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Abstract: It is difficult to control agricultural Non-point Source (NPS) pollution, caused by overusing
of chemical fertilizer, through laws alone. An agricultural extension program is an alternative way to
reduce fertilizer input. This paper estimates the average change in fertilizer use of farmers, which
is attributable to their participation in the agricultural extension program. The Inverse-Probability
Weighted matching method is used to evaluate the average treatment effect for the farmers who
engaged in the program and, to a limited extent, evaluate the impact of individual elements of the
program. Surprisingly, we find that farmer-to-farmer training may have had a counterproductive
effect while the posters may be the most effective program element in reducing fertilizer use in
the context.
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1. Introduction

Overuse of fertilizers leads to agricultural Non-point Source (NPS) pollution. Nitrogen (N) and
phosphorus that cannot be absorbed by crops leave the farm into underground water, lakes and rivers.
This can result in significant environmental and human health impacts [1–3]. Agriculture contributes
0.76 million tons of NH3-N, accounting for 31.7% of the annual total emission to China’s waters [4].
Since 1999, various national laws and rules have been passed with the goal of reducing agricultural
NPS pollution. However, because of challenges associated with regulation and enforcement, it is
difficult to control agricultural NPS pollution through laws alone. Researchers have pointed out that
one important reason for widespread NPS pollution in China is that farmers have limited knowledge
of “rational fertilization”, which refers to the proper balance between yield gain and fertilizer use [5].

A change in farmers’ fertilizer decisions is essential to the reduction of agricultural NPS pollution
in China. Researchers have found that Chinese farmers are more likely to use environmentally friendly
methods if they have received training or guidance of agricultural technologies and practices [6,7].
Effective agricultural extension program is an attractive and alternative way to reduce fertilizer input.
The effectiveness of an education and extension program depends on whether the information from
the program induces a positive change in farmers’ behavior. Measuring the benefit or effectiveness of
such education or extension programs is a challenge. There are many compounding factors affecting
farmers’ behavior; separating these factors and attributing the specific benefit to a particular extension
program is difficult. Yet, proper evaluation of these programs is important in guiding the design of
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these programs and in the allocation of scarce resources. Here we propose to use matching methods to
estimate the effects of one such program.

In the seminal paper on propensity score analysis, Rosenbaum and Rubin presented both the
theory and application principles for a variety of propensity score models and proposed propensity
score matching as a way to reduce the bias in estimates of treatment effect when using observational
data [8]. Matching methods have increasingly been used to estimate treatment effect in a wide range
of programs targeting farmers. Godtland et al. used Propensity Score Matching (PSM) methods
to examine the impact of a pilot program on farmers’ knowledge from a survey of potato farmers
in Cajamarca, Peru, finding that the program had the potential to raise productivity by about 32%
of the average value in a normal year [9]. Mezzatesta et al. used PSM to estimate how much
additional conservation is achieved by federal cost-share programs in the U.S. by looking at six types
of conservation practices. They found that cost-share programs achieve statistically significant levels
of additionality for each practice, but that there was significant variation in the levels of additionality
across the different practices [10]. Woodward et al. used PSM to estimate the extent to which a water
quality trading program affected farmers’ adoption of conservation practices [11].

To the best of our knowledge, matching methods have not been widely used to evaluate the effects
of agricultural extension programs for controlling agricultural NPS pollution. This is especially true in
China. However, matching on covariates is well suited for the analysis on the effects of agricultural
extension program if the number of characteristics over which participant and non-participant differ
is limited and the differences can be represented by categorical variables [12]. Several studies have
used matching methods to measure treatment effect in other Chinese contexts. Wu et al. evaluated the
effects of improved upland rice technology on rice farmers’ income in southwestern Yunnan province
by using the non-parametric PSM method [13]. Wang et al. estimated the treatment effect of vocational
training in rural Guangdong province [14]. Zhang and Wang estimated the effects of job training on
rural laborers’ earnings by using PSM method [15].

In this paper, we use the Inverse-Probability Weighted (IPW) matching method to evaluate effects
of an agricultural extension program focused on the reduction of farmers’ fertilizer use. Our paper
uses a 2011 survey of farmers in Shaanxi province in China to measure their change in fertilizer usage
and participation in the China-UK program. By using the matching method, we are able to control for
farmers’ participation decisions to obtain an unbiased comparison between the fertilizer use of the
participating farmers and those who did not participate. We are unable to find statically significant
evidence that the China-UK program was reduced farmers’ fertilizer use. We do find some evidence
that one aspect of the program, farmer to farmer training, may have actually been counterproductive,
while the posters may be the most effective program element.

2. Materials and Methods

2.1. Introduction of Agricultural Extension Program

In this paper, we focus on a program that was implemented in Shaanxi Province called “Improving
Livelihoods on Farms by Reducing Non-point N Pollution through Improved Nutrient Management”.
It was funded by both the Foreign and Commonwealth Office of the United Kingdom and Ministry of
Agriculture of the People’s Republic of China from January 2007 to December 2009 (This program was led
by Dr. Tong Yanan from Northwest A&F University in Shaanxi Province of China and Dr. David Powlson
from Rothamsted Research in UK.). Hereafter we will refer this as the China-UK program. Program
participants included agriculture scientists, local extension workers, farmers associations and individual
farmers. The objective of the China-UK program was to provide farmers information that will enable
them to avoid overuse of N fertilizer without compromising their crop yields and incomes. The program
sought to reduce environmental pollution while at the same time improving income of the farmers.

The China-UK program consisted of the following parts: (1) An assessment of farmer and
community perceptions to understand reasons for current N overuse; (2) Collection and analysis of
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relevant technical data on rates and timing of N fertilizer application relevant to the local environment
(climate, soils, and cropping systems) of Shaanxi Province; (3) Farm-based experiments using the
results from step 2 to measure how fertilizer changes can affect farm productivity and profitability;
(4) Using results from points 2 and 3 above, to develop information delivery programs that inform
farmers of the benefits of rationalized N use; and (5) Analysis of information delivery programs will
be tested in collaboration with farmers. This paper is not intended to evaluate the whole program.
Instead we focus on assessing the success or failure of the information delivery system (Step 4) of the
program, and further evaluate which component of information dissemination is more effective.

Table 1 summarizes the evidence gathered by the China-UK program in Step 3, the experimental
analysis of the effect on N application and crop yields. The China-UK program conducted farm-based
experiments for winter wheat and summer maize in three villages. The content of the experiments
was as follows. Selected farmers changed their fertilizer input rates according to the program
recommendation, while holding other farming practices unchanged. It should be emphasized, that
unlike later voluntary participants discussed below, farmers in this experimental phase received
subsidies for participation and were compensated if they suffered a yield loss due to their participation
in this program.

Table 1. Changes of the farm based experiment for winter wheat and summer maize in 2010.

Village Fertilizer Changes Yield Changes Input Cost Changes * Revenue Change * Total Profit Changes *

Unit Kg/ha Kg/ha Dollars/ha Dollars/ha Dollars/ha

wheat

Village 1 −70 +185 −43.4 +47.1 +90.6
Village 2 −18 +117 −11.2 +31.3 +42.5
Village 3 −22 −39 −13.6 −9.9 +3.7
Average −37 +88 −22.7 +22.8 +45.6

maize
Village 1 −167 +208 −103.3 +44.3 +147.6
Village 2 −155 +298 −95.6 +63.4 +159.0
Village 3 −160 +261 −98.4 +55.6 +154.0

Average −161 +256 −99.1 +54.4 +153.5

Data Source: Zhang Shulan, Report in 2010 conference of China-UK program [16]. * In the experiment results, the
input cost, revenue and profit changes were calculated with unit Yuan. Here, we changed the unit to Dollars with
average 2010 exchange rates for Yuan (7.05¥/$).

As seen in Table 1, the average fertilizer input for both wheat and maize decreased in all three
villages. Despite the N reduction, except for wheat in Village 3, yields increased for both crops. Notably,
the reduction of fertilizer application for maize is about 72% of past application rates. Despite decreased
fertilizer use, profits increased in all three villages for both wheat and maize. Even in Village 3, famers’
savings from reduced fertilizer input for wheat were more than made up for the loss in yield. The average
increase of profits in three villages was 45.6 Dollars/ha for wheat and 153.5 Dollars/ha for maize.

The experimental results from these three villages suggest that there was a great potential to
reduce farmers’ fertilizer use and agricultural NPS pollution without economic losses. Hence, a naïve
prediction would be that the program’s goal of changing farmer behavior could be achieved through
an agricultural extension program in which farmers were informed of the experimental results.
The remainder of the paper attempts to estimate whether the China-UK’s extension activities led
to the desired behavioral changes.

