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Agricultural cooperatives have been found to effectively alleviate poverty in developing countries because of their specific
socioeconomic functions that allow poor households to overcome marketing and production constraints. However, cooperative
evaluations are inevitably influenced by other poverty alleviationmeasures and rarely consider the characteristics of specific ethnic
groups. Using cross-sectional surveys in Southwest China and employing propensity score matching (PSM) and endogenous
switching regression (ESR) models, this paper analyzed the participation of poor households in New-type Agricultural Co-
operatives (NACs) in ethnic areas and assessed the income impacts of NAC membership by eliminating unobserved biases and
group heterogeneity. +is study detected heterogeneous policy perceptions and behavioral differences between the member and
nonmember groups, and the PSM and ESRmodel results indicated that, overall, participation in the NACs had a positive effect on
household income. +e ESR model was found to be more plausible as it was able to reveal the significant income gaps under a
counterfactual inference framework. Local policymakers need to focus on the policy perception and behavioral and earning
capability differences between groups and increase the balanced policy implementation.

1. Introduction

Poverty alleviation to narrow rural-urban gaps and eliminate
poverty is a global challenge [1, 2]. China has made out-
standing contributions to global poverty alleviation since
implementing its targeted poverty alleviation (TPA) strategy
in 2013 [3]. Industrialized poverty alleviation (IPA) has been
found to be an effective method for promoting sustainable
development in poverty-stricken areas and households in
developing countries [4].

However, poor smallholders usually face constraints
such as high transaction costs of accessing output markets,
lack of modern agricultural technologies, and poor access to
production services and credit services that hinder poor
households participating in IPA and economically empower
the rural poor [5–10].

In China, as in other developing countries such as
Ethiopia, Kenya, and Rwanda, agricultural cooperatives are
third sector organizations designed to overcome the

constraints hindering poor households participating in IPA,
economically empower the rural poor, and boost rural
development [11–13].

Many measures have been developed to enhance the
development capacity of poor households and alleviate
poverty [14]. However, as any success associated with
agricultural cooperatives is entangled with other poverty
alleviation measures, it has been difficult to accurately
identify the impacts. Further, the decision whether or not
to participate in a cooperative is based on households self-
selection; thus, both observable factors (e.g., age, edu-
cation, education, and household size) and unobservable
factors (e.g., the disparities between minorities and
nonminorities and the perceptive differences between
ethnic groups) that influence farmers decisions may result
in sample selection bias [9, 15, 16]. If not taking possible
selection biases into account, the deep-seated intragroup
inequities and policy implementation deviations may still
exist [17–19].
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To estimate the causal treatment effects of cooperative
membership, most of the studies have employed pro-
pensity score matching (PSM) model to account for se-
lection bias [5, 20–22]. However, a well-known
shortcoming of the PSM model is that it accounts for
selection bias only by controlling observable actors,
without controlling unobservable factors, which may
result in biased estimates. Ma and Abdulai [23] used an
endogenous switching regression (ESR) to analyze both
the determinants of cooperative membership and the
impact of membership on household income separately
for members and nonmembers.

+erefore, taking China’s New-type Agricultural Co-
operatives (NACs) as examples, this study sought to identify
the interference factors preventing household participation
in rural cooperatives and detect how and to what extent
these cooperatives have affected the incomes of poor rural
households. By controlling the selection biases, propensity
score matching (PSM) was used to estimate the different
causal treatment effects between the cooperative members
and similar nonmembers, and an endogenous switching
regression (ESR) was used to implement the PSM under
further counterfactual inference to eliminate any
heterogeneity.

+e remainder of this paper is structured as follows.
Section 2 briefly reviews the determinants and impacts of
cooperative membership. Section 3 presents the method-
ology: the sampling procedure, data collection, considered
variables, and analytical procedures: Section 4 details the
empirical results and discusses the findings, and Section 5
gives the conclusion and the implication.

2. Literature Review

2.1. Cooperative Membership Determinants. +e main
influencing factors for agricultural cooperative participation
have revealed implicit preference perspectives and similar
studies on farmer participation [24, 25] determinants have
revealed demographic, socioeconomic, and physical influ-
ence factors, such as age, education level, marital status,
health status, family size, labor size, and land size.

Implicit influencing factors have been elucidated by
observing household societal and psychological conditions
[26–28] and examining farmer social network conditions,
such as the number of clients, production price knowledge,
social capital maintenance, information acquisition, infra-
structure, service support, and rural credit [29, 30]. For
example, Wossen et al. [10] concluded that the more reliable
the psychological security, the more willing the households
to participate in cooperatives to obtain greater economic
benefits. Governments have also been found to have a
significant positive impact on household willingness to
participate in agricultural cooperatives [31, 32].

