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Abstract 

 

Soil salinity is a major form of land degradation that spans the world’s arid and semi-

arid regions. It hinders plant growth and development, reducing land productivity. In 

Pakistan, about one-fourth of the total irrigated farmland in Pakistan is affected by soil 

salinity. It is caused primarily by brackish groundwater used for irrigation to meet crop 

water requirements. Evaluating soil health requires reliable data on soil quality that can 

aggregate an array of soil attributes (i.e., physical, chemical, and biological) into a 

single measure of soil quality indicator (SQI), which is seldom available to 

policymakers. Moreover, soil salinity brings farm management challenges that require 

effective and site-specific management actions to reverse or reduce land degradation. 

With the assistance of donor agencies, the government of Pakistan attempted to 

introduce policy interventions, such as gypsum and laser land leveler (LLL) 

technologies to reclaim affected soils. Understanding the acceptance of sustainable land 

management (SLM) practices among land managers and the factors that accelerate their 

adoption process need to be explored. A comprehensive but actionable soil health 

management approach is required to develop relevant policy and a land restoration and 

conservation (LRC) program for irrigated salt-affected farmland.  

The research objectives of this study were to: 1) construct a composite measure of soil 

quality (i.e., soil quality indicator (SQI)) based on individual soil attributes; 2) 

investigate the factors influencing the speed of gypsum adoption by land managers and 

its impact on crop yield; 3) investigate the determinants of time until adoption of LLL 

technology and evaluate the diffusion of LLL technology at different periods under 

different government subsidy schemes and its impact on groundwater use (m3/acre) 

applied to wheat crops; 4) and investigate heterogeneity in land manager preferences for 

designing a land restoration and conservation (LRC) program for irrigated salt-affected 

farmland. A multi-stage stratified sampling procedure was used to select 504 farm 

households in three irrigated agroecological zones (i.e., rice–wheat zone, maize–wheat–

mix zone, and cotton–mix zone) of the Punjab province of Pakistan. The study’s 

contributions will be published in four research papers. 

The first paper used directional distance functions in a data envelopment analysis 

(DEA) framework to construct a composite Luenberger SQI. The SQI–crop yield 

relationship revealed diminishing returns to improving soil quality level. Moreover, 

simple linear regression models were used to estimate weights for directly aggregating 
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individual soil attributes into an SQI without using frontiers. The results showed that the 

SQI is sensitive to electrical conductivity (EC), K, and NH4 for wheat production and 

EC, K, and P for rice production.  

The second paper used an accelerated failure time (AFT) model to investigate time to 

gypsum adoption, which identified legal land entitlements, distance to soil and water 

testing laboratories, distance to input markets, and access to credit facilities as potential 

predictors of time to gypsum adoption. Visits to demonstration trial sites and access to 

extension services accelerated the adoption speed. Propensity score matching (PSM) 

was used to evaluate the impact of gypsum application on wheat and rice yields, with 

the results indicating that gypsum adoption increased wheat and rice yields.  

The third paper used a discrete-time duration model (DT-DM) to investigate factors that 

accelerate or decelerate the speed of adoption of LLL technology. It showed that the 

2012–18 subsidy scheme had higher uptake of LLL adoption among land managers than 

the 2005–08 subsidy scheme. The results also revealed that strong legal land 

entitlements, farmland location in the middle or tail-end of the watercourse, and 

information acquired through extension services, water management directorates, and 

print media accelerated the speed of LLL adoption. An endogenous switching 

regression (ESR) model was used to assess the impact of LLL adoption on groundwater 

usage, revealing that the adoption of LLL technology could reduce the volume of 

groundwater (m3/acre) applied to wheat crops. 

The final paper used a scale-adjusted latent class model to investigate land managers’ 

preferences for designing an LRC program for irrigated salt-affected farmland in 

Punjab, Pakistan. The simulation results showed that proposing stringent program 

attributes (i.e., maximum contract length and area enrollment, minimum subsidy level, 

and Sesbania) relative to status quo option (i.e., choosing neither of the LRC program 

options) increased the probability of land managers joining the LRC program for all 

classes (except Class 4). The heterogeneity in land managers’ preferences was explained 

by factors such as COVID-19 income shock, production risks, unavailability of 

production loans, agroecological diversity, and promotional strategies to share 

information on land restoration and conservation practices. Minimizing these risks and 

barriers would motivate land managers’ to participate in the LRC program. 

Overall, the results offer the following insights for policymakers; 
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1. The soil quality indicator is sensitive to soil attributes such as soil EC, NH4, P, and 

K.  

2. The speed of adoption of gypsum and LLL technology can be accelerated through 

policy interventions that increase exposure to agricultural innovations, information 

about the innovations, credit access, and legal land entitlement. 

3. The adoption of gypsum is decelerated by distance to input markets, and soil and 

water testing laboratories. 

4. Gypsum application increases wheat and rice yields by 17% and 23%. 

5. LLL application can reduce groundwater applied to wheat crops by 23%. 

6. A 30% subsidy on gypsum while promoting Sesbania as green manure and reducing 

barriers to credit access could accelerate land managers’ participation in the LRC 

program. 
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Chapter 1 

1.1 Introduction 
 

Soil is a finite and non-renewable natural resource (Lal, 2015) that is essential for 

supporting people’s livelihoods and food demands to achieve food security and reduce 

poverty (Lal, 2006, 2014; Von Braun, 2013). The increased use of marginal land is 

becoming increasingly important for bridging the gap between increasing food demand 

and rapid population growth (Gupta & Abrol, 2000). Unsustainable agronomic practices 

and climate variability affect multiple land-based ecosystems services (Kopittke et al., 

2019; Reynolds & Stafford, 2002), leading to land degradation (LD).  

Land Degradation (LD) is one of the major concerns of environmental degradation in 

Sub-Saharan Africa and South Asia (Barbier & Hochard, 2018). Importantly, 

livelihoods and well-being of the majority of the poorest households in the rural areas of 

developing countries depend on land (Nachtergaele et al. 2010). LD has both direct and 

indirect impacts on food security (Gupta, 2019; West et al., 2014) and poverty  (Barbier 

and Hochard, 2016, 2018). On a global scale, the annual loss of 75 billion tons of soil 

costs the world about USD 400 billion (Eswaran et al., 2019).  

In the past three decades, sustainable development of natural resources has been 

prioritized at the global level. The United Nations Convention to Combat 

Desertification (UNCCD) was established in 1994, emphasizing sustainable land 

management in arid and semi-arid regions. In 2015, the UNCCD reached an agreement 

during the COP 121 to integrate the convention’s target of a land degradation neutral 

world into the Sustainable Development Goals (SDGs). The land degradation neutrality 

(LDN) target 15.3 of the UN SDGs aims to achieve a land degradation neutral world by 

2030 by maintaining or restoring land-based natural capital (Cowie et al., 2018). To 

achieve LDN, the UNCCD proposed a response hierarchical decision-making 

framework (Avoid > Reduce > Reverse land degradation) offering guidelines for 

implementing appropriate interventions, such as sustainable land management (SLM) 

practices, to reduce or reverse land degradation. 

It is crucial to monitor the effect of agronomic practices on soil quality and ultimately 

crop production and development at the farm level. This provides information on soil 

health that can be useful in promoting context and site-specific SLM practices for 

                                                           
1 Conference of the Parties on its 12th session, held in Ankara, 12–23 October 2015. 
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agricultural households. Unfortunately, adequate and reliable soil quality information is 

seldom available to policymakers in assessing agroecosystems (Arshad & Martin, 

2002). Soil quality is a multidimensional notion encompassing a range of physical, 

chemical, and biological attributes (de Paul Obade & Lal, 2016) that serve as soil health 

indicators. However, it cannot be measured directly (Stocking, 2003) and requires 

methods that incorporate numerous individual soil attributes into a composite 

measure—a soil quality index (SQI)—which can aid as a decision-making tool (Arshad 

& Martin, 2002). An SQI is superior to individual soil attributes that, in isolation, may 

not be enough to quantify varying soil conditions.  

In the soil science literature, numerous studies have used three-step procedures to 

construct SQIs that involve 1) identifying the minimum data set (MDS) of individual 

soil attributes (Doran & Parkin, 1994; Karlen et al., 1997); 2) transforming the MDS 

into standardized scores (ranging from 0 to 1) using linear and non-linear methods 

(Askari & Holden, 2014; Masto et al., 2008; Nabiollahi et al., 2018; Raiesi & Kabiri, 

2016; Sharma et al., 2005; Yu et al., 2018; Zhou et al., 2020), and 3) integrating scores 

into an index using different aggregation methods, such as additive and weighted 

additive techniques (Arshad & Martin, 2002; Askari & Holden, 2014; Askari et al., 

2015; Nabiollahi et al., 2018; Yu et al., 2018).   

Hailu and Chambers (2012) argued that transformation and integration steps in the soil 

science literature are ad hoc and lack well-defined yardsticks for assessing soil quality 

performance. In addition, the ad hoc steps do not account for the cause-and-effect 

relationship between soil attributes and crop yields. Therefore, computing SQI using 

soil attributes in a production theoretic framework could address the shortcomings in 

the soil science literature (Hailu & Chambers, 2012). An SQI can serve as a decision-

making tool for evidence-based policymaking and be used by policymakers to develop 

the site- and context-specific SLM recommendations for degraded farmland. 

However, land degradation takes many forms, with each form requiring site-specific 

SLM practices that can be adapted to a specific context. Worldwide, it is estimated that 

about 33% of soils are moderate to highly degraded due to acidification, erosion, 

compaction, and salinizaton (Pennock et al., 2015). Soil salinization is the most 

common land degradation problem in arid and semi-arid regions (Pennock et al., 2015). 

Globally, irrigated salt-affected land spans nearly 100 countries (Qadir & Oster, 2002) 

and accounts for USD 27.3 billion annually of the economic costs on salt-affected 

farmland (Qadir et al., 2014). About 8 percent (84.1 Mha) of the world’s salt-affected 
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land is in South Asia (Shahid et al., 2018). About 25 percent of the total irrigated land in 

Pakistan is affected by some level of salinity, costing USD 0.26–0.94 billion2 per year 

in lost crop productivity (Martin et al., 2006). In the Indus basin of Pakistan, salt-

affected soils decreased wheat and rice yields by 32 and 48 percent compared to non-

saline soils (Qadir et al., 2014). 

Salinity is a serious environmental problem in the irrigated regions of Pakistan. The 

country depends heavily on groundwater to meet crop water requirements, with more 

than 50% of the crop water demand met through groundwater irrigation (Archer et al., 

2010; Qureshi et al., 2010), resulting in groundwater table depletion (Kijne, 1999; 

Qureshi et al., 2010; Shah et al., 2001). About 20% of irrigated land in Pakistan is 

salinized due to groundwater irrigation (Shahid et al., 2018), reducing land productivity 

by 25–70% on slightly-to-moderately saline soils (Martin et al., 2006). 

National governments and development agencies have made significant efforts over 

recent decades to encourage land managers to adopt SLM practices to cope with land 

degradation (i.e., soil erosion, depleted organic matter, low soil fertility) (Adgo et al., 

2013; D’Emden et al., 2008; Manda et al., 2016; Teklewold et al., 2013; Wollni et al., 

2010). Studies have identified factors that can affect land managers’ decisions to adopt 

SLM3 practices, but little is known about factors that could accelerate the time to adopt 

such practices (Läpple, 2010; Yigezu et al., 2018). In experimental studies worldwide, a 

range of SLM practices has been advocated to reduce or reverse salt-affected farmlands, 

generally divided into four categories: agronomic, management-specific, structural, and 

vegetative (Panagea et al., 2016). Among agronomic practices, the use of gypsum is 

generally recommended to reverse salt-affected farmland. 

In Pakistan, the government of Punjab initiated a community-driven project ‘Bio-Saline 

II’ from 2006 to 2012 to rehabilitate salt-affected farmland. Site-specific practices were 

introduced, including gypsum, which was distributed among land managers on a cost-

sharing basis. The gypsum reversed irrigated salt-affected soils to normal soils, 

ultimately enhancing agricultural production (Quiroga et al., 2009; Shah et al., 2011). 

Experimental studies in Pakistan’s rice–wheat agroecological system indicated that 

gypsum recovers soil physical structure and improves wheat and rice yields (Ghafoor et 

al., 2008; Murtaza et al., 2009; Qadir et al., 2001; Zia et al., 2007). Gypsum-related 

                                                           
2 1 USD = 58.46 Pkr (average annual exchange rate in 2004). 
3 SLM practices include soil fertility and crop management, soil erosion control measures, and water 

harvesting, in addition to grazing and forest management (Cordingley et al., 2015) 
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studies are limited to experimental research; there is a research gap in non-experimental 

studies for understanding the acceptance of gypsum among land managers, factors that 

accelerate the time to gypsum adoption, and its impact on crop yields.  

Salinity issues can be resolved using on-farm management practices to reduce 

additional salts in the soils through water conservation technologies. Kahlown et al. 

(2000) found that about 10–25% of irrigation water is lost in rice–wheat systems due to 

unlevelled fields. A simple management remedy at the farm is to level uneven fields 

with laser land leveler (LLL) technology. Experimental studies in India showed that 

using LLL technology conserved 22% of irrigation water in a rice–wheat system 

(Naresh et al., 2014), 25–30% in rice (Bhatt & Sharma, 2009), and 10–13% in wheat 

(Jat et al., 2009). In Tajikistan and Pakistan, studies have reported that the adoption of 

LLL reduced irrigation water use (Abdullaev et al., 2007; Rizwan et al., 2018). There 

are also indirect benefits of LLL technology, including energy cost savings, reduced 

greenhouse gas emissions, and increased fertilizer use efficiency, seed germination, and 

crop yields (Abdullaev et al., 2007; Aryal et al., 2015; Hoque & Hannan, 2014; Jat et 

al., 2009; Rizwan et al., 2018). 

Given the direct and indirect benefits of LLL technology, the adoption rate among 

farmers is about 55% and 57% in India and Pakistan. A few non-experimental studies 

have investigated factors affecting the decision to adopt LLL technology (Ali et al., 

2018; Anderson et al., 1999; Aryal et al., 2018) and its direct impact in terms of the 

reduction in the number of irrigations to irrigate wheat and rice crops (Ali et al., 2018). 

However, no study has investigated the dynamic adoption process of LLL technology or 

evaluated the volume of groundwater saved.  

In the Punjab province of Pakistan, the government introduced LLL technology in 1985 

to improve efficiency of surface irrigation water. Later, the provincial government 

introduced two subsidy schemes, offering a 50% subsidy on the cost of the LLL unit 

and similar eligibility criteria4 for selecting land managers across schemes. The first 

subsidy scheme ran from 2005 to 2008, with the government distributing 2,500 LLL 

among land managers; the second scheme ran from 2012 to 2018, with 5,000 LLL units 

distributed among land managers. However, there is a paucity of literature on the 

adoption of LLL under different subsidy schemes (Ali et al., 2018; Aryal et al., 2018); 

                                                           
4 The applicant must own a tractor, own no more than 12.5 acres of land, agree to offer LLL rental 

services in the community, and provide LLL rental services to a minimum of 300 acres per unit annually 

during the scheme period (i.e., 2005–08 or 2012–18). 
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such information would provide avenues to accelerate innovation adoption and 

agricultural growth. 

It is crucial to promote agricultural policies with financial incentives (Engel et al., 2008; 

Pagiola, 2008; Wunder, 2008) that encourage land managers to opt for land restoration 

and conservation practices to reverse salt-affected land and reduce or avoid soil 

degradation. Incentive mechanisms can help land managers to cope with the opportunity 

cost of participating in conservation programs and avoid any perceived risk or 

uncertainty that delays their adoption of SLM practices. Several studies have used a 

discrete choice experiment approach to identify attributes that affect land manager 

participation in the land conservation program (Christensen et al., 2011; Espinosa‐

Goded et al., 2010; Greiner, 2016; Jaeck & Lifran, 2014; Ruto & Garrod, 2009) but no 

study has explored LRC programs targeting irrigated salt-affected farmland.  

In this context, addressing the soil salinity problem in irrigated salt-affected areas is 

essential for ensuring food security and helping reduce deposited salts in the soil to 

achieve LDN and other cross-cutting goals, such as reduced poverty, and sustainably 

managed natural resources and the environment.  

1.2 Research Objectives 

 

This thesis explored the economics of soil quality in the irrigated agroecological zones 

of Pakistan. The main objectives were to: 

1) Construct a composite measure of soil quality based on soil attributes of 

individual farms growing wheat and rice crops in three irrigated agroecological 

zones and explore the contribution of individual soil attributes to overall soil 

quality. 

2) Investigate the factors affecting the time to adoption of gypsum and its impact 

on crop yield. 

3) Investigate the determinants of speed of adoption and evaluate the diffusion of 

LLL technology under different subsidy schemes, including its impact on 

groundwater (m3/acre) applied to wheat crops. 

4) Investigate land managers’ preferences for designing land restoration and 

conservation programs for irrigated salt-affected farmland. 

1.3 Data Description and Research Design 

 

The data used in this study came from a farm household survey (FHS) conducted in 

2019, covering the 2018–19 crop production year. Detailed plot-level data were 
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collected from 504 farm households randomly selected from three irrigated 

agroecological zones (i.e., rice–wheat zone, maize–wheat–mix zone, and cotton–mix 

zone) in the semi-arid plains of the Punjab, Pakistan. Figure 1.1 shows the distribution 

of the selected districts in Punjab. The Punjab province covers about 57% of the total 

cultivated area and provides about 73% of the cereal production (GoP, 2017). A multi-

stage stratified sampling procedure was used to select farm households. The first stage 

used three purposively selected irrigated agroecological zones representing the Punjab 

province of Pakistan (adopted from Ahmad et al., 2019). The second stage used one 

representative district from each agroecological zone (i.e., Hafizabad, Jhang and 

Bahawalnagar). After consultation with the Deputy Director of the Agriculture 

Extension Department, two tehsils were chosen from each selected district, one 

representing salt-affected farmland and the other unaffected farmland. Two Union 

Councils (UCs) from each tehsil were then purposively selected. From each UC, two 

mouza5 (revenue villages) were purposively selected, with one village chosen from each 

mouza. Finally, 21 farm households were randomly chosen from each village, where 

each village comprised about 60–70 farm households, for a total of 504 farm 

households.  

Information was collected from the eligible farm household member who either 

managed or cultivated agricultural plots for two crop production seasons in 2018–19: 

Kharif  2018 and Rabi 2018–19. Detailed information was collected on socioeconomic, 

demographic, plot-level input–output, crop-specific information, institutional factors, 

adoption time, and income sources. In addition, farm managers’ preferences for land 

restoration and conservation were collected through a choice experiment. Variables 

used in the empirical models vary with research objectives, and their descriptions are 

provided in Chapters 2–5. 