2.2. Data Description

In this paper, we use data from 450 face-to-face surveys carried out from May to October 2011, in
nine villages located in Yangling District, Wugong County and Jinyang County of Shaanxi Province.
Farmers in each village were randomly selected for interviews. Only two of the villages were sites of
the China-UK program, but information about the program was spread to other villages by radio or
word of mouth among villagers. The surveys were implemented by 20 graduate students majoring in
Agricultural Economics and Management at Northwest A&F University.
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In the survey area, winter wheat and summer maize were the main crops, while some farmers also
planted kiwis, tomatoes and other vegetables. The average family had 5.3 members with 2.5 participating
in farming. Farmers were mostly middle age (average age of 52) and only 18% of farmers’ education
level was above high school. The average field was small, only 0.3 ha. There was substantial variation of
farmers’ reported annual net profit, ranging from 141.8 Dollars and over 7092.2 Dollars. The average N
fertilizer input for the whole year 2010 from our survey data was 151.7 kg/ha.

2.3. Methodology

In this paper, we evaluate the effects of the agricultural extension program on farmers’ fertilizer
using. We evaluate the treatment effect using the potential-outcomes framework, also called the
counterfactual framework.

Our outcome variable of interest is fertilizer use per hectare. Farmers in our survey are divided
into two groups, group I and group J. Farmers who received a treatment are in group I, and those
who did not are in group J. Define an indicator variable, D, which equals one if a farmer received a
treatment (i.e., participated in one or more components of the China-UK programs) and zero if not.
Further, define the outcome variables Y for each farmer, fertilizer usage in our case. We will sometimes
write Yi(D = 1) to emphasize that the ith farmer is defined as a farmer who had received a treatment.

There are two possible outcomes of fertilizer use for each farmer: the fertilizer input for the farmer
if he or she received the treatment, Y1, and Y0 for the case in which the farmer did not receive the
treatment. The program’s average treatment effect on the treated (ATET) is the difference between Y1

and Y0 for the set of treated farmers:

ATET = E[Yi
1 −Yi

0] = E[Yi
1 −Yi

0

∣∣∣D = 1] = E[Yi
1

∣∣∣D = 1]− E[Yi
0

∣∣∣D = 1] . (1)

That is, the treatment effect of the agricultural extension program is the difference between the
fertilizer use by treated farmers, E[Yi

1

∣∣D = 1] , and what they would have used without participating,
E[Yi

0

∣∣D = 1] . Note that the condition D = 1 appears throughout Equation (1) to emphasize that the
ATET is sought for the subset of participating farmers.

Unfortunately, because our survey data were obtained at only one time, after the China-UK
program had already been implemented, we only observe Y1 for the treated farmers and Y0 for the
control group. To estimate the ATET, therefore, we must estimate E[Yi

0

∣∣D = 1] , what the treated
farmers would have done if the China-UK program was not available to them. It is not acceptable,
however, to simply use the difference between the sample means for the treated and untreated subjects
to estimate ATET. Because participation is voluntary, there are typically systematic differences in these
two groups. Hence, the average choice of the non-treated group is a biased indicator of the choices
that the treated group would make when they are unable to participate in the China-UK program.
Treatment-effect estimators seek to obtain unbiased estimates of ATET.

Two conditions must be satisfied for matching estimators to yield unbiased estimates of
the ATET. The first condition, also called the unconfoundedness assumption, was proposed by
Heckman et al. [17]. If unconfoundedness is satisfied, then conditional on the set of observable
covariates, the outcome without treatment, Y0 is independent of treatment, i.e., Y0⊥D|X . In other
words, this condition is satisfied if, once we have taken into account the covariates X, what farmers
would have done in the absence of the China-UK program is independent of whether the individual is
in the treated or untreated group. Rosenbaum and Rubin showed that one can use the individuals’
propensity scores, i.e., P(D = 1|X) , as the conditioning statistic in order to calculate the ATET [6].
In this paper, the propensity score is our estimation of the probability that a farmer participates in the
China-UK program as a function of a vector of covariates, X.

The second required condition is that the data set has sufficient overlap. This means that for
both treated and control farmers the propensity score is neither zero nor one, 0 < P(D = 1|X) < 1 .
If satisfied, then for each treated farmer there is a positive probability of finding a non-treated farmer
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with essentially the same propensity to be treated. In practice, the overlap condition is imposed by
dropping those observations for which it is not satisfied. That is, if for some farmers there are no
untreated farmers with a similar set of covariates, then those farmers would be dropped from the data
set and we would simply have to accept that we can not estimate the ATET for that group.

The matching estimators for E[Yi
1

∣∣D = 1] and E[Yi
0

∣∣D = 1] in Equation (1) are:

E[Yi
1|D = 1] =

1
I ∑

i
(Yi

1), (2)

E[Yi
0|D = 1] =

1
I ∑

i
(Yi

0) =
1
I ∑

i
∑

j
W(i, j)(Y j

0), (3)

where Y j
0 is the observed outcome for the farmers who did not receive treatment, W(i, j) is the weights

given to the jth non-treated farmer used for estimating the ith farmer’s fertilizer use if he or she had
not treated. In the Inverse Probability Weighting approach as implemented in Stata Statistical Software
14.0 [18], the weights W(i, j) vary inversely with the difference between the propensity score for the ith
treated observation and the jth control observation. In this way, Yi

0 is estimated placing more weights
control observations that are most similar to the ith observation. Using (2) and (3), the matching
estimator for the ATET in Equation (1) is

∧
ATET = E[Yi

1|D = 1]− E[Yi
0|D = 1] =

1
I ∑

i

{
(Yi

1 −∑
j

W(i, j)(Yi
0)

}
. (4)

There are a variety of matching algorithms that can be used to calculate W(i, j) including
Inverse-probability weighted (IPW) and Nearest-Neighbor matching (NNM) (We use the NNM method
to check the robustness of our estimation results in the Appendix A.) using either the propensity scores
or a nonparametric Mahanbolis. In this paper, we use the IPW algorithm to evaluate the effects of the
agricultural extension program on farmers’ fertilizer usage. The IPW method involves three-steps.
First, a Logit or Probit model is used to estimate the probability, conditional on a set of covariates,
that each observation receives the treatment; Second, using the estimated probabilities, the propensity
scores, weights are calculated for each observation. The weights W (i, j) are based on the inverse of the
difference between the propensity score of the ith treated and the jth control. Using these weights, a
pseudo-control data set is created in which each non-treated observation is multiplied by its weight.
Balancing is tested by confirming that the weighted distributions of the covariates of the treated and
pseudo-control sets are nearly the same. Third, once balancing has been established, the average
outcome for the pseudo-control group is used to estimate Y0, which can then be subtracted from Y1 to
calculate the estimate of ATET (While both Heckman and PSM might control for selection bias, the
PSM method mitigates selection bias due to observables and the 2SLS Heckman method addresses
selection bias due to unobservables [12]. Our balance tests in the later section found a good match
of the treated and control farmers, supporting the use of PSM and the inferences we obtain. A key
advantage for us in the PSM approach for this application is that we are interested in estimating
the average treatment effect on the treated (ATET), while the Heckman method estimates average
treatment effect for all farmers (ATE).).

3. Results

3.1. Outcome and Independent Variables

The outcome variable of interest is the farmers’ fertilizer input (kg/ha), which was obtained from
our survey. The treatment variable is farmers’ participation in the China-UK program. There were
five different ways for farmers to participate in China-UK program. The farmer field schools
delivered information on proper fertilization and taught planting technology to farmers in the
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field. Demonstration zones showed the experimental results and details of fertilizer input in the
demonstration area located in the village to farmers. Farmer meetings gathered farmers together to
deliver information about fertilizer applications by scientists of the program. Farmer to farmer training
consisted of smaller meetings at which the speaker is a farmer who has experience with reduced
fertilizer use. Finally, posters contained information of appropriate amount of fertilizer input and were
pasted on walls beside the street in the villages where they were quite visible to farmers.

The survey asked farmers if they had received each of the treatments. Table 2 reports farmers’
participation in different components of the China-UK program. The participation rate for each
treatment is relatively low; only 10% of the survey respondents reported receiving one or more of the
program’s components. Farmer to farmer training, Demonstration zones and poster were the most
popular ways for farmers to participate in the China-UK program.

Table 2. Participation in different components of China-UK program.

Program Participation Number % of Sample

Components of China-UK program
Farmer Field School 16 3.5%
Demonstration zone and Farmers Viewing 12 2.6%
Farmer Meeting 11 2.4%
Farmer to Farmer training 17 3.7%
Poster, leaflet for reducing fertilizer use 12 2.6%
Participation rates

Participation in one or more components 45 10.0%
Participation in two or more components 17 3.7%
Participation in three or more components 4 0.8%

While our primary focus is on the effects of the whole program on farmers’ fertilizer input, it is
also interesting to evaluate the effects of each element of the program. Unfortunately, we do not have
enough observations for each element to carry out such analysis. Instead, as discussed below, we drop
one component of the China-UK program at a time to obtain an indication of which elements of the
program had the greatest impact on fertilizer use.

