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Adoption of farm-based irrigation water-saving techniques in the 

Guanzhong Plain, China 

Abstract: This paper analyses adoption of farm-based irrigation water saving techniques, 

based on a cross-sectional data set of 357 farmers in the Guanzhong Plain, China. 

Approximately 83% of the farmers use at least one farm-based water-saving technique. 

However, the traditional, inefficient techniques border and furrow irrigation are still 

prevalent whereas the use of advanced, more efficient techniques is still rather rare. We 

develop and estimate an adoption model consisting of two stages: awareness of water 

scarcity and intensity of adoption. We find that awareness of water scarcity and financial 

status enhance adoption of more advanced techniques while access to better community-

based irrigation infrastructure discourages it. We furthermore find both community-based 

irrigation infrastructure and farm-based irrigation water-saving techniques have 

mitigating effects on production risk. From the results it follows that adoption can be 

stimulated via financial support and via extension aimed at enhancing awareness of water 

scarcity. 

JEL classification: D81 Q12 Q15 Q55 

Keywords: Water-saving techniques; Adoption; Social network; Production risk; 

Awareness of water scarcity; SEM; Non-parametric estimation; Extension 
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1. Introduction 

North China, which accounts for approximately 64% of its arable land, is China’s main 

food production area (Khan et al., 2009). However, the region has experienced severe 

water scarcity problems which are threatening the region’s and China’s agricultural 

sustainability with worldwide ramifications (Tang et al., 2013a). The annual water 

availability of 750 m3 per capita is far below the threshold of 1000 m3 for ‘water 

scarcity’.1 In addition, because of the rapid advance of urbanization and industrialization, 

the agricultural sector is increasingly facing competition for water from industries and 

households which have greater marginal returns to water. In recent years, the risk of 

droughts in north-western China has been worsening because of climate change (Piao et 

al., 2010) and water pollution (MWR, 2012) which have further raised potential 

vulnerability of agricultural production. Meanwhile, groundwater extraction has led to a 

decline of the groundwater table, making underground water supply less reliable (Wang 

et al., 2007) and raising uncertainty about future water supply even further.  

To supplement limited rainfall, irrigation is widely used to maintain food production at its 

current level. Approximately 50% of the arable land is irrigated to produce 75% of the 

North’s agricultural output (Tang et al., 2013a). Irrigation consumes 70% of total water 

withdrawal in the Northwest (MWR, 2011). However, efficiency is very low (Tang et al., 

2015). Therefore, increasing irrigation water use efficiency is crucial to reduce water 

shortage problems, particularly in the short and medium term. A major instrument to 

achieve this objective is adoption of efficient, i.e. water-saving, irrigation techniques.2 

                                                           
1 Following UNDP, UNEP, World Bank and the World Resources Institute, a region is “water stressed”, if 
annual water availability per capita is between 1,000 and 2,000 m³/person. A region is “water scarce”, if 
availability is below 1,000 m³/person (Shalizi 2006). 
3 For other solutions, e.g. irrigation management reform, see Tang et al. (2013a). 
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Lohmar et al. (2003) observes that the adoption of efficient irrigation techniques in China 

remained low, although the Chinese government had strongly encouraged irrigation water 

saving. The traditional farm-based techniques border and furrow irrigation, are still 

prevalent, while modern techniques, like fertigation, the use of drought resistant varieties, 

and efficient community-based techniques, like drip irrigation and underground pipelines, 

are rare (Blanke et al., 2007).  

The conventional factors supposed to affect adoption of agricultural techniques include 

farm and farmer characteristics, availability of credit, information and labor availability 

(see Feder et al. (1985) for a review). These factors have also been analyzed in relation to 

the adoption of irrigation techniques (Zhou et al., 2008; Abdulai et al. 2011; among 

others). In addition, production risk has been found to be an important determinant of 

adoption of agricultural techniques in general (Feder et al., 1985; Foster and Rosenzweig, 

2010; Liu, 2013; among others). However, despite the evidence, production risk is 

frequently ignored in agricultural adoption studies in developing countries like China, 

because of measurement problems (Liu and Huang, 2013; Just et al., 2010).  

The same applies to the broader notion of awareness of water scarcity (Tang et al., 

2013b). According to Ajzen’s (1985) Theory of Planned Behavior, awareness is a 

precursor to a decision to take actions. From this notion and following Scolobig et al. 

(2012) and Wachinger et al. (2013), we conceptualize awareness of water scarcity as the 

predisposition that, if strong enough, will induce a farmer to adopt water-saving irrigation 

techniques to hedge against production risk, i.e. smaller than optimal production outcome, 

due to unpredictable water shortage.3 The impact of awareness on adoption has been 

empirically confirmed. For instance, farmers’ awareness of soil erosion has been 

frequently found to positively influence their adoption of soil conservation practices 
                                                           
3 Note that since it is assumed to hedge against production risk, adoption is a regressor in the production 
risk model (see Section 2.3). 
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(Shiferaw and Holden 1998; Semgalawe and Folmer 2000; Knowler and Bradshaw, 

2007). Awareness has also been found to stimulate adaptation measures against extreme 

weather by coffee growers in Central America (Tucker et al., 2010) and against climate 

change by farmers in the Nile basin of Ethiopia (Deressa et al., 2011). Despite the 

evidence, few studies have taken awareness of water scarcity as a prerequisite to adopting 

water-saving techniques. An exception is Habiba et al. (2012) who, based on a dataset of 

718 Bangladesh farmers, found that farmers’ awareness of draught risk improved their 

adaptation practices. To the best of our knowledge, no studies have yet investigated the 

influences of farmers’ awareness of water scarcity on adoption of water-saving 

techniques in China. 

