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Executive Summary
There is rich literature on the biophysical benefits of zero tillage (ZT) while that on its economic
benefits, especially in the context of small and medium-scale farmers, is scanty. Using a combination
of Propensity Score Matching (PSM) and Endogenous Switching Regression (ESR) models and a case
study from a large project which promoted a number of technologies including zero tillage in the
Karak region of Jordan, this study attempts to provide evidence on the profitability of ZT. Model results show that adoption of the zero tillage leads to a gain in net margins of about US$357/ha for the
typical adopters. Moreover, if the typical non-adopter farmers were to adopt the ZT technology, they
would earn about US$240/ha more than their current net margins. Along with the positive biophysical and environmental benefits of the adoption of ZT, which are well documented in the literature,
our results suggest that ZT is a robust technology which can be justified on economic, food security,
biophysical and environmental grounds. Therefore, wider adoption of ZT has great potential for transforming the agricultural sector in general and the livelihoods of small and medium mixed crop-livestock producers in the Karak governorate of Jordan and similar areas in the West Asian region. The
policy implication of our results is that governments in the developing world should consider embracing ZT as one of the priority cropping technology packages in their national extension programs, and
develop policies which overcome limitations for wider adoption.
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1. Introduction
Severe land degradation and the ever-increasing scarcity of water raise concerns about the future
of agriculture, especially crop production, in dryland areas of the Arab region. Conservation agriculture (CA), defined as cropping with minimal soil disturbance, stubble retention and wide rotations
(Friedrich et al., 2012), is believed to be a promising technology that can provide some solutions for
these longstanding agricultural challenges in the region. However, CA is often looked upon with a high
degree of skepticism mainly due to lack of information and evidence, particularly on its effectiveness
and profitability relative to traditional tillage and other agronomic practices (Belloum, 2014).
Globally, 9% of total cropland was estimated to be under CA in 2012 but not necessarily the entire CA
‘package’ (Friedrich et al., 2012). ZT, an important cropping technology in its own right, as well as a
defined component of CA, has been widely adopted in North and South America and Australia (Fulton
2010; Horowitz et al., 2010; Llewellyn et al., 2012). However, with the exception of few success stories in certain pockets, South Asia and Africa (Friedrich et al., 2012; Giller et al., 2009) and West Asia
(Piggin et al., 2011) have not yet benefitted from the advances of CA technology in general and ZT in
particular.
ZT is an agricultural practice or technology whereby planting takes place without any prior tillage. It
is also known by various other names including no till (NT), direct seeding (DS) and minimum tillage
(MT), and is sometimes confused with the much broader concept of CA. Adoption of ZT conserves
soil moisture and reduces fuel, labor and machinery costs (Ribera et al., 2004). In addition, a reduction in wind and water erosion provides significant environmental benefits. ZT can often lead to
higher yields, increased net returns and reduced cost, and income variability, which is particularly
important in dryland areas. As with many high-income countries, CA can lead to possible benefits to
resource-poor farmers and consumers, and improve rural and national economies in low and middle
income countries in the Middle East, Asia and Africa, especially those in the dryland regions (ICARDA
2012). ZT is thought to be the most important component of CA for the Middle East providing immediate benefits to farmers (Loss et al., 2015).
The aim of this study is to quantify the livelihood benefits of ZT on rural household barley production
in Jordan. In particular, the paper investigates the impacts of adoption of ZT on farm net income. In
view of the tremendous skepticism about the economic benefits of CA, especially in the context of
mixed crop–livestock production systems, this paper provides the much needed empirical evidence
on the profitability of the adoption of ZT. The results will be useful for policy makers, extension
offices, government and non-governmental development organizations, development agents and
researchers working in Jordan and other areas with similar agro-climatic and production systems.
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2. Description of the project and the study area
A three-year project funded by the International Fund for Agricultural Development (IFAD) of the
United Nations was launched in 2011 with an objective of increasing productivity and climate change
resilience of poor rural households in the rainfed areas of Jordan and Iraq who are dependent on
barley and livestock production.
The project targeted areas where annual rainfall ranges between 200 to 350 mm, and barley is the
main source of feed for small ruminants (mainly sheep and some goats) in a mixed crop-livestock
production systems. In this system, barley and rarely wheat stubble grazing is used as a source of
feed for most of the year. Households relying on barley production are highly vulnerable, as the
barley-based livestock system is practiced in fragile marginal ecosystems subject to frequent drought,
water scarcity, increasingly erratic rainfall, resource over-use, degradation, soil erosion, loss of biodiversity, and very low levels of soil organic matter.
The main target groups of the project were resource-poor farmers and livestock producers in the rainfed barley-based system whose livelihoods are dependent on agriculture. These farmers have limited
off farm income or skills for diversification of economic activities. They also have limited access to
pertinent information and technological developments.
Specific sites for project implementation were selected in the first growing season (2011/2012) by a
multidisciplinary team from the project staff. Site selection was guided by the criteria set in the project document. The team met with farmers, officials and institutions working in the area and based
on the results of these meetings and the characteristics of the candidate sites visited, the project
implementation sites were selected.
Two wider areas were selected in Jordan. The first area is located to the north east of the Karak
Governorate and consists of a cluster of 5 villages namely: Rabbah, Ader, Smakiyeh, Judeydah and
H’mud. The second area is located to the south of the governorate from which one village called Sul
was selected for inclusion into the project. The selected villages are located within the area covered
by the Agricultural Resource Management Project Phase II (ARMP II) - another development project
supported by IFAD. The selected villages are located in the dry areas of Jordan where barley and small
ruminants are the major agricultural activities.
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3. Methodology
There are three potential sources of bias in impact studies. The first one is that participant households may significantly differ from nonparticipants in a community due to observable characteristics
(such as household head’s education level, farming experience, and age) that may have a direct effect
on outcome of interest. Secondly, differences among households can arise due to unobservable
household and farmer characteristics. For instance, some households may have certain advantages
such as good entrepreneurial spirit or special skills and other sources of income that may significantly influence their adoption behavior and even the outcome variable. Third, there exist externalities
(spillover effects) which are exerted by the project on nonparticipants (Davis et al., 2010). Because
of the above confounding errors, differences between participants and non-participants may, either
totally or partially, reflect initial differences between the two groups rather than the effects of participating in the intervention (which in this particular case is ZT).
The choice of the appropriate model to use for impact evaluation on improved agricultural technologies depends on how the treatment was disseminated to or received by the intended beneficiaries
(Spencer et al, 2006). In many cases, participants are not randomly assigned but either chosen by
project personnel (or development agents) or included on voluntary basis where participants may
decide on whether to participate or not based on their subjective assessment of benefits and costs
arising from the technology or intervention of the project, which creates selectivity bias. Unless the
bias so introduced is acknowledged and the necessary corrections made, the treatment effect can
be misstated (Wei-Ling Song, 2005; Becker and Ichino, 2002). Barley producing farmers exposed to
the ZT technology in Jordan had full control over their decision on whether to participate or not (the
receipt of the treatment is endogenous). Hence, the most plausible assumption in this case is that of
selection bias on unobservable factors (Imbens and Wooldridge, 2009; Diagne, et al., 2009). While a
number of methods for program evaluation exist, the most common in the literature are the differences in differences approach (DID), propensity score matching (PSM), endogenous switching regression (ESR) and the instrumental variables approach (IV). If pre and post-project panel data generated
through well designed experimental approaches are available, DID has clear advantage over all the
others as it is potent in removing biases introduced through both observable and unobservable factors. However, such data are often beyond the reach of researchers and hence the non-experimental
approaches are used for statistically tackling the “evaluation problem” (Ravallion, 2001). Among such
approaches, the instrumental variables approach is hailed for its strength in minimizing biases due to
both observable and unobservable factors, but finding an appropriate instrument always remains to
be a great challenge. As the data available for this study is only a one shot survey at the end of the
project, the PSM and ESR methods are used in this paper.

