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Abstract

:

We use the 2013 cotton precision farming survey data to study the adoption of irrigation technologies by cotton farmers in 14 states of the United States. We find that farmers with a higher irrigated yield, and who are from the Southern Plains (Texas and Oklahoma), adopt water-efficient irrigation technologies, such as sub-surface drip and trickle irrigation technologies. There are 10 irrigation technologies that farmers can adopt for cotton production in these 14 cotton-growing states. The intensity of the irrigation technologies, as measured by the number of irrigation technologies adopted in cotton production, is affected by the irrigated cotton yield realized, land holding (total land owned), education, computer use, and the origin of the cotton farmer being from the Southern Plains. We use a multivariate fractional regression model to identify land allocation by the different irrigation technologies used. Our results indicate that significant variables affecting land allocation with different irrigation technologies are the age of the operator, the cover crop, the information sources used, the per acre irrigated yield, the education, and the cotton farmer being from the Southern Plains.
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1. Introduction


Frequent drought and inconsistent rainfall patterns necessitate the wise use of limited water resources. Cotton farmers can increase their yield and net returns by adopting an irrigation technology. The choice of an irrigation technology depends on geographical location, land area, and various socioeconomic variables. Cotton farmers have multiple irrigation technologies at their disposal; some farmers use only one technology while others use multiple technologies. The adoption of trickle and subsurface irrigation technologies, such as drip irrigation, helps to increase water use efficiency.



A farmer’s choice to adopt new technologies depends on various factors: education, access to the technologies, age, size of land, and proximity to an urban area [1,2]. Farmers adopt a new technology to maximize utility and this utility maximization may come from increased profit, increased leisure, cost reduction, improved environment quality and being in the forefront of technology [3]. Other factors affect irrigation technology adoption as well. Some farmers adopt an irrigation technology based on whether it is appropriate for their field and how technology helps them to increase profit potential and avoid the risk associated with fluctuating and unpredictable weather patterns. Farmers have been concerned about decreasing aquifer levels, a dwindling surface water supply, and inconsistent rainfall patterns. In many areas, farmers want to be a steward of water resources. This has led to them switching from furrow irrigation and the center pivot system to a more water-efficient system such as subsurface drip or other precision mounted irrigation systems [4,5]. Farmers consider one or more technologies, evaluate their usefulness, and then decide to adopt the technology that they perceive will meet their economic and environmental goals [6,7]. A farmer’s positive experience with one technology is likely to affect their decision to adopt other similar technologies [8].



Scarce water, and the associated high cost of extraction, encourage farmers to adopt more water-efficient technologies [9,10,11,12]. Advanced irrigation technologies such as subsurface drip irrigation, low energy precision application systems, and variable rate irrigation systems require a much higher investment than a traditional irrigation system. The invention of efficient irrigation technologies helps optimize ground water use although it does not necessarily reduce the total water withdrawal from aquifers [12]. Pfeiffer and Lin [12] explain this as a consequence of farmers extending irrigation to marginal land or to increase the proportion of area under irrigation thereby mitigating the water saving benefits of water-efficient technology.



Farmers prefer to adopt efficient irrigation technologies due to escalating energy costs and a declining water table. Physical factors that affect the choice of irrigation technologies are the terrain (slope), soil type, and the type of crops planted. Farmers adopt an irrigation technology if a given irrigation technology needs little maintenance and provides the necessary water for crop growth and maximum yield efficiency. Farmers can utilize water more prudently by using water-efficient irrigation technologies in water deficient areas. In fact, in these water deficient areas, cotton farmers are shifting from conventional to more efficient irrigation technologies [13]. Additionally, farmers are laser land leveling so that water movement occurs more efficiently from one end to the other end of the field.



Farmers are not necessarily restricted to one irrigation technology. Some land, such as land with a lower soil quality or with various levels of slope, may require a combination of irrigation technologies for farmers to maximize profit. Likewise, investing money in installing water saving irrigation technologies in better soil and flat land may not be profitable [9,10,14,15,16]. Farmers may decide to adopt a center pivot irrigation technology on one land parcel whereas they may choose to adopt a furrow irrigation technology on another land parcel. Fractions of land one allocates under each irrigation system may be impacted by several physical and socioeconomic characteristics. When making decisions, fractional dependent variables with a value between 0 and 1 in a continuum are frequently encountered [17,18]. Explanatory variables affecting a fractional dependent variable require analysis by using a fractional regression model. We follow the method developed by Murteira and Ramalho [19] to identify the impact of explanatory variables for the allocation of land using multiple irrigation technologies.