After selecting the farm households, each household was asked to report farm plots 

based on the following criteria: 1) only cultivated area of farmland is considered; 2) 

plots inside selected village; 3) if location of land area within selected village is not 

adjacent, considered as a separate plot; 4) land bifurcation based on tenancy status. A 

unique feature of the data is that soil samples were collected from land managers’ 

eligible plots (624) using a zigzag sampling pattern (Pennock et al., 2008), with a 

minimum of 20 soil core samples at 30 cm depth taken from randomly selected 

locations within each plot. The collected samples were dispatched to the University of 

                                                           
5 Mouza usually comprises 5–8 villages. 
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Agriculture, Faisalabad, Pakistan, and analyzed following the procedure mentioned in 

Estefan et al. (2013). Six soil attributes—soil pH, electrical conductivity (EC), soil 

organic matter (SOM), phosphorus (P), potassium (K), and ammonium (NH4)—were 

measured after consultation with professors and soil scientists at the Soil Salinity 

Research Institute.  

 
Figure 1.1 Map of the study districts in Punjab, Pakistan 

1.4 Conceptual Framework and Organization of Thesis 
 

Figure 1.2 is a conceptual framework of the study integrating the listed objectives in 

terms of challenges and opportunities for restoring and conserving irrigated salt-affected 

farmland in Punjab, Pakistan. As mentioned above, the study has four distinct research 

objectives that are integrated in a holistic system rather than by individual components. 

Within a given system, (un)sustainable human-induced agronomic practices could 

positively (negatively) impact soil attributes affecting plant growth and development. 

The land manager’s socioeconomic and demographic and farm characteristics might 

indirectly (dashed line) improve or deteriorate soil health. Given the multidimensional 

nature of soil quality attributes (i.e., physical, chemical, and biological), individual 

attributes in isolation cannot provide information on soil quality. Therefore, a 

production theoretic framework to construct a composite soil quality indicator can aid in 

assessing soil health and exploring the contribution of different soil attributes to overall 
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soil quality. This is a crucial step in addressing soil health related problems through 

policy instruments and adopting appropriate actions and sustainable land management 

(SLM) practices. 

 

Figure 1.2 Conceptual framework of the main research themes in this thesis    

As indicated by the conceptual framework, soil quality management requires 

multidimensional site-specific policies and actions depending on the nature and 

intensity of soil degradation. Land managers can adopt gypsum technology to reverse 

soil salinity or LLL technology as a potential mitigation mechanism. A random utility 

theory models the choices encountered by land managers when deciding to adopt SLM 

practices or not. Land managers are assumed risk-averse and want to maximize their 

farm benefits when their expected utility is greater than non-adoption, ceteris paribus. 

However, investment in gypsum requires a considerable upfront cost that depends on 

the extent of soil salinization, whereas LLL technology is easily accessible to land 

managers and does not require a large upfront cost like gypsum technology. The 

problem here is to understand how soon land managers will adopt gypsum and LLL 

once the technology is made available in the market. The dynamic nature of the 

adoption process allows a distinction between early and late adopters. A duration 

analysis can be explored to investigate factors that affect the time until gypsum and LLL 

adoption. Heterogeneity in socio-demographic, economic, farm, government 

interventions, institutional characteristics, and regional diversity is expected to influence 

land manager decisions on when to adopt gypsum and LLL technology. The adoption of 
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SLM practices can influence soil health directly that can generate direct private benefits 

to land managers. For example, enhancing ecological and environmental benefits and 

agronomic benefits directly (Figure 1.2).  

Moreover, the adoption of aforementiond context-specific actions are explored in 

isolation. However, soil quality management requires a holistic land restoration and 

conservation response package to deal with the salinity problem. Within the framework, 

land managers simultaneously cope with twin issues: 1) applying gypsum to reverse 

degraded irrigated salt-affected farmlands and 2) incorporating green manure (i.e., 

Sesbania) or wheat stubble in the cropping cycle to reduce salinity and improve soil 

organic matter. Land manager decision to participate in the program depends on their 

expected utility from participating in a program is greater than non-participation. Land 

managers participation lead to the long-term sustainability of soil health. The whole 

farm system is contingent on an enabling environment (institutional, infrastructure, 

governance, and external factors). This study examined the effect of SLM practices on 

soil health, whereas effect on other ecological and environmental measures could be 

investigated in future research.  

Figure 1.2 outlines an overview of completed works in this thesis and potential areas for 

further research. Chapter 2 constructs a Luenberger soil quality indicator (SQI) using 

crop production and soil profile data from three irrigated agro-ecological zones (i.e., 

rice-wheat zone, maize-wheat-mix zone, and cotton-mix zones) of Punjab, Pakistan, and 

Chapter 3 investigates the time until adoption of gypsum to rehabilitate irrigated salt-

affected farmlands and its impact on crop yields in Punjab, Pakistan. Chapter 4 

investigates the dynamic adoption process of LLL technology using a discrete-time 

duration model to evaluate the time until adoption of LLL technology and the 

endogenous switching regression (ESR) model to investigate the determinants of LLL 

adoption and its impact on groundwater usage. Chapter 5 explores land managers’ 

willingness to participate in LRC program using choice experiments to restore degraded 

farmlands. The LRC program attributes including the length of agreement, proportion of 

land enrolment, conservations practices (i.e., Sesbania and wheat stubbles), and gypsum 

subsidy. Chapter 6 summarizes the main findings of the research. Innovative aspects of 

this study that add to the existing literature of the restoration and conservation of 

irrigated salt-affected soils are highlighted and discussed. 
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1.5 Contribution to Scholarship and Originality 
 

The study includes a review of the existing literature on salt-affected farmland, 

particularly in the irrigated agroecological zones of Punjab, Pakistan, offering insight 

into evaluating soil quality and adopting climate-smart sustainable land management 

practices and their effect on crop production and groundwater use. It also offers insights 

into investigating land manager preferences for land restoration and conservation 

programs. The findings contribute to the existing literature gap in several ways, outlined 

below. 

Firstly, the study constructs a measure of zone-specific SQI for different crop 

enterprises using real-world data. It also explores the contribution of soil attributes to 

overall soil quality to provide insights into promoting context-specific nutrient 

combinations to guide future programs and management actions. 

Secondly, the study shows how soon land managers adopt gypsum and LLL 

technologies once they become available in the market and are promoted by the 

government. No study has investigated the adoption of gypsum technology to 

rehabilitate salt-affected farmland and its impact on crop yield. 

Thirdly, he study used a scale-adjusted latent class (SALC) model for studying land 

manager preferences for land restoration and conservation programs on irrigated salt-

affected farmland. The model explicitly captures both preference heterogeneity and 

scale variance.  

Overall, the study contributes to the wider understanding of adoption decisions by land 

managers in irrigated areas of Punjab, Pakistan. The study contributes to the literature 

on agricultural innovation adoption and a broader policy discussion on soil salinization 

in line with the UNCCD’s Land Degradation Neutrality (LDN) response hieratical 

framework. Addressing the land degradation neutrality target can achieve other cross-

cutting SDG goals, such as strengthening rural farming (SDG2) and promoting 

sustainable means for food production that improve resource efficiency (SDG12). 
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Chapter 2 

 

Soil quality evaluation for irrigated agroecological zones of Punjab, 

Pakistan: The Luenberger indicator approach 

 

 

 
Abstract 

 

This paper describes the construction of the Luenberger soil quality indicator (SQI) 

using crop yield and soil profile data from three irrigated agroecological zones of 

Punjab, Pakistan, namely, rice–wheat, maize–wheat–mix, and cotton–mix zones. The 

study uses plot-level data to construct a quality indicator using directional distance 

functions against a data envelopment analysis (DEA) technology frontier. The findings 

are used to evaluate the suitability of cropping zones for wheat and rice production. We 

find that the SQI-crop yield relationship exhibits diminishing returns to improving soil 

quality levels. Beyond a certain threshold of soil quality, other non-soil factors (e.g., 

climate) seem to explain variations in crop yields. Using the SQI values constructed 

against the best-practice frontier, we evaluate two alternative ways of developing 

simpler or linear regression-based models for generating weights that could be directly 

used to aggregate individual soil attributes into a soil quality indicator without the 

necessity of fitting a frontier to the data. We find that SQI is most sensitive to soil 

electrical conductivity (EC), K, and NH4 for wheat production and to EC, K, and P for 

rice production. The SQI has direct relevance for decision-making problems where 

policymakers need to price land resources and conservation services to 

achieve agricultural and environmental goals.   

 

Keywords: Soil attributes, Directional distance function, Data envelopment analysis, 

Soil quality indicator, Crop yield, Agroecological zones 
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2.1 Introduction 
 

Land degradation is threatening food security in developing countries where 

approximately 1.26 billion people practice agriculture in ways that may not always be 

sustainable (Barbier & Hochard, 2016; Lal, 2004; Stevens, 2018), with adverse 

consequences for the wellbeing of farmers (Gerber et al., 2014) and the environment 

(Nkonya et al., 2011; Stevens, 2018). Sustainable agricultural practices are imperative 

for maintaining or improving soil quality to ensure food security (Andrews et al., 2002; 

Lal, 2004; Stevens, 2018). Monitoring sustainable production requires reliable and 

accurate data to understand the effects of different agronomic practices on soil quality. 

Unfortunately, adequate and reliable soil quality information is rarely available to 

farming practitioners and policymakers to allow for the evaluattion of the performance 

of agroecosystems and agricultural practices (Arshad & Martin, 2002). Soil quality is a 

multidimensional concept, reflecting an array of physical, chemical, and biological soil 

attributes (de Paul Obade & Lal, 2016), which cannot be measured directly (Stocking, 

2003). Thus, it is beneficial to be able to use sound methods that aggregate various soil 

attributes into a single measure, such as a soil quality index (Arshad & Martin, 2002).  

A three step procedures has been adopted in the soil science literature to construct soil 

quality indices (Andrews et al., 2004). The first step involves selecting an appropriate 

minimum data set (MDS) (Doran & Parkin, 1994; Karlen et al., 1997) incorporating 

physical, chemical, and biological soil attributes. The MDS can be identified based on 

expert opinion (Andrews et al., 2004; Andrews et al., 2002; Doran & Parkin, 1994; 

Karlen et al., 2003; Vasu et al., 2016) or by reducing the number of soil attributes using 

multivariate parametric and non-parametric statistical methods (e.g., principal 

component analysis, redundancy analysis, and discriminant analysis) (Andrews & 

Carroll, 2001; Askari et al., 2015; de Paul Obade & Lal, 2016; Mandal et al., 2008; Paul 

et al., 2020; Rezaei et al., 2006; Shukla et al., 2006; Vasu et al., 2016; Yu-Dong et al., 

2013; Zhou et al., 2020). The second step involves translating the MDS into 

standardized scores (ranging between 0 and 1) using a linear (Askari & Holden, 2014; 

Masto et al., 2008; Nabiollahi et al., 2018; Raiesi & Kabiri, 2016; Sharma et al., 2005; 

Yu et al., 2018; Zhou et al., 2020) or non-linear (Andrews et al., 2004; Andrews et al., 

2002; Askari & Holden, 2014; Karlen et al., 2006; Masto et al., 2008; Nabiollahi et al., 

2018; Raiesi & Kabiri, 2016; Yu et al., 2018; Zhou et al., 2020) transformation method. 

The final step integrates the dimensionless scores into an index using different 

aggregation techniques, including additive (Andrews et al., 2002; Askari & Holden, 
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2014, 2015; Mandal et al., 2011; Nabiollahi et al., 2018; Yu et al., 2018), weighted 

additive (Andrews et al., 2002; Askari & Holden, 2014, 2015; Nabiollahi et al., 2018; 

Yu et al., 2018), and max-min objective function-based techniques derived from quality 

measures (Yakowitz et al., 1993).  

However, the transformation and integration methods used in the soil science literature 

involve ad hoc steps (Hailu & Chambers, 2012) due to the lack of well-defined 

benchmarks for evaluating soil quality (de Paul Obade & Lal, 2014), and consequently 

lead to uncertainties in soil quality information. Furthermore, no universal soil quality 

index has been conclusively determined (Andrews et al., 2004; de Paul Obade & Lal, 

2013) due to standardization issues (de Paul Obade & Lal, 2016). In addition, it can be 

argued that these ad hoc steps do not capture the effect of soil quality on crop yield 

appropriately (Hailu & Chambers, 2012) because the scoring is not directly related to 

the observed capacity of the soil to produce outputs. Computing the soil quality index 

using a production function framework may address these shortcomings (Hailu & 

Chambers, 2012).  

In production economics, a production function is simply the transformation of inputs 

into outputs, where inputs could be both intermediate and final. Numerous studies have 

assessed the role of soil quality in agricultural productivity by incorporating qualitative 

(i.e., farmland slope, soil color, soil type, and soil depth) (Abdulai & Binder, 2006; 

Bellon & Taylor, 1993; Chang & Wen, 2011; Di Falco & Chavas, 2009; Fuwa et al., 

2007; Sherlund et al., 2002) and quantitative (i.e., soil carbon) (Barrett et al., 2010; 

Marenya & Barrett, 2009) soil attributes in the production function framework. 

However, only a few studies have attempted to summarize soil attributes into a single 

measure of soil quality using production frontier methods. Jaenicke & Lengnick (1999) 

derived the soil quality index as a Malmquist index with a multiplicatively separable6 

structure for soil and non-soil inputs. A single measure of soil quality index was 

constructed as the ratio of two radial output distance function values (with and without 

soil attributes) approximated using experimental data. Likewise, Pieralli (2017) 

employed a radial output distance function using cross-sectional field-level data from 

Kenya to summarize soil attributes into a single measure of soil quality index. 

                                                           
6 The radial output distance function (ODF) separates soil attributes and non-soil inputs and outputs; the 

underlying ODF can be decomposed into two components: soil quality aggregator and ODF without soil 

quality. 
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In contrast to the radial distance function approach, Hailu and Chambers (2012) 

employed an input directional distance function approach to construct a Luenberger soil 

quality indicator (SQI) using experimental data. A key advantage of the Hailu ands 

Chambers (2012) approach over Jaenicke & Lengnick (1999) and Pieralli (2017) is the 

use of the same metric or yardstick of soil attributes in a pre-assigned direction to 

measure inefficiency, instead of using different radial orientations (radial distance 

functions). The Hailu and Chamber’s approach also leads to soil quality indicators that 

are monotonically increasing with soil quality attributes, a feature that is not guaranteed 

with the radial distance function approach (Hailu & Chambers, 2012).7 

This study follows the approach in Hailu and Chambers (2012) to construct soil quality 

indicators8 using non-experimental plot-level data from three agroecological zones (i.e., 

rice–wheat, maize–wheat–mix, and cotton–mix) in Punjab, Pakistan. It contributes to 

the literature on soil quality indicators by: (1) using plot-level non-experimental data on 

soil attributes across three irrigated agroecological zones that vary in terms of regional 

characteristics, climate, and cropping pattern; (2) investigating the consistency of plot-

level soil quality across agroecological zones and exploring the crop yield–SQI 

relationship; and (3) identifying soil attributes that can make the greatest potential 

contribution to overall soil quality enhancement across agroecological zones. 

Section 2 outlines the methodological framework used in the analysis and describes the 

study context and survey data. Section 3 presents the empirical results and is followed 

by the conclusions in Section 4.  

2.2 Material and Methods 

2.2.1 Theoretical framework for soil quality indicators 

For a general agricultural production process using a vector of L non-soil production 

inputs 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝐿) ∈ 𝑅+
𝐿  and a vector of K soil attributes 𝑠 = (𝑠1, 𝑠2, … , 𝑠𝐾) ∈

𝑅+
𝐾 to produce a vector of M outputs 𝑦 = (𝑦1, 𝑦2, … , 𝑦𝑀) ∈ 𝑅+

𝑀, the production 

possibility set defines all feasible input and output combinations: 

𝑇 = {(𝑠 ∈  𝑅+
𝐾, 𝑥 ∈  𝑅+

𝐿 , 𝑦 ∈  𝑅+
𝑀) | (𝑠, 𝑥) can produce 𝑦}         (1) 

In our case, inputs include soil attributes, quantity of nitrogen applied, labor hours, and 

machinery, seed, and other costs, while the output produced in any given observation is 

                                                           
7 See also Ray & Mukherjee (1996) comments on radial distance function based quality indexes.  
8 Indicator is defined in terms of differences in directional distances while the index is defined in terms of 

the ratios of radial distances. 
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wheat or rice. For soil quality measurement exercises, we represent the production 

technology 𝑇 using a directional distance function (henceforth 𝐷⃗⃗  ⃗) �⃗⃗� ∶  𝑅+
𝐾 × 𝑅+

𝐿 ×

𝑅𝑀 → 𝑅 defined as (Chambers et al., 1996): 

�⃗⃗� (𝑠, 𝑥, 𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦) =  sup
𝛽

{𝛽: (𝑠 − 𝛽. 𝑔𝑠 , 𝑥 − 𝛽. 𝑔𝑥, 𝑦 + 𝛽. 𝑔𝑦) ∈ 𝑇, 𝛽 ∈ 𝑅+ }      (2) 

where, 𝑔𝑠 ∈ 𝑅𝐾, 𝑔𝑥 ∈ 𝑅𝐿, 𝑔𝑦 ∈ 𝑅𝑀 represent direction vectors (or translation metrics) 

along which (𝑠, 𝑥) are contracted, and outputs (𝑦) are expanded toward the technology 

frontier. The distance function (�⃗⃗� ) inherits its properties from the underlying production 

technology 𝑇 (Chambers et al., 1996), including:  

(i) For all technologically feasible input–output combinations (𝑠, 𝑥, 𝑦), �⃗⃗�  will always be 

non-negative. Therefore, the production technology can be characterized as: 

�⃗⃗� (𝑠, 𝑥, 𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦) ≥ 0 ⟺ (𝑠, 𝑥, 𝑦) ∈ 𝑇           (3) 

(ii) �⃗⃗�  is concave in the input–output vector (𝑠, 𝑥, 𝑦). 

(iii) Monotonicity implies that �⃗⃗�  is non-decreasing in inputs (𝑠, 𝑥) and non-increasing 

in output (𝑦).  