In ethnically diverse poor households, the various policy
contradictions and cooperative membership structures are
highly heterogeneous, which means that heterogeneous
policy perceptions are possibly an important factor [33].+is
paper modeled NAC membership based on socioeconomic
characteristics and the policy perception characteristics of

the households, with the particular proxy policy perception
variables being space distance (distance to the village main
road), group distance (being a minority or not), and psy-
chological distance (benefited from other policies or not).

2.2. Role of Cooperatives in Rural Development and Poverty
Alleviation. Cooperatives can stimulate rural industriali-
zation, improve household productivity [34, 35], and en-
hance market power by harnessing the benefits of the
economies of scale gained from collective commercialization
or the through the creation of new vertical marketing links
[36–38]. It has been found that, compared to competitors,
agricultural cooperatives offer better or more stable prices
for a variety of products to their members [39, 40] and also
function as market extenders for both members and non-
members by increasing the product prices for buyers within
the areas they operate [41].

A growing number of studies have investigated the
impacts of cooperative membership for farmers. Agricul-
tural cooperatives can significantly contribute to members’
technology adoption in developing countries [10, 17, 42, 43],
enhance market power by harnessing the benefits of the
economies of scale gained from collective commercialization
or the through the creation of new vertical marketing links
[6, 44–47], improve crop yields and farm revenue
[5, 23, 48, 49], elevate farm efficiency and financial per-
formance [15, 50–52], and promote farmers’ safe production
[53, 54].

However, in some cases, it has been found that co-
operatives do not have any advantages for some provided
services, such as access to knowledge and new technologies
[55, 56], and contrary to the expected goal of redistribution,
some practice social exclusion [57, 58]. As cooperatives in
some areas are organized and controlled by government
agencies, they are specifically focused on the specific po-
litical and economic interests of private companies and
local elites and therefore do not benefit the poorer
households [59], who also often lack access to formal
service channels because of their low incomes and the
perceived risk of default [4].

To understand the impact of poverty alleviation pro-
grams over time, many case studies and statistical models,
including ordinary least squares (OLS) [60], PSM [59], and
quantile regression [61], and linear programming methods,
including analytic hierarchy process (AHP) [62] and data
envelopment analysis (DEA) [63], have been applied. Given
the challenges associated with quantifying causal relation-
ships in complex socioecological systems, a small number of
observational (nonexperimental) studies have employed
causal inference to detect the causal effects of poverty al-
leviation programs [64, 65].

Because of the multiple causes of poverty and the
multiple sources of income growth, such as income from
working outside and policy subsidies, to exclude the
entangled effects (unobservable bias) and endogenous biases
from counterfactual causal inference frameworks, this paper
used PSM and ESR approaches to detect the impacts of the
agricultural cooperatives and the possible causalities.
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3. Methodology

3.1. Sampling and Data Collection. A multistage sampling
procedure was used to collect the data. First, Wuling
Mountain Area, one of the 14 contiguous extremely poor
areas with special difficulties in Southwest China, was
purposively selected, because the development of NACs in
Wuling Mountain Area is relatively good among the 14
contiguous extremely poor areas with the characteristics of
multiethnic, integrated cultures.

Second, in order to better select the sampling counties
and reduce the sample imbalance, the clustering method was
used to cluster 37 national key poverty-stricken counties in
Wuling Mountain area. According to the poverty incidence
of each county in 2014, the poverty status of the sampling
counties in the base period (2014) was distinguished. +e
results show that F � 97.579, Sig <0.001, and the overall
clustering effect is better; 37 counties were clustered into
four types of poverty, and the characteristics of different
poverty counties (cities and districts) are different. Based on
the results, seven sampling countries were confirmed with
local poverty alleviation and development workers on the
cooperative development situations from 2014 to 2018.
+ird, thirty villages that had village-level NACs in 2014
were randomly selected.

Finally, approximately 20–30 households in each village
were randomly selected using the village-level poor
households’ information provided by the village committee.
+e data used in the analysis were from a cross-sectional
household survey of the 853 poor households in 2018.

+e NAC membership status was considered; therefore,
853 poor households were finally randomly selected: 238
NAC member households and 615 nonmember households.
As NAC participation was voluntary, local governments do
not force households to join, and the cooperatives’ behaviors
were regulated by the national law on Farmers Professional
Cooperatives.

3.2. Analytical Frameworks and Estimation Strategies.
PSM and ESR, which are both two-stage frameworks, were
used to, respectively, model the household decisions to join
the cooperatives and the impact of cooperative membership
on household incomes.