The need to consider awareness of water scarcity in adoption studies of agricultural 

techniques - including irrigation techniques - relating to northern China has increased 

because precipitation has begun to vary progressively across years because of climate 

change. Consequently, farmers are facing more frequent, and larger, unexpected hazards 

of extreme weather (e.g. extremely low precipitation). Hence, a farmer who is more 

aware of water scarcity is expected to be more inclined to adopt water-saving techniques 

to hedge against weather-related production risk4.  

The main objective of this paper is to analyze adoption of farm-based irrigation 

techniques in the Guanzhong Plain, Shaanxi Province, China. In addition to the 

conventional determinants, notably farm characteristics, demographic and socio-

economic factors, awareness of water scarcity will also be considered. In addition, we 

analyze the impacts of adoption on production risk.  

                                                           
4  Another way to hedge against weather-related production risk is changing the production portfolio. 
However, perception of water availability in the study area has not yet reached a state that farmers have 
started changing their portfolios. The cropping pattern (wheat rotated with corn) is quite stable (SPBS, 
2012). Hence, the assumption of a constant production portfolio is justified. 
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The paper is organized as follows. Section 2 presents the conceptual adoption framework 

including the production risk model. Section 3 describes data collection and presents 

descriptive statistics. In Section 4 the empirical results are discussed. Section 5 

summarizes, concludes and presents policy recommendations. 

2. Conceptual model 

2.1 Adoption model  

As introduction, we present a brief overview of irrigation techniques applied in the study 

area. For this purpose, we follow Wang et al. (2002) who pointed out that irrigation 

consists of the following three stages: (i) delivering water from reservoirs or groundwater 

pumping stations to the fields (earthen-lined canals; cement-lined canals; transportation 

pipelines); (ii) transferring water from fields to crop root (border irrigation; furrow 

irrigation; spray pipes); and (iii) uptake by the crop (mulching; drought-resistant 

varieties; fertigation). Each stage may incur water losses which can be reduced by stage-

specific methods and techniques5.  

A vast literature has focused on adoption of agricultural techniques. The models applied 

fall into two categories: static and dynamic (Marra et al., 2003). The former kind uses 

cross-sectional data and identifies the characteristics of adopters against non-adopters. 

Studies of this type include amongst others Green et al. (1996), Abdulai et al. (2005, 

2011) and Zhou et al. (2008). The dynamic approach analyzes adoption of a specific 

technique over time, usually by means of a diffusion curve, estimated on the basis of 

panel data (Dinar and Yaron 1992; Carey and Zilberman 2002; among others). Due to 

data constraints, the static model is more widely used than the dynamic model. However, 

                                                           
5  See the online Supplemental Appendix S.1 for a detailed description of the various water-saving 
techniques. We do not discuss other water saving techniques, such as rainwater collection, intermittent 
irrigation, drip and sprinkler irrigation, which were not applied by the interviewees. Meanwhile, since 90% 
plots in the Plain is ploughed and levelled by means of tractors, plot levelling is also not discussed because 
it is not a characteristic that varies across the study area and thus does not affect adoption decisions. 
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by its very nature, the static approach does not allow direct modelling of the dynamics of 

the adoption decision (Doss, 2006).  

The present study is also based on cross-sectional data. However, we (partly) overcome 

its disadvantage by taking adoption as a sequential, multi-stage process, as suggested by 

among others Ervin and Ervin (1982), Semgalawe and Folmer (2000), Dimara and Skuras 

(2003), Bewket (2007) and De Graaff et al. (2010). The model suggested in these 

literatures is a three-stage model consisting of the following stages: (i) awareness of the 

problem; (ii) decision to adopt or not; and (iii) intensity of adoption. The decision to 

adopt can be conveniently captured by intensity of adoption with no adoption defined as 

intensity zero. Hence, we propose the following two-stage model: (1) awareness of water 

scarcity (WaterAwareness), and (2) intensity of adoption (AdoptIntensity). We present the 

conceptual adoption model in Figure 1.  

[Figure 1 about here] 

 

We now present definitions and measurements of the core variables in Figure 1. Before 

going into detail, note that we endogenize WaterAwareness since it depends upon various 

potential policy handles including perception of water scarcity, media exposure and 

connection to a social network. The awareness model is to provide insight into the 

impacts of these variables on WaterAwareness and thus indirectly on adoption.  

We first point out the main features of the WaterAwareness sub-model. The discussion is 

based on Tang et al. (2013b) to which we refer for details. WaterAwareness is defined as 

a farmer’s attention to, and concern about, water scarcity and its negative impacts on 

production. It is a latent variable or theoretical construct measured by the responses to the 

following three statements: (i) present availability of irrigation water is hindering 
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agriculture production; (ii) I always worry about irrigation water shortage; (iii) saving 

irrigation water is important. Answers to each statement are recorded on a 5-point scale, 

ranging from “strongly disagree” to “strongly agree”.  

The key explanatory variable in the WaterAwareness model is Perception, which we 

define as the recognition of the state of water availability.6 Like WaterAwareness, it is a 

latent variable and is measured by the following indicators which relate to the farmer’s 

production area: Percep1 (knowledge of current water availability), Percep2 (knowledge 

of changes of water availability), Percep3 (knowledge of changes of water quality) and 

Percep4 (expectation of future water scarcity). Each indicator is measured on a 5-point 

scale ranging from “strongly disagree” to “strongly agree”. Tang et al. (2013b) shows that 

WaterAwareness is highly dependent on perception of water scarcity (Perception) and 

vice versa. To control for endogeneity of WaterAwareness, we apply a two-equation 

structural equation model (SEM), as in Tang et al. (2013b), to obtain predicted 

WaterAwareness as explanatory variable in the adoption model.  

