure upgrading is not obvious.  

(2) Heterogeneity test based on regional ecosystem quality 

Some scholars point out that governments are often constrained by multiple targets. When governments face dual targets of 
economic growth and ecological environment protection, they may make differentiated choices based on local conditions [69,70]. 
Specifically, it may lead to behavioral distortions due to excessive environmental performance pressure, or neglect the environment 
and balanced development due to GDP performance evaluations [71–73]. 

Since the remote sensing ecological index (RSEI) can effectively measure regional ecological quality [74,75], we use the RSEI of 
each poor county as the basis for grouping to examine whether DPA has improved local industrial structure upgrading in areas with 
different ecological qualities. 

The regression results are shown in columns (3) and (4) of Table 3. Column (3) shows the regression results for areas with lower 
RSEI, and column (4) shows the results for areas with higher RSEI. It can be seen that the interaction term coefficient of poor counties 

Table 3 
Heterogeneity test.   

Altitude RSEI 

(1) (2) (3) (4) 

Policyt ∗ Povertyi 0.116*** − 0.059 0.087*** 0.016 
(0.022) (0.052) (0.027) (0.035) 

SGDP 0.353*** 0. 695*** 0. 257*** 0.909*** 
(0.075) (0.141) (0. 081) (0.113) 

Finance 0.163 − 0.248 0.282 − 0.205 
(0.366) (0. 304) (0.440) (0.248) 

PDes − 2. 600** 5.730 − 2.844* 9.003 
(1.378) (19.201) (1.571) (7.136) 

AveGDP 0.017*** − 0. 033 0.016 − 0. 043** 
(0.010) (0.022) (0.011) (0.019) 

NumFirm 0.008 0.073 − 0.002 0.090** 
(0.027) (0. 048) (0.031) (0.038) 

Edu − 0.019*** 0. 016 − 0.021*** 0.014 
(0.005) (0.010) (0.005) (0.009) 

Cons 3.713*** 2.916*** 3.900*** 2.625*** 
(0.136) (0.278) (0.148) (0.228) 

Time fixed effect Yes Yes Yes Yes 
Region fixed effect Yes Yes Yes Yes 
R2 0.577 0.509 0.526 0.573 

Note: ***, **, * indicate significance levels of 1 %(p ≤ 0.01), 5 %(0.1<p ≤ 0.5) and 10 %(0.5<p ≤ 0.1) respectively. 
Source: Author’s own calculation 
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with lower ecological environmental quality is significantly higher than that of poor counties with higher ecological environmental 
quality. 

As mentioned earlier, China’s poor counties often overlap with ecologically vulnerable areas. For poor areas with relatively good 
ecological environment quality, local governments have the ability to balance economic development and ecological environment 
protection. When the ecological environmental quality is at a relatively low level, considering the high environmental maintenance 
costs and urgency of tasks, the government will not invest too much in ecological environment protection but focus on economic 
growth, so that the growth of the regional total economy drives industrial structure upgrading. Therefore, DPA’s promotion of in-
dustrial structural optimization is particularly significant. 

In summary, we find that DPA can significantly improve the level of industrial structure upgrading in poor areas, echoing the 
contents of existing research that DPA will promote industrial structural adjustment in various ways to achieve the goal of poverty 
alleviation. However, this promoting effect will be affected by the inherent characteristics of poor areas such as altitude and ecological 
environmental quality, leading to different results. 

Although some scholars argue that the current promotion of industrial structure upgrading and ecological environment protection 
faces conflicts that may hinder industrial development, existing studies have proved that industrial structure upgrading can alleviate 
the contradictions between economic growth and environmental protection, and is an excellent choice for poor areas. The Chinese 
government can achieve green development in poor areas through environmentally friendly industries without damaging local 
ecology. 

4.2. Industrial structure diversification in the QMCPA 

This paper calculates the degree of industrial structure diversification in the QMCPA from the dimensions of county, city and 
province respectively. The degree of industrial structure diversification at the county level is shown in Fig. 2. It can be seen that until 
2015, the degree of industrial structure diversification fluctuated but remained at roughly the same level. Therefore, before the 
implementation of the DPA, there was no significant difference in industrial structure between counties (the weighted deviation 
fluctuated more stably by comparison). 