(iv) The translation property indicates that adding a scalar multiple of the direction 

vectors (𝑔𝑠, 𝑔𝑥, 𝑔𝑦) to the input–output vectors either reduces or increases the distance 

function value by the size of that scalar: 

�⃗⃗� (𝑠 − 𝛼𝑔𝑠, 𝑥 − 𝛼𝑔𝑥, 𝑦 + 𝛼𝑔𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦) =  �⃗⃗� (𝑠, 𝑥, 𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦) − 𝛼       (4) 

Since this study aimed to construct a soil quality indicator based on soil attributes, the 

directional vectors for inputs (𝑔𝑥) and outputs (𝑔𝑦) are suppressed or set to zero 

�⃗⃗� (𝑠, 𝑥, 𝑦; 𝑔𝑠, 0,0), allowing us to translate only soil attributes (𝑠) in the direction of 

(𝑔𝑠) toward the best-practice frontier to define an input directional distance function 

(Hailu & Chambers, 2012) as follows: 

𝐷𝑠
⃗⃗⃗⃗ (𝑠, 𝑥, 𝑦; 𝑔𝑠) = sup

𝜃
{𝜃: (𝑠 − 𝜃. 𝑔𝑠 , 𝑥, 𝑦) ∈ 𝑇, 𝜃 ∈ 𝑅+}         (5) 

The translation seeks combinations of translated soil attributes (𝑠) that are just 

sufficient to produce a fixed level of output (𝑦) from a given vector of non-soil inputs 

(𝑥). Therefore, the directional distance function measures how far the soil vector (𝑠) is 

from the best-practice production frontier (or isoquant) using the direction vector (𝑔𝑠) 

as a yardstick or numeraire (Hailu & Chambers, 2012). Suppose we have two vectors of 
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soil attributes i.e., 𝑠′ and �̅�. It is assumed that the vector of soil attributes 𝑠′ is what is 

observed on the given plot while �̅� could be any reference vector of soil attributes. The 

reference vector is the benchmark and could simply be the sample average value of soil 

attributes, or a set of values that are recommended as ideal by researchers, if such a set 

exists. A Luenberger soil quality indicator (SQIL) for 𝑠′ is defined as the difference in 

distances from the production frontier of the soil quality vector 𝑠′ and the benchmark 

soil quality vector �̅�, given other non-soil inputs 𝑥′ and output 𝑦′ (Hailu & Chambers, 

2012): 

𝑆𝑄𝐼𝐿(𝑠′, �̅�, 𝑥′, 𝑦′; 𝑔𝑠) = 𝐷𝑠
⃗⃗⃗⃗ (𝑠′, 𝑥′, 𝑦′; 𝑔𝑠) − 𝐷𝑠

⃗⃗⃗⃗ (�̅�, 𝑥′, 𝑦′; 𝑔𝑠)                    (6) 

If the soil vectors 𝑠′ and �̅� have the same distance from the production frontier in the 

direction of translation metric 𝑔𝑠, then the soil quality difference is zero. 

If 𝐷𝑠
⃗⃗⃗⃗ (𝑠′, 𝑥′, 𝑦′; 𝑔𝑠) > 𝐷𝑠

⃗⃗⃗⃗ (�̅�, 𝑥′, 𝑦′; 𝑔𝑠), then 𝑠′ has higher quality attributes than �̅� and is 

thus richer; the soil quality indicator will be positive in this case. However, the distance 

function values and quality indicator will generally depend on the values of non-soil 

inputs (𝑥) and outputs used to define the reference frontier. Thus, it is natural to 

generate a second quality measure using a different set of non-soil input (𝑥) and output 

(𝑦) vectors to define the best-practice frontier. One natural choice for such an 

alternative measurement is to use the sample average values for non-soil inputs and 

output, i.e., �̅� and �̅�. The second soil quality indicator would then be:  

𝑆𝑄𝐼𝐿(𝑠′, �̅�, �̅�, �̅�; 𝑔𝑠) = 𝐷𝑠
⃗⃗⃗⃗ (𝑠′, �̅�, �̅�; 𝑔𝑠) − 𝐷𝑠

⃗⃗⃗⃗ (�̅�, �̅�, �̅�; 𝑔𝑠)                                          (7) 

Finally, following Chambers (2002), the two quality indicators (Equations 6 & 7) can be 

averaged to define the Luenberger soil quality indicator (𝑆𝑄𝐼):9 

𝑆𝑄𝐼(𝑠′, �̅�, 𝑥′, �̅�, 𝑦′, �̅�; 𝑔𝑠) =  
1

2
{𝑆𝑄𝐼𝐿(𝑠′, �̅�, 𝑥′, 𝑦′; 𝑔𝑠) + 𝑆𝑄𝐼𝐿(𝑠′, �̅�, �̅�, �̅�; 𝑔𝑠)}      (8) 

This quality indicator considers the underlying relationship between soil attributes, non-

soil inputs, and outputs as it is defined using a production frontier. Soil quality is related 

to the productive capacity of soil, as implied by the underlying production technology. 

A positive (negative) value of 𝑆𝑄𝐼 indicates that the soil quality vector 𝑠′ is more (less) 

                                                           
9 This averaging of the two indicators is similar to the procedure where the Malmquist productivity index 

is defined as the geometric mean of two alternative productivity indexes defined at two different data 

points. Directional distance functions are a measure of translation or absolute difference can be 

aggregated or added. Malmquist indexes are based on radial or proportional change and averaged using 

geometric means. 
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productive than the benchmark vector �̅�. An 𝑆𝑄𝐼 of ‘zero’ implies no difference 

between the soil quality vectors (𝑠′, �̅�).  

2.2.2 Estimation of direction distance functions 

The technology frontier against which the directional distance function values in 

Equations (6) and (7) are measured can be defined using data envelopment analysis 

(DEA) (Charnes et al., 1978) or stochastic frontier analysis. The DEA or non-parametric 

approach was chosen for this study because it does not require ex-ante assumptions 

about the functional relationship between soil and non-soil inputs and crop yields and it 

is easier to implement. Further, there is some empirical evidence (e.g., Hailu and 

Chambers (2012), Table 2) that the two methods generate highly correlated soil quality 

estimates. Given a set of 𝑁 plot-level observations on soil attributes, non-soil inputs, 

and outputs, we can use DEA to define the first distance function, 𝐷𝑠
⃗⃗⃗⃗ (𝑠′, 𝑥′, 𝑦′; 𝑔𝑠), as 

follows: 

𝐷𝑠
⃗⃗⃗⃗ (𝑠𝑛

′ , 𝑥𝑛
′ , 𝑦𝑛

′ ; 𝑔𝑠) = 𝑚𝑎𝑥 𝛽 

Subject to:  

∑ 𝜆𝑛𝑦𝑛𝑚
′𝑁

𝑛=1 ≥ 𝑦𝑛𝑚
′  ,    𝑚 = 1, 2, … ,𝑀  

∑ 𝜆𝑛𝑥𝑛𝑙
′𝑁

𝑛=1 ≤ 𝑥𝑛𝑙
′ , 𝑙 = 1, 2, … , 𝐿  

∑ 𝜆𝑛𝑠𝑛𝑘
′𝑁

𝑛=1 ≤ 𝑠𝑛𝑘
′ − 𝛽𝑔𝑠𝑛𝑘

′ , 𝑘 = 1, 2, … , 𝐾  

∑ 𝜆𝑛 = 1𝑁
𝑛=1 , 𝑛 = 1, 2, … , 𝑁  

The second distance function value, for the benchmark soil vector, 𝐷𝑠
⃗⃗⃗⃗ (�̅�, 𝑥′, 𝑦′; 𝑔𝑠), is 

defined similarly: 

 

𝐷𝑠
⃗⃗⃗⃗ (�̅�𝑛, 𝑥𝑛

′ , 𝑦𝑛
′ ; 𝑔𝑠) = 𝑚𝑎𝑥 𝛽 

Subject to:  

∑ 𝜆𝑛𝑦𝑛𝑚
𝑁
𝑛=1 ≥ 𝑦𝑛𝑚

′ ,    𝑚 = 1, 2, … ,𝑀  

∑ 𝜆𝑛𝑥𝑛𝑙
𝑁
𝑛=1 ≤ 𝑥𝑛𝑙

′ , 𝑙 = 1, 2, … , 𝐿  

∑ 𝜆𝑛𝑠𝑛𝑘
𝑁
𝑛=1 ≤ �̅�𝑛𝑘 − 𝛽𝑔�̅�𝑛𝑘

, 𝑘 = 1, 2, … , 𝐾  

∑ 𝜆𝑛 = 1𝑁
𝑛=1 , 𝑛 = 1, 2, … , 𝑁  

 

The above two distance function values measure how far (or how productive) the soil 

vectors are relative to a production frontier for observed non-soil input (𝑥′) and output 

(𝑦′) values. The calculation of the second set of distance function values that compare 

the soil vectors against the frontier for (�̅�,�̅�) is shown below.  
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𝐷𝑠
⃗⃗⃗⃗ (𝑠𝑛

′ , �̅�𝑛, �̅�𝑛; 𝑔𝑠) = 𝑚𝑎𝑥 𝛽 

Subject to:  

∑ 𝜆𝑛𝑦𝑛𝑚
𝑁
𝑛=1 ≥ �̅�𝑛𝑚,    𝑚 = 1, 2, … ,𝑀

  

∑ 𝜆𝑛𝑥𝑛𝑙
𝑁
𝑛=1 ≤ �̅�𝑛𝑙, 𝑙 = 1, 2, … , 𝐿  

∑ 𝜆𝑛𝑠𝑛𝑘
𝑁
𝑛=1 ≤ 𝑠𝑛𝑘

′ − 𝛽𝑔𝑠𝑛𝑘
′ , 𝑘 =

1, 2, … , 𝐾  

∑ 𝜆𝑛 = 1𝑁
𝑛=1 , 𝑛 = 1, 2, … , 𝑁  

𝐷𝑠
⃗⃗⃗⃗ (�̅�𝑛, �̅�𝑛, �̅�𝑛; 𝑔𝑠) = 𝑚𝑎𝑥 𝛽 

Subject to  

∑ 𝜆𝑛𝑦𝑛𝑚
𝑁
𝑛=1 ≥ �̅�𝑛𝑚,    𝑚 = 1, 2, … ,𝑀

  

∑ 𝜆𝑛𝑥𝑛𝑙
𝑁
𝑛=1 ≤ �̅�𝑛𝑙, 𝑙 = 1, 2, … , 𝐿  

∑ 𝜆𝑛𝑠𝑛𝑘
𝑁
𝑛=1 ≤ �̅�𝑛𝑘 − 𝛽𝑔�̅�𝑛𝑘

, 𝑘 =

1, 2, … , 𝐾  

∑ 𝜆𝑛 = 1𝑁
𝑛=1 , 𝑛 = 1, 2, … , 𝑁  

 

Given that we do not have externally defined or suggested reference values for soil 

input values, non-soil inputs, and output, we chose the sample mean values for the 

reference vectors used above. The direction vector is also defined as the sample mean 

vector of soil attributes, as reported in the literature using directional distance functions 

(Hailu & Chambers, 2012); this is convenient because it allows us to interpret distances 

to the frontier in terms of the mean bundle of soil quality attributes. Before estimation, 

the five non-soil input variables, six soil attributes, and two output variables were 

normalized by their sample mean values for numerical efficiency. Therefore, our 

direction vector becomes a unit vector. All distance value calculations were done in R 

using the APEAR package (Hailu, 2013). 

2.2.3 Study area, data collection, and descriptive statistics 

We used farm plot-level data from a household survey conducted between April and 

June 2018 in the Punjab province of Pakistan. Punjab has over half (about 57%) of the 

cultivated area in Pakistan and accounts for about 73% of the bulk cereal production in 

the country (GoP, 2017). The survey used a multi-stage, stratified sampling procedure 

to select farm households. First, three agroecological zones were selected, representing 

the irrigated areas of Punjab: (i) rice–wheat zone; (ii) maize–wheat–mix zone; (iii) 

cotton–mix zone (Ahmad et al., 2019). Second, within the three agroecological zones, 

we randomly selected one representative district: Hafizabad, Jhang, and Bahawalnagar, 

respectively. Third, in consultation with the Deputy Director of the Agriculture 

Extension Department, two tehsils10 were specifically chosen within each selected 

district: one with a relatively high salt-affected area and the other with relatively normal 

                                                           
10 Tehsil is an administrative unit of a district. 
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soil properties. Fourth, in each tehsil, two Union Councils11 (UCs) were selected. Fifth, 

in each UC, two mouzas12 were selected, with one village randomly chosen from each 

mouza. Twenty-one farm households were randomly selected from each village as 

sample households. The final sample of 504 farm households was interviewed during 

the survey. Figure 2.1 shows the location of the three study districts. 

 

 
Figure 2.1 Map of the study areas showing the three irrigated districts 

Data were collected from farm households who either managed or cultivated 

agricultural plots during 2018–19 for two cropping seasons: Kharif (summer season) 

2018 and Rabi (winter season) 2018–19. The summary statistics are reported in Table 

2.1. Inputs used in both rice and wheat production are: seed (kg/acre); nitrogen fertilizer 

(kg/acre); machinery costs (Pkr/acre), including irrigation cost; other variable input 

costs (Pkr/acre), such as pesticides/weedicides, farmyard manure, and other chemical 

fertilizers; and total labor (h/acre).  

The unique feature of these data is that soil samples were collected from land managers’ 

eligible plots using a zigzag-sampling pattern (Pennock et al., 2008), with a minimum 

of 20 soil core samples taken at a depth of 30 cm from randomly selected locations 

within each plot. The core samples were mixed to create a composite soil sample. The 

samples were sent to the University of Agriculture, Faisalabad, Pakistan, and which was 

then analyzed following the procedure mentioned in Estefan et al. (2013). Six soil 

                                                           
11 Union council is an administrative unit of a district. 
12 Mouza is an administrative unit of a district, which usually comprises 5–8 villages. 



25 

 

attributes, including soil pH, electrical conductivity (EC), soil organic matter (SOM), 

phosphorus (P), potassium (K), and ammonium (NH4), were carefully chosen after 

consultation with professors and soil scientists at the Soil Salinity Research Institute. 

Each of these attributes were treated as inputs in an agricultural production process.  

Soil EC is an index of salt concentration and an indicator of soil salinity—a common 

problem in irrigated agricultural land in arid zones (Corwin & Lesch, 2005). Generally, 

the higher the EC, the higher the soil salinity. The optimal EC of soil is crop-specific 

and depends on the environmental conditions (Sonneveld & Voogt, 2009). An increase 

in EC can result from water losses through evapotranspiration or a lack of drainage. 

Using brackish groundwater for irrigation intensifies the problem (Corwin & Lesch, 

2005; Ghafoor et al., 2012; Jesus et al., 2015; Kijne, 1996; Qadir & Oster, 2004; Qadir 

et al., 2014). Soil salinity (EC > 4 dS m−1) negatively affects plant growth (Ashraf, 

2009; Katerji et al., 2009; Qadir et al., 2000; Semiz et al., 2014; George et al., 2012). 

On average, the soil had an EC > 4 for both wheat and rice crops in the sampled 

agroecological zones.  

Soil pH affects soil nutrient solubility, plant nutrient availability, and organic matter 

decomposition influencing soil microorganism activities. Nutrient availability for plant 

uptake varies depending on soil pH. The soil pH can influence many plant 

characteristics, including height, biomass, and pollen production (Jiang et al., 2017). In 

general, nitrogen and potassium are readily available at soil pH 6.5–8, whereas 

phosphorus becomes more available at soil pH 5.5–7.5. In addition, microorganism 

activity affected by soil pH can inhibit the conversion of ammonium (NH4) to nitrate 

(NO3), decreasing the nitrogen supply to plants. The average soil pH in our sample was 

7.8 and 7.7 for wheat and rice crops, respectively, indicating a neutral pH. However, 

about 25% of the sample had soil pH > 8 (alkaline). Soil pH on farmland can be 

managed through amendments, fertilization, tillage practices, improving soil organic 

matter (SOM) levels, and selecting green manuring crops (McCauley et al., 2017).  

 

 

 

 

 

 

 

https://www.frontiersin.org/articles/10.3389/fpls.2018.01335/full#B29
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Table 2.1 Summary statistics of input, output, and soil variables across rice (Kharif 

crop) and wheat (Rabi crop) crops 

  Mean SD CV (%) 

Wheat crop 

Wheat yield (kg/acre) 1,161.05 337.25 29 

Non-soil inputs    

Seed rate (kg/acre) 50.85 4.06 8 

Nitrogen applied (kg/acre) 56.27 19.76 35 

Other variable costs (Pkr/acre) 3,803.86 1,905.50 50 

Machinery cost (Pkr/acre) 8,618.50 2,090.88 24 

Total labor (h/acre) 51.52 29.12 57 

Soil attributes    

Electrical conductivity (dS/m) 4.86 3.74 77 

pH 7.80 0.25 3 

Ammonium  5.78 2.03 35 

Phosphate (ppm) 24.19 13.80 57 

Potassium (ppm) 168.88 68.25 40 

Organic matter (%) 0.45 0.33 73 

Rice crop 

Rice yield (kg/acre) 1,342.72 241.59 18 

Non-soil inputs    

Seed rate (kg/acre) 5.66 2.34 41 

Nitrogen applied (kg/acre) 60.64 20.60 34 

Other variable costs (Pkr/acre) 6,733.37 3,690.72 55 

Machinery cost (Pkr/acre) 20,030.60 7,657.87 38 

Total labor (h/acre) 139.60 35.57 25 

Soil attributes    

Electrical conductivity (dS/m) 4.48 3.72 83 

pH 7.74 0.25 3 

Ammonium  6.13 2.03 33 

Phosphate (ppm) 21.63 11.91 55 

Potassium (ppm) 163.54 66.58 41 

Organic matter (%) 0.59 0.34 58 

 

Troeh & Thompson (1993) identified 17 essential elements for plant growth, including 

primary macronutrients, such as nitrogen, phosphorus, and potassium. The 

unavailability of any of these primary nutrients can limit crop yield. The presence of 

SOM is crucial for fertile soil as it provides essential plant nutrients, influences soil 

structure, buffers the optimal soil pH range for plant growth (Havlin et al., 2005), and 

improves water holding capacity and soil aggregation (McCauley et al., 2017), thus 

serving as a key indicator of soil quality. Moreover, SOM decomposition can increase 

under high temperatures, but adequate soil moisture is critical for stimulating this 

process. Farmland can serve as carbon sinks, conditional upon having adequate levels of 
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SOM. A reduction in SOM increases soil erosion, reduces carbon sequestration, and 

implies the need for increased organic or inorganic fertilization to maintain soil quality 

(McCauley et al., 2017). In temperate regions, SOM often ranges from 3–4% (Estefan et 

al., 2013); the average SOM value in our sample was 0.45% and 0.59% for wheat and 

rice crops, respectively. 

A total of 646 samples were collected from plots belonging to 504 households. 

However, land managers grew wheat and rice on 614 and 326 plots, respectively. Non-

soil inputs and soil attributes were incorporated into the specification of the directional 

distance function. 

The mean yields for wheat and rice were about 1,161 and 1,343 kg per acre13, 

respectively. However, there was considerable variability in wheat and rice yields, with 

coefficients of variation (CV) values of 29% and 18%, likely due to the high variation 

in soil attributes and non-soil inputs (Table 2.1). Machinery costs were high for rice due 

to the high groundwater extraction costs associated with rice water requirements. 

Rice seed application rates varied because land managers commonly grow rice in a 

nursery using about 2–10 kgs of seed to avoid unsprouted seeds before transplanting 

seedlings into a prepared field. The wheat crop had significantly more variation in labor 

hours used than the rice crop, possibly due to the manual harvesting of wheat (i.e., 

added labor requirements) to save straw for livestock feed or sell it in the market. 

2.3 Results and Discussion 

2.3.1 Distribution of soil quality indicators across agroecological zones  

Given the observations for the 𝑖th plot (𝑠′, 𝑥′, 𝑦′) for the wheat and rice crops, we 

defined a benchmark vector (�̅�, �̅�, �̅�) and direction vector 𝑔𝑠 for each agroecological 

zone (i.e., rice–wheat, maize–wheat–mix, and cotton–mix) to compute directional 

distance function values in Equations 6 and 7. The sample mean values used as a 

benchmark vector for each agroecological zone are in Appendix Table A.2.1. 