We now turn to the adoption sub-model. The dependent variable is AdoptIntensity which 

we measure as the level of the most efficient irrigation techniques adopted (Paxton et al., 

2011).7 We distinguish four efficiency levels: zero, i.e. no adoption (flood irrigation), low 

(furrow and border irrigation), medium (mulching and spray pipes), and high (fertigation 

and drought-resistant varieties). AdoptIntensity takes the value 0 in the case of non-

adoption (flood irrigation); 1 if a farmer has adopted at least one of the low-level 

techniques but no medium or advanced techniques; 2 if at least one of the medium-level 

techniques, but no high-level techniques, has been adopted; 3 if at least one of the high 

                                                           
6  For a detailed discussion of the notion of perception and of the other explanatory variables in the 
Waterawareness model we refer to Tang et al. (2013b). 
7 Note that a farmer may adopt multiple techniques, e.g. furrow (low) and mulching (medium). The most 
efficient one adopted is used to define a farmer’s AdoptIntensity. 
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level techniques has been adopted. Descriptive statistics of AdoptIntensity are presented 

in Table 2. 

We now discuss the explanatory variables of AdoptIntensity. From Section 1 it follows 

that (predicted) WaterAwareness as the precursor to a decision to take action (adoption) is 

a key explanatory variable. Regarding the other explanatory variables, we include: (i) 

regional canal characteristics including CommunityTechnique, i.e. irrigation infrastructure 

in the community (earthen-lined canals, cement-lined canals, and transportation 

pipelines) and WaterPrice; and (ii) the farmer characteristics Age, Education, Time, 

FinancialStatus, Network and Media.  

The canal characteristics are constant for the farmers using the same canal, but vary 

across canals. CommunityTechnique takes the value 0 if the irrigation canal is earthen-

lined, and 1 if it is cement-lined or transportation pipelines. Its impact on adoption 

intensity is ambiguous. On the one hand, farmers might view connection to a cement-

lined canal or system of transportation pipelines as sufficient in terms of water saving 

which would dispel their incentives to adopt medium or high level farm-based techniques. 

On the other hand, farmers who are equipped with efficient community canals may want 

to intensify the water saving capacity of their canals by adopting intermediate or 

advanced techniques. WaterPrice is the volumetrically-based price a farmer pays for 

irrigation water. Prices of surface water are set by canal managers while underground 

water includes only pumping costs. We expect it to have a positive impact on adoption 

because it implies cost saving. 

We now turn to the farmer characteristics. Age, measured in years, is expected to have a 

negative impact because older farmers have a shorter payback period of the investments 

than younger farmers. Education (years of schooling) has a positive expected sign 

because schooling improves a farmer’s capacity to collect and process information on 
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water-saving techniques. Time is working time spent on farming and is measured on a 5-

point scale: 1=0%-19%, 2=20%-39%, 3=40%-59%, 4=60%-79%, 5=80%-100%. Its 

expected sign is negative since part-time farmers have fewer opportunities to take care of 

their farms. Moreover, they are less dependent on farming income than full-time farmers, 

reducing their incentives to invest in farming including acquisition of the more expensive 

medium and high level irrigation techniques (see e.g. Boncinelli et al., 2016). 

FinancialStatus is measured by the response to the question “I have enough money to 

invest in water-saving techniques” on a 5-point scale ranging from “strongly disagree” to 

“strongly agree”. Since higher-level techniques are more expensive than lower-level 

techniques in terms of initial investment and annually recurrent financial outlays (see 

Supplemental Appendix S.1), we expect a positive impact.8 Network indicates a farmer’s 

connection to his or her peers. It is measured by the following four indicators: (i) I often 

discuss water scarcity issues with other villagers (Network1); (ii) I am a member of a 

water users’ association (WUA) (Network2); (iii) I have relatives or neighbors who are 

using water-saving techniques (Network3); (iv) I have relationships with the local 

government or irrigation managers (Network4). Network1 is measured on a 5-point scale 

ranging from “strongly disagree” to “strongly agree”. Network 2-4 are dichotomous 

variables taking the value 1 if “Yes”, and 0 if “No”. Network is the sum of Network1-4. 

We expect that the more a farmer is connected, the higher the adoption intensity because 

of more and better information about water scarcity and the various irrigation techniques. 

Media represents a farmer’s access to medias which is measured by the following four 

questions: How many times a week do you: (i) watch TV or listen to the radio?; (ii) read 

newspapers or books?; (iii) surf the internet?; (iv) see slogans or propaganda on water 

saving? The four questions are measured on 5-point scales ranging from “never” to “more 

                                                           
8 Possible endogeneity of this variable and its controlling are discussed in Section 4. 
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than 7 times a week”. The scores of the four questions are summed to form a respondent’s 

total score on Media. As in the case of Network, we expect a positive impact. Experience 

is drought experience which is measured by the answer to the question “In the past, it was 

easy to get water when I irrigated my land.” again on a 5-point scale ranging from 

“strongly disagree” to “strongly agree”. 

2.3 Production risk 

As mentioned in the introduction, we also analyze the impact of adoption on reduction of 

production risk. Kumbhakar (2002) shows that the uncertainties on production and output 

price are two main sources of production risk. In this paper, we do not consider output 

price uncertainty because the prices for wheat and corn (the commodities considered in 

this paper) in China are stable and farmers are generally price takers. The main 

hypothesis investigated here is that adoption reduces production risk.  