The objectives of this study are three-fold. First, we identify the variables that affect the adoption of water-efficient irrigation technologies in cotton farming. Second, we identify why farmers adopt multiple irrigation technologies and the variables that affect their decision to adopt these technologies. Third, we use a fractional regression model to determine the allocation of land under different irrigation technologies.



The remainder of this paper is structured as follows. First, we describe the methods used in the paper. The methods used include probit, Poisson, and fractional multivariate specification with a multinomial logit link and a multivariate Bernoulli distribution [19]. Next, we describe the survey data collection procedure and explanatory variables included in the model. We then provide the results and conclude the paper.




2. Material and Methods


2.1. Farmers’ Decisions to Adopt Drip or Trickle Water-Efficient Irrigation Technologies


Farmers adopt a technology if technology adoption generates higher utility than non-adoption, and vice versa. Suppose Y is a binary (0 or 1) variable; in our case whether farmers use efficient irrigation technologies or not and explanatory variables X influence the outcome of Y, which is explained by the following expression:


   P r     (  Y = 1 | X  )  = F  (   X ′  γ  )   



(1)




where    P r    represents probability,  F  is the cumulative distribution function (CDF) of the standard normal distribution, and we estimate parameter  γ  by maximum likelihood. We can estimate this model by using a limited dependent variable model such as a probit model.




2.2. Farmers’ Decisions to Adopt Multiple Irrigation Technologies


Let    W i    be the observed number of irrigation technologies used by the    i  t h     cotton farmer. Assume    W i    to be independent with a Poisson distribution. The parameters  α  depend on explanatory variables X, which affect the number of irrigation technologies farmers adopt. We express the conditional mean as   E  (   W i  |  X i   )  =  λ i  = exp  (   α i   X i   )  ,   i = 1 ,   2 , … ,   N   where    λ i    denotes the intensity parameter. We represent the Poisson density function as


  P r  (   W i  = w  )  = f  (   W i   )  =    e   λ i     λ i   W i       W i  !      W i  = 0 ,   1 ,   2 … ,   N .  



(2)







We can estimate this type of model using a Poisson, a negative binomial, or zero-inflated Poisson models.




2.3. Farmers’ Decisions to Adopt Different Proportions of Land under Different Irrigation Technology


Cotton farmers may use one, or a combination of different irrigation technologies, to cover 100% of the irrigated areas on their farms. Suppose   Y =  (   y 1  ,    y 2  ,    y 3  ,   … .  y m   )    represents the fraction of an area that one irrigates using    m  t h     irrigation technology. These dependent variables possess fractional values that lie between 0 and 1, which we explain by a 1 × K vector of explanatory variables   X =  (   x 1  ,    x 2  ,    x 3  ,   … .  x k   )   . We address the solution of these type of variables with the nonlinear function satisfying   0 ≤ g    ( . )  ≤ 1  , where   g    ( . )    is a non-linear model [17]. The conditional mean of the dependent variable is:


  E  (  Y | X  )  = g  (  X β  )   



(3)




where  g  is a known function satisfying   0 < g    ( . )  < 1   condition,  β  is a k × 1 vector and  X  is a matrix of independent variables. The following function estimates  β  by maximizing Bernoulli log-likelihood


  L L  ( β )  =   ∑  i = 1  N    Y i  log  [  g  (   X i  β  )   ]  +  (  1 +  Y i   )  l o g  [  1 − g  (   X i  β  )   ]   



(4)




where N is the number of cotton farmers. The estimated parameter will only be consistent and asymptotically normal if   E ( Y | X )   is correctly defined. For a univariate case, a fractional regression model based on the quasi-likelihood and logistic conditional mean functions is useful [18,19]. Here, regression is done simultaneously by adopting a multivariate specification as cotton farmers select multiple irrigation technologies and those are correlated.