3.2.1. Variable Selection. +e NAC membership income
impact was expressed as

Yi � αCi + βXi + ui,

C
∗
i � Zic + vi withCi �

1, if C
∗
i > 0,

0, otherwise,


(1)

where Yi is the income per capita in household i; Ci is a
dummy variable as to whether the household i is an NAC
member, 1 if household i is in an NAC and 0 otherwise; Xi is
a group of other variables that affected household income; Zi

is a function of the observed covariates that affected
household decision-making in the latent variable model; ui is
the residual subjected to independent and identical

distribution (IID); vi is the error term with a zero mean; and
α is a vector of unknown parameters.

Four variable types were considered in the propensity
score model: those that measured the baseline covariates;
those associated with treatment assignment; those that
affected the outcome (the potential confounders); and
those that affected both the treatment assignment and the
outcomes (the true confounders). +e models that included
only the potential confounders or only the true con-
founders formed the greater number of matched pairs and
resulted in a lower mean squared error for the null
treatment effect estimates than the other two propensity
score models. All variables included in the models were
measured before participation and were not affected by the
treatment.

+is study used three groups of variables: (1) outcome
per capita household income in 2018, (2) NAC membership
treatment, and (3) observable pretreatment covariates that
included the confounders: socioeconomic household char-
acteristics and policy perception proxies.

Household income was taken as the 2018 per capita
income in Chinese yuan (CNY) (labeled as In 2018), the
NAC membership categorical variable was 1 if the house-
hold was an NAC member and 0 otherwise, the socioeco-
nomic household characteristics were family size (labeled as
Fsize), highest education level (labeled as Education), mi-
grant worker size (labeled as Mwsize), health status (labeled
as Health), and household land size (labeled as Landsize),
and the policy perception characteristics were distance to the
village main road (labeled as Distance), nationality (labeled
as Nationality), and enjoyment of other policies (labeled as
Policy). +e highest education level, health status, minority,
and enjoyment of other policies were all taken as the cat-
egorical variables (Table 1).

A t-test was used for the continuous variables and
Pearson’s χ2 statistic was used for the categorical variables
to compare the characteristics between the two groups. As
can be seen in the descriptive statistics in Table 1, a
household was more likely to participate in an NAC if they
were a minority; had a primary school or college education
level; had fewer household members and fewer migrant
workers and more land area; lived closer to the village main
road; and accessed other policies. It was found that the
NAC member incomes had increased by 738 CNY;
therefore, there was a slight difference in the selected
variables between the two groups (participation and
nonparticipation in an NAC); however, as the confounding
factors needed to be conditioned, these results were in-
adequate to make any inferences regarding the impact of
NAC membership on member incomes. +erefore, more
relatively robust analyses (using PSM and ESR) were
conducted to ensure more reliable results.

3.2.2. Propensity ScoreMatching. Propensity score matching
(PSM) provides an unbiased estimate of a treatment’s impact
under three assumptions: a conditional independence as-
sumption (CIA) or unconfoundedness; a common support
or overlap assumption; and the balancing property
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fulfillment assumption. As stated, the variables chosen in
this paper were based on China’s TPA criteria and therefore
were well matched to the actual area and group situations
and basically satisfied the CIA assumption that there were
few missing explanatory variables and the missing variable
deviation was small.

First, the log-likelihood function was employed to se-
lect the matching covariates. Generally, model fit or par-
simony is not a concern when estimating a propensity score
model as the goal is to find a model that results in the best
covariate balance. Second, logit regression was used to
estimate the propensity score, with the PSM being
implemented using four matching algorithms, the four-
nearest neighbor, kernel, radius matching, and nearest
neighbor within caliper, to compare the outcomes from the
treated group with the comparison and check the results
robustness. Finally, after ensuring the fulfillment of the
common support and balancing property assumptions, the
average treatment effect (ATT) was calculated [66], that is,
the average effect on household income of those house-
holds participating in an NAC:

ATT � E Y1i − Y0i|C � 1(  �
1

N1
Σ y1i − y0i( , (2)

where Y1i and Y0i were, respectively, the income per capita
for the participating and nonparticipating households, N1
was the number of participating households, y1i was the
income per capita of NACmember i, and y0i was the income
per capita of NAC member i if the household did not
participate in NACs.

3.2.3. Endogenous Switching Regression Model. Even though
PSM is able to effectively reduce the selection bias caused by
observable variables such as education level, age, and land
size, it has been found to be unreliable for unobservable
variables such as farmer interest, cooperation consciousness,
and innate ability endowment. ESR, therefore, can be used to
address these PSM method defects. Combined with a
counterfactual inference analysis and by, respectively, fitting
the income determination equations of the NAC members
and nonmembers, the ESR was able to reduce the effect of

Table 1: Descriptive Statistics and comparison of NAC membership characteristics.