Production risk is obtained from production function (1), introduced by Just and Pope 

(1978) and developed by Kumbhakar (2002): 

𝑌𝑌 = 𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴) + 𝑔𝑔(𝑋𝑋,𝐴𝐴𝐴𝐴)𝜀𝜀,                                                                                             (1) 

where Y is output, X a vector of inputs including labor, water, other inputs per mu, AI is 

AdoptIntensity, i.e. the most efficient irrigation technique used, and 𝜀𝜀 the error term.9 

Following Kumbhakar and Tsionas (2010), we assume that 𝐸𝐸(𝜀𝜀|𝑋𝑋) = 0 and 𝐸𝐸(𝜀𝜀2|𝑋𝑋) =

1 . The production function is composed of two components: (i) 𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴) , the mean 

production function, irrespective of production risk; and (ii) 𝑔𝑔(𝑋𝑋,𝐴𝐴𝐴𝐴), the output risk 

function which gives the effect of each of the inputs and irrigation techniques on the 

variation of the mean production, i.e. production risk. 

                                                           
9 Land is not explicitly included, since labor, water and other inputs are per mu of land (15 mu=1 hectare). 
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We assume fully rational farmers who maximize the following objective function (Kato et 

al., 2011): 

 E(U(π)) =  E�U�𝑝𝑝𝑦𝑦𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴) + 𝑝𝑝𝑦𝑦𝑔𝑔(𝑋𝑋,𝐴𝐴𝐴𝐴)𝜀𝜀 − ∑ 𝑝𝑝𝑖𝑖𝑥𝑥𝑖𝑖3
𝑖𝑖=1 − ∑ 𝑝𝑝𝑗𝑗𝐴𝐴𝐴𝐴𝑗𝑗2

𝑗𝑗=1 ��                   (2) 

where E[U(.)] is the von Neumann-Morgenstern (1947) expected utility function which is 

assumed to be continuous and differentiable, π is profit, 𝑝𝑝𝑦𝑦 the price of yield, 𝑝𝑝𝑖𝑖 the price 

of input 𝑥𝑥𝑖𝑖  and 𝑝𝑝𝑗𝑗  a set of prices corresponding to the water-saving techniques 𝐴𝐴𝐴𝐴𝑗𝑗  

described in Section 2.1. The first-order conditions (FOC) of utility maximization with 

respect to water-saving techniques are: 

E�U′(π)��𝑝𝑝𝑦𝑦𝑓𝑓𝑗𝑗(𝑋𝑋,𝐴𝐴𝐴𝐴) + 𝑝𝑝𝑦𝑦𝑔𝑔𝑗𝑗(𝑋𝑋,𝐴𝐴𝐴𝐴)𝜀𝜀 − 𝑝𝑝𝑗𝑗� = 0                                                         (3) 

where U′(π), 𝑓𝑓𝑗𝑗(𝑋𝑋,𝐴𝐴𝐴𝐴), and 𝑔𝑔𝑗𝑗(𝑋𝑋,𝐴𝐴𝐴𝐴) are partial derivatives with respect to water-saving 

technique 𝐴𝐴𝐴𝐴𝑗𝑗 , respectively.  

The mean production function  𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴)  and the risk function 𝑔𝑔(𝑋𝑋,𝐴𝐴𝐴𝐴)  need to be 

estimated simultaneously which can be done parametrically or non-parametrically 

(Kumbhakar and Tsionas, 2009). We opt for the non-parametric approach because 

parametric estimation of the system frequently fails to converge or produces unstable 

estimates due to an ill-behaved system of first-order conditions (Kumbhakar and Tsionas, 

2009, 2010; Czekaj and Henningsen, 2013). This approach involves regression of output 

Y on 𝑋𝑋 and AI to obtain predicted 𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴) and the residual 𝑒𝑒 = 𝑌𝑌 − 𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴). For this 

purpose, Kumbhakar and Tsionas (2010) suggest to apply multivariate kernel regression. 

The variance 𝑒𝑒2 is taken as production risk (PR). Note that a larger value of 𝑒𝑒2 indicates 

higher production risk. The production risk function 𝑔𝑔(𝑋𝑋,𝐴𝐴𝐴𝐴) is estimated by regressing 

the absolute value of the residual e on the same set X and AI as in the first step, again by 

multivariate kernel regression.  
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3. Data collection and descriptive statistics 

Data was collected through face-to-face interviews with a sample of 446 farmers from the 

Guanzhong Plain which is a typical water-stressed area in North China (for a description 

of the area see Supplemental Appendix S.2). The survey took place in October, 2011 

when the corn harvest had been finished. The sampling scheme was a four-stage stratified 

random sampling. At the first stage, of the 100,000 irrigation districts scattered in the 

Guanzhong Plain, we selected the nine largest which cover 80% of the total irrigated area. 

At the second stage, 2 to 12 canals were randomly sampled per irrigation district, 

proportionally to the total number of canals in the districts. The canals irrigate one or 

more villages. At stage three, per canal one upstream and one downstream village were 

randomly selected. Finally, 5 to 7 farmers were randomly sampled per village. Non-

irrigators were excluded, resulting in a sample of 357 farmers.10 

The respondents were asked to provide information on crop-specific inputs and outputs 

for the entire crop season. Since no accurate devices were used in the area to gauge the 

exact volume of water extracted, this piece of information was inferred from the size of 

canal, the number and duration of each of the irrigation spells. Most of the farmers were 

able to report the duration of extraction (in hours) and the volume extracted per hour. For 

the small number of farmers who did not know their canal sizes, we used the information 

obtained from the other farmers who used the same canal.  

