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Abstract: This paper emphasizes the key role of policy in the development of agricultural services
outsourcing. In this paper, a theoretical framework is constructed to analyze the role of government
policies on agricultural service outsourcing under the assumption of the separability of agricultural
production processes. The article constructs a quasi-natural experiment using the China-targeted
poverty alleviation program and nationally representative microdata, and the PSM-DID model is cho-
sen to estimate the policy effects. We also discuss regional heterogeneity, aiming to identify the ways
in which policy affects agricultural service outsourcing. Based on a comprehensive household-level
dataset and econometric analysis, we find that targeted poverty alleviation programs significantly
promote the use of agricultural service outsourcing by low-income farmers, and the effects of the poli-
cies are more pronounced for the central and western regions. These findings suggest that targeted
poverty alleviation programs improve the income of farm households in poor areas and encourage
the use of agricultural service outsourcing, which can save agricultural labor, reduce the opportunity
cost of agricultural production, and contribute to the sustainable development of the poor.

Keywords: targeted poverty alleviation program; agricultural service outsourcing; China; PSM-DID;
CFPS

1. Introduction

“No Poverty” is one of the 17 Sustainable Development Goals (SDGs) issued by the
United Nations, and rural areas are the regions with the highest incidence of poverty, so
achieving sustainable rural development is the key to poverty eradication. In 2015, China
had 14 concentrated areas of extreme poverty, 832 poor counties, 128,000 documented
poor villages, and 55.75 million people living in absolute poverty [1]. In order to eliminate
absolute poverty, China has implemented a precision poverty alleviation program [2]. By
2020, China has achieved the complete eradication of poverty for people below the national
poverty line (per capita net income below RMB 2855) and regional overall poverty has been
addressed [3]. As a result, China declared a major victory against poverty and achieved
the UN 2030 Agenda for Sustainable Development poverty reduction target 10 years
ahead of schedule.

Encouraging the development of agricultural service outsourcing is an important part
of China’s targeted poverty alleviation program. Agricultural service outsourcing has
changed traditional Chinese agriculture by guiding the reallocation of rural production
factors and organically linking new technologies with smallholder production [4,5]. The
agricultural sector is less productive than the non-farm sector [6–9] and the trapping of
agricultural labor in the agricultural sector weakens the policy effects of targeted poverty
alleviation. Agricultural service outsourcing replaces the labor element of agricultural pro-
duction, allowing this labor to take up higher paying non-farm jobs, further consolidating
the results of targeted poverty alleviation programs. This paper examines the impact of
targeted poverty alleviation programs on agricultural service outsourcing and explores the
economic logic behind the effects.
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The rapid development of agricultural service outsourcing, encouraged by policy, is
due to the reality of China’s “big country, small farmers”, where farmers are often con-
strained by capital and land to acquire large fixed assets [10–12], and where purchasing
their own farm machinery often faces high investment thresholds and dedicated assets
are easily locked in. The sharing of agricultural services outsourcing among farmers can
bypass the size threshold constraint of large-scale machinery operations [13]. Schurz (1964)
proposed a market-based approach to transforming agricultural production by providing
farmers with a profitable supply of new factors of production and investing in improving
the capacity of those who demand them, the famous “poor but efficient” proposition [14].
In the practice of agricultural production in China, increasingly diversified forms of agricul-
tural service outsourcing organizations such as farm machinery services and agricultural
trusteeships have emerged to improve the factor endowment structure of smallholder
business models [15]. Rational small-scale farmer theory suggests that between acquiring
agricultural machinery and outsourcing agricultural services, farmers will choose the less
costly method [16,17]. In China, a developed market for outsourced agricultural machinery
services has enabled poor farmers to easily access agricultural machinery in agricultural
production and increase agricultural productivity [18–20]. Developing agricultural service
outsourcing in this context has become an important initiative to promote sustainable
anti-poverty policies in China.

Therefore, we construct a simple theoretical framework drawing on Acemoglu and
Restrepo’s (2018) [21] task model to promote the development of agricultural service
outsourcing through policy subsidies. Helping poor farmers outsource more of their
agricultural production enables them to exit from low-yielding agricultural production,
gain access to more high-yielding off-farm jobs, and increase farm incomes. This will
make China’s targeted poverty alleviation program sustainable. Based on this theoretical
framework, we hypothesize that there is a positive average treatment effect of targeted
poverty alleviation programs on agricultural service outsourcing. The positive treatment
effect arises for two reasons: first, it is clear that there is a direct incentive for the policy to
develop the industry; second, the policy reduces the cost of agricultural services outsourcing
for farmers, expanding the demand for it and freeing up agricultural labor. We constructed
a three-period unbalanced panel dataset using a nationally representative CFPS database
and used the DID approach to test our theoretical predictions. We construct treatment and
control groups using the absolute poverty line for China, and to deal with endogeneity due
to sample selection issues and omitted variable issues, we use the PSM approach to improve
the accuracy of our estimates so that the coefficients more accurately reflect causality. In
addition to positive treatment effects, we also captured the issue of heterogeneity, which is
consistent with our theoretical framework that the response of outsourcing agricultural
services to policy varies by geography, with the highest response in the western region.

This article is related to a wide range of literature, such as studies on the effects of
anti-poverty policies [1,22–24] as well as studies on targeted poverty alleviation programs
in China (e.g., anti-poverty relocation program [25,26], the poverty alleviation resettlement
policies [27], and targeted poverty alleviation through tourism development [28], and
studies of welfare [29]. The basic findings of this study are in line with the extensive
literature that highlights the positive aspects of targeted poverty alleviation programs, with
our article highlighting the impact of policies on the diffusion of new technologies.