In Table 3, we report a naïve measure of the treatment effect, the simple difference of average
fertilizer input per hectare between the treated and untreated farmers. As we can see, the simple
differences suggest that the China-UK program may have actually increased the fertilizer input.
However, this maybe a result of endogenous selection—perhaps farmers who participated were those
already tending to use a lot of fertilizer—so the simple difference in means would result in biased
estimates. Matching methods offer a way to estimate the treatment effect that controls for the selection
bias created by the fact of voluntary participation in the China-UK program.

Table 3. Average fertilizer input of treated and untreated farmers participating in different components
of China-UK program.

Participation Component
Treated Group (kg/ha) Untreated Group (kg/ha)

Fertilizer Input Std. Dev. Fertilizer Input Std. Dev.

Any one or more components of China-UK program 318.82 196.80 293.93 215.08

Any component

except farm field school 336.14 197.82 292.70 214.61
except demonstration zone 322.67 204.76 293.85 214.26

except farmer meeting 332.89 203.37 293.08 214.22
except farmer to farmer training 303.95 198.14 295.42 214.96

except poster 321.75 198.21 294.06 214.71

3.2. Covariates

The remaining variables used in our analysis are listed in Table 4. These variables were used in
the propensity score equation (Probit model) in which treatment is the dependent variable. In the
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“raw” columns, we compared the variables for the two groups, those who participated in one or more
components of the China-UK program and those who did not.

Table 4. Balance statistics for IPW matching model for the treatment of participating in at least one
Program component.

Covariates
Standardized Difference * Variance Ratio *

Raw Weighted Raw Weighted

Personal Characteristics

Gender −0.0182 −0.0374 1.0247 1.0016
Age 0.0023 0.0023 0.5952 0.5084
Education 0.0634 0.0076 1.1447 1.0127
Years for farming 0.0130 −0.0019 0.6780 0.7660

Farm Characteristics

Using machine 0.6577 0.0409 0.5512 0.9290
Land area 0.1140 −0.0342 1.0654 0.8346
Labor ratio 0.0481 0.0331 0.7823 0.7619
Farming income ratio 0.6342 −0.0605 0.9332 0.9155
Planting others crops 0.1619 −0.0340 1.5659 0.9308
Planting kiwi −0.3267 0.0587 0.5520 1.1751
Planting corn 0.1546 −0.0485 0.6764 1.1743
Planting wheat 0.1468 −0.0355 0.6888 1.1228

Policies

Village has program 0.4027 −0.0176 1.2644 0.9986
Communication with friends −0.2734 0.0450 0.8341 1.0527
Accessible training class 0.3951 0.0036 2.2193 1.0046

* The standardized difference and variance ratio for a variable x are calculated d(x) = [x1 − x0]/
√
(σ1 + σ0)/2 and

σ1
2/σ0

2, where σ2 is the variance and the subscripts 1 and 0 refer to treated and control respectively.

The demographic covariates are gender, age, education, and years of farming experience. There are
intuitively plausible reasons to expect these demographic variables affect the propensity to participate
in the program. Older farmers tend to refuse receiving new farming methods because they are risk
averse and do not want to change their planting habits dramatically [19–21]. Thus, we expect that
age will be negative to farmers’ participation. We also expect that well educated farmers will be
better in dealing with the information from the program, making them more likely to participate in
the program.

Eight variables capture characteristics of the farmers’ operations of agricultural production.
An important distinguishing feature for farmers is whether they use of any machinery for farming,
typically small machines; this is captured using a dummy variable that equals one if farmer used
any machinery. Land area represents the farmer’s total arable land in hectares. The labor ratio is the
numbers of family members involved in farming divided by the total number of family members.
The farming income ratio is calculated by dividing the family’s income from farming by their total
income. Finally, crop types affect both the farmers’ participation in the program and the effects of
the extension program. A higher ratio of farming income or bigger land area means that a farmer’s
life depends more heavily on agricultural production. Since the China-UK program seeks to control
agricultural NPS pollution by reducing farmers’ fertilizer input, we expect that farmers who depend
more heavily on agricultural production are more likely to participate in the program to minimize the
cost of production. Similarly, we expect that the labor ratio and machine variables will be positively
correlated with participation in the program.

The final set of variables presented in Table 4, capture attitudes toward the various policies. Data
are collected on whether the respondents lived in a village where the program was implemented,
their access to training classes (other than the China-UK program) and whether they get fertilizer
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information from friends or relatives. These variables are captured using dummy variables based on
yes-no responses to questions.

A critical step in the matching procedure is to ensure that the matching algorithm creates a
balanced sample, which means that the covariates for treated and control group have the same
distribution. In Table 4 we present the balancing test for the treatment of participating in at least one of
the China-UK Program’s component. Balancing test statistics for the other treatments are presented in
the Appendix A. Two statistics are presented, the standardized difference in the means and the ratio of
the variances for before and after the creation of a matched sample. As is seen, for all of the covariates
the weighted average after matching is closer to that of the treated group and, with one exception,
the variance ratio is closer to 1.

We also use a test derived by Imai and Ratkovic to check whether the above treatment model
balanced the covariates [22]. The null hypothesis for the balance test is that covariates are balanced.
The chi-squared statistic for our model is 12.51 with 23 degrees of freedom, and the probability is
0.9800. Therefore, we cannot reject the null hypothesis that the treatment model balanced the covariates.
Combined with the output in Table 4, we conclude that the matching algorithm was quite successful in
creating a balanced pseudo-control data set. Similar balancing tests were carried out for every model
and the test results are presented in the Appendix A.

3.3. Estimation Results of Propensity Score Model

Before we obtain our matching estimator for the ATET, we must first estimate the propensity
score using a Probit model, where the dependent variable is the treatment decision. As in Table 3, we
consider six different treatment specifications and a separate propensity score model is estimate for
each. Model 1 estimates the probability that farmer participated in one or more component of the
China-UK program. The next five Models (2–6) are the same as Model 1 except we drop one element
of the program. For example, a farmer is considered to be treated in Model 2 if he or she participated
in any element of the China-UK program except farm field school. In this paper, our principal interest
in the Probit results is to calculate the propensity score to carry out the matching estimation of the
ATET. Therefore, the estimated parameters of the Probit model are presented in the Appendix A.

Some results from our Probit models are worth highlighting. Four variables are significant in
more than five models: Using machine, Farming income ratio, Village has program, Accessible training
class. Consistent with our expectations, these variables are positively correlated with participation in
the China-UK program.

3.4. Estimation Results of Average Treatment Effect on the Treated (ATET)

In this section, we provide the estimation results on ATETs for different treatments. The ATET is
estimated based on the Equation (1) by using IPW method. We are interested in looking at the effect
of treatment on the fertilizer input per hectare per year, so the outcomes variables are the fertilizer
input from our survey. This effect that we estimate is a net effect and does not capture how this
change occurs. For example, a farmer exposed to the China-UK program could reduce fertilizer use by
changing practices, changing crops or substituting off-farm income for agricultural output; we are not
able to identify how the fertilizer changes are achieved.

As indicated above, we estimate the ATET for six treatments and Table 5 below shows all the
ATETs estimates. A positive ATET value estimated for the outcome indicates that the farmer who
received that treatment applied more fertilizer (in kilograms per hectare) than they would have without
treatment. The hope of the extension programs is that the ATET will be negative, i.e., that participation
in the program led to a reduction in fertilizer use.
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Table 5. ATETs for different treatments.

Treatment Model

Outcome

Total Fertilizer Use (kg/ha)

ATET Std. Err t-Stat

1. Full China-UK program 19.54 34.12 0.57
2. all components except farm field school 36.43 36.64 0.99
3. all components except demonstration zone 24.01 36.75 0.65
4. all components except farmer meeting 29.63 37.87 0.78
5. all components except Farmer to farmer training −2.85 34.93 -0.08
6. all components except poster 36.58 35.94 1.02

The results in Table 5 are not favorable with regard to the China-UK program’s success in reducing
fertilizer use. None of the estimates are statistically different from zero at the 10% level and most
models in Table 5 estimate a positive value for ATET, i.e., an increase in fertilizer use. When full
China-UK program (any components participation of China-UK program were included) is evaluated
(treatment 1), we estimate that participating farmers applied 19.54 kg/ha more fertilizer than they
would have applied had they not participated, though we cannot statistically distinguish this from no
effect at all. The only treatment that yielded a negative estimate of ATET was treatment 5, in which
farmer to farmer training is dropped. That is, excluding those who only participated in the farmer to
farmer training, the treatment effect is a reduction in fertilizer usage by 2.85 kg/ha, though again this is
not significantly different from zero. This suggests that the farmer to farmer training component is the
least effective of the components in terms of its effect on farmers’ fertilizer inputs. There is a plausible
explanation as to why farmer to farmer training might be counterproductive: if the farmer teacher did
not totally understand the technology from the training class given by scientists, the result could be
a second phase of instruction that creates misunderstanding or delivers incomplete information to
other farmers.