Table 1 presents overall descriptive statistics of the variables included in the analysis 

(except AdoptIntensity which is displayed in Table 2). Output is measured in Yuan/mu; 

Labor in man-days/mu; Water in m3/mu. Other inputs is the sum in Yuan/mu of all other 

inputs including seeds, fertilizers, pesticides, plastic sheeting and machinery.  

                                                           
10  There were 55 non-irrigators. The reasons for non-irrigation were: (i) rainfall considered sufficient 
(n=32); (ii) no irrigation infrastructure present (n=25); (iii) water price considered excessively high (n=17); 
(iv) irrigation considered not profitable (n=5); (v) lack of labor (n=2). 
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[Table 1 about here] 
 
 
Table 2 shows that, cement-lined canals are the most common among the three 

community-based techniques, but that a substantial proportion of farmers (41%) are still 

served by earthen-lined canals. Transportation pipelines are also rare (4%). Regarding 

farm-based techniques, the vast majority (82%) still uses the traditional techniques furrow 

and border irrigation. Even more so, flood irrigation is still common and applied by 19%. 

Finally, only 6% of the farmers use drought-resistant varieties and approximately 10% 

apply mulching or fertigation. 

[Table 2 about here] 
 

4. Estimation results 

4.1 WaterAwareness model 

Since the predicted WaterAwareness is inserted into the adoption model, we first estimate 

the WaterAwareness model. As in Tang et al. (2013b), it is estimated as a structural 

equation model (SEM), which consists of a measurement model of the latent variables 

WaterAwareness and Perception, and a two–equation structural model. The measurement 

model is presented in Table 3. It shows that Aware1 (availability of irrigation water is 

hindering agricultural production) and Aware2 (I always worry about irrigation water 

shortage) are reliable indicators (R2>0.35) of WaterAwareness while Aware3 (saving 

irrigation water is important) has substantially lower reliability. Similar conclusions apply 

to measurement of Perception, with factor loadings for Percep1-4 being 0.842, 0.503, 

0.283 and 0.457, respectively. All in all, WaterAwareness and Perception are well 

measured. 

[Table 3 about here] 
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Table 4 presents the structural model (see Supplemental Table S.1 for the total effects). 

The results are in line with the structural model in Tang et al. (2013b) to which we refer 

for a discussion of the Perception equation. From Table 4 we conclude that Perception, 

Network, Time and Age are the significant determinants of WaterAwareness. In line with 

expectations, Perception has a substantial positive impact on WaterAwareness. Network 

indicates that farmers who are more connected to peers, water users’ associations, 

relatives, neighbors, or local opinion leaders, are more aware of water scarcity than those 

who are poorly connected. Apparently, one’s network is an important source of 

information about water scarcity and awareness of it. We also find that the more time a 

farmer spends on farming, the larger their WaterAwareness. Age on the other hand has a 

negative effect. Apparently, older farmers are less aware of water shortage than their 

younger peers. Finally, Education and Media have the wrong sign, but are highly 

insignificant. Apparently, Education is not a prerequisite for awareness of water scarcity 

nor does Media play much of a role. Based on the SEM model, WaterAwareness for each 

farmer is predicted by factor score regression and is then used as an explanatory variable 

in the adoption model.  

[Table 4 about here] 

 

4.2 AdoptIntensity model 

Before discussing the main results of the AdoptionIntensity model, one should note that 

there is a potential endogeneity problem with respect to FinancialStatus - defined as a 

farmer’s self-assessment of financial constraints on investing in water-saving techniques - 

and AdoptIntensity because both may be affected by omitted variables. Moreover, in 

addition to the impact of FinancialStatus on AdoptIntensity, there may also be a reverse 
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effect. To control endogeneity, a bivariate ordered probit model (Sajaia, 2008) is 

estimated because both of the dependent variables (FinancialStatus and AdoptIntensity) 

are ordinal. All explanatory variables in the AdoptIntensity equation are used to predict 

FinancialStatus. In addition, we include Nmigrants - the number of household members 

who spend more than 60% of their time on off-farm activities in other provinces - in the 

FinancialStatus model. Nmigrants is a proper instrumental variable because it is highly, 

positively correlated with financial resources but not with adoption of water-saving 

techniques.  

The FinancialStatus and AdoptIntensity equations (bivariate ordered probit model) are 

estimated simultaneously via a backward stepwise procedure using the Stata package 

bioprobit. That is, we start with the initial (i.e. the conceptual) model and delete 

insignificant variables one by one, starting with the one with the highest p-value. 

Variables with p-values less than 0.10 were retained. The model thus obtained is the final 

model.  

The initial and final models are reported in Table 5 which shows that in the final model 

WaterAwareness, FinancialStatus and CommunityTechnique are significant. Table 6 

presents the marginal effects of the main variables of interest, i.e. the average changes in 

the probabilities of adopting the water-saving techniques due to unit changes in these 

independent variables.  

[Table 5 about here] 

[Table 6 about here] 

The significant negative marginal effect of WaterAwareness on AdoptIntensity=0 (-3.7%) 

and the significant positive impacts on AdoptIntensity=2 (0.9%) and AdoptIntensity=3 

(3.7%) indicate that farmers with higher awareness of water scarcity tend to stay away 
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from flood irrigation and to adopt more advanced techniques, notably high-level ones. 

Cement-lined canals and transportation pipelines tend to encourage flood irrigation 

(AdoptIntensity=0: 6.9%) and discourage adoption of medium and highly efficient farm-

based techniques (AdoptIntensity=2: -1.5%) and (AdoptIntensity=3: -4.8%), respectively. 