Propensity score matching.
The propensity score matching method (Becker and Ichino, 2002) provides a more refined way of
comparing the performance of participant and non-participant farmers by accounting for their inherent differences. The basic concept is to compare non-participant farmers who are similar to participant farmers in all relevant characteristics except for the treatment (in this case the adoption of the
ZT technology). The differences in the outcomes of participant farmers and the selected non-participant farmers can then be attributed to the adoption of the technology.
The use of PSM to minimize selectivity bias thus suggests that these differences are the result of the
adoption of ZT rather than the intrinsic characteristics of the sampled households. However, like the
simple mean comparison, PSM may misinterpret the treatment effect, because it only controls for
observed variables, and hidden self-selectivity bias may remain. PSM is chosen for this study because it does not require baseline data, the treatment assignment in the IFAD project is not random
and is considered as second-best alternative to experimental design in minimizing selection biases
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mentioned above (Baker, 2000). Moreover, assuming that technology adoption is a function of a
wide range of observable characteristics at household level, removing the assumption of “constant
technology effect” allows us to follow the PSM method (Mendola, 2007). The PSM approach can be
described as follows:
Suppose Ai denotes a dummy variable, such that Ai =1 denotes that the ith individual has adopted ZT
and Ai= 0 otherwise. Similarly let Y1i denote the observed outcome (in this case net margins) for an
adopter household i and Y2i the potential net margins had they not adopted the technology. Then D=
Y1i - Y2i is the impact of ZT adoption on the ith individual adopter, usually called the treatment effect.
In reality, we observe only Yi= AiY1i + (1 - Ai) Y2i rather than Y1i and Y2i (counterfactual outcome) for the
same individual for which we are unable to directly compute the treatment effect for every unit. The
primary treatment effect of interest that can be estimated is therefore the Average Impact of Treatment on the Treated (ATT) given by