At the other extreme, if the poster component is excluded (treatment 6), the effect is largest,
suggesting that the posters may have been the most effective component of the China-UK program in
reducing fertilizer use. Nonetheless, the most important and only statistically valid conclusion that we
are able to draw from the ATET estimates in Table 5 is that we find no statistically significant effect
of the China-UK program on fertilizer use. As we present in the Appendix A, we also estimated the
treatment effect using several alternative covariate sets and an alternative matching algorithm and the
results were qualitatively unchanged.

4. Discussion

Our results may have important implications for countries that are trying to control agricultural
NPS pollution by using education and training mechanism. Despite being widely promoted throughout
the region, we find relatively limited uptake of the program and no statistically significant evidence
that the program changed nutrient applications rates.

It is important to note that the effectiveness of education and training programs may diminish
quickly, and this may provide an explanation for our findings. Our results did not show significant
effects on farmers’ behavior of reducing fertilizer input. This is strikingly different from the program’s
own assessment during the implementation period (from 2007 to 2009) when they did find significant
effects on fertilizer use. However, when we surveyed the village in 2011, most farmers could not
clearly remember the details of the program, even when the posters of the program were still displayed
on the street. Hence, one possible explanation for our results is that farmers have poor recall of such
programs and, change their farming practices only reluctantly and slowly. Furthermore, there is a huge
difference between the program’s own data and ours. All the farmers in their sample were treated and
received a subsidy to participate the program. In our sample, most farmers are in the control group
and treated farmers did not receive the subsidy.
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It appears that education and training alone are not sufficient to achieve the types of outcomes
achieved 2007–2009 phase of the program. We suggest that the policy makers should pay attention to
increasing farmers’ participation and, in addition to education and training, incentive tools be applied.
Of course, that too requires careful ex-post evaluation in real-world settings.

5. Conclusions

In order to reduce agricultural NPS pollution, Chinese agricultural extension programs are
increasingly trying to educate farmers to reduce fertilizer use. The evaluation of the effects of such
programs is crucial because it will determine whether the programs contribute to the reduction of
agricultural NPS pollutions and are worth continuing. This paper uses matching methods to estimate
the impacts of the China-UK program on farmers’ fertilizer use.

From a random sample of farmers in nine villages, we find that only 10% of the farmers
participated in one or more of the elements of the China-UK program. Despite the fact that the
program experimentally found that farmers could reduce fertilizer and improve yields and/or farm
income, we do not find any strong evidence of a favorable effect of the extension components of the
programs. In part this may be due to the small number of farmers who actually participated in the
programs; because of the small number of farmers receiving treatment our statistical confidence is
substantially diminished. We also are able to evaluate to a limited extent the impact of individual
elements of the program. We find some evidence that farmer-to-farmer training may have had
a counter-productive effect while the posters may have been the most effective program element.
These estimates are not very precise however, and not significantly different from zero at the 10% level.

A significant limitation of our paper is the small size of sample overall and the limited number
of participating farmers. This probably contributed to the problem of statistically insignificant
ATET estimates for most of our treatments. With this caveat, however, we can conclude that the
effects of the China-UK program are quite limited. Hence, if resources continue to be dedicated to
extension programs like this, there should be a simultaneous research effort studying such programs’
effectiveness and such research should strive to have much larger sample of farmers. Further, our
results give rise to additional questions about why farmers do not voluntarily reduce their fertilizer
use even when experimental results indicate the value of doing so.

An additional contribution of this paper is to demonstrate the potential to use matching methods
to evaluate agricultural extension programs that seek to achieve environmentally beneficial outcomes.
This paper can serve as a model for future such evaluations that would yield valuable information
about the effects of agricultural extension programs in China and help improve the design of such
programs in the future. Further research, in line with recent scientific literature [23], should be
addressed to investigate the factors which increase farmers’ sensitiveness to fertilizers saving and
encourage the adoption of environmental friendly measures.
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Appendix A. Balance Test, Probit Model Estimation and Robustness Check

Appendix A.1. Balance Test for Covariates

As we mentioned in the paper, the balancing test is a critical step to ensure that the matching
algorithm creates a balanced sample. We only present the balance test for model 1 in the paper, and
here we tabled the balance test results of every model. As is seen in Tables A1 and A2, for all of
the covariates the weighted standardized difference after matching is close to zero, which means
that almost no difference between control group and treated group. With one exception, the age,
the variance ratio of all covariates is closer to 1. The matching process definitely improved the level
of balance.
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Table A1. Standardized difference of Balance test for covariates.

Covariates
Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender −0.0180 −0.0401 −0.0180 −0.0355 0.0146 −0.0341 −0.0464 0.0075 −0.0179 −0.0148
Age 0.0290 0.0084 0.0170 −0.0039 −0.0502 −0.0067 −0.0449 0.0235 −0.0558 0.0609
Education 0.1221 0.0245 −0.0454 0.0068 −0.0319 −0.0179 0.0277 0.0110 0.0714 −0.0275
Years for farming 0.0094 0.0017 0.0747 0.0063 −0.0620 0.0093 −0.0051 −0.0095 0.1483 0.0146

Farm Characteristics

Using machine 0.5950 0.0529 0.6845 0.0485 0.5779 0.0418 0.6971 −0.0045 0.7525 0.0293
Land area 0.0150 −0.0537 0.1534 −0.0392 0.1063 −0.0223 0.1347 0.0004 0.2205 −0.0313
Labor ratio 0.0902 0.0195 0.1482 0.0242 0.0383 0.0165 −0.0848 0.0359 0.0819 0.0581
Farming income ratio 0.5528 −0.0712 0.7404 −0.0489 0.6375 −0.0594 0.6063 −0.0689 0.7637 −0.0586
Planting other crops 0.2086 −0.0317 0.1140 −0.0378 0.2215 −0.0437 0.1037 −0.0217 0.1377 −0.0223
Planting kiwi −0.2821 0.0658 −0.2821 0.0555 −0.2698 0.0637 −0.3920 0.0658 −0.3618 0.0353
Planting corn 0.1175 −0.0522 0.1175 −0.0482 0.1073 −0.0531 0.1264 −0.0485 0.2190 −0.0375
Planting wheat 0.1097 −0.0369 0.1097 −0.0336 0.0995 −0.0296 0.1186 −0.0444 0.2114 −0.0245

Policies

Village has program 0.5256 −0.0031 0.3246 −0.0118 0.3536 −0.0063 0.3574 −0.0596 0.3145 −0.0348
Communication with friends −0.1955 0.0592 −0.2666 0.0251 −0.2463 0.0463 −0.4388 −0.0301 −0.2250 0.0403
Accessible training class 0.4617 0.0010 0.4617 0.0037 0.4804 −0.0045 0.2843 −0.0152 0.4209 0.0374
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Table A2. Variance ratio of Balance test for covariates.

Covariates
Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender 1.0280 1.0017 1.0280 1.0013 1.0279 1.0034 1.0262 1.0007 1.0299 1.0004
Age 0.5697 0.4890 0.6546 0.5779 0.6062 0.5545 0.5491 0.4668 0.5784 0.4417
Education 1.2600 1.0374 0.9418 1.0138 0.9682 0.9665 1.0794 1.0198 1.1658 0.9582
Years for farming 0.6665 0.7627 0.6895 0.7702 0.6726 0.7919 0.6744 0.7464 0.5516 0.5974

Farm Characteristics

Using machine 0.6056 0.9183 0.5221 0.9118 0.6209 0.9360 0.5092 1.0095 1.1603 0.7459
Land area 1.0779 1.0445 1.1682 0.8358 1.1136 0.8996 1.1416 0.8450 0.7157 0.7110
Labor ratio 0.8498 0.7817 0.7609 0.6848 0.8333 0.7870 0.6538 0.7124 0.8779 0.9030
Farming income ratio 0.9475 0.9062 0.8166 0.8082 1.0664 1.0260 1.0077 0.9926 1.4847 0.9519
Planting other crops 1.7410 0.9406 1.3998 0.9172 1.7903 0.9218 1.3638 0.9500 0.5020 1.1082
Planting kiwi 0.6149 1.1828 0.6149 1.1502 0.6327 1.1718 0.4600 1.2341 0.5455 1.1531
Planting corn 0.7575 1.1746 0.7575 1.1594 0.7807 1.1744 0.7373 1.1643 0.5553 1.0960
Planting wheat 0.7714 1.1186 0.7714 1.1067 0.7949 1.0912 0.7508 1.1488 1.1603 0.7459

Policies

Village has program 1.2757 1.0005 1.2414 0.9974 1.2515 0.9990 1.2485 0.9935 1.2387 0.9926
Communication with friends 0.8993 1.0598 0.8411 1.0281 0.8587 1.0515 0.6860 0.9573 0.8768 1.0423
Accessible training class 2.4202 1.0012 2.4202 1.0041 2.4744 0.9956 1.8467 0.9780 2.2881 1.0464
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Appendix A.2. Probit Model Results

In this paper, the Probit results are to calculate the propensity score to carry out the matching
estimation of the ATET. The dependent variables of our Probit models are the treatment decisions.