Apparently, having access to the community-based techniques is viewed as sufficient 

water-saving strategy. The results for FinancialStatus indicate that farmers who perceive 

better financial resources tend to adopt medium (AdoptIntensity=2: 1.5%) and highly 

efficient (AdoptIntensity=3: 6.5%) farm-based techniques and to stay away from notably 

flooding (AdoptIntensity=0: -5.9%. 

4.3 Production risk model 

To obtain production risk, we estimated the mean production function and the risk 

function in (1) by means of nonparametric multivariate kernel regression using the add-on 

package “np” in the statistical software package R. To avoid possible negative marginal 

products, we imposed monotonicity constraints to the three inputs (Du et al. 2013). Table 

7 presents the marginal effects of Labor, Water, Other inputs, CommunityTechnique and 

AdoptIntensity on the mean production function and risk function, respectively. It is 

shown that the marginal output effect of Labor (9.739) is substantially larger that of 

Water (0.056) and of Other inputs (0.304). The largest output effect, however, is obtained 

for CommunityTechnique. Compared to the base case earthen-lined canals, the marginal 

output effect of cement-lined canals and transportation pipelines is 43.765 (95% CI: 

40.727, 46.803). The marginal output effect of AdoptIntensity is 3.819 (95% CI: 0.455, 

7.183). Note that although the standard errors are large and the confidence intervals are 

wide, the impacts are positive. Similar high standard errors for marginal output effects are 

also reported in Kumbhakar and Tsionas (2009). Furthermore, from Figure 2a which 

presents the distributions of the marginal effects of the two techniques on output it 
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follows that CommunityTechnique increases output for the vast majority of farmers 

(97%).11 For AdoptIntensity this is the case for 48% only, but the mean effect is still 

positive (see Figure 2b).  

From the above it follows that both CommunityTechnique and AdoptIntensity have 

positive output effects. However, investment in cement-lined canals or transportation 

pipelines has a larger impact than investment in efficient farm-based techniques. A 

possible explanation is that water shortage has not yet reached a level which seriously 

hampers output. Consequently, investment in community-based techniques suffices. 

The second panel of Table 7 shows that Water (-0.007 (95% CI: -0.013, -0.002)) slightly 

decreases production risk indicating that irrigation helps maintain a high yield and 

contributes to eliminating risk due to droughts. Similar results are reported in Groom et 

al. (2008). Labor (10.981 (95% CI: 10.565, 11.398)) and Other inputs (0.127 (95% CI: 

0.112, 0.143)) on the other hand increase it. The explanation is that labor contributes to 

increased production in an already good setting and thus increases output incidentally 

rather than structurally which increases variability. This is in line with other studies, such 

as Serra et al. (2008) and Foudi and Erdlenbruch (2012). For Other inputs the increase in 

production risk probably derives from limited controllability. For instance, increased 

fertilization may be suboptimal, turn into over-fertilization and lead to crop failure if the 

actual (e.g. weather) conditions deviate from the predicted conditions. Similar results are 

reported by Picazo-Tadeo and Wall (2011) and Zhang et al. (2013). Both 

CommunityTechnique and AdoptIntensity decrease production risk, although the means 

differ: -5.404 (95% CI: -6.273, -4.534) and -3.263 (95% CI: -3.653, -2.874), 

respectively. 12 These outcomes are confirmed by the distributions presented in Figure 3 

                                                           
11 The distributions of the other inputs are available upon request from the first author. 
12 Note that the standard errors in the case of production risk are substantially smaller than in the previous 
case of output. 



19 
 

which are skewed to the left. Particularly, cement-lined canals and transportation 

pipelines decrease production risk for 83% of the farmers (Figure 3a). Figure 3b shows 

that for farm-based techniques this proportion is slightly less: 81%. The rationale is that 

efficient community-based and farm-based irrigation techniques reduce dependency on 

water and thus reduces production risk. 

[Table 7 about here] 

[Figure 2 about here] 
 

[Figure 3 about here] 
 
 

5. Summary, conclusions and policy recommendations 

China has been facing rapidly increasing water shortage problems in the North which will 

have substantial impacts on food security, economic development and the environment, in 

the region, China, and even internationally via shocks in international grain markets. A 

major reason for water shortage in Northern China is inefficient use of irrigation water. 

This paper has investigated adoption of water-saving irrigation techniques, based on a 

sample of 357 farmers in the Guanzhong Plain. Adoption is modelled as a sequential 

process consisting of the two stages awareness of water scarcity and intensity of adoption. 

The main conclusions are the following. 

First, the adoption rate of farm-based water-saving techniques is high. Approximately 

80% of the farmers use at least one farm-based water-saving technique. However, 

traditional irrigation techniques such as furrow irrigation are still prevalent while the 

adoption rates of advanced techniques such as mulching, drought-resistant varieties and 

spray pipes are low. 

Secondly, awareness of water scarcity is a major determinant of adoption, i.e. farmers 

who are more aware of water scarcity are more likely to adopt more efficient water-
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saving irrigation techniques than those who are less aware. Hence, improving awareness 

is a major policy handle to promote adoption of efficient irrigation techniques.  

Thirdly, adoption has a mitigating effect on production risk. It thus is a substitute for the 

limited alternatives in China to hedge against production risk. For instance, crop 

insurance is still rare in China. The importance of adoption as hedging mechanism against 

production risk is expected to increase along with the more frequent and more serious 

droughts in the region because of climate change. Note that this is an important piece of 

information for inter alia promotion campaigns to stimulate adoption. 