This article is also related to empirical studies on agricultural service outsourcing,
which have mostly focused on the level of micro-decision making, i.e., the impact of
factors such as household characteristics, individual characteristics, landform character-
istics, non-farm employment, and transaction costs on farmers’ agricultural production
decisions [17,30–33]. The impact of agricultural service outsourcing on farm household in-
come and costs has also been discussed [34,35]. However, few scholars have focused on the
impact of policy on the adoption of agricultural services outsourcing, with the only litera-
ture discussing the impact of different rights recognition approaches on agricultural services
outsourcing, using agricultural land rights recognition policies as an entry point [15]. Gov-



Sustainability 2023, 15, 1009 3 of 18

ernments can provide incentives and infrastructure for the development of broad-based
outsourcing clusters, enabling faster growth in agricultural productivity [36,37]. A key
reason why government power is needed for the development of agricultural services out-
sourcing is that the supply side requires a certain level of investment in entering the market
(e.g., upfront investment in production equipment, or upfront investment in entering a
market), and too high an entry cost can hinder market formation [38]. This is why a careful
discussion of the role of government policy becomes a key contribution of the article.

The rest of the article is organized as follows. The second chapter is the theoretical
analysis. The third chapter is the empirical strategy and data description. The fourth
chapter gives the empirical results. The fifth chapter is the conclusion section.

2. Theoretical Framework

As an important part of agricultural production carried out by farmers, agricultural
service outsourcing plays a decisive role in the process of allocating agricultural production
materials. In recent years, Chinese scholars have given birth to fruitful research on the
theory of agricultural service outsourcing. In particular, the principle of divisibility of
agricultural production has been discussed [39–41]. The divisibility of agricultural pro-
duction is distinguished from traditional family farming by the idea that the agricultural
production process can be divided into different production stages in different ways. For
example, plants can be divided into a number of stages such as seed breeding, plowing,
sowing, fertilizing, watering, pest control, and harvesting according to their growth pattern.
When agricultural production links can be divided, farmers can save labor by outsourc-
ing some of the links according to the rational allocation of factors based on the family’s
factor endowment. This provides a theoretical basis for the development of agricultural
service outsourcing. Under the condition that agricultural production can be divided, the
production of agricultural products can be divided up in the same way as the production
of industrial products, realizing economies of scale. On the one hand, the separability
of production steps of agriculture induces the separation of agricultural production in
different subjects or in different spaces, which helps the entry of new agricultural produc-
tion operators and the formation of a new outsourcing market for agricultural services.
On the other hand, the continuous decomposition of agricultural production processes
and intermediate steps extends the agricultural production chain and also promotes the
standardization of agricultural production, reduces transaction costs, and thus extends
market boundaries and deepens the division of agricultural labor [41].

Agricultural service outsourcing is proven to be one of the ways to improve agricul-
tural efficiency for small-scale farmers in China under investment constraints and land
constraints [42–44]. The development of agricultural service outsourcing can help small-
scale farmers resolve the contradiction between high investment demand in agriculture
and the low purchasing power of farmers [45–47], achieve the level of agricultural mecha-
nization under the institutional arrangement of highly fragmented land and decentralized
production [48], and thus help them escape from poverty. The path of its role can be summa-
rized as agricultural service outsourcing saves labor in agricultural production, reduces the
opportunity cost of agricultural production, gives more farm households the opportunity
to participate in non-farm work, increases average rural income, and reduces poverty [43].
There is also evidence that agricultural outsourcing services promote agricultural labor
transfer and confirm that outsourcing agricultural production helps to overcome family
labor constraints and solve the problems of small-scale farmer operations and can replace
traditional methods of land consolidation, which in turn improves the capital–labor ratio
of family farms [11,49–51]. Therefore, the degree of specialization of outsourcing services
can improve the factor endowment in traditional agricultural production and thus increase
agricultural productivity [11,52,53].

To discuss the impact of government policies on agricultural service outsourcing, this
paper draws on the theoretical model of Acemoglu and Restrepo(2018) [21] and constructs
a static general equilibrium model under the assumption of divisibility of agricultural
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production tasks. Assuming that the set of agricultural production tasks is normalized to
[X− 1, X], as task x gets closer to X− 1 representing a more standardized scale of tasks,
the more likely agricultural service outsourcing is used. When the task x is closer to X
which represents a more specialized and less scaled task, the more likely it is to be produced
with labor. To simplify the analysis, this study uses the C-D function to add the total task
x ∈ [X− 1, X] and normalizes the final product price to 1:

ln Y =
∫ X

X−1
ln y(x)dx (1)

In formula (1), Y denotes the total output and y(x) denotes the output of each task x.
The set [X− 1, X] is used to denote the range of tasks, and this integral form can help us to
consider the degree of subdivision of agricultural production links, i.e., the variation in the
range of agricultural production tasks.