The unit vector (𝑔𝑠 = 1,1,1,1,1,1) was used as a direction vector for the six soil 

attributes (EC, pH, NH4, P, K, and SOM). Since the data were normalized by sample 

mean values, the yardstick used to measure soil quality was the vector of sample mean 

values for soil attributes. Equations 6 and 7 generated two alternative soil quality 

indicators to rank soil vectors relative to the benchmark soil vector in the context of the 

                                                           
13 1 hectare = 2.47 acres 
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production frontier for each agroecological zone. By taking the average of the two 

indicators (i.e., Equations 6 & 7), Equation 8 constructs an aggregate measure of overall 

soil quality (𝑆𝑄𝐼) for each agroecological zone. 

In Table 2.2, the results from the DEA frontier representation show that the SQI for the 

wheat crop ranged from –0.271 to 0.341 in the rice–wheat zone, –0.308 to 0.445 in the 

maize–wheat–mix zone, and –0.280 to 0.448 in the cotton–mix zone. The mean values 

for each agroecological zone were –0.022, –0.023, and –0.018, respectively, and the 

median values were –0.041, –0.041, and –0.053. The negative sign implies that the plots 

had lower soil quality than the benchmark soil quality vector on average. As seen in 

Table 2.1, there is high variability in most soil attributes translated into SQI for each 

agroecological zone. In terms of soil productive capacity, having too much of one soil 

attribute but not enough of the other did not necessarily reflect an overall improvement 

in soil quality. However, the mean soil quality vector used as the benchmark is more 

likely to be balanced in terms of soil attribute mix. As a result, the average soil quality 

indicator is likely to be negative, as confirmed by the positive skewness values in Table 

2.2.  

Figure 2.2 indicates that about two-thirds of the wheat plots for each agroecological 

zone had SQI values below zero, implying that most plots in each agroecological zone 

had lower soil quality than that represented by the benchmark (average bundle of soil 

attributes for the sample). 

Table 2.2 Summary statistics of soil quality indicators for wheat production by 

agroecological zone 

Agroecological 

zone 
Min. 

First 

quartile 
Median Mean 

Third 

quartile 
Max. Skewness Kurtosis 

Rice–Wheat –0.271 –0.081 –0.041 –0.022 0.012 0.341 1.149 5.229 

Maize–wheat–

mix 
–0.308 –0.102 –0.041 –0.023 0.032 0.445 0.859 4.369 

Cotton–mix –0.280 –0.064 –0.053 –0.018 0.006 0.448 1.412 6.942 

 

Figure 2.3 shows the density plots of SQI values for wheat production by 

agroecological zone. The plots show that the cotton–mix zone has the highest 

consistency in plot-level soil quality, followed by the rice–wheat and maize–wheat–mix 

zones. The cotton–mix zone has a higher, narrower, and positively skewed distribution 

peak for the soil quality indicator but is flatter in both tails than the other zones, 

indicating less variation in soil quality among plots. 
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Figure 2.2 Proportion of plots below or above benchmark soil quality for wheat and rice 

production by agroecological zone 

The rice–wheat zone has a relatively low distribution peak compared to the cotton–mix 

zone, but with similar flatter tails. The maize–wheat–mix zone had a lower peak and 

wider distribution in soil quality than the other two zones. Based on the consistency in 

soil quality profiles of sampled plots across agroecological zones, the cotton–mix and 

rice–wheat zones are comparatively more suitable for wheat production. 

As Figure 2.4 shows, the estimated SQI values are correlated with reported wheat yield 

levels for all three cropping systems. A locally weighted scatterplot smoothing 

(LOESS) tool was used to fit a line to a scatter plot (Figure 2.4). The fitted curves show 

that wheat yield increases linearly with increasing SQI to a point, beyond which the 

effect of better soil quality on yield is low or very low. This highlights a weaker 

correlation with yield at higher soil quality levels, which can be explained by factors 

other than soil quality playing a more important role in determining yield under 

abundant soil quality.  
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Figure 2.3 Distribution of soil quality indicator (SQI) values for wheat production by 

cropping zone 

 

Overall, the estimated SQI scores for the wheat plots indicate that the plots in the 

cotton–mix and rice–wheat zones have more consistent soil quality (i.e., less variation 

in soil quality across farm plots) than the maize–wheat–mix zone. This is expected, as 

these two zones have higher net returns from wheat production than the maize–wheat–

mix zone (Ahmad et al., 2019; GoP, 2018). 

For rice production, the estimated SQI values are in Table 2.3. The values ranged from 

–0.178 to 0.438 for the rice–wheat zone, –0.186 to 0.538 for the maize–wheat–mix 

zone, and –0.127 to 0.421 for the cotton–mix zone, with average values of –0.001, 

0.033, and 0.052, respectively. In the rice–wheat zone, about 71% of the plots had 

degraded soil quality for rice production relative to the benchmark soil quality, 

compared with about 48% in the cotton–mix zone and 57% in the maize–wheat–mix 

zone (Figure 2.2). 
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Figure 2.4 Relationship between wheat yield and SQI by agroecological zone  
(Note: Figures in black are scatterplots of SQI values and wheat yield while those in fitted curves of the 

data points) 

 

The distribution of SQI values for rice production by agroecological zone is in Figure 

2.5. The distribution is narrow with a right skew for plots used for rice production in the 

rice–wheat zone with similar soil qualities, implying less variability in soil quality and 

more consistent rice production among plots than the other zones. 

Table 2.3 Summary statistics of soil quality indicators for rice crop 

Agroecological 

zone 
Min. 

First 

quartile 
Median Mean 

Third 

quartile 
Max. Skewness Kurtosis 

Rice–wheat –0.178 –0.034 –0.019 –0.001 0.006 0.438 2.585 12.319 

Maize–wheat–

mix 
–0.186 –0.024 –0.005 0.033 0.096 0.538 1.397 5.512 

Cotton–mix –0.127 –0.066 0.016 0.052 0.102 0.421 0.974 2.770 
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The SQI distribution in the maize–wheat–mix zone is positively skewed and relatively 

wide (diversity) compared with the rice–wheat zone, implying that some plots had less 

consistent (low variation) soil quality while others were much better than the 

benchmark soil quality. This indicates that the productive capacity of plots allows rice 

cropping to some extent in the maize–wheat–mix zone. In the cotton–mix zone, the 

distribution of SQI implies that plots have wide-ranging soil qualities and are less 

consistent for rice cropping. 

Figure 2.6 shows that rice yield did not continue to increase linearly with soil quality. 

The fitted lines in all three agroecological zones highlight that, under low soil quality, a 

stronger correlation existed between soil quality and rice yield, as soil quality is a 

constraining input and contributes more to rice yield. However, beyond a threshold SQI 

level, a higher soil quality index did not contribute much to increasing rice yields, 

which would be influenced by external non-soil inputs. 

 
Figure 2.5 Distribution of soil quality indicator (SQI) for rice crop, by agroecological 

zone 

Overall, the productive capacity of soils in the rice–wheat and maize–wheat–mix zones 

is consistent with plot-level soil quality for rice production. However, fewer rice-

producing plots in the cotton–mix zone, with variability due to limited data points, led 
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to inconsistency in plot-level soil quality (Figure 2.5). Thus, it is not clear whether the 

soils in the cotton–mix zone are suitable for rice cultivation. As expected, the highest 

net returns from rice production were in Bahawalnagar (cotton–mix zone) followed by 

Hafizabad (rice–wheat zone), and Jhang (maize–wheat–mix zone)—in line with their 

suitability for rice cultivation (Ahmad et al., 2019). 

 
Figure 2.6 Relationship between rice yield and SQI by agroecological zone  
(Note: Figures in black show scatterplots of SQI values and wheat yield while figures in fitted curves of 

the data points) 
 

Furthermore, we calculated a measure of soil quality by aggregating data on soil 

attributes, non-soil inputs, and crop yields (for wheat and rice production) from the 

three agroecological zones. The results show that soil quality for wheat production is 

positively skewed with a short central peak and broader right tail in the distribution (see 

Figure A.2.1), implying that some plots have higher soil quality than the benchmark; 

land managers of such plots could be motivated to adopt leguminous crops to maintain 

soil quality. 
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2.3.2 Regression-based weight derivation across agroecological zones 

This part of the analysis estimated weights that could be used directly in an aggregate 

measure of SQI without reference to a production frontier and other non-soil inputs or 

crop yields to evaluate whether SQI could be approximated using a simple set of 

weights to aggregate a vector of individual soil quality attributes. Following the 

approach used by Jaenicke and Lengnick (1999) and Hailu and Chambers (2012) to 

evaluate the viability or attractiveness of such a method, we generated weights of the 

frontier estimated SQI on a vector of the individual soil quality attributes. Before 

estimation, each soil attribute was converted into unit-free variables by dividing them 

by their corresponding standard deviations, such that the standardized coefficients were 

comparable across individual soil attributes. Thus, the interpretation is straightforward 

as the coefficients describe the effect of a one-standard deviation change in soil attribute 

on the standardized SQI value (i.e., Z scores). 

The results are presented in Table 2.4 (wheat) and Table 2.5 (rice) for each 

agroecological zone. For wheat production, the R2 values were 41%, 47%, and 45% for 

the rice–wheat, maize–wheat–mix, and cotton–mix zones, respectively, indicating that 

the six constituent soil attributes explain a significant portion of the variation in overall 

SQI. The coefficient for each individual soil attribute measures the relative effect that 

each attribute has on SQI, which can be used as the relative weight needed to aggregate 

the individual attributes into the soil quality indicator.  

In the rice–wheat zone, the regression weights suggest that the relative importance of 

soil attributes in the SQI are as follows: pH>SOM>EC>P>K>NH4. In the maize–

wheat–mix zone, soil EC plays the strongest role, followed by EC>NH4>K>pH>SOM. 

In the cotton–mix zone, EC is also the most important attribute, followed by EC>K> 

NH4>SOM>pH. The contribution of P to SQI in the maize–wheat–mix and cotton–mix 

zones was statistically insignificant and negligible relative to other soil attributes. 

However, the rankings ignore the size of the differences in the coefficients and thus 

might not be the best way to identify the relative importance of soil attributes across 

zones. If we look at average coefficient sizes across zones, the overall picture is that EC, 

K, and NH4 are the most important attributes for wheat production followed by pH and 

SOM. 

The results of a similar analysis for rice production are in Table 2.5. The overall picture 

is easier to identify in this case as soil quality appears to be driven mainly by EC and 
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K—the same attributes that were important in wheat production—and by P. The R2 is 

quite low in the rice–wheat zone (17%). Soil quality is influenced more by the 

combination of all soil attributes; thus, excess of any individual attribute derives the 

SQI relative to limiting soil attributes, minimizing the contribution of other soil 

attributes in the overall SQI. Moreover, the R2 is higher in the maize–wheat–mix zone 

(32%) and is highest in the cotton–wheat zone (69%). The relative importance of these 

attributes varies by zone. In the rice–wheat zone, soil EC is the most crucial factor, 

followed by K and pH, and SOM. For the maize–wheat–mix zone, EC>P>pH, with the 

effects of K, SOM, and NH4 not significant. NH4, pH, and SOM are not important 

factors in the cotton–mix zone. 

Table 2.4 Soil quality indicator for wheat production and its relationship with actual soil 

attributes: OLS fixed effects regression results 

 
Rice–wheat 

zone 

Maize–wheat–mix 

zone 

Cotton–mix 

zone 

Soil electrical conductivity 

(EC) 

0.241*** 

(0.074) 

0.289*** 

(0.060) 

0.304*** 

(0.042) 

Soil pH 0.261*** 0.160*** 0.138*** 

 (0.055) (0.059) (0.050) 

Ammonium (NH4) 0.115* 0.280*** 0.245*** 

 (0.064) (0.081) (0.080) 

Phosphorous (P) 0.235*** 0.086 0.082 

 (0.072) (0.074) (0.071) 

Potassium (K) 0.159*** 0.241*** 0.250*** 

 (0.056) (0.076) (0.083) 

Soil organic matter (SOM) 0.245*** 0.117* 0.155*** 

 (0.076) (0.070) (0.060) 

Constant –8.906*** –6.470*** –7.817*** 

 (1.142) (1.149) (1.290) 

Observations 227 192 195 

R2 0.417 0.467 0.448 

F Statistic 
26.279***  

(df = 6, 220) 

27.038***  

(df = 6, 185) 

25.471***  

(df = 6, 188) 
Robust standard errors in parenthesis *p<0.1; **p<0.05; ***p<0.01 

 

Typically, in other studies (i.e., Jaenicke & Lengnick (1999), Pieralli (2017), and Hailu 

and Chambers (2012)) and our analysis, the regression is done on actual or observed 

soil quality inputs, including slacks. Here, we use an alternative way of generating the 

regression weights, reducing the slack values. Before regressing the SQI values on the 

soil attributes, we first project the soil attribute vector onto the frontier (using distance 

function values). The results are available in Appendix Table A.3 and Table A.4. If we 

look at average coefficient sizes across agroecological zones, the overall picture is 
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similar to the results from the actual data. However, as expected, R2 improved in all 

regression results. 

The above analyses use separate regression for the zones. In Table 2.6, we pooled the 

data across zones and estimated one regression for the wheat SQI series and another for 

the rice SQI series. In both cases, we used dummy variables to represent zones. As for 

the individual zone analyses, the same three attributes were identified as the most 

important in the pooled regressions, namely, EC, NH4, and K for wheat production and 

EC, P, and K for rice production. pH and SOM were also identified as important for 

wheat production, consistent with the overall picture from the individual zone analysis. 

Moreover, we found similar weights from using projected values for soil attributes (see 

coefficients in Table A.5). For pooled data, the mixed-effects model was estimated 

using the maximum likelihood estimation method, which specifies random effects; in 

our case, at the agroecological zone level. Appendix Table A.6 indicates that the overall 

story is similar to the OLS fixed effect regression results.  

Table 2.5 Soil quality indicator for rice production and its relationship with actual soil 

attributes: OLS fixed effects regression results 

 
Rice–wheat 

zone 

Maize–wheat–mix 

zone 

Cotton–mix 

zone 

Soil electrical conductivity 

(EC) 

0.171*** 

(0.065) 

0.340*** 

(0.092) 
(0.149) 

Soil pH 0.145* 0.171* -0.101 

 (0.075) (0.090) (0.111) 

Ammonium (NH4) 0.087 0.117 0.158 

 (0.082) (0.149) (0.116) 

Phosphorous (P) 0.141 0.275** 0.416** 

 (0.095) (0.128) (0.173) 

Potassium (K) 0.164* 0.010 0.495*** 

 (0.087) (0.116) (0.169) 

Soil organic matter (SOM) 0.116* 0.048 0.263 

 (0.061) (0.098) (0.184) 

Constant –7.256** –8.996** –2.883 

 (2.816) (3.712) (5.396) 

Observations 203 100 23 

R2 0.173 0.321 0.695 

F Statistic 
6.816***  

(df = 6, 196) 

7.321***  

(df = 6, 93) 

6.085***  

(df = 6, 16) 
Robust standard errors in parenthesis *p<0.1; **p<0.05; ***p<0.01 

 

Overall, soil electrical conductivity (EC) was important for both wheat and rice 

production. Experimental research in the Indus basin of Pakistan’s Punjab showed that 

salt-affected soils produce about 32% and 48% less wheat and rice yields than non-



37 

 

saline soils (Qadir et al., 2014). Approximately 25% of irrigated land in the province is 

saline, causing about 25–70% land productivity decline on slight to moderate saline 

soils (Martin et al., 2006). In this context, soil amelioration or sustainable land 

management practices for salt-affected lands is important for improving or maintaining 

soil sustainability, protecting the environment, and enhancing agricultural productivity. 

Table 2.6 Soil quality indicator for pooled data series (rice and wheat production) and 

its relationship to actual soil attributes: OLS fixed effects regression results 

Soil attributes Wheat Rice 

Soil electrical conductivity (EC) 
0.270*** 

(0.032) 

0.193*** 

(0.049) 

Soil pH 
0.180*** 

(0.029) 

0.102* 

(0.054) 

Ammonium (NH4) 
0.217*** 

(0.043) 

0.099 

(0.075) 

Phosphorous (P) 
0.134*** 

(0.039) 

0.196** 

(0.071) 

Potassium (K) 
0.209*** 

(0.041) 

0.158** 

(0.067) 

Soil organic matter (SOM) 
0.177*** 

(0.040) 

0.125** 

(0.054) 

Rice–wheat zone 
1.635*** 

(0.200) 

1.658*** 

(0.478) 

Maize–wheat–mix zone 
1.893*** 

(0.188) 

1.202*** 

(0.303) 

Constant 
–8.836*** 

(0.727) 

–7.580*** 

(2.453) 

Number of plots 614 326 

R2 0.429 0.231 

F-Statistics 
66.02*** 

(df = 8, 605) 

14.73*** 

(df = 8, 317) 
Robust standard errors in parenthesis *p<0.1; **p<0.05; ***p<0.01 

  

The second-most important soil attribute identified for both wheat and rice production 

was potassium (K). Land managers using N and P fertilizer often ignore K, accelerating 

the mining of K resources from soil (Sui et al., 2015; Wu et al., 2014; Xu et al., 2014) 

and eventually leading to K deficiency that limits sustainable agriculture production 

(Liu et al., 2009; Wang & Wu, 2015). Potassium acts as a regulator and stimulates the 

absorption of nutrients, such as N and P (Hou et al., 2019), which is useful for boosting 

metabolic function and stress tolerance (Wang & Wu, 2015). In K-deficient soils, 

adequate K application is crucial for improving crop yields. Therefore, applying K 
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fertilizer increased rice yields by 9.8−29.3% (Ye et al., 2020) and increased wheat grain 

yields (Wang et al., 2020). 

Phosphorus (P) is the third-most important soil characteristic in rice production, while 

NH4 is crucial for wheat production. Continuous cropping without replenishing P tends 

to decrease rice biomass and grain yield (Koné et al., 2011). Likewise, nitrogen (N) 

deficiency influences leaf area size and photosynthetic efficiency that drastically hinders 

crop production (Plaza-Bonilla et al., 2017; Srivastava et al., 2018). Therefore, nitrogen 

fertilization is widely recommended for wheat crops to increase yields (Ju et al., 2009).  

In Pakistan, the absence of farming practices that guide the application of inorganic 

fertilizer to improve soil resources has resulted in the over-exploitation of essential soil 

nutrients, such as phosphorus and potassium. Unfortunately, these nutrients are both 

underutilized by land managers (Appendix Table A.7). The recommended P to N ratio 

is 1:0.5 (Ali et al., 2017); however, the ratio used by land managers in Pakistan was far 

from optimal and almost stagnant from 1991–92 to 2018–19. In addition, the optimal 

level for K is yet to be determined (Ali et al., 2017). The ratio of K to N was almost 

stagnant until 2016–17, gradually increasing to 1:02 in 2018–19 (Table A.7). This 

unbalanced fertilizer use has serious implications for nutrient-use efficiency, excessive 

soil mining, yields, and environmental sustainability (Concepcion, 2007; Gruhn et al., 

2000). Ali et al. (2017) found that land managers applied a lower level of fertilizer on 

poor quality land than the most fertile land, contrary to the recommended doses for the 

less fertile land and possibly because the land managers encountered financial and credit 

constraints.  