In 2016, the degree of industrial structure diversification increased significantly, which is more obvious in the weighted curve. This 
shows that the DPA did promote various places to choose appropriate characteristic industries for poverty alleviation based on local 
development conditions and the natural environment. The change occurred in 2016 rather than 2015 when the policy was imple-
mented, which is also traceable. Due to the late release of policies, as well as the inertia of policies and the time needed for local 
governments to select and develop characteristic industries, the improvement of industrial structure diversification degree occurred in 
the year after policy implementation. However, this growth did not continue. From 2017, industrial structure diversification began to 
decline again. The decline in regional industrial structure diversification represents a convergence of industrial structure, indicating 

Fig. 2. Industrial structure diversification at the county level in QMCPA 
(Source: Author’s own calculation) 
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that various places failed to maintain the specialized development of industries. This may be because the QMCPA failed to achieve the 
characteristic industrial development required by the DPA. It may also be limited by their economic level and unable to meet the 
conditions for regional specialized development. 

As shown in Fig. 3, the diversification of industrial structure at the city level is generally consistent with the trend at the county 
level, with some absolute value differences related to the calculation method. The industrial structure deviation of each region is 
obtained by summing the absolute deviations of each region. The number of regions at the county level is more than that at the city 
level. Therefore, the value of industrial structure deviation will decrease with the increase of the calculation unit. 

Fig. 3 shows that the degree of change in industrial structure diversification before and after policy implementation was not 
significant, with a remarkable upward trend only in 2016, almost doubling from 2015, slightly higher than the 0.8-fold increase at the 
county level. This shows that the diversification of industrial structure between counties and cities is similar, which should be because 
the diversification of industrial structure between cities is based on the county level. That is, in the QMCPA, there is no significant 
difference between the two. Whether from the county level or the city level, we can consider that the DPA for characteristic industries 
has brought about changes in industrial structure, although this change is short-term and discontinuous. 

Next, we conducted a tracking analysis of industrial structure diversification at the provincial level (Fig. 4). Compared with the 
county and city levels, the overall changing trend at the provincial level is similar to the previous two dimensions. 

In 2016, the industrial structure diversification within the QMCPA showed an upward trend (although the weighted deviation did 
not reflect a higher degree of increase). However, the extent of change at the peak was not as significant as the remarkable changes at 
the county and city levels, only slightly higher than the diversification before policy implementation. This means that real and effective 
changes did occur in industrial structure diversification between provinces, but this change was relatively weak and there were other 
factors causing this weak change. 

These phenomena may be caused by impact factors that we have not observed yet, or may be due to heterogeneity between 
provinces, where the originally existing industrial structure diversification between provinces partially offset the impact of the DPA. In 
other words, based on the differences in administrative areas leading to the expansion of industrial structure differences, we cannot 
accurately identify the impact of DPA. Therefore, we chose to construct virtual provinces to test whether industrial structure diver-
sification was affected by policies at the provincial level mentioned later. 

Before constructing virtual provinces, we first used a more specific boundary effect model to examine the difference in industrial 
structure between poor counties in different provinces before and after the implementation of the DPA. If the regression results are 
significant, it indicates that there were significant differences in industrial structure between provinces. The regression results are 
shown in Table 4. 

Table 4 shows the results of the initial regression: Column (1) shows the results without controlling any fixed effects; Columns (2), 
(3) and (4) show the results controlling for time or regional fixed effects. Table 4 shows that whether controlling for regional fixed 
effects or time fixed effects, the coefficients of the independent variables are all significantly positive. 

Fig. 3. Industrial structure diversification at the city level in QMCPA 
(Source: Author’s own calculation) 
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This initial regression result shows that cross-provincial boundaries would significantly expand the differences in industrial 
structure between adjacent poor counties on both sides of the provincial boundary in comparisons of industrial structures, but this 
difference does not change with time. This also re-explains why from the perspective of cross-provincial industrial structure differ-
ences, the fluctuations of industrial structure diversification at the provincial level were not as dramatic as the other two dimensions. 

After validating the significant differences in industrial structure between provinces, we immediately constructed virtual provinces 
to test whether the changes in industrial structure diversification in the QMCPA with virtual provinces as the smallest units are 
consistent with the changing trends when actual provinces are the smallest units. As shown in Fig. 5, the trend of industrial structure 
changes in virtual provinces is consistent with the county and city levels, although the weighting curve fluctuates less. Each inflection 
point shows the same changing trend. 