It is assumed that each agricultural production task can be performed by either
labor l(x) or agricultural service outsourcing o(x), depending on whether the agricultural
production task is (technically feasible) to be outsourced. In this study, x ∈ [X− 1, D]
is defined as being technically outsourceable. In this subset of agricultural production
tasks, agricultural service outsourcing can be used as an alternative to traditional family
operations. The residual set of this subset then denotes the set of tasks that can only be
operated with a family business. Without loss of generality, the output y(x) of each task is
expressed in linear techniques:

y(x) =

{
αL(x)l(x) + αO(x)o(x) if x ∈ [X− 1, D]

αL(x)l(x) if x ∈ (D, X]
(2)

In formula (2), αL(x) is defined as the productivity of labor in task x (equivalent to
labor-enhancing technology) and is assumed to increase with x, i.e., the more specialized
the agricultural production task, the higher the productivity of labor. αO(x) denotes
the productivity of agricultural service outsourcing in the task (equivalent to capital-
enhancing technology).

The threshold D denotes the possibility frontier of agricultural service outsourcing:
it describes the range of tasks that can be performed by agricultural service outsourcing.
Additionally, it is assumed that labor (L) is inelastically supplied. Farmers pay a rent(R)
to produce by using agricultural service outsourcing. In equilibrium, the total output
expression is:

Y = γ

(
K

D− X + 1

)D−X+1( L
X− D

)X−D
(3)

where γ = exp
(∫ D

X−1 ln αO(x)dx +
∫ X

D ln αL(x)dx
)

.
In equilibrium, formula (3) remains in the form of a C-D production function, with

capital and labor determining total output. Unlike the traditional C-D production function,
the aggregate production function characterized by formula (3) allocates tasks to both
production factors, i.e., the change in the set of tasks determines the relative elasticity of
the factors.

We refer to Lucas Jr’s (1988) [54] analysis of human capital and combine it with
the reality of Chinese agriculture. We argue that in Chinese agricultural production, the
development of outsourcing of agricultural services is often led by the government and then
followed by more small-scale farmers, thus creating a scale advantage and driving down the
cost of agricultural production. For example, the development of cross-regional combined
harvesting operations in China was initially established with government guidance [11],
which reflects the central role of the government in the development of agricultural service
outsourcing. Moreover, government policy is a set of interrelated policies. It contains not
only direct subsidies for agricultural service outsourcing, providing more information on
farmers’ demand, providing human capital training for practitioners, etc., but also induced
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effects resulting from the use of policies [55]. Therefore, the policy set acting in agricultural
production affects the range of feasible task sets for agricultural service outsourcing.

Based on this, to simplify the discussion of the role of government in agricultural
service outsourcing, we assume the set of government policies as one government policy,
i.e., government subsidies, and assume that the subsidies only act on agricultural service
outsourcing. In summary, farmers receive a positive marginal subsidy rate τ with τ > 0 for
using agricultural service outsourcing.

Due to the presence of positive subsidies, the cost of agricultural service outsourcing
changes, and it affects the choice of the initial task set. To avoid the boundary problem, the
boundary assumption is given: αL(X)

αO(X−1) >
W

R(1−τ)
> αL(D)

αO(D)
.

Since farm production requires the payment of a fixed rent(R), the net income(I) of the
farm household, is denoted as I = Y− RK. Based on the nature of the C-D function and
the frontier assumption, the effect of agricultural service outsourcing on the net income of
the farm household can be expressed in terms of the productivity of labor and capital and
factor prices.

d I
d D

=
dY
dD

∣∣∣∣
K
+ R(1− τ)

dK
dD
− R

dK
dD

(4)

Rearranging formula (4), we obtain:

d I
d D

= ln
(

W
αL(D)

)
− ln

(
R(1− τ)

αO(D)

)
+ Rτ

d O
d D

(5)

The first two terms in formula (5) are under the boundary assumption and are constant
positive. When we drop the frontier assumption and more objectively assess the role of
agricultural service outsourcing, we need to focus on the effect of agricultural service
outsourcing on agricultural efficiency improvement, i.e., whether it reduces production
costs, at the threshold D. As shown by the formula, the first two terms are more likely to be
positive when the subsidy τ is larger and the second term is smaller. The value of the third
term is constantly positive, implying that the expansion of the threshold D represents the
expansion of agricultural service outsourcing under the condition that the subsidy τ > 0.

In sum, under the assumptions, formula (5) is constantly greater than 0. When the
frontier assumption is dropped, the higher the government subsidy, the more likely it is
that the effect of farm service outsourcing on the net income of farm households is positive.
We thus obtain the key corollary of the theoretical model:

Corollary 1: Government policy sets facilitate the development of agricultural service outsourcing
and can increase the net income of farmers.

Due to the imbalances in China’s economic development [56,57], there will also be
differences in the response of the east, central, and west regions to the policy. We also
focus on regional heterogeneity when studying policy effects, and the article also proposes
Corollary 2.

Corollary 2: There is regional heterogeneity in the impact of China’s targeted poverty alleviation
program on agricultural service outsourcing.

3. Policy Background and Empirical Strategy
3.1. Targeted Poverty Alleviation Program in China

China’s anti-poverty policy has distinctive Chinese characteristics, and the objectives
and measures of anti-poverty policy have always been highly consistent with national
strategic objectives at all stages. Since the implementation of the Household Responsibility
System in 1978, China has implemented a number of economic and rural development
initiatives. In 1987, the land market reform was promoted and the “87-year poverty
alleviation” plan was implemented to lift 80 million people out of poverty by 2000. After
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2000, a model of poverty alleviation and development was implemented that placed equal
emphasis on solving and consolidating food and clothing [1,29,58]. The targeted poverty
alleviation program was initiated on the basis of these policies.