t= E (Y1i - Y2i / Ai =1)
(1)
Suppose that X is the set of covariates that determine the adoption of ZT. Then, using a logit model
and following Rosenbaum and Rubin (1983), the propensity score is estimated as:
P(X) = P (Ai =1/ X)
(2)
With the assumptions that the potential outcomes are independent of the realized technology adoption
decision given X (i.e., Y1i, Y2i ^ A / X),
E (Y2i / A=1, P(X)) = Y2i / A=0, P(X))
(3)
Where ^ denotes independence, and 0 < P(X) < 1, i.e., for all X there is a positive probability of
either adopting (A=1) or not adopting (A=0). This guarantees every adopter has counterpart in the
non-adopter population.
The ATT can then be estimated as:

t= E (Y1i - Y2i / Ai =1)
= E [(E (Y1i - Y2i / Ai =1, P(X))]
= E[ (E (Y1i / Ai =1, P(X)) - E (Y2i / Ai =0, P(X))]
(4)
The propensity score is a continuous variable and there is no way to always get an adopter with the
same score as its counterfactual(s). Thus, estimation of the propensity score is not sufficient to compute the average treatment effect given by equation (4) but instead there is a need for searching for
counterfactual(s) that match with each adopter depending on its propensity score. In social experiments where assignments to treatments are random, this concern is eliminated. However, in non-experimental studies, one has to invoke some identifying assumptions to solve the selection problem.
The following were the steps followed in this paper to estimate the impact of ZT adoption on net
margins: 1) Estimating propensity score using a logit model; 2) Choosing the best matching algorism;
3) Checking overlap and common support and 4) Estimation of the impact. After the estimation of the
logit model to generate the propensity scores, the psmatch2 command in Stata due to Leuven and
Sianesi (2003) is used to generate the ATT, the average treatment effect on the untreated (ATU) which
measures the expected change in net margins if a typical non-adopter household were to adopt ZT
and the average treatment effect (ATE) which is a measure of the expected change in net income for a
randomly selected farmer in the project area regardless of adoption status.

Endogenous switching regression
In this study, endogenous switching regression is used to complement the PSM techniques as it is
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potent in correcting for bias originating from both observable and unobservable factors. Hence, in
order to determine the counterfactual impact on net margins for adopters, an endogenous switching
regression (ESR) approach is employed. The approach uses a probit model at the first stage to determine the relationship between the decision of adoption and possible determinants of net margins.
The second stage regression estimates the determinants of net margins conditional on specific criterion function. The ESR can be briefly described as follows:

Suppose Si* be a latent variable capturing the expected net margins from ZT adoption.
Then, the probit model of the adoption decision can be specified as:
with

(5)

Where: Si* is the unobservable or latent variable for technology adoption, Gi is its observable counterpart (the dependent variable adoption of ZT equals one, if the farmer has adopted ZT, and zero
otherwise), Xi are non-stochastic vectors of observed farm and non-farm characteristics believed to
determine adoption and ui is random disturbances associated with the adoption of ZT. In reality, farmers face two regimes, namely: to adopt, and to not adopt defined as follows:

Regime 1:

if

(6)

Regime 2:

if

(7)

Where Yi is net margins in regime i, Ji represents a vector of exogenous variables that influence net
margins and the error terms are assumed to have a trivariate normal distribution, with zero mean
and non-singular covariance matrix. Then, the use of the full information maximum likelihood (FIML)
enables the simultaneous estimation of the probit model (also called the selection equation) and
the outcome equation and generate efficient estimates with consistent standard errors (Lokshin and
Sajaia, 2004). The movestay command in STATA (Lokshin and Sajaia, 2004).
The aforementioned endogenous switching regression model can be used to compare the expected
net margins of the farm households that adopted (a) with respect to the farm households that did
not adopt (b), and to investigate the expected net margins in the counterfactual hypothetical cases (c)
that the adopted farm households did not adopt, and (d) that the non-adopters farm households did
adopt.

E(

/

)=

(a)

E(

/

)=

(c)

E(

/

)=

(b)

E(

/

)=

(d)

Where:
Si = 1 if the farmer adopted ZT and 0 otherwise
y1i = net margins if adoption has actually taken place;
y2i = net margins if adoption did not happen

Equations (8) and (10) represent the actual expectations observed in the sample while (9) and
(11) represent the counterfactual expected outcomes. In addition, following Heckman et al.,
(2001), and Di Falco et al., (2011) the following effects are calculated: the effect of the treatment
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on the treated (TT) as the difference between (a) and (c) (equation 8).
TT= E (

/

)-E(

/

)=-

(8)

This represents the effect of ZT adoption on net margins by farmers that actually adopted the technology. Similarly, the effect of the treatment of the untreated (TU) for the farm households that actually did not adopt the technology is calculated as the deference between (d) and (b),

TU= E (

/

)-E(

/

)=-

(9)

The expected outcomes described in (4a)-(4d) can be used to calculate the heterogeneity effects.
Following Carter and Milon (2005), we define “the effect of base heterogeneity” for the group of farm
households that decided to adopt as the difference between (a) and (d):

BH1= E (

/

)-E(

/

)=-

(10)

Similarly, for the group of farm households that decided not to adopt, “the effect of base heterogeneity” is calculated as the difference between (c) and (b).

BH2= E (

/

)-E(

9

/

)=-

(11)

4. Data
The stratified sampling approach was used to draw a total of 60 farm households for the survey
because the zero tillage (ZT) technology has only recently been introduced into the study communities by the IFAD-funded project with only project participants testing the technology. As
a result, all 26 farmers who hosted demonstration trials on their own farms were purposively
selected and included into the sample so as to avoid the risk of not having enough adopters in
the sample while 4 other farmers who took part only in field days were also included into the
sample. Thirty farmers who did not have any relationship with the project were randomly selected for inclusion in the sample. Consequently, adopter farmers represented 43% of the total
sample size while the remaining 57% were non-adopters of ZT. The survey took place during the
last year of the project (2014). A survey questionnaire was developed and used to collect quantitative and qualitative data on such variables as farm and farmer characteristics, quantities and
costs of production inputs and yields under different tillage options. The survey was deemed an
important tool to provide the basis and needed data for assessing the impact of the project and
the effectiveness with which the impacts were delivered.
By design, the survey covered the same six villages in the Karak governorate namely: Rabbah,
Ader, Smakiyeh, Judeydah, Sul, and H’mud where the IFAD project was implemented. The distribution of sample farmers was as follows: 31.7% from Ader, 25% from Sul, 11.7% from Rabba,
16.7% from Smakiyyah, 11.7% from Judayyedah and 3.3% from Hmoud. Version 18 of the Statistical Package for Social Scientists (SPSS) program (SPSS Inc., 2008) was used for data organization.
All respondents were men, 96.7% of whom were household heads with age range of 23 - 56
years. Education-wise, 35% were preparatory school level, 38% were secondary school level and
only less than 7% of them had higher education. Farming seems to be a profession which is mainly performed by old farmers who have been in the system for long time. In the sample, farming
experience was in the range of 7 and 70 years, with an average of 33 years.
Half (30) of the sample farmers were participants in the project activities through either hosting
demonstration trials for testing the technologies on their own farm lands (26), or participating
only in field days without applying the ZT technology on their farms (4). All the farmers who
hosted demo trials also participated in the field days. The other half (30) however did not have
any relationship with the project and hence neither participated in field days nor hosted demonstration trials.
Among the crops cultivated by the sample farmers, barley stands first in terms of number of
farmers cultivating it (53), followed by wheat (40) and legumes (20). While animal fodder, olives
and vegetables are cultivated by only 5 farmers, 4 farmers, and 1 farmer respectively. Most of the
total area surveyed (21369 du1) is devoted to barley crop followed by wheat crop (9495 du), and
legumes (1650 du).
Out of the 60 sample farm households, 41 (67%) produce sheep while 27 (45%) produce goats.
The average number of sheep per flock is 243 while the average number of goats per flock is
61. The maximum flock size is also larger for sheep (at 800 heads) as compared to 300 heads for
goats. Likewise, the average number of milking sheep (150) is more than the average number of
milking goats (33).
Generally, rangeland and cereal stubble grazing are the major feed sources for small ruminants
in Jordan. Farmers also use green barley grazing and barley and wheat straw as sources of feed
1