The following functional form of generalization of univariate specification to a multivariate specification with multinomial logit link and multivariate Bernoulli distribution [19] is useful for the fractional regression.



Let   E ( Y | X ) = G  (  X ; β  )  =  [   G 1   (  X ,    β 1   )  , … .. ,  G M   (  X ,  β M   )   ]    be the M vector of the conditional mean function with its components   E (  y m  | X ) ,   m = 1 , … .. M  , with    G m  =  G m   (  X ,    β m   )  ,   where conditional mean varies   0 <  G m  < 1   for all m and    ∑ 1 M   G m    = 1. The following multinomial logit specification is used:


   G m  =   exp  (  X  β m   )     ∑  m = 1  M  exp  (  X  β m   )      m = 1 , … … , M  



(5)




where    G m    is the fraction of the    m  t h     component of irrigation technology used by producers and subsequently it follows the multivariate Bernoulli (MB) distribution [17]. Therefore, the individual contribution to the log-likelihood is as follows:


  L o g  L i   ( β )  =  ∑  m = 1  M   y  i m     ·   L o g  G  i m   =  ∑  m = 1  M    G i m   G i M   + L o g  G  i M    



(6)




where    G  i , m     = 1 −    ∑  m = 1  M   G  i , m    . Then the quasi-maximum likelihood estimator is found by maximizing the log-likelihood of all cotton farmers (N):


  L L  ( β )  =   ∑  i = 1  N   l o g  L i   ( β )   



(7)




where   β ^   is consistent and asymptotically normal.





3. Data, Variables Used and Their Justification


We use data from the 2013 Southern Cotton Farm Survey from fourteen states (Alabama, Arkansas, Florida, Georgia, Kansas, Louisiana, Mississippi, Missouri, North Carolina, Oklahoma, South Carolina, Tennessee, Texas, and Virginia) [20]. Data regarding location, the number of years cotton has been grown on the land, the age of the farmer, the type of livestock, the details of crop rotation and cover crops, the education of the farmer, computer usage for farm management, accessibility of precision equipment, irrigation technology, cotton yield, and household income information were collected through the questionnaire. We adopted the survey procedure suggested by Dillman [21] to collect comprehensive information through the questionnaire, a postage-paid return envelope, and a cover letter describing the purpose of this survey. These questionnaires were sent to the 13,566 selected producers after removing 272 duplicate addresses from the 2011-marketing year. The pre-notification letter was sent on 18 January 2013 to each producer and mentioned that the survey questionnaire about precision farming was coming in two weeks and that we were requesting their participation. On 1 February 2013 the initial mailing of the survey questionnaire was sent followed by a reminder postcard on 8 February 2013. Again, a follow-up was sent to the non-respondents after three weeks, i.e., 22 February 2013. The second, and final round of mail, was sent to the producers explaining the importance of the survey, the questionnaire, and included another prepaid envelope and a reminder that producers did not have to respond if they did not grow cotton during the period from 2008 to 2012. Out of 13,566 mailed questionnaires, 75 were non-respondent, 66 were returned due to incorrect addresses, and a remaining 263 were either farming other crops, retired, or deceased. The final response rate was 13.36% with 1812 usable surveys for analysis.



Table 1 indicates that most of the surveyed cotton farmers adopted center pivot irrigation technology (633 producers), 259 producers had adopted furrow irrigation, 133 adopted sub-surface drip, 28 adopted big or travelling gun, 24 adopted flood, 12 adopted hand move, 11 adopted slide roll, and 4 cotton producers each using equally solid set/fixed and trickle irrigation technologies. We generate new water-efficient irrigation technologies of sub-surface drip and trickle irrigation for the probit regression. The dependent variable for the probit model is one if a cotton farmer adopts the water-efficient irrigation technologies; it is zero if the farmer has not.



There are in total 10 different irrigation technologies used by cotton farmers in the study region. We count these irrigation technologies and their intensity as the number of total irrigation technologies farmers adopt (Figure 1). This number becomes the dependent variable for the count data regression model. Similarly, we analyze four irrigation technologies: the three major and then the fourth, including all others combined (Table 1). The fraction of total areas (a continuous variable with values between 0 and 1) under these four categories of irrigation technologies, serve as dependent variables for the multivariate fractional regression analysis. The definition of each variable used in the models and their descriptive statistics are presented in Table 2.