In 2015, China promulgated the Decision on Winning the Battle against Poverty, with
the goal of eliminating absolute poverty, which also signaled the official implementation of
the Targeted Poverty Alleviation Program. Subsequently, China has issued 13 supporting
documents and formulated more than 200 sectoral poverty alleviation implementation
plans, forming an extensive set of policies. These policies not only highlight programs
that directly help farmers to escape poverty, such as industrial development, transferring
employment, relocation, education, health, and ecological protection, but also contain policy
plans to encourage the establishment and improvement of agricultural service outsourcing
markets in rural areas. For example, outsourced agricultural machinery services, as an
important component of outsourced agricultural services, promote the replacement of
traditional production methods based on human and animal power by modern agricultural
production methods based on mechanization. According to statistics from China’s Ministry
of Agriculture and Rural Affairs, in 2017 China had more than 5 million farm machinery
service providers, 51.28 million farm machinery employees, 187,000 farm machinery service
organizations, and over 280 million hectares of farm machinery outsourcing services. China
has initially formed an agricultural machinery outsourcing service system, which plays a
key role in the reallocation of production factors for small farmers.

3.2. Data Sources and Sample Selection

For a single farming household, the targeted poverty alleviation program occurs nat-
urally and there is no external force at the household level that can intervene. Thus, the
targeted poverty alleviation program is equivalent to a quasi-natural experiment in which
farm households are randomly assigned to either the experimental or control group accord-
ing to their income level [59]. Moreover, farm households in the same region live in very
similar environments, providing the basic conditions for a quasi-natural experiment study
for our study. To cover the time before and after the targeted poverty alleviation program,
the article selects the China Family Panel Studies (CFPS) [60] database with nationally
representative samples from 2014–2018 and constructs three periods of unbalanced panel
data for empirical analysis.

The China Family Panel Studies (CFPS) is a large-scale micro-survey database led
by Peking University on a nationally representative sample, which aims to reflect social,
economic, demographic, and educational changes in China by tracking and collecting data
at the individual, household, and community levels. The CFPS focuses on the economic
and non-economic welfare of the Chinese population, and its sample covers 30 provinces
in China, making it one of the core micro-databases for scholars studying China. The
sample was concentrated in 161 counties and 649 village residences at the time of the CFPS
baseline survey. By 2018, the successfully contacted sample has been distributed in more
than 900 counties with nearly 3000 village houses, resulting in a large number of missing
individual-level data, but the household-level data maintain a relatively excellent tracking
rate. Therefore, this paper chooses to use CFPS household data as the core for analysis. In
order to minimize sample loss and to be able to cover the period before and after the policy
implementation, we selected three periods of rural household samples in 2014, 2016, and
2018 to construct the panel dataset.

3.3. Estimation Strategy

In this paper, the propensity score matching difference-in-difference (PSM-DID) model
is used for effect estimation. The reasons are: firstly, there may be missing not at random
in the sample during the survey, and the propensity score matching method is used
to obtain an appropriate counterfactual sample by matching the treatment and control
groups to alleviate the problem of sample self-selection bias. Secondly, the interference
of omitted variables of time-invariant is eliminated by using the difference-in-difference
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method [61]. The specific setting form of the PSM-DID model is referred to in the study of
Heckman et al. (1997) [61]. The DID model is widely used to evaluate the effectiveness of
policy implementation [59]. To a certain extent, the model controls for influences other than
policy interventions. At the same time, the inclusion of other control variables in the model
further controls for some of the “noise” in the treatment and control groups, compensating
for the shortcomings of quasi-natural experiments in which the sample assignment is not
completely randomized, thus allowing for a true assessment of policy effects [62].

The PSM-DID approach is to match the “pre-event” data to be able to examine the post-
event differences. Therefore, a propensity score needs to be calculated for pre-2015 data.
According to Kienzle et al. (2013) [63], without agricultural machinery, it would be difficult
for farmers to move away from subsistence production. When labor is trapped in low-
yield agricultural production, the effectiveness of targeted poverty alleviation programs
is questionable. This means that targeted poverty alleviation program encourages poor
farmers to use agricultural service outsourcing to supplement agricultural production,
freeing up agricultural labor and increasing their income levels. At the same time, as
the targeted poverty alleviation work mainly targets the absolute poor households, we
choose the net household income per capita as the matching treatment variable and use
China’s poverty line as the basis for classification. The sample information was divided
into treatment and control groups according to the current price of the absolute poverty
line standard of China delineated in 2015, which is CNY 2855. The treatment group is the
sample with per capita net household income less than 2855, while the control group is the
sample with per capita net household income greater than 2855. After data grouping was
completed, propensity scores were calculated for all covariates.

The matching process is to find farmer j in the control group, make it correspond to
farmer i in the treatment group, and ensure that the observed values of covariates Xj and
Xi for farmer j and farmer i are similar.

The principle is to use the propensity score as a distance function for matching. The
propensity score is calculated as the conditional probability p

(
Xj
)

that farmer j enters into
the treatment group given the covariate Xj of farmer j. Thus, propensity score matching is a
method of matching based on the similarity of conditional probabilities, i.e., p

(
Xj
)
≈ p(Xi).

There are also more methods for propensity score matching, and the most popular nearest
neighbor matching is used in this paper. When matching, individual observations are
allowed to be used as matching more than once. Specifically, for each farmer, four closest
farmer matches are found, i.e., one-to-four matching. According to Abadie et al. (2004) [64],
one-to-four matching can minimize the mean square error, which can use as much sample
information as possible while minimizing the matching bias.