In summary, the analysis above showed that, in the absence of detailed information on 

non-soil inputs and outputs, weights or the relative contribution of six soil attributes can 

be used to construct SQI estimates for practitioners, policymakers, and development 

projects. The weights can be generalized to similar land-use types in irrigated 

agroecological zones. However, it is important to recognize some limitations of this 

approach: (1) our results are based on one data set; however, the distribution of soil 

attributes varies by spatial location, and the suggested weights might vary from sample 

to sample; (2) the data provided a snapshot of soil quality at a given point in time but 

did not help us to understand soil health dynamics over time; (3) the SQI results are 

based on six soil attributes that focus on soil chemical and biological properties but not 

soil physical properties (i.e., texture, structure, porosity, soil bulk density).  
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However, the findings demonstrate some sensitivity of weights to land use types. 

Further research employing data from more diverse sampling points is required to 

determine the robustness of such weights and extent to which the weights can be 

transferred to other agroecological regions. 

2.4 Conclusions and policy implications 

 

Soil health is a concern for land managers and policymakers worldwide. An SQI 

provides information on soil health and can be superior to evaluate individual soil 

quality attributes that may not quantify varying soil conditions on farms. Numerous 

studies have used ad hoc weights for soil attributes to construct soil quality indices in 

the soil science literature. However, the Luenberger soil quality indicator (SQI) exploits 

a production function-based framework to compare the productive capacity of a vector 

of soil attributes against a benchmark soil quality vector. We used this method to 

evaluate soil quality using non-experimental real-world data for two major crops (i.e., 

wheat and rice) in three agroecological zones (i.e., rice–wheat, maize–wheat–mix, and 

cotton–mix) in Punjab, Pakistan. 

The SQIs are drawn from six estimated frontiers across all agroecological zones for 

wheat and rice production. The results showed that the cotton–mix and rice–wheat 

zones are more suitable for wheat production than the maize–wheat–mix zone. As 

expected, the rice–wheat and maize–wheat–mix zones are more appropriate for rice 

production. The results also found that the SQI–crop relationship exhibits diminishing 

returns to soil quality, where yield increases linearly with soil quality initially before 

decreasing significantly toward zero. Two regression-based alternatives for generating 

weights that could be used directly (i.e. without the use of production frontiers) for 

aggregating soil quality attributes (EC, pH, ammonium, phosphorous, potassium, and 

organic matter) into a summary SQI measure are evaluated: 1) regression of frontier 

based SQI on raw or actual soil attribute vector; and 2) regression of the frontier based 

SQI on soil attribute vectors projected onto the frontier. The results from the two 

alternatives were similar, although the projected soil attribute data had better R-squared 

values than the raw or actual attribute data. Compared with other soil quality attributes, 

SQI was most sensitive to soil electrical conductivity (EC) and K for both crops, and 

NH4 for wheat and P for rice. Higher soil salinity levels and imbalanced use of nitrogen, 

phosphorus, and potassium negatively affected plant growth and development. It 

suggest that the provincial government should accelerate the ongoing efforts in 

promoting site-specific land restoration and conservation practices to reverse or reduce 
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soil EC to an acceptable level that could enhance plant growth and productivity. 

Moreover, improved extension services and educating land managers regarding 

practices that can enhance the effectiveness and balanced use of chemical fertilizers to 

overcome the problem of NPK deficiency. 

The SQI information generated for agroecological zones in Punjab can be used as a 

decision-making tool by policymakers and practitioners to achieve agricultural and 

environmental goals. First, SQI can provide the basis for land suitability classification 

that could aid government departments such as the Soil Survey of Punjab to create 

provincial guidelines for agriculture land use planning and improve the regulatory 

framework for large-scale investment in agriculture. In addition, the soil quality 

information is useful for agencies interested in promoting context-specific biodiversity 

and conservation programs, ensuring conservation of the land resources and sustainable 

agricultural production. Second, SQI could be used as an evaluation tool that helps the 

provincial agricultural department to monitor the outcome of conservation programs 

and assess possible compensation payments to land managers. Third, SQI could assist 

the provincial Board of Revenue in determining the value of agricultural lands and tax 

rates that improve fairness or equity outcomes. The land value information would also 

improve the efficiency of land rental markets. Finally, financial institutions or banks, 

such as Zarai Taraqiati Bank, could use the land quality and value information to 

determine the amount of credit disbursements to farmers against pledged agricultural 

land quality.  
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Table A.2.1 Sample mean value for each crop by agroecological zone 

Agroecological 

zone 

Crops 

Wheat Rice 

Rice–wheat  
�̅�

=
∑ 𝑠𝑖227

𝑖=1

227
 

�̅� =
∑ 𝑥𝑖227

𝑖=1

227
 �̅� =

∑ 𝑦𝑖227
𝑖=1

227
 �̅� =

∑ 𝑠𝑖203
𝑖=1

203
 

�̅�

=
∑ 𝑥𝑖203

𝑖=1

203
 

�̅� =
∑ 𝑦𝑖203

𝑖=1

203
 

Maize–wheat–

mix  

�̅�

=
∑ 𝑠𝑖192

𝑖=1

192
 

�̅� =
∑ 𝑥𝑖192

𝑖=1

192
 �̅� =

∑ 𝑦𝑖192
𝑖=1

192
 �̅� =

∑ 𝑠𝑖100
𝑖=1

100
 

�̅�

=
∑ 𝑥𝑖100

𝑖=1

100
 

�̅� =
∑ 𝑦𝑖100

𝑖=1

100
 

Cotton–mix  �̅�

=
∑ 𝑠𝑖195

𝑖=1

195
 

�̅� =
∑ 𝑥𝑖195

𝑖=1

195
 �̅� =

∑ 𝑦𝑖195
𝑖=1

195
 �̅� =

∑ 𝑠𝑖23
𝑖=1

23
 

�̅�

=
∑ 𝑥𝑖23

𝑖=1

23
 

�̅� =
∑ 𝑦𝑖23

𝑖=1

23
 

Note: 𝑠 is soil-related inputs, 𝑥 is non-soil inputs, 𝑦 is crop yield (output), and 𝑖 is 

sample observation. 

 

Table A.2.2 Summary statistics of soil quality indicator by crops 

Crops Min. First quartile Median Mean Third quartile Max. Skewness Kurtosis 

Wheat –0.305 –0.096 –0.056 –0.039 0.011 0.569 1.574 9.434 

Rice –0.201 –0.036 –0.018 0.008 0.008 0.703 3.355 17.071 

 

 

Figure A.2.1 Distribution of soil quality indicator for wheat and rice crops 
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Table A.2.3 Soil quality indicator for wheat production and its relationship to soil 

attributes projected to the frontier: OLS fixed effects regression results 

Soil attributes 
Rice–wheat 

zone 

Maize–wheat–mix 

zone 

Cotton–mix 

zone 

Soil electrical conductivity 

(EC) 

0.272*** 

(0.084) 

0.362*** 

(0.065) 

0.349*** 

(0.049) 

Soil pH 0.204*** 0.022 0.034 

 (0.066) (0.056) (0.055) 

Ammonium (NH4) 0.134 0.263** 0.177* 

 (0.082) (0.105) (0.098) 

Phosphorous (P) 0.235*** 0.160* 0.128 

 (0.086) (0.090) (0.080) 

Potassium (K) 0.187** 0.170* 0.302*** 

 (0.088) (0.095) (0.092) 

Soil organic matter (SOM) 0.209** 0.167** 0.150** 

 (0.091) (0.080) (0.065) 

Constant 0.004 –0.003 –0.002 

 (0.050) (0.052) (0.048) 

Observations 227 192 195 

R2 0.461 0.502 0.556 

F Statistic 
22.85***  

(df = 6, 220) 

24.33***  

(df = 6, 185) 

22.51***  

(df = 6, 188) 
Robust standard errors in parenthesis *p<0.1; **p<0.05; ***p<0.01 

 

 

Table A.2.4 Soil quality indicator for rice production and its relationship to soil 

attributes projected to the frontier: OLS fixed effects regression results 

Soil attributes 
Rice–wheat 

zone 

Maize–wheat–mix 

zone 

Cotton–mix 

zone 

Soil electrical conductivity 

(EC) 

0.212* 

(0.109) 

0.317*** 

(0.099) 

0.314* 

(0.149) 

Soil pH 0.137 0.186* –0.101 

 (0.091) (0.096) (0.111) 

Ammonium (NH4) 0.097 0.122 0.157 

 (0.096) (0.146) (0.116) 

Phosphorous (P) 0.189 0.380*** 0.416** 

 (0.119) (0.122) (0.172) 

Potassium (K) 0.198 0.123 0.495** 

 (0.133) (0.123) (0.169) 

Soil organic matter (SOM) 0.183** 0.164* 0.263 

 (0.082) (0.083) (0.184) 

Constant –0.002 –0.004 0.002 

 (0.061) (0.070) (0.135) 

Observations 203 100 23 

R2 0.27 0.538 0.695 

F Statistic 
5.87***  

(df = 6, 196) 

13.92***  

(df = 6, 93) 

36.25***  

(df = 6, 16) 
Robust standard errors in parenthesis *p<0.1; **p<0.05; ***p<0.01 
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Table A.2.5 Soil quality indicator for pooled data series (rice and wheat production) and 

its relationship to soil attributes projected to the frontier: OLS fixed effects regression 

results 

Soil attributes Wheat Rice 

Soil electrical conductivity (EC) 
0.310*** 

(0.037) 

0.219*** 

(0.065) 

Soil pH 
0.096*** 

(0.034) 

0.117* 

(0.054) 

Ammonium (NH4) 
0.195*** 

(0.052) 

0.110 

(0.077) 

Phosphorous (P) 
0.167*** 

(0.050) 

0.257*** 

(0.081) 

Potassium (K) 
0.222*** 

(0.053) 

0.209** 

(0.089) 

Soil organic matter (SOM) 
0.187*** 

(0.045) 

0.202*** 

(0.058) 

Rice–wheat zone 
0.006 

(0.070) 

–0.005 

(0.163) 

Maize–wheat–mix zone 
0.000 

(0.071) 

–0.006 

(0.167) 

Constant 
–0.002 

(0.049) 

0.002 

(0.151) 

Number of plots 614 326 

R2 0.490 0.351 

F-Statistics 
49.67*** 

(df = 8, 605) 

12.32*** 

(df = 8, 317) 
Robust standard errors in parenthesis *p<0.1; **p<0.05; ***p<0.01 
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Table A.2.6 Soil quality indicator for pooled data series (rice and wheat production) and 

its relationship to soil attributes: Mixed-effects regression results 

Soil attributes Wheat Rice 

Soil electrical conductivity (EC) 
0.271*** 

(0.034) 

0.151*** 

(0.056) 

Soil pH 
0.176*** 

(0.033) 

0.059 

(0.047) 

Ammonium (NH4) 
0.218*** 

(0.034) 

0.088 

(0.054) 

Phosphorous (P) 
0.134*** 

(0.034) 

0.212*** 

(0.056) 

Potassium (K) 
0.207*** 

(0.034) 

0.169*** 

(0.055) 

Soil organic matter (SOM) 
0.171*** 

(0.033) 

0.088* 

(0.050) 

Constant 
–7.520*** 

(0.856) 

–4.494** 

(1.940) 

Random-effects parameters: Agroecological zones 

sd(_cons) 
0.816** 

(0.343) 

0.459 

(0.325) 

sd(Residual) 
0.758*** 

(0.022) 

0.887*** 

(0.035) 

Number of plots 614 326 

Wald chi2(6) 454.85*** 84.94*** 

Log likelihood –708.977 –428.299 
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Table A.2.7 Fertilizer consumption by nutrients for Punjab province 

Years N (‘000 nutrient tonnes) P(‘000 nutrient tonnes) K (‘000 nutrient tonnes) Total N (%) P (%) K (%) P/N K/N 

1991–92 1028 284 15 1,327 77.5 21.4 1.1 0.28 0.01 

1992–93 1150 343 17 1,510 76.2 22.7 1.1 0.30 0.01 

1993–94 1146 326 16 1,487 77.1 21.9 1.1 0.28 0.01 

1994–95 1233 312 12 1,557 79.2 20.0 0.8 0.25 0.01 

1995–96 1445 372 20 1,837 78.7 20.3 1.1 0.26 0.01 

1996–97 1377 309 7 1,694 81.3 18.2 0.4 0.22 0.01 

1997–98 1390 392 19 1,801 77.2 21.8 1.1 0.28 0.01 

1998–99 1406 316 18 1,740 80.8 18.2 1.0 0.22 0.01 

1999–00 1500 416 11 1,927 77.8 21.6 0.6 0.28 0.01 

2000–01 1561 481 18 2,060 75.8 23.3 0.9 0.31 0.01 

2001–02 1537 426 14 1,977 77.7 21.5 0.7 0.28 0.01 

2002–03 1578 470 15 2,063 76.5 22.8 0.7 0.30 0.01 

2003–04 1752 488 15 2,255 77.7 21.6 0.7 0.28 0.01 

2004–05 1912 636 23 2,571 74.4 24.7 0.9 0.33 0.01 

2005–06 2049 601 19 2,672 76.7 22.5 0.7 0.29 0.01 

2006–07 1785 683 31 2,499 71.4 27.3 1.2 0.38 0.02 

2007–08 2016 434 20 2,470 81.6 17.6 0.8 0.22 0.01 

2008–09 2080 454 18 2,552 81.5 17.8 0.7 0.22 0.01 

2009–10 2515 615 17 3,147 79.9 19.5 0.5 0.24 0.01 

2010–11 2231 548 24 2,804 79.6 19.5 0.9 0.25 0.01 

2011–12 2181 452 16 2,649 82.3 17.1 0.6 0.21 0.01 

2012–13 1988 537 15 2,540 78.3 21.1 0.6 0.27 0.01 

2013–14 2164 623 17 2,804 77.2 22.2 0.6 0.29 0.01 

2014–15 2252 714 23 2,989 75.3 23.9 0.8 0.32 0.01 

2015–16 1772 718 13 2,503 70.8 28.7 0.5 0.41 0.01 

2016–17 2537 930 31 3,498 72.5 26.6 0.9 0.37 0.01 

2017–18 2354 925 37 3,316 71.0 27.9 1.1 0.39 0.02 

2018–19 2323 810 39 3173 73.2 25.5 1.2 0.35 0.02 

Source: NFDC (2018)  

Note: N = nitrogen; P = phosphorus; K = potassium



50 

 

Chapter 3 

 
What determines the time to gypsum adoption to remediate irrigated salt-affected 

agricultural lands? Evidence from Punjab, Pakistan 

 

Abstract 

Soil salinization is a serious environmental problem in arid and semi-arid regions, 

affecting crop yields and jeopardizing the food security of affected households. A 

common prescription to ameliorate salt-affected soils is the application of gypsum. 

However, little is known about the factors that motivate land managers to adopt gypsum 

and its likely effect on crop yields in different agro-ecological and socio-economic 

contexts. This study investigates the adoption process of gypsum to rehabilitate irrigated 

salt-affected farmland using data from 252 farm households selected from three agro-

ecological zones of Punjab, Pakistan during the period 2006–2018. An accelerated 

failure time model is used to investigate factors that accelerate or slow the speed of 

gypsum adoption and propensity score matching to evaluate the impact of gypsum 

adoption on crop yields. About 56% of farm households adopted gypsum, and the 

average time to adoption was 4.3 years. Key factors reducing the time to gypsum 

adoption include secure and legal land entitlements, exposure to demonstration trials 

and field days, access to extension services, and access to credit facilities. In contrast, 

the distance to soil and water testing laboratories and input markets increases the time to 

adoption. On average, gypsum adoption increased wheat and rice yields by 17% and 

23%, respectively. Our findings suggest that gypsum adoption will increase with the 

implementation of policies that increase land manager exposure to the technology and 

formal information about the technology, reduce barriers to credit access, and provide 

secure and legal land entitlements. 

 

Keywords: Soil salinization, Gypsum, Rehabilitation, Accelerated failure time (AFT), 

Propensity score matching (PSM), Yields 
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3.1 Introduction  
 

Soil salinization is a major cause of soil degradation in arid and semi-arid regions of the 

world (Pennock et al., 2015). Soil salinization - in the form of saline (i.e., electrical 

conductivity (EC ≥ 4 dS m-1), pH < 8.5, and exchangeable sodium percentage (ESP < 

15)), saline-sodic (i.e., EC ≥ 4 dS m-1, pH ≥ 8.5, and ESP ≥ 15), and sodic soil (i.e., EC 

<  4 dS m-1, pH > 8.5, and ESP ≥ 15) -  refers to excess of sodium ions (Na+) or salts in 

the soil that restructures the soil’s physical properties, causing slaking, swelling, and 

hardening of the soil pan (Shahid et al., 2018; Qadir et al., 2007). It can result from 

climatic variability (i.e., irregular rainfall and evaporation) or a lack of drainage in 

irrigated lands and can be intensified by using brackish groundwater for irrigation 

(Ghafoor et al., 2012; Jesus et al., 2015; Kijne, 1996; Qadir & Oster, 2004; Qadir et al., 

2014). Soil salinization negatively affects plant growth (Ashraf, 2009; Katerji et al., 

2009; Qadir et al., 2000; Semiz et al., 2014) and imposes environmental and economic 

challenges on farm households. 

 Globally, irrigated salt-affected land spans nearly 100 countries (Qadir & Oster, 2002), 

accounting for an annual economic cost of about USD 27.3 billion (Qadir et al., 2014). 

Of the total salt-affected land, about 8% (84.1 Mha) is in South Asia (Shahid et al., 

2018). In Pakistan, about one-fourth of the total irrigated area is salinized (13.94 Mha), 

at an economic cost of about USD 0.26 to 0.94 billion per annum14 (Martin et al., 2006). 

On average, the yields of wheat and rice grown on saline soils in the Indus basin of 

Pakistan have declined by 32 and 48% compared to those grown on non-saline soils 

(Qadir et al., 2014). These low yields, coupled with the burgeoning population, are 

pressuring the Punjab Government to increase cropping areas to improve food supply. 

In this context, the rehabilitation of salt-affected lands is of growing importance for 

food security. Farmers feel pressured to adopt soil amelioration or sustainable land 

management (SLM) practices to increase cropping area and agricultural productivity. 

Worldwide, various SLM practices are prescribed to ameliorate salt-affected lands 

(Panagea et al., 2016), including adoption of gypsum for saline-sodic soils due to its low 

cost, availability, and ease of application (Amezketa et al., 2005; Rengasamy, 2010). 

Gypsum enriches soils with calcium ions (Ca2+)15 that can replace exchangeable sodium 

ions (Na+)16 (Mahmoodabadi et al., 2013). 

                                                           
14 1 USD = 58.463 Pkr was the average annual exchange rate in 2004 
15 Ca2+ refers to calcium that is crucial for plant growth and nutrition 
16 Na+ refers to sodium 
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Moreover, gypsum can improve soil stability and porosity and reduce swelling and 

crusting of soil to enhance soil hydraulic conductivity (HC) and infiltration rates (IR) 

(Ghafoor et al., 2008; Murtaza et al., 2009). The amount of gypsum required to restore 

saline-sodic and sodic soils depends on several factors, including the frequency and 

amount of rainfall, quality of gypsum, severity of the problem, depth of soil to be 

treated, gypsum requirement (GR) test method, and quality and quantity of irrigation 

water (Zaman et al., 2018). Studies have shown that high gypsum application rates can 

significantly reduce soil electrical conductivity (EC) and ESP (Hamza & Anderson, 

2003; Hanay et al., 2004). 