In this paragraph, we introduce explanatory variables and justifications for including those in regression models used in this paper. Farm size is an important variable to determine the adoption of technologies [22]. Producer age is also an important variable for determining technology adoption rates [23]. Younger producers are more likely to adopt a new technology than their older counterparts because they are handier with new technologies and believe the new technologies help them to reduce time spent on farming [24]. It is also expected that producers with college education (bachelor or above degree) are likely to adopt a new technology because of the human capital and technological skills one acquires through education [25]. Wealthier producers are likely to adopt technologies such as irrigation technology, particularly drip or trickle, requiring heavy investment. We expect that higher cotton yields are an indicator of land quality and have a positive impact on irrigation technology adoption. Computer use is important in keeping financial records on the farm. Farmers who use computers are more likely to be successful [26]. Computer access helps to find efficient technologies more readily which is useful for finding water-efficient irrigation technologies. It is expected that cover crops preserve moisture [27]. Therefore, producers who plant cover crops are less likely to invest money in adopting water-efficient irrigation technologies in cotton farming.



Our data come from several U.S. states. These states have varying soil and climatic conditions. McCunn and Huffman [28] divide these various states into different ecological regions to analyze agriculture total factor productivity differences produced from investment in research and development. We adopt their ecological region definition in our study. We generate dummy variables for each region: Appalachia, Southeast, Delta States, Southern Plains, Northern Plains, and Mountain regions. Substantial numbers of farmers located in the Southern Plains (Texas and Oklahoma) adopt water-efficient irrigation technologies. Since the Southern Plains frequently face water shortages, farmers in the region are pioneers in adopting modern irrigation technologies for cotton production.




4. Results


We estimate three separate models based on the data and methods that we described in earlier sections.



4.1. Farmers’ Decision to Adopt Drip or Trickle Irrigation Technologies


Results are shown in Table 3. The estimated coefficient of the variable “irrigated yield” is positive and statistically significant at a 1% level, which indicates that yield from the irrigated portion of land is an important reason for choosing drip/trickle irrigation technologies for cotton farming. It is generally true that more yield generates more income for the farmers, so they search for efficient water-efficient irrigation technologies to maximize farm production and profit. The marginal effects of “irrigated yield” are positive, which indicates that adoption of drip/trickle irrigation technologies is increased by 0.06 percent if the irrigated cotton yield increases by one pound.



“Farm location” is another variable that affects the adoption of drip/trickle irrigation technologies. The variable “Southplain”, comprised of Texas and Oklahoma, has the positive and statistically significant coefficient at one percent level. This result indicates that cotton producers from this region realize a higher profit (from yield) from adopting drip/trickle irrigation technologies. The positive marginal effect implies that cotton farmers in the region increase drip/trickle irrigation technology adoption by 191% as compared to cotton farmers in other regions.



Masseroni et al. (2018) [29] have studied the performance of first automatic system for paddy irrigation in Europe. There finding is consistent with previous literature that the automatic system does not reduce water consumption. The major benefit of advance technology such as the automatic system is that it helps to reduce time spent in the field, so farmers are willing to adopt the technology. Masseroni et al. (2017) [30] also indicate that efficiency is a big concern in almost all gravity-based irrigation system in Europe. Similarly, Bekchanov et al. (2016) [31] emphasize the role of drip irrigation in improving water efficiency in Aral Sea Basin of Central Asia. Although we did not find the education variable significant, in other countries such as in China, educated farmers tend to adopt water saving technologies [32].