By dispersing the division effects between actual provinces to virtual provinces through the construction method, the trend of 
industrial structure diversification at this time shows that DPA had a significant impact on the QMCPA after excluding the "provincial 
boundary effect".Comparing actual provinces with constructed virtual provinces, it can be found that the degree of industrial structure 
dispersion in virtual provinces is lower than in real provinces. This also proves from another aspect that some "common forces" in 
provincial characteristics or development processes affect industrial structure and make the degree of dispersion higher. Otherwise, 
the degree of industrial structure diversification in virtual provinces should be higher. 

Since the industrial structure diversification within the QMCPA is the sum of the overall level, it is impossible to judge the degree of 
industrial structure changes in each province. Therefore, we examined the industrial structure diversification within poor counties in 
each province. The purpose is to judge which provinces had the largest changes and which provinces responded most strongly to the 
implementation of the DPA through the changes in industrial structure within each province. The results are shown in Fig. 6. 

Sichuan Province has the highest degree of industrial structure diversification, followed by Gansu Province, with Chongqing having 

Fig. 4. Industrial Structure Diversification at the Provincial Level in QMCPA. 
(Source: Author’s own calculation) 

Table 4 
Boundary effects test.   

(1) (2) (3) (4) 

Cross-province 0.0984*** 0.1460*** 0.0984*** 0.1460*** 
Cons 0.2995*** 0.2133*** 0.2385*** 0.1523*** 
Regional fixed effect No Yes No Yes 
Time fixed effect No No Yes Yes 
R2 0.0213 0.0468 0.1587 0.1838 
F-test 16.24 21.03 5.35 10.91 

Note: ***, **, * indicate significance levels of 1 %(p ≤ 0.01), 5 %(0.1<p ≤ 0.5) and 10 %(0.5<p ≤ 0.1) respectively. 
Source: Author’s own calculation 
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the lowest. Overall, the industrial structures of Sichuan and Gansu underwent significant changes after the implementation of the DPA, 
with diversification first increasing and then decreasing, consistent with the overall trend. The peak appeared in 2015 rather than 
2016, which is different from the overall peak of diversification in the QMCPA. The reasons are: 1) the speed of industrial structure 
adjustment within the two provinces was faster than the entire QMCPA. 2) The changes in industrial structure diversification of the two 
provinces were not enough to immediately change the diversification of the entire QMCPA. 

The other four provinces did not respond strongly to the DPA in terms of industrial structure diversification, possibly because the 

Fig. 5. Industrial structure diversification at the virtual provincial level in QMCPA 
(Source: Author’s own calculation) 

Fig. 6. Changes in industrial structure diversification in provinces within the QMCPA 
(Source: Author’s own calculation) 
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direction of industrial development they chose was consistent with the original DPA, or they may have been affected by other pro-
vincial factors, such as different industrial policies that offset each other, making the role of characteristic industries in poverty 
alleviation very small and industry-based poverty alleviation was not the main poverty alleviation path relied on locally. 

Based on the above analysis, it is not difficult to find that the industrial structure in the QMCPA underwent significant changes after 
the issuance of the DPA. This change was reflected at the county, city and provincial levels, indicating that local governments chose 
suitable characteristic industries as poverty alleviation paths in accordance with local conditions under the guidance of central pol-
icies, striving to achieve the goal of "one county, one industry". 

Due to local characteristics and endowments, the QMCPA are rich in biological diversity resources and have great potential for 
development and utilization, with sufficient resources to develop related industries such as Chinese medicine planting, biological 
preparations, and processed industries mainly based on characteristic agricultural, forestry and livestock products. This means that 
each poor county has a great deal of autonomy to choose industries with comparative advantages. For the whole QMCPA, industrial 
structure diversification is conducive to its economic growth. As a resource-dependent region, it should focus on selecting the leading 
industries that need to be developed [75,76]. 

Unfortunately, the change in industrial structure diversification did not last long. After just one year, the degree of diversification 
gradually decreased again and reverted to industrial structure convergence. Combined with existing research analyses, the reasons for 
the decline in industrial structure diversification may be multi-faceted. In addition to the insignificant impact of the DPA, local 
protectionism may have hindered regional specialized division of labor, leading to a decline in industrial structure diversification [77]. 
Local governments may have distorted characteristic industries in the DPA to achieve economic targets of increasing per capita income 
[27]. 

Therefore, in order to help poor areas develop stably and sustainably in the long run and further promote regional characteristic 
development to smoothly enter the rural revitalization stage, local governments need to formulate more targeted policies again, 
especially for resource-based areas. During industrial structure transformation, they should focus on selecting the leading industries 
that need to be developed, rather than simply upgrading industrial types. 