Fourthly, social networks positively affect awareness of water scarcity. Apparently, 

farmers tend to have confidence in the opinions on water scarcity and water-saving 

techniques of their peers, water-user associations, neighbors and relatives. Therefore, 

extension agencies ought to target social networks to promote irrigation water saving. The 

agencies should particularly focus on opinion leaders with a positive attitude towards 

adoption of water saving techniques in a bid to make their experiences and opinions 

spillover to other farmers.  

Fifthly, cement-lined canals and transportation pipelines, and the medium and highly 

efficient farm-based techniques have positive impacts on output and negative effects on 

production risk. However, investments in both types of techniques, especially the 

community-based, imply substantial financial outlays that are beyond the financial means 

of most farmers in the Guanzhong Plain. Particularly, 74% of the farmers reported to have 

insufficient financial means to invest in medium or highly efficient water-saving 

techniques. Furthermore, the presence of cement-lined canals or transportation pipelines 

reduces farmers’ incentives to invest in medium and highly efficient farm-based 

techniques. Since the possibilities for farmers to obtain credit on feasible terms are 



21 
 

limited (Li et al. 2011), an important policy handle is improvement of accessibility to 

credit for investment in water-saving techniques.  

Efficient use of irrigation water is a prerequisite for sustainable agriculture and for 

sustainable general economic development in the Guanzhong Plain. Because of climate 

change with more frequent and more severe droughts, increasing industrialization and 

growing household income, the demand for water will rapidly increase which will further 

increase the need for irrigation water saving. Since it is a major wheat and corn producing 

region in Northern China which in its turn is China’s main ‘breadbasket’, sustainable 

agriculture in the Guanzhong Plain is a prerequisite for nationwide food security, as well 

as for social and political stability. Hence, improving irrigation water use extends far 

beyond the agricultural sector’s sustainable development. Adoption of efficient irrigation 

techniques is crucial for the realization of this goal.  

The Guanzhong Plain is a typical water-scarce region in the North China Plain in terms of 

water availability, irrigation infrastructure and management, importance of agricultural 

production, crop structure, urbanization level and percentage of off-farm activities. 

Hence, the results obtained in this study are likely to hold for similar water-scarce areas in 

Northern China, though roughly of course.  
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Table 1 Descriptive statistics d 
Variables Unit of Measurement Mean S.D. Min Max 
Output Yuan/mu 877.94 151.71 250 1544 
Labor man-days/mu 2.04 1.24 0.45 7.48 
Water m3/mu 260.02 148.41 37.5 1242 
Other inputs Yuan/mu 349.55 80.47 132 599 
Age Years 53.04 10.08 26 77 
Education Years 6.64 1.70 0 12 
Water price Yuan/m3 0.32 0.14 0.02 1.16 
Network a  6.22 1.49 4 10 
Media a  8.96 2.16 4 20 
Experience a  2.73 1.48 1 5 
FinancialStatus a  2.16 1.24 1 5 
AdoptIntensity a  1.18 0.89 0 3 
WaterAwareness b  -0.11 0.90 -2.43 2.43 
Nmigrants c  1.72 1.27 0 6 

Notes: a For units of measurement, see Section 2.2. b For unit of measurement, see Tang et al. (2013b). c 
Nmigrants, i.e. number of migrant workers in the family, is used as an instrumental variable for 
FinancialStatus. d Sample size 357. Source: Authors’ survey. 
 
 
 

Figure 1 The conceptual adoption model 

CommunityTechnique (+/-) 
WaterPrice (+) 
Age (-)  
Education (+)  
Time (+) 
Network (+) 
Media (+) 
Financialstatus (+) 
 

Perception (+) 
Age (-)  
Education (+)  
Time (+) 
WaterPrice (+)  
Network (+) 
Media (+) 
Experience (+) 
 

 AdoptIntensity 

Note: The above system is a recursive system which implies that each sub-model can be estimated 
separately. Within brackets are expected signs. 
 

WaterAwareness (+) 
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Table 2 Descriptive statistics on adoption of water-saving techniques d 

Stages of irrigation process Irrigation techniques Number of adopters (%) 

Stage I/Community-based a 
Earthern-lined canal 147 41% 
Cement-lined canal 195 55% 
Transportation pipeline 15 4% 

Stage II 

Flood 68 19% 
Border 13 4% 
Furrow 280 78% 
Spray pipe 18 5% 

Stage III 
Mulching 34 10% 
Drought-resistant variety 20 6% 
Fertigation 39 11% 

AdoptIntensity b 
 

Non-adoption 
(0) 

Low-level 
(1) 

Medium-level 
(2) 

High-level 
(3) 

Number of farmers 62 c 218 26 51 
Notes: a The adoption of community-based techniques is not used to define AdoptIntensity because adoption 
of community-based techniques is a collective (group) behavior. We only focus on the farm-based irrigation 
techniques because their adoption is decided by individual farmers, rather than by a group of farmers. b 
AdoptIntensity takes the value 0 in the case of non-adoption (flood irrigation); 1 if a farmer has adopted at 
least one of the low-level techniques and no medium or high level techniques; 2 if at least one of the 
medium-level techniques has been adopted, but no high-level techniques; 3 if at least one of the high level 
techniques has been adopted. c The number of farmers (n=62) whose AdoptIntensity are 0 is smaller than the 
number of flood irrigators (n=68) because 6 of them also used a higher level farm-based technique and were 
classified accordingly. In a similar vein, the score of AdoptIntensity 3 is 51 and not 20+39 because 8 
farmers use both techniques. d Sample size 357. Source: Author’s survey. 
 