From 2006 to 2012, the Punjab Government invested in a community-driven project 

named ‘Bio-Saline II’, co-funded by the provincial government and the United Nations 

Development Program (UNDP), to address soil salinization. The project was 

implemented in three salt-affected districts of the Punjab province, namely Jhang, 

Sargodha, and Hafizabad. Among the project-led practices, gypsum was introduced on a 

cost-sharing basis, with a 50% subsidy on gypsum bags to farmers. During the project, 

gypsum was popular among farmers due to its positive impact on land productivity 

(Quiroga et al., 2009; Shah et al., 2011). 

Experimental research in Pakistan has shown that gypsum application on salt-affected 

soils improves rice and wheat yields (Ghafoor et al., 2008; Murtaza et al., 2009; Qadir 

et al., 2001; Zia et al., 2007), improving the livelihoods and food security of farm 

households. However, gypsum application involves investment costs that could hinder 

adoption by resource-poor farmers. Understanding the main drivers of gypsum adoption 

and its impact on crop yields can help researchers, policymakers, and donors to devise 

context-specific policies and programs to increase diffusion. Farmers are more likely to 

adopt SLM practices that provide higher expected benefits (crop yields and income) 

than existing practices (Pannell et al., 2006; Wollni & Zeller, 2007).  

Numerous factors affect farmers’ decisions to adopt SLM17 practices, including farmer 

and farm characteristics, practice attributes, land tenure security, market access, 

information access, and credit access (Adimassu et al., 2012; Ajayi et al., 2007; Kassie 

et al., 2015; Sietz & Van Dijk, 2015; Teklewold et al., 2013). Few studies have 

investigated the factors affecting the time until adoption of new SLM practices, such as 

natural resource-conserving agricultural technologies in the United States (Fuglie & 

                                                           
17 SLM practices include soil fertility and crop management, soil erosion control measures, and water 

harvesting, in addition to grazing and forest management (Cordingley et al., 2015) 
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Kascak, 2001), soil conservation tillage in Australia (D’Emden et al., 2006), and zero-

tillage (ZT) in Syria (Yigezu et al., 2018). Studies on the use of gypsum to rehabilitate 

salt-affected land are limited to experimental studies (Ghafoor et al., 2008; Murtaza et 

al., 2009; Qadir et al., 2001; Zia et al., 2007). None of these studies has investigated 

factors that reduce the time to gypsum adoption, which could help policymakers to 

devise context-specific interventions for salt-affected soils in Punjab and similar agro-

ecological regions elsewhere. 

The present study investigates the factors affecting the speed of gypsum adoption in 

three agro-ecological zones (i.e., rice–wheat, maize–wheat–mixed, and cotton–mixed) 

of Punjab (Ahmad et al., 2019) and its impact on crop yields, particularly wheat and 

rice, given their importance of these crops as staple food in the country. This study 

contributes to the literature on agricultural innovation adoption by (1) investigating the 

application of gypsum to rehabilitate salt-affected lands, and factors that could influence 

the time until adoption in a non-experimental data setting, and (2) testing the hypothesis 

that gypsum adoption improves rice and wheat yields across the three agro-ecological 

zones. This study also contributes to a broader policy discussion on soil salinization in 

line with the United Nations Convention to Combat Desertification’s (UNCCD’s) Land 

Degradation Neutrality (LDN) framework, which is integrated into the Sustainable 

Development Goals (SDGs) target 15.3 (Orr et al., 2017). The LDN framework aims to 

achieve a land-degradation-neutral world by 2030 by maintaining and restoring land-

based natural capital (Desa, 2016). 

The remainder of this paper is organised as follows. Section 2 describes the study 

context, survey data, and outlines the methodological framework used in the analysis; 

Section 3 presents the empirical results followed by a discussion in Section 4. Section 5 

concludes the paper with some policy implications. 

3.2 Material and Methods 

3.2.1 Study area, data collection, and descriptive statistics 

This study was conducted in Punjab province, which covers about 57% of the cultivated 

area and accounts for about 73% of bulk cereal production in Pakistan (GoP, 2017). A 

farm household survey was conducted between April and June 2019. The survey used a 

multi-stage stratified sampling procedure to select farm households, as follows: 
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i. Three agro-ecological zones were purposively selected, representing the irrigated areas 

of Punjab: (i) rice–wheat zone 1, (ii) maize–wheat–mixed zone 2, and (iii) cotton–mixed 

zone 3 (adopted from Ahmad et al., 2019).  

ii. One representative district was randomly selected within each agro-ecological zone: 

Hafizabad (zone 1), Jhang (zone 2), and Bahawalnagar (zone 3). 

iii. Two tehsils (administrative unit of a district) were purposively chosen within each 

selected district—one with a relatively high salt-affected area and the other with non-

saline soil properties—in consultation with the Deputy Director of the Agriculture 

Extension Department, Government of Punjab. 

iv. In each tehsil, two Union Councils (UC’s) (administrative unit of a district) were 

purposively selected from salt-affected areas based on the extent of the salinity problem. 

However, two UC’s were selected from unaffected areas nearby salt-affected areas.  

v. In each UC, two Mouzas (revenue villages) were purposively chosen based on the same 

criteria defined in stage iii and iv. 

vi. One village from each Mouza was randomly selected.  

vii. In each village, 21 farm households were randomly selected. 

A total of 504 farm households were interviewed, equally divided between salt-affected 

and unaffected areas. A flowchart of the multi-stage stratified sampling procedure of the 

study is provided in Figure A.3.1.  

 
Figure 3.1 Map of the study areas in Punjab, Pakistan 
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We used a subsample of 252 farm households representing salt-affected areas to 

investigate factors that influence the speed of gypsum adoption among land managers18 

to ameliorate salt-affected lands and improve crop yields. Figure 3.1 shows the 

distribution of selected districts in Punjab. 

Of the 252 salt-affected farm households, about 56% (142) had adopted gypsum to 

rehabilitate salt-affected soils (Table A.3.1). About 94% of land managers adopted 

gypsum in the rice–wheat zone, followed by 62% in the maize–wheat–mixed zone and 

13% in the cotton–mixed zone. In the survey, land managers were asked to report from 

where they first heard about the technology. The sources of information include formal 

(i.e., extension workers, field days, and print media), informal (i.e., progressive farmers, 

agricultural input dealers), and social (i.e., friends and relatives), and exposure to 

demonstration trial sites. Given the retrospective nature of the data on the sources of 

information, land managers may have guessed about when they first heard about 

gypsum technology. Land managers reported that they received information before 

adopting a technology. It is less likely that land managers decided to adopt the 

technology and then visited demonstration trial sites later. The government developed 

demonstration trial sites during the first year of the community-driven Bio-Saline II 

project. Of the total farm households, 56 (39%) acquired information about gypsum 

from formal sources, 12 (9%) acquired information from informal sources, and 74 

(52%) acquired information from their social networks. Likewise, 98 (69%) acquired 

information about gypsum from exposure to demonstration trial sites.  

About 90% of adopters are located at the middle or tail ends of the watercourses19. We 

followed Kshirsagar et al. (2002) to calculate the crop diversity index (CDI). The CDI 

for the 𝑖𝑡ℎ land manager is represented by Equation 1 as: 

 𝐶𝐷𝐼𝑖 = 1 − ∑ (
𝑎𝑗𝑘

𝐴𝑘
)
2

𝑛
𝑗=1               (1) 

where 𝑎𝑗𝑘 is the cultivated area of the 𝑗𝑡ℎcrop on the 𝑘𝑡ℎ farm plot area, and 𝐴𝑘 is the 

total cultivated area under all crops. A CDI of 0 indicates that the farm household only 

grew one crop on the plot during the 2018–19 production year. As the level of diversity 

increases, the CDI approaches one. Adopters on average had a CDI of 0.77, indicating 

                                                           
18 We use the word ‘land manager’ in this study to define “a household member who actively participated 

in decision making and is involved in all agricultural activities”, and who is considered the respondent for 

this study 
19 Water in the Indus Basin Rivers is diverted to main canals through reservoirs/barrages. The canals 

distribute the irrigation water through a network of branch canals into watercourses to irrigate the 

command area. 
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that they grew more than two crops during the 2018–19 production year. About 92% of 

gypsum adopters owned tube-wells for groundwater irrigation, 20% had access to 

credit, and 62% had diversified income sources other than agriculture, such as off-farm 

daily wages, monthly salaried employment (government and/or private), business, and 

rental income. 

The adopters cultivated, on average, 51,316 m2 during 2018–19. About 34% of gypsum 

adopters had legal and secure land rights (i.e., Fard-e-malkiat20). The literacy level of 

the land manager, usually the household head, was used as a proxy for the ability to 

manage farmland. About 75% of adopters were literate21 (with, on average, 6.7 years of 

education), and their average age was 44 years. The relative labor supply for the 

household was measured using the dependency ratio, which is a ratio of the number of 

inactive labor (<15 years and >65 years of age) to active labor (aged 15 to 65 years, 

inclusive) in the household. The average dependency ratio of adopters in the sample was 

0.69. The descriptive statistics of the relevant variables used in the empirical analysis 

are in Table A.3.1. 

3.2.2 Theoretical Framework 

With gypsum adoption, land managers can expect to derive some indirect observable 

private benefits (i.e., increase in yield or net income) and direct unobservable private 

benefits (i.e., improved soil structure, replenished soil organic matter content, water 

infiltration, and carbon sequestration) that underpin economic benefits. The theoretical 

framework embedded in a random utility theory is used to model the choices faced by 

land managers when deciding whether to adopt gypsum technology. The expected 

benefits for the 𝑖𝑡ℎ land manager from gypsum adoption is represented as 𝜋𝑎𝑖(𝑝𝑖𝑡), 

where 𝑝𝑖𝑡 refers to the production year when the land manager adopted gypsum. Before 

each production period (𝑝𝑖𝑡), the 𝑖𝑡ℎ land manager decides whether to adopt depending 

on his/her perception about the gypsum technology based on the information acquired 

on technological appropriateness, expected benefits, and soil health status. 

We assume that the per-unit price of the gypsum bag is the same for all land managers 

irrespective of the number of gypsum bags used. The land manager’s gain in utility 

from gypsum comes from a simple comparison of expected utility (benefits) with and 

                                                           
20 Fard-e-malkiat is a record of rights maintained for the determination of rights for immovable property. 

It is proof that you own the property, which is required for the sale, mutation, and transfer of rights. 
21 Measuring years of education as dummy for literacy, where 0 means no education otherwise 1 
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without the gypsum technology, only adopting when the expected utility is positive, 

𝑉𝑖𝑡 = [𝜋𝑎𝑖(𝑝𝑖𝑡) − 𝜋𝑛𝑎𝑖(𝑝𝑖𝑡)] > 0, where 𝜋𝑛𝑎𝑖(𝑝𝑖𝑡) indicates expected utility without 

gypsum adoption. However, it is assumed that the land manager’s expected utility from 

gypsum is influenced by various factors, including the land manager’s characteristics, 

farm characteristics, regional differences, and cropping diversity. Equation 2 evaluates 

the complete unobservable utility (benefit) function 𝑉𝑖𝑡 = [𝜋𝑎𝑖(𝑝𝑖𝑡) − 𝜋𝑛𝑎𝑖(𝑝𝑖𝑡)] in any 

production period for 𝑖𝑡ℎ land manager is expressed as a function of observable 

exogenous variables in the latent variable model: 

𝑉𝑖
∗= 𝛼𝑖𝑋𝑖 + 𝜇𝑖      𝑖 = 1, 2,…, K         (2) 

where 𝑉𝑖
∗ is the net unobservable utility that a typical land manager can get from gypsum. 

A vector of parameters to be estimated is represented by 𝛼𝑖 , and 𝜇𝑖 is an error term 

(𝑁~(0, 𝜎2)). However, analysts can only observe a binary variable 𝐼𝑖 with a value of 1 

for adopters (where the land manager anticipates a positive change in net benefit from 

gypsum adoption) and 0 otherwise. Equation 3 estimates the probability of being an 

adopter of gypsum technology when land managers expect positive net benefits, 

expressed as: 

𝑃𝑟(𝐼𝑖 = 1) = 𝑃𝑟(𝑉𝑖
∗ > 0) = 𝑃 𝑟(𝜇𝑖 > −𝛼𝑖𝑋𝑖) = 1 − 𝐹(−𝛼𝑖𝑋𝑖)                                 (3) 

where F is the cumulative distribution function for 𝜇𝑖. It is assumed that once the land 

manager has adopted gypsum, they do not dis-adopt during the study period. We 

employ a time duration function to model the key determinants that can influence the 

time to adopt gypsum technology. 

3.2.3 Empirical Framework 

3.2.3.1 Speed of Adoption 
 

A duration analysis (DA) model is used to model the length of time before a land 

manager adopts the technology. The model formulates the transition from the state of 

non-adoption to the state of actual use of a new technology (An & Butler, 2012). The 

purpose of DA in this study is to identify the factors that significantly influence the time 

lag (or length of a spell) from when the land manager is exposed to gypsum and when 

they make the decision to adopt. Let 𝑇 be a continuous positive random variable 

representing the duration in years before gypsum adoption, while 𝑡 is the minimum 

length of duration before actual technology adoption occurs, which is characterized by 

the probability density function 𝑓(𝑡) and cumulative distribution function 𝐹(𝑡). In the 
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technology-adoption context, the probability that the technology will not be adopted 

before 𝑡 is defined as the survival function, i.e., 𝑆(𝑡) = Pr(𝑇 ≥ 𝑡) = 1 − 𝐹(𝑡) and the 

corresponding probability that the technology will be adopted at time 𝑡 is defined as the 

failure function, i.e., 𝐹(𝑡) = Pr(𝑇 < 𝑡) (see Burton et al., 2003). In Equation 4, the 

hazard function, ℎ(𝑡) represents the probability that land managers adopt at time 𝑡 given 

that they had not adopted before 𝑡. The hazard function is represented as: 

ℎ(𝑡) =  lim
∆𝑡→∞

(
Pr (𝑡≤𝑇<𝑡+∆𝑡|𝑇≥𝑡

∆𝑡
) = lim

∆𝑡→∞

𝐹(𝑡+∆𝑡)−𝐹(𝑡)

∆𝑆(𝑡)
= 

𝑓(𝑡)

𝑆(𝑡)
                    (4) 

where the hazard function is characterized as the limiting value of the probability that 𝑇 

lies between 𝑡 and 𝑡 + ∆𝑡, conditional on 𝑇  𝑡, divided by the interval ∆𝑡, as ∆𝑡 tends 

to zero (see Dadi et al., 2004). In the parametric hazard model specification, the hazard 

rate is time-dependent and follows a particular distribution, such as Weibull, 

exponential, logistic, lognormal, log-logistic, or Gompertz (Cleves et al., 2008; Kiefer, 

1988). Apart from time itself, individual covariates such as demographic, socio-

economic, farm characteristics, and agro-ecological zones could influence the timing of 

adoption.  

In the proportional hazard (PH) specification of the hazard function, covariates are 

multiplicatively related to the baseline hazard and represented as in Equation 5: 

ℎ(𝑡, 𝑍, 𝜃, 𝛼) =   ℎ0(𝑡, 𝜃) × 𝑔(𝑍, 𝛼) = ℎ0(𝑡, 𝜃)𝑒𝑥𝑝(𝑍, 𝛼) = exp (𝑡, 𝜃)exp (𝑍, 𝛼)         (5) 

where ℎ0(𝑡, 𝜃) is the baseline hazard that is independent of individual covariates (𝑍), 𝛼 

is a vector of unknown parameters to be estimated, 𝜃 is a vector of parameters 

characterizing the baseline hazard, and 𝑔(𝑍, 𝛼) is the hazard that is dependent on 

covariates (𝑍).  

The accelerated failure time (AFT) model is an alternative specification of the 

proportional hazard function, which assumes a linear relationship between the log of 

survival time 𝑇 and individual covariates (log-linear) as opposed to the non-linear 

relationship in the PH model specification. Following Jenkins (2005), log-linear 

specification of the model is expressed as in Equation 6: 

ln 𝑇 =  𝑍′𝛼 + 𝑒                         (6) 

where 𝑒 is a composite error term, which is the product of an error term (휀) and a 

scaling factor (𝜎) representing the shape parameter of the hazard function, i.e., 𝑒 = 휀𝜎. 

The estimated parameters (i.e., 𝛼𝑖 =
𝜕𝑙𝑛𝑇

𝜕𝑍𝑖
) of the AFT model describe a direct influence 
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on survival time, i.e., it implies a unit change in a given explanatory variable yields a 

proportional change in survival time, holding other explanatory variables constant 

(Jenkins, 2005). The exponent of the estimated parameter is known as the time ratio, 

indicating the extent to which a unit change in the explanatory variable changes the 

survival time (Jenkins, 2005). For convenience, the percentage change for each 

covariate is computed as [exp(𝛼𝑘) − 1] × 100, indicating the percentage change in 

time to adoption for a unit change in each covariate; that is, a positive (negative) 

coefficient denotes a slower (faster) adoption of technology. Therefore, the AFT model 

is preferred in this study and it is assumed that the hazard function follows a Weibull 

distribution. 

 The dependent variable used in the analysis is the time taken by land managers to 

decide to adopt gypsum, measured as the difference between year of adoption and year 

when the technology became available in the region. We define the time taken to adopt 

gypsum in two ways: (1) 2006 as the base year for land managers who had 

independently started farming before the introduction of gypsum in Punjab through the 

donor-funded Bio-Saline II program; (2) for those land managers who independently 

started farming after 2006, the year they started farming is set as the base year. Non-

adopters were defined as land managers who had never used gypsum; the duration 

variable for those land managers is right-censored with the assumption that they may 

adopt in the future. The variables used in the AFT model that describe variation in the 

time to gypsum adoption are presented in Table A.3.1. 

The objective of this study was not to examine the diffusion of gypsum use when the 

government provided subsidies from 2006 to 2012 because the AFT model does not 

accommodate time-varying variables. Nevertheless, we estimate a discrete-time 

duration (DT-D) model (see Jenkins, 2005) to investigate the effect of the government 

subsidy on gypsum adoption and diffusion of this practice (see Table A.3.2).  

3.2.3.2 Impact Evaluation 
 

In a non-randomized experimental situation, such as the adoption of gypsum 

technology, adoption is not random and selection bias may occur. The selection bias 

arises when land managers self-select into adopting or not adopting gypsum technology. 