In Model 1, we estimate the probability that farmer participated in any China-UK program
component. The next five Models (2–6) are the same as Model 1 except we drop one element of
the program. In Model 2, the treatment decision is that a farmer is considered to be treated if he
or she participated in any element of the China-UK program except farm field school. In Model
3, the treatment decision is all components except demonstration zone; In Model 4, the treatment
decision is all components except farmer meeting; In Model 5, the treatment decision is all components
except Farmer to farmer training; In Model 6, the treatment decision is all components except poster.
The results of the Probit model results are reported in Table A3.

Table A3. Estimated results of the Probit models.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Personal Characteristics

Gender −0.0325 −0.0301 −0.0295 0.0473 −0.0561 −0.0167
Age 0.0085 0.0095 0.0079 0.0075 0.0039 −0.0084
Education 0.1436 0.2144 0.0084 −0.0294 0.0692 0.1691
Years for farming −0.0013 −0.0018 0.0003 −0.007 0.0017 0.0184

Farm Characteristics

Using machine 0.7682 *** 0.7294 *** 0.7696 *** 0.6652 ** 0.7920 *** 0.8628 ***
Land area 0.0290 −0.0211 0.0086 −0.0286 0.0216 0.0876
Labor ratio −0.3718 −0.2535 −0.1600 −0.3884 −0.6664 −0.4338
Farming income ratio 1.3862 *** 1.2773 *** 1.4542 *** 1.4390 *** 1.2786 *** 1.4850 ***
Planting other crops 0.4406 0.5494 * 0.3343 0.5259 0.3130 0.3879
Planting kiwi −0.3292 −0.3108 −0.2167 −0.1891 −0.7562 −0.2939
Planting corn −0.1755 −0.1949 −0.1696 −0.1789 −0.3941 −0.1355
Planting wheat 0.3558 0.3801 0.3559 0.4186 0.0367 0.5520

Policies

Village has program 0.8302 *** 0.9209 *** 0.7202 *** 0.7612 *** 0.8079 *** 0.7677 ***
Communication with friends −0.3566 −0.2872 −0.3367 −0.3071 −0.5152 ** −0.2875
Accessible training class 0.8442 *** 0.9226 *** 0.906 *** 0.9144 *** 0.6097 ** 0.9084 ***
constant −3.4653 *** −3.6311 *** −3.6603 *** −3.3625 *** −2.5018 *** −3.6797 ***

***, **, *, represent 1%, 5%, 10% significant level respectively.

As we mentioned in the paper, Using machine, Farming income ratio, Village has program,
Accessible training class are significantly and positively affecting farmer’s participation decision in
different treatments. A variable are significant and positive in Model 2: Planting other crops. A variable
are significant and negative in Model 5: Communication with friends. This is somewhat less intuitive,
but does suggest that there is selection bias in the program. For example, farmers who plant other
crops were more likely to participate in the program but farmers who mostly get fertilizer information
from friends or relatives were less likely to enroll.

Appendix A.3. Robustness Checks

As with most empirical analysis, attention to the robustness of the ATET estimates using matching
is an important step. Our robustness check of the estimated results for ATET involves changing the
variable list and the matching algorithm.

Appendix A.3.1. Variable List 2

Firstly, we considered farmers’ response toward the various policies. Data were collected on their
experience with training classes (other than the China-UK program), their support of laws to restrict
fertilizer use. After adding these two variables we get a new list called variable list 2. These two
variables are dummy variables based on responses to yes-non responses to questions. Before we start
the estimation, we check the balance level of the variables for control and treated group.
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Table A4. Standardized difference of Balance test for variable list 2.

Covariates
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender 0.0446 −0.0397 0.0583 −0.0221 0.0516 −0.0361 0.0883 −0.0283 0.0196 −0.0071 0.0190 −0.0292
Age −0.0101 −0.0061 0.0023 0.0258 0.0043 −0.0179 −0.0674 −0.0247 −0.0607 0.0081 −0.0461 0.0269
Education 0.0190 0.0122 0.1078 0.0331 −0.1080 0.0024 −0.0948 −0.0240 −0.0246 0.0144 0.0032 −0.0183
Years for farming −0.0114 −0.0228 −0.0200 −0.0032 0.0508 −0.0097 −0.0948 −0.0133 −0.0306 −0.0240 0.1536 −0.0125

Farm Characteristics

Using machine 0.7210 0.0529 0.6255 −0.0024 0.7590 0.0666 0.6415 0.0630 0.7712 0.0057 0.7436 0.0339
Land area 0.1634 −0.0373 0.1177 −0.0430 0.2106 −0.0387 0.1631 −0.0270 0.1827 −0.0441 0.2439 −0.0246
Labor ratio 0.1048 0.0413 0.0605 0.0066 0.2174 0.0463 0.0997 0.0386 −0.0305 0.0452 0.0990 0.0614
Farming income ratio 0.6165 −0.0585 0.5286 −0.0449 0.7272 −0.0297 0.6190 −0.0429 0.5915 −0.0422 0.7219 −0.0637
Planting others crops 0.1058 −0.0500 0.1746 −0.0479 0.0427 −0.0405 0.1637 −0.0411 0.0330 −0.0400 0.0536 −0.0483
Planting kiwi −0.4068 0.0437 −0.3461 0.0606 −0.3654 0.0407 −0.3539 0.0515 −0.4904 0.0344 −0.3539 0.0448
Planting corn 0.2506 −0.0341 0.2026 −0.0483 0.2182 −0.0363 0.2091 −0.0490 0.2258 −0.0214 0.2091 −0.0551
Planting wheat 0.2349 −0.0383 0.1869 −0.0520 0.2025 −0.0391 0.1935 −0.0544 0.2102 −0.0211 0.1935 −0.0454

Policies

Village has program 0.3911 −0.0132 0.4591 −0.0053 0.3086 −0.0258 0.3390 −0.0199 0.3435 −0.0496 0.3390 −0.0334
Communication with friends −0.2454 0.0273 −0.2637 −0.0144 −0.2343 0.0088 −0.2120 0.0251 −0.4079 0.0260 −0.2120 0.0202
Accessible training class 0.3565 −0.0191 0.3136 −0.0184 0.4240 −0.0082 0.4430 −0.0246 0.2344 −0.0206 0.4430 0.0151
Experience of training classes 0.2182 −0.0242 0.2292 −0.0079 0.2748 −0.0047 0.2906 −0.0253 0.0671 −0.0535 0.2906 0.0175
Support laws to limit fertilizer use 0.6066 0.0242 0.6665 0.0133 0.5634 0.0308 0.6709 0.0112 0.6877 0.0048 0.5514 0.0453
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Table A5. Variance ratio of Balance test for variable list 2.

Covariates
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender 1.0228 1.0062 1.0272 1.0036 1.0256 1.0059 1.0210 1.0065 1.0277 1.0007 1.0297 1.0029
Age 0.6226 0.5131 0.5916 0.4807 0.6894 0.6046 0.6363 0.5712 0.5733 0.4450 0.6024 0.4567
Education 1.0624 1.0224 1.2389 1.0530 0.8247 1.0056 0.8501 0.9495 0.9812 1.0291 1.0368 0.9676
Years for farming 0.7096 0.7933 0.7075 0.7805 0.7274 0.8158 0.7032 0.8243 0.7058 0.7180 0.5776 0.6173

Farm Characteristics

Using machine 0.4958 0.9004 0.5807 1.0045 0.4555 0.8679 0.5649 0.8967 0.4431 0.9870 0.4687 0.9300
Land area 1.0611 0.7399 1.1074 0.8953 1.1640 0.7418 1.1130 0.7592 1.1279 0.7703 1.1589 0.7217
Labor ratio 0.8002 0.8273 0.7681 0.7502 0.7680 0.7377 0.8557 0.8730 0.6684 0.7579 0.7586 0.8061
Farming income ratio 0.9223 0.8646 1.0057 0.9168 0.8005 0.7549 1.0631 0.9778 1.0087 1.0200 0.8594 0.8339
Planting others crops 1.3799 0.8888 1.6357 0.9061 1.1675 0.8972 1.5967 0.9163 1.1345 0.8965 1.2052 0.8820
Planting kiwi 0.4442 1.1488 0.5293 1.1890 0.4996 1.1262 0.5154 1.1607 0.3317 1.1417 0.5154 1.1373
Planting corn 0.4833 1.1485 0.5804 1.1954 0.5466 1.1476 0.5649 1.2033 0.5306 1.0847 0.5649 1.2335
Planting wheat 0.5013 1.1695 0.6020 1.2129 0.5670 1.1601 0.5859 1.2298 0.5504 1.0832 0.5859 1.1863