To fully assess the impact of policy on agricultural service outsourcing, we estimate
the policy effect using a difference-in-difference model. The difference-in-difference model
is essentially an extension of the panel model to distinguish between pre-policy as well as
post-policy, using policy time as the benchmark. Additonally, the time dummy variable is
cross-multiplied with the treatment variable, and the regression coefficient of the interaction
term is the policy effect. Incorporating the covariates used in matching on this basis yields
the baseline regression equation of the article.

ln outsourcingit = β1didit + X′itβ + αi + δt + εit (6)

where β1 is the policy effect we are interested in. X′it is a vector of covariates. αi is an
individual effect, δt is a time effect, and εit represents the policy-independent error term.
In our estimation, we use a fixed effects estimator for policy effect assessment, and the
two-way fixed effects DD estimator is used to control for time-varying factors and thus
obtain more accurate policy effects [65].

3.4. Variable Selection

According to scholarly discussions, controlling for some individual effects when con-
trolling for high-dimensional fixed effects in the assessment of policy effects may create
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serious covariance problems [66]. This is due to the fact that some of the dependent vari-
ables may be linear combinations of fixed effects, making the regression results unrobust,
while the sample size reported in the regression may also be misleading. Accordingly, we
make two notes on variable selection.

First, the data were cleaned without including village-level data in the data panel.
This is because the subsequent empirical analysis mainly uses the fixed effects model in
panel data analysis, which will be estimated with within-group differencing, and all time-
invariant variables will be omitted. The fixed effects model is an unbiased estimation, and
its drawback is the lack of validity of the estimates. Our focus is not on the validity of the
estimated coefficients, but on the causal effects that the coefficients can reflect, and using a
fixed-effects model can effectively avoid the problem of omitted variables. Therefore, we
do not need to consider village-level variables in the regressions.

Second, many studies have concluded that basic information about the householder
has a significant effect on rural household income, but most have been applied to cross-
sectional data analysis, using personal characteristics as control variables [67,68]. The basic
profile of the household head can also be ignored when using panels for analysis, i.e.,
all householder characteristics can be absorbed using high-dimensional fixed effects. In
addition, this paper focuses on the impact of policy on agricultural service outsourcing,
and the inclusion of individual characteristic variables in the estimation requires clustering
standard errors to the household level. Although the inclusion of individual data can
increase the precision of the estimation, it also allows a lot of noise to enter the regression
equation and even generates estimation bias. For example, it is difficult to accurately match
the identity of the householder in the CFPS data, and the influence of non- householder
on household decisions is not significant. In some scholarly studies, the respondent of
the household financial status is included as the householder, but this matching allows
confounding factors to enter the regression equation. Therefore, in our empirical strategy,
we subsume householder characteristics into household fixed effects.

The core dependent variable of the article is agricultural service outsourcing (Agri_out-
sourcing). According to the results of the theoretical analysis, the government policy set
will have an impact on the range of the executable task set of agricultural service out-
sourcing for farm households, and it is difficult for us to find variables in the dataset that
precisely measure the range of the task set of agricultural service outsourcing. However,
we believe that the share of agricultural service outsourcing costs in total agricultural
production costs is a valid proxy. The higher share of agricultural service outsourcing costs
in total agricultural production costs represents the greater range of agricultural service
outsourcing used by farm households, which can be used as evidence of the expanded
range of agricultural service outsourcing task sets. The cost of agricultural service out-
sourcing is accounted for by adding up the cost of machinery rental, hired labor, irrigation,
and other costs.

The core independent variable is the policy effect (did). The policy effect we focus
on is the interaction term of the targeted poverty alleviation policy grouping dummy
variable and the policy time dummy variable, and the significance and positive or negative
coefficient of this variable is the focus of attention.

The policy effect we focus on is the interaction term of the policy dummy variable and
the time dummy variable, and the significance and positive or negative coefficients of this
variable are key [43]. At the household level, there are also variables that affect outsourcing
costs, and we identify four covariates, namely nonfarm income, agricultural output, gov-
ernment transfer payments, and value of owned farm machines. Nonfarm income consists
of farm income from a business, income from part-time jobs, income from wages, income
from assets such as rented land, and pensions. It has been demonstrated in studies that
there is a critical impact of nonfarm income on agricultural service outsourcing. Controlling
for government transfers is intended to minimize the presence of policy noise. Government
transfers in the dataset are direct subsidies to farm households, which differs from the
assumptions of our theoretical framework. In our theoretical framework, the government
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directly subsidizes agricultural service outsourcing. Dissecting direct subsidies to farm
households from the policy can make the coefficient reflect the causal effect of the policy
more accurately. Agricultural output value determines the incentives for households to
adopt the use of agricultural service outsourcing, and in general, the higher the agricultural
output value, the higher the propensity to use agricultural service outsourcing. The value
of owned farm machinery directly affects the use of agricultural service outsourcing.

After double-checking, we finally constructed unbalanced three-period panel data.
Table 1 reports the statistical description of the raw data classified by treatment and control
groups after data filtering, and all data are taken as logarithms. The specific data cleaning
process is as follows: firstly, households with agricultural households are screened from the
CFPS historical household database, secondly, variables are screened to leave key variables,
and finally, the segmented data are merged.

Table 1. Statistical description.