Variables Definition
Members (N� 238) Nonmembers

(N� 615)
p value

No. (%) No. (%) t-test Pearson χ2
statistic

In 2018 Household income per capita in 2018 (CNY) 7837 (4245, 3000, and
40371)

7099 (3523, 0, and
28106) 0.0175∗∗

Fsize Number of family members 2.4 (1.64, 1, and 9) 3.197 (1.6, 1, and 7) 0.0060∗∗∗
Mwsize Number of migrant workers 1.4 (1.10, 0, and 4) 1.658 (1.11, 0, and 5) 0.0052∗∗∗
Landsize Log land area per capita 7.2 (1.58, 0, and 9.5) 6.752 (1.9, 0, and 9.9) 0.0004∗∗∗
Distance Distance to the village main road (km) 0.59 (0.95, 0, and 7) 0.76 (1.2, 0, and 12) 0.0270∗∗

Nationality ⩽0.001∗∗∗
Miao Miao nationality (1 � yes; 0 otherwise) 74 (31.1) 231 (37.6)
Tujia Tujia nationality (1 � yes; 0 otherwise) 125 (52.5) 154 (25)
Han Han nationality (reference) 39 (16.4) 230 (37.4)
Education Highest household education level 0.0021∗∗∗

College Greater than or equal to college (1 � yes; 0
otherwise) 36 (15.1) 65 (10.56)

High Senior high school/technical (1 � yes; 0
otherwise) 19 (8) 80 (13)

Middle Journal high school (1 � yes; 0 otherwise) 102 (42.9) 321 (52.2)
Primary Primary (1 � yes; 0 otherwise) 77 (32.3) 137 (22.28)

Illiterate Household members are all not educated
(reference) 4 (1.7) 12 (1.96)

Health 0.7699

Healthy Household members are healthy (1 � yes; 0
otherwise) 122 (51.3) 309 (50.244)

Sick Household members are sick but able to work
(1 � yes; 0 otherwise) 104 (43.7) 267 (43.415)

Disability Household members are disabled (reference) 12 (50) 39 (6.341)
Policy 0.0012∗∗∗

Policy Enjoyed other policies before 2014 (1 � yes; 0
otherwise) 132 (55.5) 265 (43.1)

No-policy Not enjoyed other policies before 2014
(reference) 106 (44.5) 350 (56.9)

Note. Significance level: ∗10%, ∗∗5%, and ∗∗∗1% for the t-test and χ2 test, respectively. Continuous data are presented as mean (standard deviations, minimum,
and maximum), and categorical data are presented as frequencies with percentages.
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the unreasonable assumption that the two-group treatment
impacts were homogeneous [23].

Similar to the PSM, the ESR built a household decision-
making model using equation (1) to basically emphasize that
the endogenous transformation model allowed the ex-
planatory variables in Zij to overlap with Xij. To identify at
least one variable (identification variable) in Zij that was not
included in Xij, the variable needed to directly affect the
household behavior and not directly affect their income
level. +is paper selected “minority” as the identification
variable, the validity of which passed the t-test
(pMiao � 0.077, pTujia ≤ 0.001) and the overidentification test
(Hasen J test) (χ2 � 1.65, p � 0.199). As this variable was
exogenous, ethnic characteristics affected household coop-
erative participation but not income. +e incomes were

Y1i � β1X1i + u1i, if Ci � 1, (3)

Y0i � β0X0i + u0i, if Ci � 0, (4)

where Y1i and Y0i are, respectively, the income per capita for
the participating and nonparticipating households, Xi is the
vector for the covariates included in Zi, and β1 and β0 are the
parameter vectors to be estimated.

Since it was not possible to observe the household in-
comes in both participation and nonparticipation cooper-
ative situations and the conditional expectation of the
random error term was not zero, biased results were ob-
tained using the OLS estimations in equations (3) and (4).
+erefore, σ2v � var(v), σu1v � cov(u1, v), and
σu0v � cov(u0, v) were denoted and σ2v was normalized to 1,
with the conditional expectations for u1 and u0 being de-
termined as

E u1i|Ci � 1(  � E u1i|c1Zi + vi > 0(  � σu1v

ϕ c1Zi( 

Φ c1Zi( 
� σu1vλ1i,

E u0i|Ci � 0(  � E u0i|c0Zi + vi > 0(  � σu0v

− ϕ c0Zi( 

1 − Φ c0Zi( 
� σu0vλ0i,

(5)

where ϕ(cZi) and Φ(cZi) denote the density function and
cumulative probability density function for the standard
normal distribution with cZi as the variables and
(ϕ(c1Zi)/Φ(c1Zi)) (denoted by λ1i) and − (ϕ(c0Zi) /1 −

Φ(c0Zi)) (denoted by λ0i) represent the selection biases
resulting from the unobservable variables, which were the
Inverse Mills Ratios (IMR); that is, if σu1v and σu0v are
significantly nonzero, it is necessary to correct the sample
selection bias caused by the unobservable variables.