 

 

Table 3 Measurement model (standardized coefficients) 

Latent variables                            Indicators    Coefficients  S.E. 𝑅𝑅2 

WaterAwareness 
Aware1 0.565   --- 0.32 
Aware2 0.589***  0.073 0.35 
Aware3 0.145**  0.060 0.02 

Perception 

Percep1 0.842   --- 0.71 
Percep2 0.503***  0.055 0.25 
Percep3 0.283***  0.056 0.08 
Percep4 0.457***  0.055 0.21 

  Notes. (1)***: p<.01, **: p<0.05. (2) The coefficients of Aware1 and Percep1 are fixed to assign 
measurement scales to the latent variables WaterAwareness and Perception to render the structural equation 
model with latent variables (SEM) identified (see Tang et al., 2013b). 
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Table 4 Structural WaterAwareness-Perception model (standardized coefficients) 

Variables                 WaterAwareness                     Perception 
Coefficients S.E. Coefficients S.E. 

Perception 0.706*** 0.089 --- --- 
WaterAwareness --- --- 0.108  0.225 
Age -0.127** 0.064 --- --- 
Education -0.062 0.060 --- --- 
Time 0.141** 0.065 0.046  0.054 
Media -0.023 0.059 --- --- 
WaterPrice --- ---- 0.034  0.039 
Network 0.350*** 0.069 0.037  0.103 
Experience --- ---- 0.744***  0.132 
𝑅𝑅2  0.80  0.70  

Note: *: p<.10, **: p<.05, ***: p<.01.  
 
 
 
 
 
 
 
 
 
 
 

Table 5 Simultaneously estimated bivariate Probit model of AdoptIntensity and FinancialStatus 
Variables Initial model Final model 
Dependent variable: AdoptIntensity 
Explanatory Variables  Estimates S.E.  Estimates S.E. 
Age -0.002 0.010   
Education  0.027 0.037   
Time  0.043 0.041   
WaterPrice -0.409 0.469   
Network  0.025 0.070   
Media  0.018 0.034   
WaterAwareness  0.119 0.127  0.154** 0.067 
CommunityTechnique -0.244* 0.133 -0.246* 0.126 
FinancialStatus  0.185 0.241  0.258* 0.150 
     
Dependent variable: FinancialStatus 
Age -0.020** 0.009 -0.018** 0.008 
Education -0.015 0.036   
Time -0.022 0.041   
WaterPrice  0.679 0.421   
Network  0.182*** 0.052  0.180*** 0.051 
Media  0.074*** 0.027  0.075*** 0.027 
WaterAwareness -0.286*** 0.110 -0.269** 0.106 
CommunityTechnique  0.131 0.120  0.130 0.119 
Nmigrants  0.116** 0.053  0.118** 0.050 
     
Log-likelihood -832.21  835.08  

Notes:  *: p<.10, **: p<.05, ***: p<.01. 
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Table 6 Marginal effects on the probabilities of adoption of farm-based techniques for the 
Final model in Table 5.  

Variables AdoptIntensity=0 AdoptIntensity=1 AdoptIntensity=2 AdoptIntensity=3 

WaterAwareness -0.037*** 
(0.012) 

-0.009 
(0.022) 

0.009*** 
(0.003) 

0.037*** 
(0.012) 

CommunityTechnique  0.069*** 
(0.019) 

-0.006 
(0.037) 

-0.015*** 
(0.003) 

-0.048*** 
(0.019) 

FinancialStatus -0.059*** 
(0.020) 

-0.021 
(0.035) 

0.015*** 
(0.005) 

0.065*** 
(0.019) 

Notes. (1) The coefficients denote changes of probabilities of AdoptIntensity due to unit changes of the 
explanatory variables. (2) Standard errors in brackets. (3) *: p<.10, **: p<.05, ***: p<.01. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 7 Marginal effects of inputs and irrigation techniques on the mean production function 𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴) 

and the risk function 𝑔𝑔(𝑋𝑋,𝐴𝐴𝐴𝐴) 
𝑓𝑓(𝑋𝑋,𝐴𝐴𝐴𝐴) Mean  S.D.    Min.  Max. 95% Confidence Interval 
Labor 9.739 13.650 0.001 70.449 8.318 11.159 
Water 0.056 0.045 0.001 0.264 0.051 0.060 
Other inputs 0.304 0.403 0.001 2.733 0.262 0.346 
CommunityTechnique 43.765 29.191 -39.195 133.270 40.727 46.803 
AdoptIntensity 3.819 32.321 -49.695 98.186 0.455 7.183 
   
𝑔𝑔(𝑋𝑋,𝐴𝐴𝐴𝐴)   
Labor 10.981 4.002 -2.675 16.702 10.565 11.398 
Water -0.007 0.049 -0.215 0.107 -0.013 -0.002 
Other inputs 0.127 0.149 -0.503 0.317 0.112 0.143 
CommunityTechnique -5.404 8.354 -23.960 54.501 -6.273 -4.534 
AdoptIntensity -3.263 3.741 -17.110 6.969 -3.653 -2.874 
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Figure 2 Distribution of the marginal effects on output of CommunityTechnique (a) and 
AdoptIntensity (b)             
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Figure 3 Distribution of marginal effects on production risk of Cement-lined canals or 
Transportation pipelines (a) and AdoptIntensity (b)  

  

 
 
 

 

0
10

20
30

P
er

ce
nt

-20 0 20 40 60
Figure 3a CommunityTechnique

0
10

20
30

P
er

ce
nt

-15 -10 -5 0 5
Figure 3b AdoptIntensity



34 
 

 