5. Conclusion 

This study uses data from 2011 to 2019 in the successfully poverty-alleviated counties in the QMCPA to analyze the changes in the 
industrial structure of poor counties through DID model and the boundary effect model. The following conclusions are drawn: 

Firstly, industry poverty alleviation prominently promoted industrial structure upgrading of poor counties, and industrial structure 
upgrading is the foundation for long-term stable development. Industrial structure upgrading is also affected by the altitude and 
ecological environment of poor counties. The lower the altitude and poorer the ecological environment, the greater the impact of the 
DPA on industrial structure upgrading. Compared with low-altitude areas, governments should select industries adapted to plateau 
climate for high-altitude poor counties to help residents become prosperous. Attention should also be paid to environmental quality in 
areas with relatively poor ecological environment to avoid falling into the trap of environmental poverty. 

Secondly, the DPA can significantly improve industrial structure diversification in the QMCPA. The trends of industrial structure 
diversification calculated from the three dimensions of county, city and province are identical over time. However, the degree of 
deviation is slightly different at the provincial dimension due to heterogeneity between provinces. Crossing provincial administrative 
regions would markedly enlarge the difference in industrial structures between the two regions. The three dimensions of industrial 
structure diversification all prove that after implementing the DPA, the governments of QMCPA selected suitable characteristic in-
dustries for poverty alleviation according to local resource endowments. However, the gradual decline in later industrial structural bias 
indicates that some poor county governments failed to adhere to the development of advantageous characteristic industries as the 
principle of characteristic industry poverty alleviation, abandoning advantageous industries such as characteristic agriculture, 
forestry, aquaculture and processing and manufacturing, resulting in deviations from expected targets despite achieving the ultimate 
goal of poverty alleviation. 

However, this study still has some limitations. First, due to data limitation, only industrial structure sophistication indicators could 
be used to study the impact of the DPA on industrial structure upgrading without calculating the rationalization of industrial structure 
in poor areas for more comprehensive research. Second, in traditional DID models, the stable unit treatment value assumption 
(SUTVA) requires that entities in the treatment group would not affect those in the control group. However, there must be close in-
teractions and frequent trade between counties/cities in QMCPA, meaning policy spillovers are inevitable. Entities in the control group 
may be partially affected by those in the treatment group, leading to potential errors in estimating the net policy effects. Therefore, 
future research should consider using more precise methods to evaluate policies. Meanwhile, as the DPA was empirically tested as a 
whole rather than divided into specific policy measures (such as e-commerce poverty alleviation, tourism poverty alleviation, char-
acteristic agriculture, etc.), its specific measures’ contributions cannot be determined. Future research should consider expanding the 
sample nationwide, further classifying the DPA policies, and conducting grouped/regional research to examine which policies have 
made key contributions to industrial structure upgrading and economic growth. 

Based on the research conclusions of this paper, the following policy implications can be derived. 
First, to promote long-term development in poor areas, local governments should focus on long-term industry development based 

on local resource endowments, avoid falling into the trap of low production cycles for short-term interests, and attract external in-
vestment through fiscal and tax support policies to promote industrial structure upgrading while ensuring income of the poor is not 
reduced. 

Second, local conditions such as resource endowments, ecological environment, and existing industrial development foundations in 
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poor areas need prudent analysis to comprehensively select industries suitable for long-term development. After determining the 
industrial development direction, governments should leverage comparative advantages to develop characteristic industries through 
active policies to increase per capita income and economic development. Risk diversification and information-sharing mechanisms 
among local governments should also be established to improve regional specialization cooperation and risk resistance capacity of 
poor areas, striving to build high value-added industry chains with market orientation and cultivate large leading enterprises to jointly 
brand characteristic industries, forming brand effects and ultimately realizing effective and stable industrial structure diversification 
and regional specialized cooperation. 

Third, central governments should accurately identify the development level of poor areas in planning key industries and 
formulating general requirements for characteristic industries, and implementing effective poverty alleviation policies. The imple-
mentation intensity and distortion of characteristic industry policies by lower-level governments need consideration. Industrial 
structure development and economic growth should be jointly evaluated with strengthened intensity to avoid policy failures due to 
excessive local intervention or local protectionism. Heterogeneity in economic conditions between different poor areas needs attention 
in policy implementation to avoid "one-size-fits-all" approaches through specific action plans considering diversity and tailoring to 
areas with deeper poverty for results. This can ensure long-term stable economic development in poor areas by addressing weaknesses 
in poverty alleviation work. 
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