+erefore, the conditional household income expecta-
tions in the two participation and nonparticipation situa-
tions were

E Y1i|Ci � 1(  � β1X1i + σu1vλ1i, (6)

E Y0i|Ci � 0(  � β0X0i + σu0vλ0i, (7)

where equation (6) was the expected income effect of
membership and equation (7) was the expected income
effect of nonmembership.+erefore, the ESRmodel was able

to calculate the observed and counterfactual incomes. As
well as comparing the expected incomes of the participating
households (equation (6)) and nonparticipating households
(equation (7)), other expected incomes were also detected in
the counterfactual hypothetical nonparticipating NAC
households (equation (8)) and participating households
(equation (9)).

E Y0i|Ci � 1(  � β0X1i + σu0vλ1i, (8)

E Y1i|Ci � 0(  � β1X0i + σu1vλ0i, (9)

where equation (8) was the expected income effect of a
nonmembership, given that the household was an NAC
member and equation (9) was the expected income effect of
an NAC member given that the household was not an NAC
member.

+e average treatment effect (ATT) of members was
calculated as

ATT � E Y1i|Ci � 1(  − E Y0i|Ci � 1(  � β1 − β0( X1i + σu1v − σu0v λ1i,

(10)

and the average treatment effect of nonmembers (ATU) was
[67, 68]

ATU � E Y1i|Ci � 0(  − E Y0i|Ci � 0(  � β1 − β0( X0i + σu1v − σu0v λ0i.

(11)

4. Results and Discussion

+is section details the results for the NAC participation
determinants and the PSM and ESR estimations.

4.1. NAC Participation Determinants. A logit regression
model was used to select a set of covariates, 5 of which were
significant at the 95% confidence interval (Table 2): Distance,
Policy, Landsize, Nationality, and Education. +e explana-
tory variables were found to be jointly statistically significant
(LR χ2(9) � 112.69, p≤ 0.001, Pseudo R2 � 0.1128, Log
likelihoods � − 443.195, and number of obs � 848).

+e estimation results obtained for the explanatory
variables in the logit model have little substantive meaning
and can therefore safely be omitted, and the significance of
the explanatory variables does not need to be focused on,
because the estimated coefficients of explanatory variables
are likely to be biased anyway in practical applications.
Instead, the marginal effects of the main variables should be
rather focused on [69, 70], and the results showed hetero-
geneous policy perception and behavioral differences be-
tween the groups [71, 72].

As shown in Table 2, most minority NACmembers were
closer to themain road and had benefited from other poverty
policies, which was consistent with Kirsten et al. [73]. It was
also found that Tujia nationality households were more
likely to be NAC members than Han and Miao nationality
households.+e number of migrant workers was found to be
negatively related to NAC membership. As migrant workers
mean that households have access to other income sources,
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this may weaken household willingness to join an NAC.
Household college and primary school education levels were
found to have more positive and significant effects on the
probability of cooperative membership than illiteracy, and
land size was also found to have a significant and positive
relationship with NAC membership probability, which was
consistent with the findings by Bernard et al. [74] and
Nugusse et al. [16].

4.2. PSM Estimation Results. +e probability that each
household participated in an NAC (the propensity score)
was calculated in the logit model (Table 2). +e tests for the
PSM assumptions found that common support, overlap
conditions, and the balancing property were fulfilled. +ere
was a substantial overlap in the distribution of the estimated
probability of membership (of both members and non-
members) (Figure 1). Observations out of the support region
were dropped from the sample, with the final sample size
being 848 (229 members and 599 nonmembers) from which
the ATT was estimated.

Standard biases across the matched object covariates
were closer to 0 than the unmatched object covariates, which
indicated that the standardized mean deviations for all
covariates obviously reduced after the matching (Figure 2).
+e results from the four matching algorithms were con-
sistent and all covariates were significantly reduced after the
matching for all four (four-nearest neighbor, kernel, radius,
and nearest neighbor within caliper) algorithms, the Pseudo
R2, the LR χ2, the mean standardized bias, and the median
bias. +e p values from the likelihood ratio tests were equal
to or close to 1 (0.928), which also indicated that there were
insignificant covariant mean differences between the two
groups after the matching (Table 3).