4.2. Farmers’ Decisions to Adopt Multiple Irrigation Technologies


We estimated negative binomial and zero inflated negative binomial models. The test statistics were not strong to reject a Poisson model. Therefore, results from a Poisson model is interepreted here (see Table 4). Four explanatory variables are statistically significant at a 1 to 10 percent level of significance. The coefficient of the variable “irrigated yield” is positive and significant at one percent level. The marginal effects of the irrigated yield for irrigation intensity is positive, which shows 0.06 percent more chances of increased intensity as irrigated yield increases by one percent. The coefficient of landholding is positive and statistically significant at a level 10 percent. These marginal effects indicate that the intensity of irrigation technology adoption increases by 0.0028 percent as land holding increases by one acre. Education shows a negative but statistically significant coefficient at a 10 percent level. This result implies an inverse relationship between education and irrigation technology intensity. Its marginal effects indicate that an additional level of education decreases irrigation intensity by three percent. Computer use is another important determinant for selecting irrigation intensity for cotton farming, which shows a positive and significant coefficient at a level of 5 percent. Additionally, this result implies 17 percent more intensity of irrigation technology if a farm household uses a computer in decision-making processes. Its marginal effects indicate that the producers who use computers for cotton farm management use 11 percent more irrigation technologies than those who do not use computers. Similarly, the location specific dummy explanatory variable shows a positive relationship with intensity, and it is statistically significant at a 1 percent level. It indicates that Texas and Oklahoma producers adopt more irrigation technologies (56.6 percent) compared to cotton farmers from other regions. Its marginal effects imply that cotton farmers from this region are likely to adopt 37 percent more irrigation technologies than those who are not from this region.




4.3. Farmers’ Decisions to Adopt Different Proportions of Land under Each Irrigation Technology


Marginal effects from the multivariate fractional regression model are shown in Table 5. Results show that a one-year increase in a farmer’s age increases the proportion of land allocated to furrow irrigation by 0.03 percent. This result is supported by the fact that older farmers are not willing to adopt a new or improved technology because they are at the end of their planning horizon [21]. Cotton farmers in the Southern Plains allocate 14.55 percent less land under a furrow irrigation system. This finding is understandable because most of the farmers use water-efficient technologies in the Southern Plains where water is in short supply, and evaporation loss due to the sun exposure is quite high when one uses furrow irrigation. Cotton farmers who use cover crops allocate 0.36 percent more land to a center pivot irrigation technology. Similarly, farmers who use more information sources are more likely to use a center pivot irrigation technology. One more use of information sources increases the proportion of land allocation to center pivot irrigation technology by two percent. In contrast, cotton farmers who are in the Southern Plains allocate 14 percent less land to a center pivot irrigation technology.



The use of cover crops has a negative impact on the allocation of land with water-efficient irrigation technologies. The explanation is that if farmers are using drip or trickle irrigation technology, they may not need or want to use additional moisture conserving cover crop expenses in the farming system. Cover crop planting decreases the proportion of land allocation for drip or trickle irrigation technologies by 0.08%. A higher irrigated yield increases the proportion of land allocation for drip/trickle irrigation technologies. For each pound increase in an irrigated cotton yield, the proportion of land allocated to drip/trickle irrigation increases by 0.002%.



Education also increases the proportion of land allocation using drip or trickle irrigation. Those farmers who are educated are more conscious of natural resources and are likely to choose water conserving irrigation technologies. Farmers in the Southern Plains allocate 29% more land to sub-surface drip or trickle irrigation in comparison to farmers in the other regions.





5. Concluding Remarks


The 2013 Southern Cotton Farm Survey data were used for this research. We considered three objectives; the first objective was to assess variables that affect water-efficient irrigation technology adoption using a probit model. The second objective was to identify the impacts of selected explanatory variables on the adoption intensity of irrigation technologies using a Poisson model. Similarly, a multivariate fractional regression model was used to determine variables that affect the allocation of land under different irrigation technologies. These objectives were explored by using different explanatory variables based on the technology adoption literature, viz., Age, Cover, Information, Irrigated yield, Landholding, Education, Income, Agshare, Compuse, and Southplain.



The two explanatory variables: “Southern plains” and “Irrigated yield,” were statistically significant in the probit model. Because of the Southern Plains’ weather situation and water shortages, farmers generally used more efficient irrigation technologies. In the intensity analysis, we found “irrigated yield,” “landholding,” “education,” “computer use,” and “Southern Plains” to be significant in the model. Only one variable, “education,” showed a negative sign. As the education level increases, farmers can process information more effectively and decide to adopt technologies that meet their profit and environmental goals. It is likely that they reduce the number of irrigation technologies to only those that can generate sufficient profit for them. If the land has various slopes, they may land-level and use only furrow irrigation instead of both furrow and center pivot irrigation technologies. Cotton farmers who use computers for farm management and are also from the Southern Plains are more likely to adopt multiple irrigation technologies. Again, this has to do with understanding the field’s topography and implementing irrigation system based on respective needs.