This non-random nature of the gypsum adoption process makes it difficult to compare 

the mean outcomes between adopters and non-adopters directly. Traditional t-tests and 

ordinary least squares (OLS) approaches may provide misleading results due to 

selection bias. We use the propensity score matching (PSM) technique to account for 
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possible selection bias in evaluating the impact of gypsum adoption (Caliendo & 

Kopeinig, 2008; Rajeev & Sadek, 2002). The detailed specification of the PSM model is 

in Appendix A. Here, we are interested in the average marginal benefit of gypsum 

application on crop yields, i.e., the average treatment effect. Equation 7 estimates the 

average treatment effect on the treated (ATT) is represented as: 

𝐴𝑇𝑇 = 𝐸(𝐺𝑖𝑎 − 𝐺𝑖𝑛𝑎|𝐶𝑖 = 1) = 𝐸[𝐺𝑖𝑎|𝐶𝑖 = 1] − 𝐸[𝐺𝑖𝑛𝑎|𝐶𝑖 = 1]                              (7)  

where 𝐺𝑖𝑎 and 𝐺𝑖𝑛𝑎 are rice and wheat yields (kg/m2) of gypsum adopters and non-

adopters while 𝐸[𝐺𝑖𝑎|𝐶𝑖 = 1] indicates the expected yield of gypsum adopters, and 

𝐸[𝐺𝑖𝑛𝑎|𝐶𝑖 = 1] represents the expected yield of the same land managers had they not 

adopted the gypsum technology (i.e., the counterfactual). 𝐴𝑇𝑇 is the average treatment 

effect on the treated, which is the difference in the outcomes of the adopters and similar 

non-adopters.  

Various matching techniques are available to match adopters with similar non-adopters 

based on their estimated propensity scores. The most common techniques include 

nearest-neighbor matching (NNM), kernel-based matching (KBM), stratified radius 

matching, and Mahalanobis matching (Caliendo & Kopeinig, 2008). In this study, we 

used the NNM and KBM matching techniques (Caliendo & Kopeinig, 2008). 

If an unobserved variable influences both the adoption decision and outcome variables 

simultaneously, there can be hidden bias, and the PSM estimator may not be consistent 

(Rosenbaum, 2002). To address this issue, we undertake a sensitivity analysis to check 

how strong the effect of unobservable variables must be to undermine the implication of 

PSM results (Sanglestsawai et al., 2015). Following Rosenbaum (2002), we used 

Rosenbaum bounds22 to perform a sensitivity analysis for the continuous variables to 

evaluate the influence of unobservable variables on the PSM results (DiPrete & Gangl, 

2004). It provides reasonable confidence that the causal relationship between a 

treatment and an outcome variable exists, even in the presence of potential unobservable 

variables. It is pertinent to note that Rosenbaum bounds are worst-case scenarios 

(DiPrete & Gangl, 2004). 

3.3 Results 
 

For the AFT model described earlier, the dependent variable is the natural logarithm of 

the length of time until adoption (i.e., from first exposure to gypsum technology to 

                                                           
22 ‘rbounds’ command in Stata was used to estimate ‘Rosenbaum bounds’ 
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actual adoption). The estimated coefficients, time ratios, and percentage changes are 

presented in Table 3.1 for with (general) and without (restricted) sources of information 

variables in the models. The estimated value of the Weibull shape parameters (𝑙𝑛𝑝 = 

0.469 and 𝑙𝑛𝑝 = 0.426) in the general and restricted model is highly statistically 

significant (p<0.01), indicating a positive duration dependency on the explanatory 

variables. This means that the probability of adopting gypsum technology in a particular 

year, conditional upon not having adopted it previously, for a typical land manager 

surges with the number of years since the inception of gypsum technology or when they 

had independently started farming. 

3.3.1 Effect of covariates on duration until adoption 

There were no substantial differences between the two models (with and without 

information); hence, we explain only the general model results. We observed that 

formal sources of information reduce the time to adoption by 38%, respectively, relative 

to social networks. Likewise, visits to demonstration trial sites reduce the time until 

adoption by 32%. Moreover, having secure and formal land entitlements (i.e., Fard-e-

malkiat) reduces the time to adoption by 24% compared with having no formal land 

entitlement (i.e., rented/shared land, customary rights, and government land on lease). 

Likewise, cultivating a wide variety of crops, relative to practising monoculture, as 

measured by the CDI, reduces the time to adoption by 56%. 

Furthermore, access to a credit facility reduces the time to adoption by 37%. An 

increase in the distance to soil and water-testing laboratories and input market by an 

extra kilometer from the homestead significantly increases the time to adoption by 1% 

and 3%, respectively. Moreover, the farm’s location along the watercourse appears 

highly significant in determining the time to gypsum adoption. The time to gypsum 

adoption for farms located at the middle and tail of the watercourse was 48% sooner 

than those located at the head of the watercourse. Significant differences in the time to 

adoption are observed across agro-ecological zones, which were 72% sooner for 

households in the rice–wheat zone and 57% sooner for those in the maize–wheat–mixed 

zone than the cotton–mixed zone. 

The reported results indicate that literate land managers are early adopters and their time 

to adoption is 30% sooner than illiterate land managers. Households with high 

dependency ratios are late adopters, with time until adoption increasing by 16% relative 

to households with low dependency ratios. 
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Table 3.1 Estimated parameters of the accelerated failure time (AFT) model 

Variables 

General Model Restricted Model 

Coefficients 
Time 

Ratio 

Percentage 

Change 
Coefficients 

Time 

Ratio 

Percentage 

Change 

Land Manager’s 

Date of Birth (Year) 

-0.005 

(0.005) 
0.995 -0.462 

0.001 

(0.005) 
1.000 0.039 

Land Manager’s 

Literacy (Yes/No) 

-0.358** 

(0.140) 
0.699 -30.113 

-0.319** 

(0.136) 
0.727 -27.310 

Dependency Ratio 
0.152** 

(0.07) 
1.165 16.463 

0.146** 

(0.072) 
1.157 15.673 

Legal Formal land 

rights (Yes/No) 

-0.277** 

(0.137) 
0.758 -24.179 

-0.311** 

(0.144) 
0.733 -26.698 

Demonstration 

Trials (Yes/No) 

-0.384** 

(0.168) 
0.681 -31.868 

-0.300* 

(0.179) 
0.741 -25.912 

Formal sources of 

information  

(Yes/No) 

-0.477*** 

(0.117) 
0.621 -37.928 - - - 

Informal sources of 

information  

(Yes/No) 

-0.071 

(0.215) 
0.931 -6.877 - - - 

Farm Size Category 

(>=50586 m2) 

-0.112 

(0.129) 
0.894 -10.573 

-0.144 

(0.137) 
0.866 -13.443 

Crop Diversity index 
-0.815** 

(0.369) 
0.443 -55.717 

-0.866** 

(0.368) 
0.420 -57.957 

Access to Credit 

(Yes/No) 

-0.457*** 

(0.141) 
0.633 -36.659 

-0.516*** 

(0.15) 
0.597 -40.286 

Owned Tube well 

(Yes/No) 

-0.177 

(0.232) 
0.838 -16.192 

-0.254 

(0.241) 
0.776 -22.399 

Location of Land at 

the Middle and Tail 

of the Watercourse  

(Yes/No) 

-0.660*** 

(0.164) 
0.517 -48.322 

-0.729*** 

(0.180) 
0.483 -51.737 

Distance to soil and 

water testing 

laboratory from 

homestead 

0.005** 

(0.002) 
1.005 0.543 

0.006** 

(0.002) 
1.006 0.602 

Distance to input 

market from 

homestead 

0.027** 

(0.013) 
1.027 2.747 

0.029** 

(0.014) 
1.030 2.986 

Rice-wheat zone  

(Yes/No) 

-1.282*** 

(0.293) 
0.277 -72.258 

-1.314*** 

(0.295) 
0.269 -73.118 

Maize-wheat-mix 

zone (Yes/No) 

-0.847*** 

(0.255) 
0.429 -57.110 

-0.897*** 

(0.259) 
0.408 -59.239 

Constant 
13.821 

(9.989) 
  

3.865 

(10.174)  
 

lnp (Weibull shape 

parameter) 

0.469*** 

(0.059) 
  

0.426*** 

(0.059) 
  

Observations 252     252     

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

The results also show that, relative to the no subsidy period, the government’s subsidy 

did not significantly increase the time to gypsum adoption. This implies that the subsidy 

scheme had less impact on accelerating gypsum adoption than the no-subsidy scheme 

period (2013 to 2018) (see Table A.3.2). A plausible explanation could be that the 
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subsidy was provided when most land managers were exploring and experimenting with 

gypsum before adopting. Exposure to information on gypsum through extension 

services paved the way for land managers to adopt gypsum even when no subsidy was 

provided. 

3.3.2 Impact of gypsum adoption on crop yield 

The impact of gypsum on rice and wheat yields (kg/m2) is shown in Table 3.3. The bias 

reduction after matching adopters and non-adopters is in Table 3.2. Before matching, 

the absolute median bias ranged from 25 to 44%. After matching, using the NNM and 

KBM algorithms, the absolute median bias ranged from 6 to 8%, implies a considerable 

reduction in median bias (range 73 to 82%), and the covariates are balanced for both 

gypsum adopters and non-adopters. The pseudo R2 value ranged from 0.40 to 0.45 

before matching and 0.01 to 0.04 after matching, implying that both gypsum adopters 

and non-adopters had similar observable characteristics after matching. Likewise, the p-

value of the joint significance of covariates is highly significant (p<0.01) before 

matching but highly insignificant after matching, suggesting no systematic difference 

between adopters and non-adopters in terms of their observable characteristics after 

matching. 

The critical levels of gamma (𝛾), at which causal inference of the significant adoption 

effect of gypsum may be questionable, are in Table 3.3. At a critical level of 𝛾 = 1, 

matched land managers have the same probability of adopting gypsum. The results from 

the “Rosenbaum bounds” analysis reveals that to eliminate the estimated wheat yield 

improvement as a result of gypsum application, the unobservable variables would have 

to increase the ratio of the odds by more than 130% (𝛾 = 2.30 𝑡𝑜 2.35). Moreover, the 

positive impact of gypsum on rice yield could be eliminated if unobservable factors can 

increase the ratio of the odds by more than 145% (𝛾 = 2.45 𝑡𝑜 2.50). The results are 

insensitive to unobservable variables if the gamma value is 1.5, meaning that most 

unobserved variables were included in the study (Aakvik, 2001; DiPrete & Gangl, 

2004). 

The average treatment effect on the treated (ATT) farms for wheat yield (kg/m2) is 

positive and statistically highly significant (p<0.05) across the matching algorithms, 

with gypsum adoption increasing wheat yields by 0.030 to 0.036 kg/m2. The ATT for 

rice yield is also positive and statistically significant (p<0.05) across the matching 

algorithms, with gypsum adoption increasing rice yields by 0.045 to 0.051 kg/m2. 
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Table 3.2 Indicators of covariates balancing before and after matching 

Matching 

Algorithm 

Outcome  

(kg/m2) 

Median absolute bias Bias 

reduction 

(%) 

Value of pseudo R2 
P-value of joint 

significance of covariates 

Before 

matching 

After 

Matching 

Before 

matching 

After 

Matching 

After 

Matching 

Before 

matching 

Two-to-one NNM Wheat Yield (kg/m2) 44.2 8.0 -81.90 0.446 0.036 0.000 0.228 

 Rice Yield (kg/m2) 25.3 6.8 -73.12 0.395 0.006 0.000 0.935 

KBM Wheat Yield (kg/m2) 44.2 8.2 -81.45 0.446 0.038 0.000 0.179 

  Rice Yield (kg/m2) 25.3 6.0 -76.28 0.395 0.008 0.000 0.838 
Notes: NNM (nearest-neighbour matching); KBM (kernel-based matching) 

 

Table 3.3 Impact of gypsum on crop yields 

Matching 

Algorithm 
Outcome 

Average Yield 

(Adopters) 

(kg/m2) 

Average Yield 

(Non-Adopters) 

(kg/m2) 

Difference  

(kg/m2)  
P-value* 

Percentage 

Change 

Critical level of 

hidden bias (γ) 

Two-to-one 

NNM 

Wheat Yield (kg/m2) 0.251 0.215 0.036 0.035 16.56 2.30-2.35 

Rice Yield (kg/m2) 0.273 0.228 0.045 0.038 19.71 2.45-2.50 

KBM 
Wheat Yield (kg/m2) 0.251 0.215 0.030 0.027 14.03 2.50-2.55 

Rice Yield (kg/m2) 0.273 0.222 0.051 0.007 23.05 2.65-2.70 
Note: NNM (nearest-neighbour matching); KBM (kernel-based matching); ATT (average treatment effect for the treated). *P values are calculated by using bootstrap 

standard errors at 200 replications.  
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3.4 Discussion 
 

This study examined two related questions about soil salinization in the Punjab province 

of Pakistan. First, it investigated key determinants that influence the time to adopt 

gypsum to ameliorate soil salinization among land managers. The results showed that 

secure and legal land entitlements, access to credit facilities, sources of information and 

exposure to technology, distance to soil and water-testing laboratories, distance to input 

market, farm location along the watercourse, and crop diversity are principal predictors 

of time to gypsum adoption. Second, it examined the economic impact of adopting 

gypsum on crop yield and found that gypsum adoption could, on average, increase 

wheat and rice yields (kg/m2). 

3.4.1 Effect of covariates on duration until adoption 

A key research finding is that secure and legal land entitlements significantly reduced 

the time to adopt gypsum technology. A lack of formal land entitlements and rights has 

been found to creates inefficiencies in the land market (Spielman et al., 2016), whereas 

secure and legal land entitlements enhance access to the land rental market (Besley, 

1995; Soto, 2000), increase efficiency in labor markets (Deininger, 2002), encourage 

long-term investments (Ali et al., 2014; Gebremedhin & Swinton, 2003), and generate 

economic benefits (Besley, 1995). Secure and legal land entitlements can serve as 

collateral when land managers apply for credit through formal and informal credit 

institutions. The availability of credit plays an important role in enhancing the adopting 

of conservation practices that require initial capital investment. It helps land managers 

overcomes liquidity constraints (Ali & Abdulai, 2010).  

Access to information, irrespective of its source, is important for gypsum adoption. 

Information acquisition helps land managers to understand the costs and benefits of the 

technology and thus reduce the time to adoption. In the context of this study, the mode 

of information acquisition included advice from extension services and/or the 

directorate of on-farm water management, and exposure from visits to demonstration 

trial sites developed during the Bio-Saline II project. Khataza et al. (2018) and Yigezu 

et al. (2018) reported that visits to demonstrations trials and the quality of extension 

services can reduce the duration to adoption of agricultural technologies (i.e., ZT and 

conservation agriculture). Empirical studies have found that if the land managers are 

uncertain or have imperfect information about the outcome of adopting a technology, 
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they will defer the adoption decision until there is more reliable and accurate 

information about the technology (Genius et al., 2014; Ghadim et al., 2005). 

Without testing saline soil for the soil GR, land managers would not know how much 

gypsum to apply in each plot to rehabilitate salt-affected land. In Punjab, there are fee-

paying soil and water testing laboratories in each district center. We found that as the 

distance to soil and water testing laboratories and input markets increased, land 

managers were more likely to defer their adoption decision. The establishment of 

laboratories and input markets at lower administrative levels (i.e., Tehsil or Union 

Council) in salt-affected areas could improve information access and encourage land 

managers to test their farm’s soil and act accordingly. 

We also found that the farm’s location along a watercourse, particularly those at the 

middle and tail ends of the watercourse, reduced the time taken by land managers to 

make an adoption decision. Due to the insufficient flow of canal water through the 

watercourse, most water is used or wasted due to conveyance losses before reaching the 

tail end. Land managers located at the tail end can only irrigate a small proportion of 

their overall water demand using canal water. Land managers often mix canal water 

with groundwater to meet irrigation requirements. However, about 20% of irrigated land 

is salinized due to groundwater irrigation (Shahid et al., 2018). Without appropriate 

management, the continuous use of saline or sodic groundwater for irrigation will 

gradually increase soil salinization and restructure soil physical properties in the long 

term (Choudhary et al., 2011; Murtaza et al., 2006). In such situations, periodic 

application of gypsum would be required (Qadir & Oster, 2004). 

As crop diversity increases, land managers demand more irrigation water to meet crop 

water requirements. Without adequate irrigation water, from canal or groundwater, land 

managers may grow more than two crops per annum to leach salts or sodium from the 

root zone using gypsum to maintain soil structure to maximize profits from degraded 

land. 

3.4.2 Impact of gypsum adoption on crop yield 

Gypsum application requires irrigation water to flush sodium from the soil, often met 

through the combined use of canal and groundwater. About 70–80% of extracted 

groundwater in Punjab is hazardous for agriculture, with varying levels of EC, SAR 

and/or residual sodium carbonate (RSC) (Latif & Beg, 2004) that affect soil physical 

properties (Qadir et al., 2007), which inhibit seed germination or reduce seedling vigor. 
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Wheat and rice are relatively tolerant to salinity and sodicity (Qadir et al., 2001) but 

their yields in salt-affected soils decline on average by about 32% and 48% compared to 

normal soils (Qadir et al., 2014). 

Using the NNM and KBM matching algorithms, we found that gypsum adoption 

increases wheat and rice yields by about 14 to 17% (relative to 0.251 kg/m2) and 20 to 

23% (relative to 0.273 kg/m2), respectively. Irrespective of the matching algorithm 

used, PSM yields similar results, consistent with other studies (e.g., Kassie et al. 2011) 

and experimental studies showing that gypsum improves soil structure and bolsters rice 

and wheat yields (Ghafoor et al., 2008; Murtaza et al., 2009; Qadir et al., 2001; Zia et 

al., 2007).  

This study investigated the determinants of the time to adopt gypsum technology and 

the benefits of its adoption in terms of wheat and rice yield improvement. The study did 

not look at the intensity of adoption or yield of other crops. Further research is needed 

to investigate the factors that could influence the intensity of gypsum adoption and yield 

effects on other crops. Future research should examine the cost-effectiveness and 

marginal benefits in terms of profits across agro-ecological zones. 

Adoption studies are often based on cross-sectional survey data, but adoption is a 

dynamic and ongoing process. Therefore, future work on the adoption of gypsum 

technology should elicit data over time (i.e., panel data) to understand the diffusion 

process and capture time-dependent explanatory variables, such as cost of adoption, 

farm income in adoption years, and crop harvest prices that could influence the time to 

gypsum adoption. 

3.5 Conclusions and Policy Implications 
 

This study’s findings suggest that legal and formal land rights decrease the time to 

gypsum adoption. Therefore, the provincial government can accelerate its ongoing 

efforts to digitize the land record system and improve the administrative process for 

land managers in granting property rights, which may further accelerate gypsum 

adoption in the province. The results also suggest that improved and easy access to 

credit can help land managers overcome liquidity constraints and make capital 

investment to accelerate the adoption process. This acceleration may be further 

enhanced through improved access to extension services and access to information on 

the application and benefits of gypsum technology. 
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Complementary to extension, exposure to demonstration trial sites may further increase 

the speed of adoption. The demonstration sites were abandoned at the end of the Bio-

Saline II project. The provincial government needs to restore and establish new 

demonstration sites to promote access and exposure to gypsum technology. Finally, 

public–private partnerships can play an important role in establishing new input markets 

and soil and water testing laboratories at lower administrative levels (i.e., Tehsil or 

Union Council) to improve access to infrastructure that can further increase the speed of 

adoption.  