+e PSM estimations showed that, on average, the NAC
members had between 415.66 CNY and 629.84 CNY higher
incomes than the nonmembers with p≥ 0.1, which was less
than the 738 CNY result (Table 1). As the matching results
were robust but not significant, this tended to imply that
there were no income impacts associated with NAC
membership. While PSM models are able to effectively es-
timate the average treatment effects in observational studies
by conditioning the possible selection biases in the ob-
servable data, as they only control the observable selection

biases, they may generate unreliable results if unobservable
biases exist, that is, if the members and nonmembers are
systematically different. +erefore, to account for the ob-
servable and unobservable biases, the ESRmodel was used to
supplement the PSM findings (Table 4).

4.3. ESR Estimation Results. +e first ESR model stage es-
timated equations (1), (3), and (4) using full information
maximum likelihood, with the membership choice indicator
Ci being 1 if the household was participating in an NAC and
0 if not. ρ1 is the correlation coefficient between the error
term vi in equation (1) and the error term u1i in equation (3),
and ρ0 is the correlation coefficient between the error term vi

of equation (1) and the error term u0i of equation (4). +e
results (ρ1 � − 0.238; ρ0 � − 0.980) showed that ρ0 was
negative and significantly different from zero (Table 5),
which suggested that the households not participating in the
NACs had higher incomes than the random households in
the sample and that the households participating in the
NACs would have no better or no worse incomes than the
random household, indicating that there was heterogeneity
between the two groups.

+e likelihood ratio tests for joint independence of the
three income equation (LR χ2 � 122.19, p≤ 0.001) indicated
that the error terms u1i in equation (3) and u0i in equation
(4) were correlated and ignoring them could lead to biased
results. +erefore, the use of the ESR models could reduce
these biases.

+e actual and counterfactual outcomes of being or not
being an NAC member showed average treatment effects
(Table 6). +e findings in the diagonal cells were the pre-
dicted actual average incomes for both members and
nonmembers, and the off-diagonal cells were the counter-
factual outcomes for the members and nonmembers. +e
ATT indicated the treatment effect (NAC membership) on
the treated group (i.e., NAC members) obtained by com-
paring (6) and (9), the ATU was the effect of the treatment
(i.e., NAC membership) on the untreated group (i.e.,
nonmembers) obtained by comparing (8) and (7), H1 and
H2 were the effects of the base heterogeneity for households

0 0.2 0.4 0.6 0.8
Propensity score

Untreated: off support Untreated: on support
Treated: on support Treated: off support

Figure 1: Common support of propensity scores.

Table 2: Logit model results of variables affecting NAC
membership.

Member Coef. dy/dx z p> |z|

Distance − 0.191 − 0.033 − 2.26 0.024∗∗
Tujia 1.582 0.275 7.88 ≤0.001∗∗∗
Policy 0.773 0.134 4.56 ≤0.001∗∗∗
College 0.806 0.134 3.14 0.002∗∗∗
Landsize 0.171 0.030 3.07 0.002∗∗∗
Miao 0.609 0.106 2.72 0.007∗∗∗
Mwsize − 0.166 − 0.029 − 1.90 0.057∗
Primary 0.424 0.074 2.11 0.035∗∗
Sick 0.253 0.044 1.47 0.142
Constant − 3.327 − 2.23 ≤0.001
Note. Significance level: ∗10%, ∗∗5%, and ∗∗∗1%.
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Figure 2: Balance test of propensity scores.

Table 3: Matching quality test: balancing property.

Test for Before matching
After matching (algorithms)

Four-nearest Kernel Radius Nearest neighbor within caliper
Pseudo R2 0.113 0.004 0.001 0.004 0.001
LR χ2 112.66 2.46 0.64 2.47 0.76
p value ≤0.001 0.928 1 0.928 1
Mean standardized bias 21.5 4.4 2.5 4.5 2.7
Median bias 18.6 2.3 2.5 2.3 2.7

Table 4: PSM results: average income impact of NAC membership (in CNY).

Outcome Matching algorithms Treated Controls ATT Std. err. Z p value

In 2018

Four-nearest 7741.788 7111.951 629.84 349.314 1.53 0.126
Kernel 7741.788 7309.930 431.86 326.996 1.32 0.188
Radius 7741.788 7114.520 627.27 349.175 1.53 0.125

Nearest neighbor matching within caliper 7741.788 7326.127 415.66 326.351 1.24 0.217
Note. Significance level: ∗10%, ∗∗5%, and ∗∗∗1%. ATT estimates of four-nearest neighbors, kernel (bandwidth� 0.06), radius (caliper� 0.06), and nearest
neighbor matching within caliper (caliper� 0.06)-based matching are estimated using the “psmatch2” command in STATA.
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that participated or were not participating in the NACs, and
H3 was the transitional heterogeneity.