Results from the multinomial fractional regression model indicated that older farmers are more likely to allocate a higher proportion of land to the furrow irrigation technology. The use of a cover crop increases the proportion of land using a center pivot irrigation system but decreases the amount of land using the drip or trickle irrigation system. A higher irrigated yield enhances farmers’ chances of allocating a higher proportion of land under drip or trickle irrigation technology but decreases the chances of allocating land under the other irrigation technologies (other than furrow, center pivot, and drip irrigation technologies). Education increases the chances of allocating a higher proportion of land to drip or trickle irrigation technologies. Farmers in the Southern Plains allocate more land to drip or trickle irrigation but less land to other irrigation technologies.



This paper provided knowledge of factors affecting land allocation under different irrigation technologies. The major contributions of this paper were twofold: researchers so far have not looked at why farmers adopt multiple irrigation technologies in cotton production systems. Also, there lacks a study on land allocation decision under different irrigation systems. The goal of technology adoption is to maximize utility either by maximizing profit, reducing cost, or adopting better environmental practice such as water-efficient technology. We believe that farmers adopting multiple irrigation technologies have to do with utility maximization and it may come from one of these alternatives. As quality irrigation water becomes a more constrained resource, farmers would use technology that is conducive to their farm and farming situations. This study could have been strengthened further if irrigation related price and cost (per unit water price, per unit extraction cost) information were available. There is also a concern regarding reverse causality between irrigation technology and yield which could be a subject of future research.



Research findings indicate that special emphasis should be placed on educating farmers through cooperative extension service and in the Southern Plains region to improve more effective irrigation technology adoption by farmers. Encouraging farmers to adopt a cover crop may help to preserve soil moisture, but it may have an unintended consequence of reducing the proportion of land allocated to drip/trickle irrigation technologies. The cost of technology, the price of water, and the physical features of the land are also important factors in irrigation technology adoption. Unfortunately, data limitation prevented us from identifying the role of these variables in the decision to adopt irrigation technologies.
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Figure 1. Number of irrigation technologies (intensity) adopted by cotton farmers in the sample of 14 U.S. cotton production states. 
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Table 1. Irrigation technology adopted by cotton farmers in the study region.
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	Irrigation Technologies
	Number of Cotton Farmers
	Percentage of Total Farmers





	Furrow
	259
	23.06



	Flood
	24
	2.14



	Center Pivot
	633
	56.37



	Hand Move
	12
	1.07



	Solid Set/Fixed
	4
	0.36



	Linear Move
	15
	1.34



	Big or Travelling Gun
	28
	2.49



	Slide Roll
	11
	0.98



	Subsurface Drip
	133
	11.84



	Trickle
	4
	0.36
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Table 2. Definition and summary of variables.
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	Variable
	Variable Definition
	Obs.
	Mean
	SD
	Min
	Max





	DEPENDENT
	
	
	
	
	
	



	Prcenter
	Fraction of farmers using center pivot irrigation technology
	832
	0.659
	0.422
	0
	1



	Prdrip
	Fraction of farmers using drip or trickle irrigation technology
	832
	0.073
	0.221
	0
	1



	Prfurrow
	Fraction of farmers using furrow irrigation technology
	832
	0.204
	0.362
	0
	1



	Prother
	Fraction of farmers using other than furrow, center pivot, or water-efficient irrigation technologies
	832
	0.063
	0.222
	0
	1



	Waterefficient
	Farmers adopting either drip or trickle irrigation technologies = 1 if trickle otherwise = 0
	1812
	0.074
	0.262
	0
	1



	INDEPENDENT
	
	
	
	
	
	



	Age
	Producer’s age in year
	1783
	55.486
	13.399
	18
	98



	Agshare
	Share of income from agriculture source
	1607
	73.479
	28.342
	0
	100



	Cover
	Whether farmer has planted cover crops, =1 for yes;