Policies

Village has program 1.2558 0.9988 1.2803 1.0002 1.2318 0.9942 1.2429 0.9967 1.2398 0.9936 1.2429 0.9948
Communication with friends 0.8622 1.0287 0.8477 0.9853 0.8731 1.0088 0.8917 1.0245 0.7178 1.0387 0.8917 1.0195
Accessible training class 2.1003 0.9753 2.0215 0.9733 2.3085 0.9906 2.3654 0.9740 1.7001 0.9674 2.3654 1.0173
Experience of training classes 1.6877 0.9586 1.7548 0.9861 1.8756 0.9925 1.9283 0.9625 1.2173 0.8888 1.9283 1.0282
Support laws to limit fertilizer use 0.3622 0.9312 0.2967 0.9556 0.4067 0.9200 0.2883 0.9617 0.2710 0.9827 0.4194 0.8887
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As is seen in Tables A4 and A5, for all of the covariates the weighted average after matching
is closer to that of the treated group and, with one exception: Age, the variance ratio is closer to 1.
The results are the same to the results of variable list 1 which is used in the paper.

After balance test, we use a Probit model to estimate farmers’ probability of participation the
program. Results of our Probit estimation are presented in Table A6.

Table A6. Estimated results of the Probit model for variable list 2.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Personal Characteristics

Gender −0.0127 −0.0141 0.0004 0.0738 −0.0180 −0.0348
Age 0.0091 0.0104 0.0081 0.0079 0.0059 −0.0064
Education 0.0732 0.1436 −0.0969 −0.1337 0.0009 0.0936
Years for farming −0.0015 −0.0027 −0.0002 −0.0079 0.0026 0.0181

Farm Characteristics

Using machine 0.766 *** 0.7206** 0.7730 *** 0.6532 ** 0.8083 *** 0.8000 ***
Land area 0.0944 0.0550 0.0862 0.0537 0.0774 0.1456
Labor ratio −0.2690 −0.1428 −0.0241 −0.3052 −0.6202 −0.3991
Farming income ratio 1.3351 *** 1.2534 ** 1.3800 *** 1.4002 *** 1.2345 ** 1.4048 ***
Planting other crops 0.4772 0.5968 * 0.3552 0.5728 * 0.2927 0.3457
Planting kiwi −0.4097 −0.3987 −0.2774 −0.2660 −1.0292 −0.3479
Planting corn 0.1839 0.2054 0.2106 0.2461 −0.2057 0.0401
Planting wheat 0.1261 0.1113 0.1192 0.1211 −0.2582 0.2829

Policies

Village has program 0.8079 *** 0.9115 *** 0.6926 *** 0.7395 *** 0.8112 *** 0.7420 ***
Communication with friends −0.2970 −0.2109 −0.2762 −0.2231 −0.4831* −0.2549
Accessible training class 0.8625 ** 0.9536 ** 0.8700 ** 0.9266 ** 0.7486 * 0.8894 **
Experience of training classes −0.0913 −0.0901 −0.0003 −0.0519 −0.3951 0.0587
Support laws to limit fertilizer use 0.7348 ** 0.8809 *** 0.6423 ** 0.8596 ** 0.9342 *** 0.6292 **
constant −4.2554 *** −4.5832 *** −4.3733 *** −4.2467 *** −3.3189 *** −4.0923 ***

***, **, *, represent 1%, 5%, 10% significant level respectively.

As we can see in Table A6, the results are quite similar to the estimation results for variable list
1, while the new variable: support of laws to restrict fertilizer use is significantly and positively in
all models. We use these Probit results to calculate the propensity score to carry out the matching
estimation of the ATET which is presented in Table A7.

Table A7. ATET of different treatments for variable list 2.

Treatment Model

Outcome

Total Fertilizer Use (kg/ha)

ATET Std. Err t-Stat

1.Full China-UK program 32.9442 36.5417 0.9000
2. all except farm field school 45.6514 41.0305 1.1100
3. all except demonstration zone 35.2685 40.2823 0.8800
4. all except farmer meeting 47.0027 41.3226 1.1400
5. all except Farmer to farmer training 15.8429 37.9373 0.4200
6. all except poster 41.0705 38.7154 1.0600
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While all models in Table A7 estimate a positive value for ATET, none of the estimates are
statistically different from zero at the 10% level. When the full China-UK program is evaluated
(treatment 1), we estimated that participating farmers applied 32.9 kg/ha more fertilizer than they
would have applied had they not participated. The treatment that yielded a lowest estimate of ATET
was treatment 5, in which farmer to farmer training is dropped. This does suggest the same as in the
paper, that the farmer to farmer training component is the least effective of the components to reduce
farmers’ fertilizer inputs. On the other hand, if the farmer meeting component is excluded (treatment
4) the effect is largest, suggesting that farmer meeting may have been the most effective component of
the China-UK program. However, according to the results, we can have the same conclusion as in the
paper, that the China-UK program had no statistically significant effects on fertilizer use.

Appendix A.3.2. Variable List #3

Secondly, we add three variables which are the awareness of agricultural NPS pollution,
environmental polies and sustainable agriculture policies. These variables are captured in three
dummy variables based on yes-no responses to questions about these issues. The coefficients on these
dummy variables will capture whether knowledge of these issues is translated into action through
participation in the program. Our expectation is that farmers are aware of agricultural NPS pollution
will pay more attention to environmental protection, which will lead farmers’ attention to sustainable
agriculture. Moreover, we included their support of taxes on agricultural NPS pollution, and the
farmer’s expectation of subsidies for reducing fertilizer use. By adding these five variables, we generate
the variable list 3. We still report the balance test first and then the results of Probit models, finally the
ATET estimation.

In Tables A8 and A9, we can know that still with one exception: Age, the variance ratio is closer to
1 and all other covariates the weighted average after matching is closer to that of the treated group and.
The results are the same to the results of variable list 1 and 2 and indicate that our model improve the
balance level. After balance test, we use Probit models to estimate farmers’ probability of participation
the program and the results are shown in Table A10.
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Table A8. Standardized difference of Balance test for variable list 3.

Covariates
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender 0.0285 0.0194 0.0283 0.0277 −0.0028 0.0206 0.0430 0.0756 0.0285 0.0248 −0.0084 −0.0143
Age −0.0561 0.0282 −0.0484 0.0948 −0.0971 −0.0235 −0.1924 0.0364 −0.0575 0.0579 −0.0840 0.0104
Education −0.0717 0.0218 −0.0077 0.0317 −0.2556 0.0211 −0.2416 −0.0468 −0.0691 0.0015 −0.0207 0.0469
Years for farming 0.0029 −0.0260 0.0002 0.0293 0.0493 −0.0418 −0.1527 −0.0298 0.0459 −0.0103 0.0858 −0.0126

Farm Characteristics

Using machine 0.8445 −0.0165 0.7830 −0.0238 0.9125 0.0061 0.7437 −0.0317 0.9775 0.0556 0.7959 0.0151
Land area 0.2390 −0.0608 0.2173 −0.0747 0.3476 −0.0253 0.2126 −0.0530 0.1918 −0.0627 0.2830 −0.0282
Labor ratio 0.0256 −0.0144 0.0072 −0.0374 0.0744 −0.0230 0.0327 0.0012 0.0033 0.0274 0.0146 −0.0112
Farming income ratio 0.6948 −0.0662 0.6454 −0.0669 0.8728 −0.0410 0.7297 −0.0771 0.6772 −0.1028 0.7075 −0.0891
Planting others crops −0.0221 −0.0486 0.0212 −0.0385 −0.1484 −0.0502 0.0476 −0.0048 −0.1854 −0.0393 0.0123 −0.0774
Planting kiwi −0.4674 0.0818 −0.4240 0.0931 −0.4107 0.0989 −0.3965 0.1151 −0.4643 0.0504 −0.4304 0.0690
Planting corn 0.2015 −0.0685 0.1580 −0.0800 0.1449 −0.0898 0.1310 −0.1050 0.1993 −0.0545 0.1661 −0.0696
Planting wheat 0.1930 −0.0744 0.1495 −0.0881 0.1365 −0.0856 0.1226 −0.1109 0.1909 −0.0431 0.1577 −0.0625