One Jordanian dunum (du) is equivalent to 0.1ha
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for their livestock. However, as these feed sources are not sufficient and cost of purchased feed is
very high, farmers also often provide their sheep with limited amounts of barley grain, and wheat
and barley bran as supplemental feed. Table 1 presents the average quantities of the different
feed types used and their corresponding prices. It also provides the quantities of feed obtained
from the different sources (government distribution centers, local markets, and own production).
Cereal straw is an important source for winter feeding. There is substantial variation in feed prices depending on the source; feed obtained from government distribution centers are much less
in price than the feed obtained from the market. This is because the government subsidizes some
components (such as barley) in the fodder. For instance, the price of barley in the distribution
centers is 175 JD/ton, while the market price is 320 JD/ton.
Table (1): Feed types, quantities, prices and sources

41
8
36
8
8
3
4

Quantities used (ton)
Min
Max
0.6
200
100
1000
0.50
80
0.21
5
6
500
0.2
160
2
100

Mean
25
391.8
5.7
2.1
247
57.4
48
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100

407.1

Fodder

No. of farms

Barley grain
Green barley
Barley Bran
Barley straw
Barley residues
Wheat bran
Wheat Tiben
Barley planted in
rangelands (du)

1000
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Prices paid (JD/ton)
Min
Max
175
320
17.5
17.5
75
200
250
500
8
15
150
167
500
500

Mean
184
17.5
98.3
308.3
12.7
158.5
500

5. Results and Discussion
5.1 Stated Impacts of the Zero Tillage Technology
In the survey, farmers who tested the ZT technology on their own barley fields were asked to provide
their own evaluation of the effects of the ZT technology on their livelihood. The results showed that
a sizeable number of farmers have a generally favorable evaluation of the ZT technology with 50% of
them mentioning that the ZT technology is beneficial with positive effect on their livelihoods. Only
13% of the farmers believed that the ZT technology is harmful with negative effects on their livelihoods and 37% see neither positive nor negative effects of ZT (Figure1).

Figure (1): Farmers’ evaluation about the effects of the ZT technology on their livelihood
A five scale (increased very much, increased moderately, remained the same, decreased moderately,
decreased very much) indicator was used to assess farmers’ opinion on how the time spent on the
different agricultural activities changed with the adoption of zero tillage. Results showed that 88%
of the farmers believed that the time spent for land tillage decreased at varying levels while only 3%
believed that time spent on tillage increased (Figure 2).
Farmers were also asked about their opinion on how the amount of time spent on sowing changed
with the adoption of ZT. A vast majority of farmers (77%) believed that it remained the same while
23% believed that the time spent on sowing decreased at varying levels (Figure 3).

Figure (2): Changes in time spent on tillage with the adoption of Zero tillage
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Figure (3): Changes in time spent on sowing with the use of zero tillage
With regards to the amount of time spent on fertilizer and insecticide application, 93% of farmers
mentioned that the adoption of ZT does not have any effect. Only 6% and 3% believed that time
spent on fertilizer and insecticide applications respectively have increased. Likewise, 50% of the farmers believed that the time spent on herbicide application remained the same as before while 33%
believed that it has increased at varying levels (Figure 4).