0 otherwise
	1812
	20.750
	35.089
	0
	100



	Compuse
	Computer use for cotton production
	1731
	0.561
	0.496
	0
	1



	Education
	Producers final education level
	1780
	3.374
	1.259
	1
	6



	Landholding
	Total land owned (acres)
	1812
	661.582
	1154.129
	0
	11,000



	Information
	Source of information used
	1718
	2.091
	1.428
	0
	8



	Irrigated yield
	Average irrigation cotton yield (pounds/acre)
	1812
	357.162
	550.206
	0
	2573



	Income
	Household income from both farm and non-farm sources
	1657
	3.028
	1.495
	1
	6



	Southplain
	If a farm is in TX or OK = 1, otherwise = 0
	1812
	0.348
	0.476
	0
	1
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Table 3. Parameter and marginal effects of variables affecting the adoption of water-efficient irrigation technologies (subsurface/drip).
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	Variables
	Coefficients
	Marginal Effects





	Age
	−0.002
	0.000



	
	(0.005)
	(0.001)



	Cover
	−0.002
	0.000



	
	(0.002)
	(0.000)



	Information
	0.005
	0.001



	
	(0.048)
	(0.005)



	Irrigated yield
	0.000 ***
	0.001 ***



	
	(0.000)
	(0.001)



	Landholding
	0.000
	0.000



	
	(0.000)
	(0.000)



	Education
	0.039
	0.004



	
	(0.050)
	(0.005)



	Income
	0.004
	0.000



	
	(0.039)
	(0.004)



	Agshare
	0.002
	0.000



	
	(0.002)
	(0.000)



	Compuse
	0.203
	0.020



	
	(0.145)
	(0.014)



	Southplain
	1.908 ***
	0.191 ***



	
	(0.214)
	(0.021)







Note: Standard errors in parentheses. *** p < 0.01.
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Table 4. Factors affecting the number of irrigation technologies adoption (intensity) by cotton farmers.
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	Variables
	Coefficients
	Marginal Effects





	Age
	0.002
	0.001



	
	(0.003)
	(0.002)



	Cover
	0.001
	0.001



	
	(0.001)
	(0.001)



	Information
	−0.007
	−0.004



	
	(0.024)
	(0.016)



	Irrigated yield
	0.010 ***
	0.000 ***



	
	(0.000)
	(0.000)



	Landholding
	0.000 *
	0.000 *



	
	(0.027)
	(0.000)



	Education
	−0.049
	0.030 *



	
	(0.022)
	(0.018)



	Income
	−0.001
	−0.001



	
	(0.001)
	(0.015)



	Agshare
	0.002
	0.001



	
	(0.001)
	(0.001)



	Compuse
	0.017 **
	0.111 **



	
	(0.073)
	(0.048)



	Southplain
	0.566 ***
	0.375 ***



	
	(0.067)
	(0.046)







Note: Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 5. Marginal effects of land allocation under alternative irrigation technologies using a multivariate fractional regression model.
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	Variables
	Furrow
	Center Pivot
	Drip/Trickle
	Others





	Age
	0.000 ***
	0.001
	0.000
	−0.001



	
	(0.001)
	(0.001)
	(0.001)
	(0.001)



	Cover
	−0.003
	0.004 ***
	−0.001 **
	0.000



	
	(0.000)
	(0.000)
	(0.000)
	(0.000)



	Information
	−0.005
	0.020 *
	−0.003
	−0.011



	
	(0.010)
	(0.012)
	(0.006)
	(0.007)



	Irrigated yield
	0.000
	0.000
	0.000 *
	−0.000*



	
	(0.000)
	(0.000)
	(0.000)
	(0.000)



	Education
	−0.014
	0.003
	0.011 *
	−0.001



	
	(0.010)
	(0.012)
	(0.006)
	(0.007)



	Income
	−0.001
	0.003
	0.000
	−0.002



	
	(0.009)
	(0.011)
	(0.005)
	(0.006)



	Agshare
	−0.001
	0.001
	0.000
	0.000



	
	(0.001)
	(0.001)
	(0.000)
	(0.000)



	Compuse
	−0.036
	0.053
	0.000
	−0.018



	
	(0.029)
	(0.034)
	(0.020)
	(0.017)



	Southplain
	−0.146 ***
	−0.137 ***
	0.290 ***
	−0.008



	
	(0.025)
	(0.042)
	(0.048)
	(0.014)







Note: Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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