Awareness

of agricultural NPS 0.1416 −0.0104 0.1765 −0.0397 0.0210 0.0164 0.2506 0.0748 0.2167 −0.0272 −0.0435 −0.0095
of eco-agriculture policies 0.1531 0.0057 0.1231 −0.0225 0.1528 0.0059 0.2907 0.0888 0.2268 −0.0539 0.0802 0.0069
of environmental protection policies 0.2080 0.0262 0.2007 0.0238 0.0647 0.0229 0.3895 0.0799 0.2066 −0.0361 0.0705 0.0350

Policies

Village has program 0.3414 0.0227 0.4160 0.0285 0.1839 0.0357 0.3013 0.0683 0.3387 0.0185 0.3581 0.0439
Communication with friends −0.4250 −0.0065 −0.4311 −0.0240 −0.5290 −0.0543 −0.3944 −0.0493 −0.5225 0.0382 −0.2643 −0.0022
Accessible training class 0.3227 −0.0062 0.3167 −0.0276 0.3375 −0.0321 0.3598 0.0483 0.2964 0.0525 0.4619 −0.0300
Experience of training classes 0.1627 0.0076 0.2247 0.0084 0.1374 0.0117 0.2624 0.0149 0.1351 0.0399 0.3005 0.0355
Expectation of subsidy amount 0.0509 −0.0677 −0.0198 −0.0707 0.1107 −0.0813 0.0156 −0.1205 0.1162 −0.0288 0.0679 −0.0579
Support laws to limit fertilizer use 0.5313 0.0405 0.6123 0.0484 0.4576 0.0571 0.5839 0.0444 0.6526 0.0297 0.4833 0.0455
Support tax on pollution −0.0174 −0.0073 −0.0744 −0.0332 0.0714 0.0266 −0.0686 0.0022 0.0536 −0.0497 0.0415 0.0398
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Table A9. Variance ratio of Balance test for variable list 3.

Covariates
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender 1.0315 0.9992 1.0372 0.9986 1.0405 1.0005 1.0405 0.9990 1.0316 0.9989 1.0371 1.0003
Age 0.6386 0.5106 0.6217 0.4898 0.6998 0.6037 0.6332 0.5727 0.6039 0.4777 0.6193 0.5458
Education 0.8966 1.0482 1.0240 1.0629 0.5684 1.0674 0.5932 0.8770 0.9007 1.0032 0.9971 1.0993
Years for farming 0.6294 0.6352 0.5905 0.6051 0.6391 0.6267 0.5917 0.6884 0.6336 0.7092 0.5945 0.6328

Farm Characteristics

Using machine 0.3864 1.0449 0.4429 1.0590 0.3208 0.9820 0.4780 1.0746 0.2672 0.8367 0.4276 0.9649
Land area 1.0992 0.6910 1.1829 0.7036 1.2269 0.6608 1.1953 0.9475 1.1500 0.7602 1.1962 0.6720
Labor ratio 0.7871 0.8921 0.8672 1.0637 0.6234 0.7115 0.8638 0.9779 0.7701 0.9627 0.6690 0.7391
Farming income ratio 0.8112 0.8002 0.8840 0.8279 0.6370 0.6512 0.9910 0.9339 0.8715 0.8394 0.7970 0.7952
Planting others crops 0.9592 0.8548 1.1117 0.8918 0.5851 0.8053 1.2099 0.9859 0.4830 0.8268 1.0793 0.7969
Planting kiwi 0.3713 1.3618 0.4298 1.3811 0.4478 1.3993 0.4672 1.4729 0.3728 1.2002 0.4165 1.2694
Planting corn 0.5890 1.2895 0.6823 1.3136 0.7111 1.3520 0.7423 1.4173 0.5919 1.2194 0.6620 1.2719
Planting wheat 0.6004 1.3208 0.6955 1.3545 0.7249 1.3309 0.7567 1.4491 0.6033 1.1675 0.6749 1.2390

Awareness

of agricultural NPS 1.1605 0.9935 1.1605 1.1946 0.9788 1.0616 1.0155 1.2519 1.0400 1.2137 0.9873 0.9931
of eco-agriculture policies 1.1178 1.0021 1.1178 1.1109 0.9914 1.1240 1.0021 1.1673 1.0157 1.1430 0.9917 1.0853
of environmental protection policies 1.0953 1.0026 1.0953 1.1004 1.0026 1.0685 1.0084 1.0964 0.9854 1.0946 0.9988 1.0659

Policies

Village has program 1.2548 1.0054 1.2860 1.0032 1.1899 1.0201 1.2448 1.0229 1.2516 1.0042 1.2544 1.0089
Communication with friends 0.7064 0.9908 0.6959 0.9655 0.6027 0.9120 0.7404 0.9376 0.6126 1.0714 0.8547 0.9978
Accessible training class 2.0295 0.9912 2.0587 0.9606 2.1313 0.9563 2.2084 1.0722 1.8829 1.0839 2.4076 0.9704
Experience of training classes 1.5589 1.0165 1.7814 1.0159 1.5015 1.0273 1.9210 1.0264 1.4380 1.0914 2.0108 1.0595
Expectation of subsidy amount 0.6936 0.9053 0.7829 0.8446 0.6906 1.1480 0.7815 1.1354 0.6420 0.9213 0.7087 0.9956
Support laws to limit fertilizer use 0.4453 0.9036 0.3547 0.8671 0.5315 0.8847 0.3852 0.8827 0.3077 0.9068 0.4959 0.9006
Support tax on pollution 1.0394 1.0027 1.0639 1.0093 1.0079 0.9871 1.0669 0.9993 1.0084 1.0278 1.0185 0.9830
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Table A10. Estimated results of the Probit model for variable list 3.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Personal Characteristics

Gender −0.2474 −0.327 −0.2099 −0.2583 −0.2437 −0.1441
Age 0.0040 0.0059 0.0020 −0.0019 0.0023 −0.0004
Education −0.1713 −0.115 −0.4783 −0.6339 −0.0851 0.0691
Years for farming 0.0053 0.0038 0.0048 0.0013 0.0114 0.0124

Farm Characteristics

Using machine 1.268 *** 1.2066 *** 1.6154 *** 1.18 *** 1.3499 *** 1.2554 ***
Land area −0.0317 0.0091 −0.0863 −0.1353 −0.1430 0.2207
Labor ratio −0.5433 −0.4966 −0.1982 −0.7989 −0.7340 −0.7480
Farming income ratio 1.5471 *** 1.5417 *** 1.7802 *** 1.6773 *** 1.6947 *** 1.5959 ***
Area planted in other crops 0.3708 0.4647 −0.0185 0.4923 −0.1968 0.5253
Area planted in kiwi −0.9219 −0.9254 −0.8282 −0.8089 −0.9854 −1.0236
Area planted in corn −0.1892 −0.1649 −0.2721 −0.2087 −0.4725 −0.3692
Area planted in wheat 0.0358 −0.0206 0.1059 0.0236 −0.0617 0.1221

Awareness

of agricultural NPS −0.0917 0.0342 −0.3664 0.0327 0.1021 −0.4655
of eco-agriculture policies 0.3042 0.3133 0.4133 0.3108 0.3644 0.3148
of environmental protection policies −0.0306 −0.0674 −0.1330 0.2627 −0.1855 −0.1299

Policies

Village has program 0.6900 ** 0.7899 *** 0.5994 * 0.5175 * 0.7169 ** 0.7608 **
Communication with friends −0.6134 ** −0.5192 * −0.7442 ** −0.5546 * −0.8865 *** −0.4839
Accessible training class 1.0512 ** 1.0985 ** 1.2120 *** 1.0821 ** 0.8519 * 1.3027 ***
Experience of training classes 0.4348 0.4592 0.6120 0.6888 0.0928 0.3595
Expectation of subsidy amount 0.1721 0.1235 0.2010 0.2017 0.2016 0.1305
Support laws to limit fertilizer use 0.8599 ** 1.0994 *** 0.5150 1.0742 ** 1.1393 *** 0.7746 **
Support tax on pollution −0.3155 −0.4195 −0.0366 −0.5865* −0.3541 −0.2158
constant −4.5728 *** −4.7002 *** −5.044 *** −4.3914** −4.5972 *** −4.4662 ***

***, **, *, represent 1%, 5%, 10% significant level respectively.

The estimation results of the Probit model and balancing test are almost the same as the estimated
results in paper and we use these estimation results to calculate the propensity score to evaluate the
treatment effect.

In Table A11, none of the estimates are statistically different from zero at the 10% level. When the
full China-UK program is evaluated (treatment 1), we estimated that participating farmers applied
4.29 kg/ha more fertilizer than they would have applied had they not participated. The treatment
that yielded a negative estimate of ATET was treatment 3, in which demonstration zone is dropped.
This does suggest that the demonstration zone component is the least effective of the components to
reduce farmers’ fertilizer inputs. On the other hand, if the poster component is excluded (treatment 6)
the effect is largest and positive. This does suggest the same as in the paper, that poster may have been
the most effective component of the China-UK program. However, according to the results, we can
have the same conclusion as in the paper, that the China-UK program had no statistically significant
effect on fertilizer use.