Figure (4): Changes in time spent on Fertilizing, herbicides and insecticides application with the use
of Zero tillage
A vast majority (83%, 67% and 77%) of farmers believed that the time spent on weeding, harvesting
and threshing respectively have not changed. The remaining farmers had divergent opinions with
10% believing that it has increased. With regard to other farm activities, 6%, 23% and 13% believed
that the time spent on weeding, harvesting and threshing respectively have increased (Figure 5).
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Figure (5): Changes in time spent on weeding, harvesting and threshing with the use of Zero tillage
Farmers were also asked how the cost of different agricultural activities changed with the use of zero
tillage. Results show that 87% believed that the cost of tillage decreased at varying levels, with 57%
believing that it decreased very much. Only 3% believed that the cost of tillage increased (Figure 6).

Figure (6): Changes in the cost of tillage with the adoption of Zero tillage
With regard to the cost of sowing, the majority (67%) believed that the adoption of ZT does not have
any effect while the remaining 33% believed that it decreased very much. Regarding changes in the
costs of application of fertilizers, herbicides and insecticides, 93%, 50% and 90% respectively believed
that the adoption of ZT did not affect those costs at all while 3%, 30% and 3% respectively believed
that these costs have increased. The remaining 3%, 20% and 6% respectively believed that the costs
of application of fertilizers, herbicides and insecticides have increased (Figure 7).
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Figure (7): Changes in the costs of application of fertilizers, herbicides, and insecticides with
the adoption of Zero tillage
The majority of farmers (80%, 73%, and 80%) believed that the adoption of ZT did not affect the costs
of weeding, harvesting and threshing respectively, while 13%, 20% and 13% respectively believed that
those costs have decreased.

5.2 Measured impacts of the adoption of zero tillage
5.2.1 Results from propensity score matching
Coefficient estimates of the factors explaining the probability of adoption of ZT from a logit model are
presented in Table 2. Model results show that age of the farmer does not have a significant effect on
farmers’ decision whether to adopt ZT or not. This could possibly be because of the high correlation
(0.86) between age and experience. The negative sign on the coefficient estimate however is consistent with theoretical expectation as younger farmers are likely to be more open to new technologies
than older farmers.
Table 2: Results of the Logit model
Explanatory Variable

Coef.

Std. Err.

P>z

Age

-0.039

0.038

0.303

Farmer experience

0.063

0.032

0.047**

Education level

0.674

0.221

0.002***

Number of sheep owned

0.006

0.002

0.001***

Number of goats owned

0.011

0.006

0.064*

Total size of barley farm (du)

-0.001

0.001

0.094*

_cons

-1.892

1.531

0.217

Number of observations =

102

LR chi2 (6)

=

39.11

Prob > chi

=

0

=

0.28

Pseudo R

2

2

Log likelihood =

-50.83
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With large and positive coefficient estimates, educational level and experience of farmers are among
the most important explanatory variables for adoption where more educated and/or experienced
farmers are expected to have a higher propensity to adopt the technology than less educated and/or
less experienced farmers. These results are intuitive because the ZT technology is knowledge intensive requiring a good understanding of crop growth, soil fertility and machinery which educated and
experienced farmers are expected to have and hence, become eager to reap the potential benefits of
the technology. Rahm and Huffman (1984) also reported that producers who are more educated not
only have higher propensity to adopt but also to make economically sound decisions in general.
The number of sheep and goats owned also positively and significantly affect farmers’ propensity to
adopt ZT. A possible explanation is that farmers might be convinced that ZT would lead to higher grain
and biomass yields. Given that some farmers in the region do use barley at its early stage for livestock grazing and still are able to produce good amount of grain and biomass, measuring the changes
in both grain and biomass production due to the adoption of ZT on farmers’ fields was difficult and
hence we are unable to substantiate this hypothesis. Total barley area owned negatively influenced
the adoption of ZT technology (but only at 10% significance level), showing that larger farmers are
not likely to adopt. This is counterintuitive as the large area sizes would justify investment in the
purchase of a ZT seeder but free or rented access to ZT seeders may encourage the smaller farmers to
use ZT as the opportunity cost of their time on their barley farms, under off farm employment scenario, could be higher.
The estimated mean, minimum and maximum values of the propensity scores for all sample households are 0.54, 0.036 and 0.98 respectively. The corresponding figures for adopter households are
0.69, 0.057 and 0.97 while that of the non-adopter households are 0.35, 0.036 and 0.96 – making the
common support region to be between 0.036 and 0.97. For sound comparison of effects between
adopters and non-adopters, predicted propensity scores should satisfy a common support condition.
Therefore we discarded observations whose predicted propensity scores fell outside the range of
the common support region, so households with estimated propensity scores of less than 0.057 and
greater than 0.97 were not considered for the matching. Because of this restriction seven observations (three for non-adopters and four for adopters) were discarded from the analysis.
Among three matching algorithms tested namely the Nearest Neighbor, Radius Caliper and Kernel
bandwidth, the Kernel bandwidth (0.25) matching algorithm was found to fit the data best (Table 3).
Table 3: Balancing test results
Matching estimators