Variables
Treatment Control

Mean SD N Mean SD N

Agri_outsourcing 0.12 1.05 1500 −0.37 1.01 12,000
Government transfer payments 6.54 1.11 1726 6.65 1.21 11,348
Value of owned farm machines 7.29 1.47 1024 7.93 1.47 7853

Agricultural output 8.34 1.22 1508 9.11 1.36 12,093
Nonfarm income 7.69 1.07 1366 9.76 1.36 14,061

4. Analysis of Regression Results
4.1. Baseline Regression

In this paper, the PSM-DID model is used to estimate Equation (6), and with the help
of propensity score matching, the treatment group samples are matched to appropriate
counterfactual samples to mitigate sample self-selection bias, and the interference of time-
invariant omitted variables is eliminated by using the difference-in-difference to obtain
more accurate estimates of policy effects.

Following the previous section, we used a one-to-four matching approach to minimize
the mean squared error according to Abadie et al. (2004) [64], which was able to incorporate
as much sample information as possible while minimizing the matching bias. The propen-
sity score estimation in this study was performed using a logit model. The results of the
logit estimation of propensity score matching are given in Table 2, and the LR chi-square
statistic is significant at the 1% level, indicating that the model is well estimated overall
and that most variables are significant at the 1% level.

Table 2. Logit estimation results for propensity score matching.

Variables Coefficient SD Z-Value

Nonfarm income −0.93 *** 0.05 −18.65
Agricultural output −0.45 *** 0.05 −8.51

Government transfer payments −0.13 ** 0.06 −2
Value of owned farm machines −0.17 *** 0.05 −3.48

LR 571.66
N 4079

*** p < 0.01, ** p < 0.05.

To ensure the accuracy and reliability of the propensity score matching results, the
matching balance test was conducted for each variable, and the results of the matching bal-
ance test are given in Table 3. The absolute values of the standard biases of the matched data
for each variable were significantly smaller. From the results of the t-test, the concomitant
probabilities of t-tests for all variables were greater than 10%, indicating that after matching
the data of each variable, the means of the treatment group and the control group were
closer to each other and there was no significant difference, i.e., the balance hypothesis was
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satisfied. Thus, it can be considered that the matching effect is good, the covariates selected
in the matching are appropriate, and the matching method is appropriate. Figures 1 and 2
also give evidence of accurate matching from different perspectives.

Table 3. Matching balance test results.

Variables Match
Mean

Bias Reduce Bias T-Value
Treatment Control

Nonfarm income Pre-match 7.68 9.76 −170.9 97.5 −25.02
Post-match 7.68 7.62 4.2 0.48

Agricultural output Pre-match 8.34 9.11 −63.7 93.9 −9.80
Post-match 8.34 8.39 −3.9 −0.39

Government transfer payments Pre-match 6.54 6.65 −10.6 86.0 −1.64
Post-match 6.54 6.55 −1.5 −0.17

Value of owned farm machines Pre-match 7.29 7.93 −43.1 78.1 −6.86
Post-match 7.29 7.43 −9.5 −1.06
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The next step was to analyze the average treatment effect (ATT) for agricultural service
outsourcing and household income in the treatment group using the bias-corrected match-
ing estimator proposed by Abadie and Imbens (2011) [69], which yielded the following
results: the ATT coefficients were calculated to be 0.27 (2.95) and 0.06 (−23.20) and the
corresponding t-statistics are in parentheses, all coefficients are significant at the 1% level.
It shows that the treatment effect of targeted poverty alleviation is significant, and the
targeted poverty alleviation program has a significant contribution to agricultural service
outsourcing as well as household income.

Table 4 reports the results of the PSM-DID estimation, which shows that the policy
effect is significantly positive regardless of the estimation method used, indicating that the
targeted poverty alleviation program significantly increases the share of agricultural service
outsourcing costs in the total cost of agricultural production. This implies that the targeted
poverty alleviation program has promoted the rapid development of agricultural service
outsourcing. Columns one and two of Table 4 show the double difference model estimated
with fixed effects, and columns three and four are estimated using the two-way fixed
effects DD estimator. There are significant differences in the policy effects estimated by the
different methods. Comparing columns two and four, the policy effect is significantly larger
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than the fixed effects model after controlling for time effects. This indicates that the effect
of targeted poverty alleviation programs on agricultural service outsourcing is amplified
after controlling for macro trends unrelated to individuals, which also reflects the rapid
spread of agricultural service outsourcing in rural areas under policy support. However,
agricultural service outsourcing is strongly influenced by the external macro environment,
which requires a well-developed market system to support its healthy development.
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Table 4. PSM-DID estimation results.

Agri_outsourcing
Variables FE FE Two-Way Two-Way

DID 0.30 *** 0.16 * 0.48 *** 0.22 **
(7.02) (1.87) (10.53) (2.47)

Nonfarm income −0 −0.01
(−0.01) (−0.45)

Agricultural output −0.70 *** −0.69 ***
(−22.34) (−22.15)

Government transfer payments 0.04 0.03
(1.53) (1.21)

Value of owned farm machines 0.04 ** 0.04 **
(2.44) (2.30)

Fixed effects
√ √ √ √

Time effect
√ √

Constant −0.34 *** 5.46 *** −0.47 *** 5.46 ***
(−129.43) (13.42) (−36.59) (13.45)

R2 0.46 0.70 0.03 0.46
N 13,500 4116 13,500 4116

Note: Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05, * p <0.1.