Table A11. ATET for different treatment for variable list 3.

Treatment Model

Outcome

Total Fertilizer Use (kg/ha)

ATET Std. Err t-Stat

1. Full China-UK program 4.2921 37.1441 0.1200
2. all except farm field school 17.3501 43.0302 0.4000
3. all except demonstration zone −10.2748 40.7848 −0.2500
4. all except farmer meeting 5.0707 44.6389 0.1100
5. all except Farmer to farmer training 10.8829 39.3275 0.2800
6. all except poster 28.6500 39.5673 0.7200
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Appendix A.3.3. Changing Matching Algorithm

Our third robustness check is changing the options of matching algorithm. We re-estimated the
treatment effect using NNM matching algorithms which mentioned in the paper. The first step of
NNM and IPW method is all the estimation of farmers’ probability to be treated by Probit model and
the estimation results are the same because that we use the same variable lists. Therefore, we did not
report the Probit model estimation results but the balancing test and estimation of Average Treatment
Effect (ATE).

The results of balance test for Variable list 1 is reported in Tables A12 and A13, similar balancing
tests were carried out for every variable list. We found that the standardized difference and variance
ratio for many variables are not closed to 0 and 1. The results indicated that the NNM method did
not improve the balance level and the ATE estimation may have bias problems. Therefore, the IPW
method used in the paper is more suitable to dealing with the evaluation of treatment effect. We still
tabled the results of ATE by NNM method in Table A14, but did not trust the results because of the
unbalanced variables.
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Table A12. Standardized difference of Balance test for variable list 1.

Covariates
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender 0.0098 0.4317 −0.0155 0.4439 −0.0180 0.5405 0.0455 0.5337 0.0060 0.3459 0.0121 0.4913
Age 0.0536 −0.0631 0.0164 −0.1617 0.0539 0.1967 0.0102 0.0624 −0.0187 0.2320 0.0034 0.0664
Education 0.0501 −0.3063 0.1520 −0.3855 −0.0524 0.2302 −0.0454 −0.1470 0.0843 0.2807 0.0569 −0.2298
Years for farming −0.0050 0.1884 0.0096 0.2505 0.0226 −0.1590 −0.0812 0.2216 −0.0841 −0.1985 0.1195 0.5075

Farm Characteristics

Using machine 0.6663 −0.1779 0.5618 −0.0775 0.6788 −0.1343 0.5894 −0.0578 0.7285 −0.2113 0.7646 −0.4134
Land area 0.1064 0.0804 0.0615 0.1642 0.1703 0.0031 0.0980 −0.0237 0.1013 0.0260 0.2105 0.0571
Labor ratio 0.0117 0.1236 −0.0007 0.0827 0.0497 0.0867 −0.0028 0.0353 −0.1672 −0.1029 0.0356 0.0718
Farming income ratio 0.6413 −0.1481 0.5526 0.0036 0.7148 −0.2328 0.6441 −0.2771 0.6019 −0.2480 0.7620 −0.1393
Planting other crops 0.1513 0.0000 0.2328 0.0086 0.1140 0.3728 0.2086 −0.0839 0.0820 0.4536 0.1264 0.2559
Planting kiwi −0.3368 −0.5877 −0.2612 −0.6183 −0.2821 −0.3940 −0.2821 −0.4084 −0.4124 −0.5289 −0.3714 −0.4898
Planting corn 0.1631 0.4093 0.0995 0.4106 0.1175 0.3763 0.1175 0.3831 0.1536 0.2931 0.2267 0.4724
Planting wheat 0.1552 0.4026 0.0916 0.4040 0.1097 0.3763 0.1097 0.3897 0.1380 0.2861 0.2191 0.4661

Policies

Village has program 0.4351 0.6089 0.4678 0.4972 0.3849 0.6711 0.3908 0.6335 0.4308 0.6386 0.3494 0.7493
Communication with friends −0.2911 0.3253 −0.2971 0.3368 −0.2720 0.4089 −0.2666 0.2424 −0.4047 0.3246 −0.2442 0.5055
Accessible training class 0.3890 −0.0592 0.3630 −0.1149 0.3943 −0.1035 0.4704 −0.1441 0.3213 −0.1478 0.4037 −0.1362
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Table A13. Variance ratio of Balance test for variable list 1.

Covariates
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted Raw Weighted

Personal Characteristics

Gender 1.0232 0.8058 1.0298 0.8129 1.0280 0.7174 1.0242 0.7273 1.0248 0.8643 1.0280 0.7645
Age 0.6536 0.4363 0.5628 0.6436 0.7299 0.7162 0.6774 0.4197 0.6064 0.5517 0.6518 0.4486
Education 1.1187 0.4630 1.3168 0.3226 0.9300 1.3987 0.9418 0.7275 1.1877 1.5266 1.1373 0.6069
Years for farming 0.6729 0.6595 0.6724 0.5529 0.6623 1.1492 0.6645 0.7507 0.7497 1.3289 0.5553 0.3758

Farm Characteristics

Using machine 0.5396 1.0349 0.6365 1.0198 0.5227 1.0242 0.6064 1.0160 0.4845 1.0237 0.4437 0.9586
Land area 1.0371 0.4814 1.1030 0.4359 1.1473 0.4345 1.0798 0.3651 1.0956 0.3933 1.1287 0.3681
Labor ratio 0.8083 0.3557 0.7495 0.3861 0.7072 0.3669 0.8615 0.3952 0.7089 0.2645 0.7530 0.2623
Farming income ratio 0.9145 1.1846 1.0144 1.3312 0.7856 0.9864 1.0410 0.9980 0.9790 1.0887 0.8520 1.3533
Planting other crops 1.5270 1.0000 1.8290 1.0259 1.3998 2.1101 1.7410 0.7525 1.2878 2.3620 1.4445 1.7875
Planting kiwi 0.5381 0.1663 0.6479 0.1384 0.6149 0.4217 0.6149 0.4062 0.4343 0.2346 0.4878 0.2948
Planting corn 0.6586 0.1591 0.7998 0.1753 0.7575 0.2217 0.7575 0.2179 0.6830 0.3704 0.5296 0.0676
Planting wheat 0.6706 0.1619 0.8143 0.1784 0.7714 0.2217 0.7714 0.2143 0.7079 0.3769 0.5390 0.0688

Policies

Village has program 1.2715 1.1956 1.2880 1.1950 1.2545 1.1225 1.2614 1.1474 1.2700 1.1376 1.2467 1.1436
Communication with friends 0.8188 1.0688 0.8130 1.0490 0.8391 1.0181 0.8411 1.0695 0.7235 1.0517 0.8595 0.9730
Accessible training class 2.2304 0.8402 2.1803 0.6983 2.2373 0.7298 2.4843 0.6505 1.9392 0.6320 2.2390 0.6634
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Table A14. ATE for different treatments for three variable lists.

ATE for Different Treatment for Variable List 1

Treatment Model

Outcome

Total Fertilizer Use (kg/ha)

ATE Std. Err t-Stat

1. Full China-UK program 3.9091 33.8472 0.1200
2. all except farm field school −4.0544 28.2785 −0.1400
3. all except demonstration zone 60.2093 84.5708 0.7100
4. all except farmer meeting −1.3979 5.1474 −0.2700
5. all except Farmer to farmer training 54.2590 88.2877 0.6100
6. all except poster 25.2195 ** 11.7674 2.1400

ATE for Different Treatment for Variable List 2

Treatment Model

Outcome

Total Fertilizer Use (kg/ha)

ATE Std. Err t-stat

1. Full China-UK program 22.6128 53.6846 0.4200
2. all except farm field school −3.7655 49.2815 −0.0800
3. all except demonstration zone 49.8504 97.2741 0.5100
4. all except farmer meeting −15.3255 73.4077 −0.2100
5. all except Farmer to farmer training −7.0724 71.2823 −0.1000
6. all except poster 9.1890 54.8979 0.1700

ATE for Different Treatment for Variable List 3

Treatment Model

Outcome

Total Fertilizer Use (kg/ha)

ATE Std. Err t-Stat

1. Full China-UK program 64.6919 120.7016 0.5400
2. all except farm field school −66.2028 118.5715 −0.5600
3. all except demonstration zone 55.7821 140.5542 0.4000
4. all except farmer meeting −119.484 *** 6.4874 −18.4200
5. all except Farmer to farmer training 15.1519 88.6090 0.1700
6. all except poster 30.4629 92.0740 0.3300

***, ** represent 1%, 5% significant level respectively.
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