Balancing test^

Pseudo-R2

First nearest Neighbour (NN) - NN(1)

5

0.056

Matched sample
size
102

Second NN - NN(2)

6

0.030

102

Third NN - NN(3)

6

0.029

102

Fourth NN – NN(4)

5

0.038

102

Radius calliper (0.01)

6

1.000

58

Radius calliper (0.25)

6

0.093

98

Radius calliper (0.4)

5

0.097

98

Kernel bandwidth (0.1)

6

0.042

99

Kernel bandwidth (0.25)

6

0.019

102

Kernel bandwidth (0.5)

5

0.089

102
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After controlling for observable confounding factors, we found statistically significant differences in
net margins between adopter and non-adopter households. The results show that the adoption of ZT
raised net farm income on an average by 29.37JD/du or US$415/ha (34%)2 . The average treatment
effect on the treated is 35.1JD/du and the average treatment effect on the untreated is 22.6JD/ha
(Table 4). The difference between ATT and ATU shows that there is endogenous heterogeneity i.e.,
the adoption of ZT has different effects on the adopter and non-adopter groups which is a sign of
inherent differences between the two groups.
Table 4: Treatment effects from the propensity score matching model (JD/du)
Variable

Sample

Treated

Controls

Difference

S.E.

T-stat

Net margins (JD/du)

Unmatched

38.26

5.39

32.87

6.39

5.15***

ATT

38.26

3.08

35.18

8.54

4.12***

ATU

5.39

27.98

22.59

ATE

29.38

Source: Model results
***

indicates significance at 1% level

5.2.2 Results from the Endogenous Switching Regression
For comparability purposes and to check the robustness of our results from PSM, we estimated
endogenous switching regression (ESR) that can control for selection bias from both observable and
unobservable factors. In this paper, the full information maximum likelihood (FIML) estimation method was used to estimate the ESR and model results are presented in Table 5.
The correlation coefficients between the error-terms in the selection and the outcome equations
(rho_1 and rho_2) are not statistically different from zero – implying that the switch is not endogenous. For instance, since rho_1 is not different from zero the model suggests that individuals who
adopt ZT technology did not have higher income than an individual randomly drawn from the whole
sample. Likewise, the insignificant rho_2 indicates that income of those who did not adopt ZT are not
any different from an individual randomly drawn from the whole sample. Results from the endogenous switching regression model estimated by full information maximum likelihood (FIML) indicate
that only education has significant effect on net margins for the group of adopters while only the total
barley area owned has significant effect on net margins for the group of non-adopters.
The results from the ESR regression indicate that the average gain in net margins due to the adoption
of ZT among farmers who actually adopted the technology is 25.29JD/ha (US$357.2/ha). A typical
non-adopter would reap a gain of 16.97JD/du (US$240/ha) in net margins if they were to adopt the
ZT technology (Table 6). The positive and significant heterogeneity effect estimates (H1 and H2) show
that there are inherent differences between adopters and non-adopters regardless of their adoption
decisions.

2

During the study period, the conversion rate was 1 US$ for about 0.708 Jordanian Dinars (JD)

17

Table 5: Estimates of the Endogenous Switching Regression

Net margins (JD/du)_1
Age
Exp
Educ
Nosheep
Barfrmszdu
_cons
Net margins (JD/du)_0
Age
Exp
Educ
Nosheep
Barfrmszdu
_cons
ZT (1=Yes, 0=No)
Age
Exp
Educ
Nosheep
Barfrmszdu
Nogoats
_cons
/lns1
/lns2
/r1
/r2
sigma_1
sigma_2
rho_1
rho_2
Number of obs =
Wald chi2(5) =
Prob > chi2 =
chi2(1) =
Prob > chi2 =

Coef.