Compared to columns three and four, the sample size of policy effects participating
in the regression is reduced after controlling for the four covariates. This is because there
will be a large number of missing values in the microdata, so it is not possible to directly
compare different estimated coefficients of policy effects in the same estimation method. At
this point, we only need to focus on the significance and the positive and negative cases of
the coefficients. In conclusion, the targeted poverty alleviation program enables poor rural
groups to have better access to advanced agricultural production technologies by helping
them. Agricultural service outsourcing can help low-income farmers replace traditional



Sustainability 2023, 15, 1009 12 of 18

labor with capital, releasing agricultural production labor and also expanding the scale of
agricultural production operations. Large-scale agricultural production operations also
increase the demand for agricultural service outsourcing. The above empirical results
corroborate the core corollary1 of the theoretical analysis.

In the estimates of covariates, the effect of transfer payments on agricultural service
outsourcing is not significant, probably because government subsidies in the microdata are
more targeted at subsidies for farm households than for agricultural service outsourcing.
The coefficient on nonfarm income is insignificant and very small, which implies that
the increase in nonfarm work opportunities for low-income farm households does not
affect their decision to adopt agricultural service outsourcing. The reason for this is that
under the condition of scarcity of land per capita in China, small-scale farming households
can reasonably schedule their non-farm jobs without affecting the agricultural production
process. Agricultural output value significantly and negatively affects agricultural service
outsourcing, which indicates that the share of agricultural service outsourcing in total pro-
duction cost is decreasing as agricultural output value increases. This implies that the larger
the scale of agricultural production, the more advantageous the use of agricultural service
outsourcing is, and the more opportunity cost of agricultural production can be saved. This
also implies that low-income farmers can participate in the agricultural-scale production
path through agricultural service outsourcing. The value of owned farm machines sig-
nificantly and positively affects agricultural service outsourcing, reflecting the additional
demand of farm households for mechanized production. Farmers’ adoption of technology
is a response to their own factor endowments and comparative advantages [70], with small
farmers preferring to purchase inexpensive, small-scale farm machinery. However, small
farm machinery is functionally homogeneous and unable to meet the constantly segmented
agricultural production chain, and farmers’ reliance on technology provides an incentive
for them to use agricultural service outsourcing to complement the missing functions of
their own farm machinery. Related studies also confirm that the use of farm machinery
benefits inefficient farmers more, and when small farmers benefit from technology, they
are incentivized to choose agricultural service outsourcing and enjoy more technological
dividends [71].

4.2. Validity Tests

The assumptions that need to be satisfied for the estimation of the PSM-DID model
contain two parts: first, the propensity score matching (PSM) assumptions, including the
overlap assumption and the matching assumption, for which evidence is given in the
baseline regression section. The second is the difference-in-difference (DID) assumption
condition, which includes the parallel trend assumption and the random grouping assump-
tion. The database used in this paper is one of the nationally representative microdata in
China, and the application of the PSM-DID model is able to address the random grouping
assumption to some extent.

The test that must be performed to determine whether the DID results are plausible is
the parallel trend test. This is because the interaction term between the treatment variable
and the policy point-in-time variable can only capture the policy effect if the assumption of
parallelism is satisfied in the control and treatment groups. The parallel trend test can be
presented by regression analysis or by graphs. The results of the test are given in Figure 3.

The policy time points in the figure are all dummy variables. pre_1 represents the time
dummy before the policy occurred, post_1 represents the time dummy in the first period
after the policy occurs, and post_2 is the time dummy in the second period after the policy
occurs. The figure shows that the coefficient of pre_1 is insignificant, while the coefficients
of post_1, and post_2 are positively significant, proving that the difference-in-difference
model satisfies the parallel trend assumption.



Sustainability 2023, 15, 1009 13 of 18Sustainability 2023, 15, x FOR PEER REVIEW  14  of  19 
 

 

Figure 3. Parallel trend test. 

The policy time points in the figure are all dummy variables. pre_1 represents the 

time dummy before the policy occurred, post_1 represents the time dummy in the first 

period after the policy occurs, and post_2 is the time dummy in the second period after 

the policy occurs. The figure shows that the coefficient of pre_1 is insignificant, while the 

coefficients of post_1, and post_2 are positively significant, proving that the difference‐in‐

difference model satisfies the parallel trend assumption. 

4.3. Heterogeneity Analysis 

There are imbalances in China’s regional economic development, and the extent to 

which farmers participate in agricultural service outsourcing varies from region to region. 

Compared to the eastern region, the central and western regions have received more at‐

tention from China’s targeted poverty alleviation. All these imply the need for a hetero‐

geneous analysis of Chinese regions. We divided the sample provinces into three regions 

(see Figure 4): east, west, and central. The eastern region includes 12 provinces, including 

Beijing, Tianjin, Hebei, Liaoning, Jilin, Heilongjiang, Shanghai, Jiangsu, Zhejiang, Shan‐

dong, Guangdong, and Fujian. The central region includes Anhui, Jiangxi, Henan, Hubei, 

Hunan, Shanxi, Chongqing, Neimenggu, Hainan, and Sichuan, a total of 10 provinces. The 

western region includes Guangxi, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, 

and Xinjiang, for a total of eight provinces. We estimate using the two‐way fixed effects 

DD estimator while controlling for four covariates, fixed effects, and time effects. The re‐

sults are displayed in Table 5. 

Figure 3. Parallel trend test.

The policy time points in the figure are all dummy variables. pre_1 represents the time
dummy before the policy occurred, post_1 represents the time dummy in the first period
after the policy occurs, and post_2 is the time dummy in the second period after the policy
occurs. The figure shows that the coefficient of pre_1 is insignificant, while the coefficients
of post_1, and post_2 are positively significant, proving that the difference-in-difference
model satisfies the parallel trend assumption.