+erefore, for actual total income, it was found that the
NAC members earned 276 CNY more than nonmembers
((4) − (5) � 276), which was consistent with the results from
the descriptive statistics (738 CNY) and the results from the
PSM estimations (416 CNY to 630 CNY); that is, NAC
membership had a positive effect on household income.

+e counterfactual outcomes inferred more details.
Household NAC members would have earned about 7220
CNY or about 13 times less if they had not been members
((4) − (7) � 7220), which was the average treatment effect on
the treated (ATT). +e income gap between members and
nonmembers indicated the positive and significant impact of
NACmembership.+e differences adjusted for the potential
sample heterogeneity showed that if member households
had not been members, they would have earned 6945 CNY
less than the nonmember households ((7) − (5) � − 6945),
which indicated that the NAC members would have had
worse income generation capabilities than the nonmembers
if they had not been members of the NACs. +is finding
indicates that the current NAC probably comes from worse-
off groups, which was consistent with the reality investigated
in the study area as most of the participating households had
poor income generating abilities. +erefore, it could be
surmised that the access to the funds, technology, and
markets provided by the NACs greatly increased their
income.

Nonmember households would have earned about 363
CNY (i.e., about 5 percent) more if they had been NAC

members ((6) − (5) � 363), that is, the average treatment
effect on the untreated (ATU). +is increase in nonmember
income was far less than for the members, indicating that
there was a positive but limited impact of the NACs even for
nonparticipating households. Similarly, if the current
nonmembers had been members, they would have earned
slightly higher incomes (about 88 CNY, 1% percent more)
than the actual members ((4) − (6) � − 88). +e nonpar-
ticipating households, who were more likely to be better-off
groups, benefited from the NAC through slightly higher
incomes. As discussed, without the NAC services, the
nonmembers earned significantly more than the members;
however, the NACs have narrowed the capability differ-
ences, with the worse-off groups gaining the most.

+e transitional heterogeneity (i.e., H3) indicated that
the members would have gained 6857 CNY more than the
actual nonmembers; that is, the average effect of member-
ship was significantly larger for the actual members relative
to actual nonmembers if they had been members, which
implies that NAC membership was positively associated
with both member and nonmember household income.
However, there are capability differences between poor
groups, with the NACs more effectively increasing the in-
comes of the worse-off groups and being less attractive to
better-off groups. +is was in line with the original inten-
tions of the NACs to alleviate poverty but was inconsistent
with the conclusions by Mojo et al. [9], which found that
those that joined cooperatives were the better-off groups and
that the members had better earning capabilities than the
nonmembers. +ese research result differences could be

Table 5: Determinants of NAC membership and its impacts on income.

Variables Selection
In 2018

Members Nonmembers
Distance − 0.016 (0.699) 25.476 (0.926) − 144.248(0.294)

College 0.301 (0.024)∗∗ 52.859 (0.948) − 190.676(0.713)

Primary 0.170 (0.1)∗ − 175.235(0.787) − 920.864(0.020)∗∗

Sick 0.108 (0.208) − 402.134(0.466) − 337.043(0.290)

Mwsize − 0.109(0.010)∗∗∗ 958.576 (0.002)∗∗∗ 361.560 (0.020)∗∗
Landsize 0.040 (0.141) 111.221 (0.500) − 75.053(0.381)

Policy 0.282 (0.001)∗∗∗ − 95.873(0.872) − 172.492(0.591)

Miao 0.065 (0.388)
Tujia 0.268 (0.001)∗∗∗
Lnσ0 8.354 (p< 0.01)∗∗∗
Lnσ1 8.283 (p< 0.01)∗∗∗
ρ0 − 0.980
ρ1 − 0.238
LR χ2 122.19 (p< 0.01)∗∗∗
Observations 848 848 848
Note. Significance level: ∗10%, ∗∗5%, and ∗∗∗1%.

Table 6: ESR results: counterfactual conditions estimation and average treatment effects.