Std. Err.

P>z

[95%
Conf.

Interval]

-1.097
0.908
10.429
0.019
-0.017
46.023

0.806
0.751
5.053
0.033
0.013
37.881

0.173
0.227
0.039
0.562
0.202
0.224

-2.675
-0.564
0.524
-0.046
-0.042
-28.222

0.482
2.380
20.334
0.084
0.009
120.269

-0.050
0.247
-1.799
0.029
-0.013
12.104

0.450
0.373
3.596
0.025
0.008
18.722

0.911
0.508
0.617
0.238
0.089
0.518

-0.932
-0.485
-8.847
-0.019
-0.028
-24.591

0.832
0.979
5.248
0.078
0.002
48.799

-0.027
0.038
0.388
0.003
-0.001
0.007
-0.937
3.576
2.979
0.077

0.022
0.019
0.127
0.001
0.000
0.003
0.887
0.096
0.115
0.404
0.4286841
3.443259
2.265689
0.4017688
0.4083059

0.223
0.043
0.002
0
0.131
0.044
0.291
0
0
0.849
0.605

-0.070
0.001
0.138
0.002
-0.001
0.000
-2.677
3.388
2.753
-0.715
-0.61862

0.016
0.075
0.638
0.005
0.000
0.013
0.802
3.765
3.205
0.869

102
8.92
0.1123
0.24
0.6218

18

-0.61389
-0.55017

Table 6. Average impact of treatment from the endogenous switching regression (JD/du)
Subsamples/Effects
Farm households that adopted
Farm households that did not adopt
Heterogeneity effects

Decision Stage
To Adopt
Not to Adopt
38.26
12.97
22.36
5.39
15.9
7.58

Treatment effect
25.29***
16.97***
8.32***

Source: Model results
***

indicates significance at 1% level

The relatively higher treatment effect estimates from PSM relative to ESR as well as the positive and
significant heterogeneity effects from the ESR estimates indicate that there are important selection
biases emanating from unobserved factors which, if not corrected, would lead to overestimation of
the impacts. Therefore, in the face of these biases, the results of the ESR are better estimates of the
true treatment effects.
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6. Conclusions
Achieving agricultural growth and development and thereby improving rural household
welfare will require increased efforts to provide technologies that enhance yield and conserve natural resources. This paper used a case study from Jordan to evaluate the impacts
of adopting the ZT technology on farm income as measured by net margins. The propensity
score matching (PSM) method was used to measure impacts. As a check, the endogenous
switching regression (ESR) method was also used to ascertain the robustness of estimates
from the PSM method. Both the methods were potent in providing estimates of the true
welfare effects of technology adoption by controlling for different types of selection biases
on production and adoption decisions.
Estimates from the propensity matching (PSM) approach show relatively higher impacts than
those from the endogenous switching regression (ESR). Moreover, the estimates of heterogeneity effects from ESR are positive and significant showing that there are inherent differences
between adopters and non-adopters regardless of their adoption decisions. These results
suggest that given its potency to correct for selection due to unobservable factors, ESR would
provide more reliable estimates of impact than PMS. Accordingly, the adoption of ZT leads
to a gain in net margins of 25.29JD/du (US$357.2/ha) for the typical adopter and 16.97JD/du
(US$240/ha) if the typical non-adopter were to adopt the ZT technology.
Other benefits of the other components of the conservation agriculture technology package
(e.g., early planting and retention of some stubble) documented in the literature include: enhancing sustainable management of land resources and increased yields, household income,
consumption and food security.
Along with the positive biophysical and environmental benefits of the adoption of ZT, which
are well documented in the literature, our results suggest that ZT is a robust technology
which can be justified on economic, food security, biophysical and environmental grounds in
production systems. Therefore, wider adoption of ZT has great potential for transforming the
agricultural sector in general and the livelihoods of small and medium mixed crop-livestock
producers in the Karak governorate of Jordan and similar areas in the West Asian region. The
policy implication of our results is that governments in the developing world should consider
embracing ZT as one of the priority cropping technology packages in their national extension
programs, and develop policies which overcome limitations for wider adoption.
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