4.3. Heterogeneity Analysis

There are imbalances in China’s regional economic development, and the extent to
which farmers participate in agricultural service outsourcing varies from region to region.
Compared to the eastern region, the central and western regions have received more
attention from China’s targeted poverty alleviation. All these imply the need for a hetero-
geneous analysis of Chinese regions. We divided the sample provinces into three regions
(see Figure 4): east, west, and central. The eastern region includes 12 provinces, including
Beijing, Tianjin, Hebei, Liaoning, Jilin, Heilongjiang, Shanghai, Jiangsu, Zhejiang, Shan-
dong, Guangdong, and Fujian. The central region includes Anhui, Jiangxi, Henan, Hubei,
Hunan, Shanxi, Chongqing, Neimenggu, Hainan, and Sichuan, a total of 10 provinces. The
western region includes Guangxi, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia,
and Xinjiang, for a total of eight provinces. We estimate using the two-way fixed effects DD
estimator while controlling for four covariates, fixed effects, and time effects. The results
are displayed in Table 5.

Table 5. Heterogeneity regression results.

Agri_outsourcing
Variables East Central West

DID −0.109 0.223 ** 0.358 ***
(−0.46) (1.98) (2.88)

Control variable
√ √ √

Fixed effects
√ √ √

Time effect
√ √ √

R-squared 0.542 0.470 0.466
N 979 1400 1498

Note: Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05.
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The results of the heterogeneity analysis show that, first, the policy effect is insignifi-
cant in the eastern region, and the policy effect is significantly positive at the 1% level in
both the central and western regions, and the coefficient is larger in the western region than
in the central region, which fits the focus of China’s precise poverty alleviation policies.
This also provides empirical evidence for Corollary 2 of our theoretical analysis. Second, the
difference in policy effects means that the development of agricultural services outsourcing
is uneven. The western region has the slowest development, so the policy intensity is
the highest. According to the theoretical model, the strong policy boost to agricultural
service outsourcing will realize into a rise in net income of farm households, which in turn
makes the targeted poverty alleviation program sustainable. Third, the policy effect in the
eastern region is insignificant because most low-income farmers in the eastern provinces are
engaged in food production, the plain terrain is also suitable for using large-scale agricul-
tural mechanization, and agricultural service outsourcing has become popular. Moreover,
farmers in the eastern region have more opportunities to engage in non-farm work, and
agricultural service outsourcing is less affected by the policy. Since China’s precise targeted
poverty alleviation program is a collection of policies, the insignificance of the coefficient
for the eastern region also indicates that our empirical model is highly likely to overcome
the omitted variable problem and the estimation results are plausible.

The results of the heterogeneity analysis are given in Table 5.

5. Conclusion and Policy Implications

In 2020, China declared the elimination of absolute poverty, a journey in which targeted
poverty alleviation programs played a decisive role. China’s targeted poverty alleviation
program, as a collection of policies, focuses not only on farm household income but
also on agricultural production issues. Only by maintaining the stability of agricultural
production can we help China solve the problem of food security and achieve sustainable
rural development. The characteristics of China’s resource endowment of a large population
and a small amount of land determine that small-scale farm production is sustainable.
Achieving the organic linkage between small-scale farmers and modern agriculture requires
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the support of agricultural service outsourcing [39,50]. To discuss the impact of policy on
agricultural service outsourcing, we construct a static general equilibrium model based on
agricultural production tasks under the assumption of divisibility of agricultural production
and obtain comparative static results. To verify the theoretical inferences, we constructed a
three-period nonequilibrium panel using the CFPS database and used the PSM-DID model
for empirical testing. The study finds that China’s targeted poverty alleviation program
has a significant contribution to agricultural service outsourcing, but the policy effect is
heterogeneous across regions and has a significant effect on agricultural service outsourcing
in the central and western regions. The finding is consistent with the core hypothesis of the
model and the results are robust.

The policy implications of this paper are as follows. First, the benchmark regression
results affirm the significant positive impact of China’s targeted poverty alleviation pro-
grams on agricultural service outsourcing. This indicates that the redistribution of rural
production factors cannot rely only on market regulation, and government guidance is
needed in the process of agricultural service outsourcing development. The government
is responsible for selecting new technologies suitable for local endowment conditions
according to local conditions, so that policy dividends can be transformed into techno-
logical dividends for agricultural service outsourcing, and eventually, the sustainability
of small-scale farmers’ business model can be achieved. Second, policy incentives have
heterogeneous impacts in different regions, so it is necessary to strengthen policy guidance
and accelerate the cultivation of the agricultural service outsourcing market in central and
western regions. For example, building an agricultural outsourcing service platform to
reduce farmers’ search costs and alleviating the uncertainty of outsourcing contract execu-
tion, etc. Thus, it can reduce the cost of agricultural production and consolidate the effect
of targeted poverty alleviation programs. Third, for the eastern region, farmers should
be guided to carry out large-scale agricultural production, forming a cluster layout and
regional specialization of advantageous agricultural products. Aggregate the demand for
agricultural service outsourcing, form comparative advantages, induce the redistribution of
factors in agricultural production, and give more depth to the development of agricultural
service outsourcing.

The article also has some shortcomings that need to be improved in future studies.
First, the theoretical analysis of the article is still relatively simple and needs to be further
improved by trying to incorporate a dynamic framework for analysis. Second, subsequent
studies can try to select more representative data sets to assess the policy effects, such as
using data from the main food-producing regions. Further studies can also be conducted
using more representative data from different countries and regions to test whether the
theoretical results hold in other settings.
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