Decision stages
Average treatment effects

To be member Not to be member
Members (4) E(Y1i|Ci � 1) � 7764.4 (7) E(Y1i|Ci � 0) � 543.94 ATT� 7220.5∗∗∗
Nonmembers (6) E(Y0i|Ci � 1) � 7852.3 (5) E(Y0i|Ci � 0) � 7488.5 ATU� 363.80∗∗∗
Heterogeneity H1� − 87.9∗∗∗ H2� − 6944.6∗∗∗ H3� 6856.7∗∗∗

Note. Significance level: ∗10%, ∗∗5%, and ∗∗∗1%. Subsample size: members� 234; nonmembers� 614.
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because of the special social environments in ethnic areas.
+e households that tend to participate in the NACs have
been found to have closer geographical, group, and psy-
chological distances to the policy. +e research investigation
revealed that the ethnic areas communicate less with other
regions and have more geographical, traffic, historical, and
cultural constraints; that is, as the worse-off groups in these
ethnic areas barely communicate with the outside world,
they are more likely to benefit from and rely on national
policies, whereas the better-off groups take the opportunity
to maintain contact with the outside world and may have
more ways to generate income.

While the absolute total income differences between
the NAC members and nonmembers were relatively small
(276 CNY), the income differences were huge (6857 CNY)
under counterfactual interference, which means that the
NACs could also lead to group inequalities. As the actual
total incomes of the better-off households were found to
be lower than the worse-off groups, even if they joined the
cooperatives, their incomes may not significantly
improve.

Generally, the PSM and ESR model results indicated that
there was a positive association between NAC membership
and household income. However, compared with the ESR
model estimations, the PSMmodel results were lower, which
could have been because of the unobservable heterogeneity
not accounted for in the PSM. Similar inconsistencies be-
tween PSM and ESR results have been observed in other
studies (Shiferaw et al. [75] and Mojo et al. [9]), which also
found insignificant PSM estimates, and significant ESR es-
timates. +e endogenous transformation model is a more
rigorous method for policy evaluation or program
evaluation.

5. Conclusion

+is paper examined NAC in Southwest China to assess the
balance and policy implementation deviations in ethnic
minority areas. To exclude endogeneity (selection bias) and
heterogeneity, PSM and ESR were employed to evaluate the
income effects, heterogeneous policy perceptions, and the
effect of cooperative membership, from which the following
conclusions were made.

(1) Heterogeneous policy perceptions and behavioral
differences between the groups influenced the
household willingness to participate in NACs in
ethnic areas.

(2) Being a member of the NACs had a positive impact
on household income per capita, which provided
evidence for the effectiveness of agricultural coop-
eratives in alleviating poverty.

(3) Capability differences in income generation were
found between members and nonmembers. Even
though the member and nonmember incomes were
similar, it was found that members benefitedmore by
being members than the nonmembers and that
NACs more effectively increased the incomes of
worse-off groups.

+erefore, the following recommendations are given:
(1) Given the influences of households’ perception and

behavior differences on the NAC membership de-
cisions, policymakers should pay greater attention to
develop more appropriate measures to reduce the
imbalances caused by the policy perception and
behavioral and earning capability differences be-
tween groups. For example, government and ex-
tension services could provide household training
programs to enhance households’ understanding of
the important roles of NACs and increase the trust.

(2) +e findings of a positive relationship between co-
operative membership and family income of poor
households suggest that policymakers should con-
tinue with policy incentives to encourage poor
smallholders to join NACs and formulate measures
to promote the development of the NACs to promote
poverty alleviation.

(3) +e findings of the group differences in the income-
increasing effect of cooperatives provide crucial
policy insights for policymakers. Our findings that if
the existing cooperative members do not join the
cooperative, the income will drop precipitously, and
if the existing nonmembers join the cooperative, the
income will not change much show that the earning
ability of existingmembers is weak, and their earning
ability has been greatly improved with the help of
cooperatives. On the other hand, the income-in-
creasing effect of cooperatives on the groups with
strong earning ability (even if they do not join the
cooperatives, their income is not low) is weak. It
suggests that local governments should concern the
demands of the better-off poor groups (with strong
earning ability) and provide more effective services
for heterogeneous groups.

+is paper provided a research perspective and
framework for effect evaluations. As the geographical
scope of this study was limited to Southwest China, future
studies should assess the effects of agricultural coopera-
tives in other developing countries using the methodology
outlined in this paper. To further detect group hetero-
geneity, quantile regression could also be used, and to
detect the random effects of time, a multilevel model could
be used.

Data Availability

+e data that support the finding of this study are available
from the State Council Leading Group Office of Poverty
Alleviation and Development of China. Restrictions apply to
the availability of these data, which were used under license
for this study. Data are available at http://cpadis.cpad.gov.cn:
9300/cpad_query/login with the permission of the State
Council Leading Group Office of Poverty Alleviation and
Development of China. +e data that support the finding of
this study are also available upon request from the corre-
sponding author. +e data are not publicly available due to
privacy or ethical restrictions.
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