This research is significant for rehabilitating irrigated salt-affected farmland using 

gypsum technology, which could increase the cropping area and land productivity, 

thereby improving the food security situation of rural farm households in the study 

region. However, caution should be taken in generalizing the results to other regions of 

Pakistan and elsewhere as empirical evidence suggest that adoption decisions of 

agricultural innovations and impact of adoption tend to be context specific. 
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Appendix A Propensity Score Matching (PSM) 
 

We aimed to evaluate the impact of gypsum adoption on reducing soil salinity at the 

farm level. Let 𝐺𝑖 be a vector of outcome variables (i.e., rice and wheat yields (kg/m2)), 

where 𝐺𝑖𝑎 is the outcome of interest when a land manager adopts gypsum technology 

and 𝐺𝑖𝑛𝑎 is the corresponding untreated state. In addition, we assume that 𝐶𝑖 is a binary 

choice variable for the 𝑖𝑡ℎ land manager, capturing the adopters (𝐶𝑖 = 1) and non-

adopters (𝐶𝑖 = 0) of gypsum technology. The observed outcome is represented as: 

𝐺𝑖 = 𝐶𝑖𝐺𝑖𝑎 + (1 − 𝐶𝑖)𝐺𝑖𝑛𝑎          (a.1) 

The outcome of interest is estimated by taking the difference between the actual 

outcome of land managers who adopted gypsum and the outcome of the same land 

managers had they not adopted gypsum (i.e., counterfactual), known as the average 

treatment effect on the treated (ATT): 

𝐴𝑇𝑇 = 𝐸(𝐺𝑖𝑎 − 𝐺𝑖𝑛𝑎|𝐶𝑖 = 1) = 𝐸(𝐺𝑖𝑎|𝐶𝑖 = 1) −  𝐸(𝐺𝑖𝑛𝑎|𝐶𝑖 = 1)                (a.2) 

The principal issue is that we can estimate 𝐸(𝐺𝑖𝑎|𝐶𝑖 = 1) but cannot observe 

(𝐺𝑖𝑛𝑎|𝐶𝑖 = 1), which describes the counterfactual scenario for the adopters (their 

outcomes had they not adopted gypsum). 

PSM employs a conditional independence assumption, which implies adopters and non-

adopters have the same propensity score and distribution of observable characteristics 

𝑍𝑖 (as in equation (a.3)) that are uncorrelated with the outcome of interest (Rosenbaum 

& Rubin, 1983), i.e., in our case, crop yield improvement. Moreover, it minimizes the 

bias that arises when two groups are systematically different (Rajeev & Sadek, 2002), 

but some bias may still exist due to unobservable characteristics (Smith & Todd, 2005). 

Therefore, we adopt the standard assumption that the distribution of such unobservable 

characteristics is the same for both adopters and non-adopters.  

PSM is a three-stage process (Caliendo & Kopeinig, 2008). In the first step, we estimate 

propensity scores for each 𝑖𝑡ℎ farm household, 𝑃(𝑍𝑖), using a parametric binary 

https://doi.org/10.1111/j.1439-037X.2007.00262.x
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response model (probit model) that estimates the probability that a land manager adopts 

gypsum technology conditional on observable covariates, represented as: 

𝑃(𝑍𝑖) = Pr(𝐶𝑖 = 1 | 𝑍𝑖) = 𝐸(𝐶𝑖|𝑍𝑖)                                                                           (a.3) 

where 𝑍𝑖 is the vector of farm household characteristics. This approach reduces the 

dimensionality of the matching problem (Rosenbaum & Rubin, 1983) and allows 

“testing for the balancing property”. In the second step, each adopter is matched to a 

non-adopter with a similar propensity score, where all other unmatched farm 

households are discarded from the analysis (Rajeev & Sadek, 2002).  

In the third step, the matching quality is inspected to check whether the means of all 

variables in 𝑍𝑖 are statistically the same between the matched treated and untreated 

groups. If the matching quality is acceptable, the model can estimate the average 

treatment effect on the treated (ATT). 
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Table A.3.1 Variable description by adopter and non-adopters of gypsum for the sampled farm households 

Serial 
Numb

er 

Variables 
Variable 

Description 

All Rice-Wheat Zone Maize-wheat-mixed Zone Cotton-mixed Zone 

Adopters 

(n=142) 

Non-adopters 

(n=110) 

Adopters 

(n=79) 

Non-adopters 

(n=5) 

Adopters 

(n=52) 

Non-adopters 

(n=32) 

Adopters 

(n=11) 

Non-adopters  

(n=73) 

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD 

1 

Duration to 

gypsum 
adoption 

Time until 

adoption (Years) 
4.261 2.818 13 0 3.949 2.586 13 0 4.365 2.911 13 0 6 3.521 13 0 

2 

Land 

Manager's 
Date of 

Birth 

Land manager's 

Date of Birth 

(Years) 

1975 
11.12

4 
1973 12.196 1975 

11.98
2 

1974 19.799 1975 9.908 1976 14.069 1970 9.676 1972 11.162 

3 
Land 
Manager's 

Literacy 

Literacy of land 

manager 
0.75 0.437 0.582 0.496 0.620 0.488 0.600 0.548 0.923 0.269 0.594 0.499 0.818 0.405 0.575 0.498 

4 
Dependency 
Ratio 

Households 
dependency ratio 

0.69 0.687 0.828 0.788 0.678 0.641 0.735 0.473 0.709 0.779 0.762 0.915 0.730 0.588 0.863 0.750 

5 

Dummy for 

Legal 
Formal land 

rights 

1 if the 

household has 
Fard-e-malkiat, 0 

otherwise 

0.34 0.475 0.018 0.134 0.304 0.463 0.000 0.000 0.346 0.480 0.031 0.177 0.545 0.522 0.014 0.117 

6 

Visits to 
Demonstrati

on Trails 

Sites 

1 if exposure to 
demonstrations 

trials sites, 0 

otherwise 

0.69 0.464 0.018 0.134 0.734 0.445 0.000 0.000 0.673 0.474 0.000 0.000 0.455 0.522 0.027 0.164 

7 
Formal 
source of 

Information 

1 if formal 

source of 

information, 0 
otherwise  

0.39 0.49 0.182 0.387 0.329 0.473 0.200 0.447 0.519 0.505 0.156 0.369 0.273 0.467 0.192 0.396 

8 

Informal 

source of 

Information 

1 if informal 

source of 
information, 0 

otherwise  

0.09 0.279 0.245 0.432 0.076 0.267 0.200 0.447 0.077 0.269 0.344 0.483 0.182 0.405 0.205 0.407 

9 
Social 
source of 

Information 

1 if social source 
of information, 0 

otherwise 

0.52 0.501 1.000 0.000 0.595 0.494 1.000 0.000 0.404 0.495 1.000 0.000 0.545 0.522 1.000 0.000 

10 

Farm Size 
Category 

(<(>=50586 

m2) 

1 if the operated 
area less than 

50586 m2, 0 

otherwise 

0.683 0.467 0.727 0.447 0.595 0.494 0.800 0.447 0.808 0.398 0.781 0.420 0.727 0.467 0.699 0.462 

11 

Farm Size 

Category 

(>=(>=5058
6 m2) 

1 if the operated 

area greater than 

50586 m2, 0 
otherwise 

0.317 0.467 0.273 0.447 0.405 0.494 0.200 0.447 0.192 0.398 0.219 0.420 0.273 0.467 0.301 0.462 

12 Farm Size 
Average farm 

size 

12.68

0 

14.53

0 
10.905 10.898 

15.33

4 

15.26

0 
7.700 7.155 9.274 

13.91

3 
7.922 7.375 9.750 6.951 

12.43

2 
12.103 
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Serial 

Numb

er 

Variables 
Variable 

Description 

All Rice-Wheat Zone Maize-wheat-mixed Zone Cotton-mixed Zone 

Adopters 
(n=142) 

Non-adopters 
(n=110) 

Adopters 
(n=79) 

Non-adopters 
(n=5) 

Adopters 
(n=52) 

Non-adopters 
(n=32) 

Adopters 
(n=11) 

Non-adopters  
(n=73) 

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD 

13 

Crop 

Diversity 

index 

Crop Diversity 
Index 

0.769 0.156 0.552 0.155 0.762 0.181 0.549 0.089 0.782 0.117 0.533 0.203 0.754 0.134 0.561 0.135 

14 
Access to 
credit 

1 Access to 

credit, 0 

otherwise 

0.197 0.399 0.018 0.134 0.228 0.422 0.000 0.000 0.135 0.345 0.000 0.000 0.273 0.467 0.027 0.164 

15 
Owned 

Tube well 

1 if owned tube 

well, 0 otherwise 
0.92 0.268 0.527 0.502 0.962 0.192 0.800 0.447 0.923 0.269 0.844 0.369 0.636 0.505 0.370 0.486 

16 
Off-farm 

income 

1 if off-farm 
income sources, 

0 otherwise 

0.620 0.487 0.627 0.486 0.608 0.491 0.600 0.548 0.635 0.486 0.688 0.471 0.636 0.505 0.603 0.493 

17 

Location of 
Land at the 

Head of the 

Watercours
e 

1 if land located 

at the head of the 
watercourse, 0 

otherwise 

0.092 0.289 0.545 0.500 0.114 0.320 0.800 0.447 0.077 0.269 0.531 0.507 0.000 0.000 0.534 0.502 

18 

Location of 

Land at the 

Middle of 

the 

Watercours
e 

1 if land located 

at the middle of 

the watercourse, 

0 otherwise 

0.338 0.475 0.136 0.345 0.329 0.473 0.200 0.447 0.346 0.480 0.063 0.246 0.364 0.505 0.164 0.373 

19 

Location of 

Land at the 
Tail of the 

Watercours

e 

1 if land located 

at the tail of the 

watercourse, 0 
otherwise 

0.57 0.497 0.318 0.468 0.557 0.500 0.000 0.000 0.577 0.499 0.406 0.499 0.636 0.505 0.301 0.462 

20 

Distance to 

soil and 

water 

testing 

laboratory  

Distance in 

Kilometers 

27.76

8 

24.78

8 
41.873 28.993 

18.74

7 

13.79

8 
48.600 27.996 

40.53

8 

31.45

7 
51.156 30.702 

32.18

2 

24.89

5 

37.34

2 
27.584 

21 

Distance to 
input 

market from 

homestead 

Distance in 

Kilometers 
7.211 4.355 9.964 4.708 8.557 4.150 18.200 9.731 4.519 3.394 8.156 3.081 

10.27

3 
3.467 

10.19

2 
4.242 
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Figure A.3.1 Flowchart of multi-stage stratified sampling procedure of the study 
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Table A.3.2 Discrete-time duration model results 

Variables Hazard ratios 

Log of time duration                              1.460***   (0.208) 

Land manager’s date of birth (Year)                              1.009         (0.009) 

Land manager's literacy (Yes/No)                              1.707**     (0.388) 

Dependency ratio                              0.782*       (0.100)   

Legal formal land rights (Yes/No)                              1.459**     (0.281)  

Demonstration trials (Yes/No)                              1.746**     (0.451) 

Formal sources of information (Yes/No)                              2.196***   (0.439) 

Informal sources of information (Yes/No)                             1.091         (0.388) 

Farm size category (>=12.5 acres)                              1.260         (0.271) 

Crop diversity index                              2.425         (1.383) 

Access to credit (Yes/No)                              1.844**     (0.442) 

Owned tube well (Yes/No)                              1.376         (0.501) 

Location of land at the middle and tail of the 

watercourse (Yes/No) 

                             2.842***   (0.870) 

Distance to soil and water testing laboratory 

from homestead (km) 

                             0.992**    (0.004) 

Distance to input market from homestead (km)                               0.959*      (0.022)  

Subsidy schemes 2006-2012                               0.647**    (0.136) 

Rice-wheat zone (Yes/No)                               7.670***  (3.195) 

Maize-wheat-mix zone (Yes/No)                               4.303***  (1.656) 

Constant                               0.001        (0.001) 

Log likelihood -359.11915 

LR-Test ( =0) 0.39 (p= 0.267) 

Number of observations 1,750 

Number of farm households 252 

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1  

Note: null hypothesis is that hazard ratio (HR)=1 (Jenkins, 2005) 
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Chapter 4 

 
The adoption of laser land leveler technology and its impact on groundwater use 

by irrigated farmland in Punjab, Pakistan 

 

Abstract 

 

This paper investigates the factors that influence the adoption of laser land leveler and 

its impact on groundwater usage in the Punjab Province of Pakistan. A farm household 

survey of 504 agriculture producers was conducted in 2019. A discrete-time duration 

model is used to investigate factors influencing the speed of adoption and an 

endogenous switching regression (ESR) model is used to evaluate its impact on 

groundwater usage. About 70% of the surveyed households adopted the technology, and 

the average time to adoption was 9 years. Key factors accelerating the speed of adoption 

include strong legal land rights, access to information about the technology, and 

exposure to the technology. In contrast, long distance to rental market deaccelerates the 

speed of adoption. The adoption of laser land leveler reduced groundwater use by about 

23%. The results imply that institutional arrangements, such as improving access to 

extension services, exposure to innovation, and legal land rights, can enhance the 

adoption and diffusion of the technology and conserve groundwater. 

 

Keywords: Laser land leveler, Land management, Discrete-time duration model, 

Endogenous switching regression, Propensity score matching 
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4.1 Introduction 
 

Improving the productivity of water resources is essential for ensuring the sustainability 

of surface water and groundwater used for irrigation in South Asia (Rasul, 2014). This 

is particularly important given the projected increase in irrigation water demand due to 

the increasing population, which increases the demand for food be produced in these 

arid and semi-arid regions already facing rising temperatures and variable precipitation 

(Sivakumar & Stefanski, 2010). The South Asian region is heavily dependent on 

groundwater for irrigation (Rasul, 2016), and has seen rapid groundwater depletion 

(Taylor et al., 2013) and increased soil salinity (Shah et al., 2008). Mishra et al. (2016) 

notes that the livelihood of millions of people would be affected by water stress, 

scarcity, and frequent droughts in the Indo-Gangetic Plains of South Asia. Therefore, 

farmers in South Asia are under pressure to adopt water-saving technologies in order to 

ensure the sustainability of food, water, and energy security for future generations 

(Rasul, 2016). 

Highly efficient irrigation technologies, such as drip irrigation, were introduced in 

South Asia in the 1980s (Hasanain et al., 2012) to reduce the amount of water used for 

irrigation. However, their adoption has remained low due to high upfront investment 

costs, high operational costs, and a lack of knowledge about the technology (Bell et al., 

2020). Surface irrigation water loss can be minimized through reasonable land care and 

better farm-level management practices (Ali, 2011). 

Experimental evidence from wheat–rice systems in the Indo-Gangetic Plains has shown 

that about 10–25% of irrigation water is lost due to unlevelled fields and poor 

agronomic practices, resulting in uneven water distribution across farm plots (Kahlown 

et al., 2000). Uneven farm plots can increase weed growth that reduces crop production, 

increase irrigation costs, and decreases resource-use efficiency (Jat et al., 2006; 

Rickman, 2002). A simple agronomic remedy is leveling fields using a laser land leveler 

(LLL), a climate-smart technology (Gill, 2014) for flattening uneven farmland leading 

to less than 20 mm variation (Ali et al., 2018). This practice helps ensure the equal 

distribution of water in the field (Abdullaev et al., 2007) and is necessary for water and 

soil conservation (Rickman, 2002). 

Many experimental and non-experimental studies have identified the direct and indirect 

benefits of adopting LLL. Direct benefits include improved water application efficiency 

and productivity (Abdullaev et al., 2007; Ali et al., 2018; Anantha et al., 2021; Aryal et 

al., 2015; Asif et al., 2003; Bhatt et al., 2021; Hoque & Hannan, 2014; Jat et al., 2006; 

https://www.sciencedirect.com/science/article/pii/S0169809520306359#bb0195


81 

 

Jat et al., 2009; Ram et al., 2018; Rizwan et al., 2018; Sattar et al., 2003) and reduced 

runoff and deep percolation (Abdullaev et al., 2007; Jat et al., 2006; Jat et al., 2009; 

Sattar et al., 2003). Indirect benefits include energy cost savings (i.e., diesel fuel cost of 

operating a tube-well), reduced greenhouse gas emissions, enhanced fertilizer use 

efficiency, improved seed germination, and increased crop yields and crop income 

(Abdullaev et al., 2007; Aryal et al., 2015; Bhatt et al., 2021; Hoque & Hannan, 2014; 

Jat et al., 2009; Khatri-Chhetri et al., 2020; Rezaei-Moghaddam & Tohidyan Far, 2019; 

Rickman, 2002; Rizwan et al., 2018). Environmental benefits due to improved surface 

drainage include controlling waterlogging, salinity (Miao et al., 2021), and soil erosion 

(González et al., 2009; Miao et al., 2021; Rezaei-Moghaddam & Tohidyan Far, 2019; 

Tohidyan Far & Rezaei-Moghaddam, 2020). However, some studies have reported 

negative impacts of LLL on the soil aeration function, crop root growth (Brye et al., 

2005), and crop yield (Walker et al., 2003).  

Despite the overall benefits and widespread promotion of LLL through agricultural 

development programs, its adoption has remained modest in India and Pakistan, with 

rates of about 55% and 57% (Ali et al., 2018; Aryal et al., 2020). The adoption of LLL 

is expected to increase the net returns from wheat and rice crops in India by 22% and 

34% (Aryal et al., 2020) and by about 27% for both rice and wheat in Pakistan (Ali et 

al., 2018). 

Only a few empirical studies in India and Pakistan have investigated the factors 

influencing farmers’ decisions to adopt LLL technologies (Ali et al., 2018; Aryal et al., 

2020; Aryal et al., 2018; Pal et al., 2021) and the associated direct impacts on farm 

performance (i.e., water conservation as measured by the reduction in the number of 

irrigations applied to wheat and rice crops) (Ali et al., 2018). These studies suggest that 

the modest rate of LLL adoption in India and Pakistan could be attributed to factors 

such as household demographics, farm location, stocks of human, economic and social 

capital, land tenure status, household wealth, access to markets and credit, expectations 

about the return on investment, and farm outlays. Only one non-experimental study in 

India adopted a multi-stage approach that simultaneously models the decision to adopt 

LLL and its adoption intensity (Aryal et al., 2018). 

Prior studies have not examined the timing of LLL adoption. Adoption is often a multi-

staged decision-making process that includes decisions on when to trial a new 

technology, when to adopt and adoption intensity (Åstebro, 2004). Past studies only 

employed a static model to investigate adoption at a single period using cross-sectional 
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survey data (Ali et al., 2018; Aryal et al., 2020; Aryal et al., 2018; Pal et al., 2021), 

without considering factors that might influence the timing of the adoption event. 

However, duration models can be used to investigate the timing of the adoption event. 

Unlike binary models, duration models use pseudo panel data that can control for time-

varying factors (Burton et al., 2003; Jenkins, 2005; Khataza et al., 2018). Investigating 

the determinants of the timing of the adoption decision of LLL technology using 

duration analysis could provide evidence-based and context-specific policies on how to 

accelerate the speed of LLL technology adoption.   

This study investigates the factors that influence the speed of adoption of LLL 

technology and its impact on the amount of groundwater applied to wheat crops in three 

irrigated agro-ecological zones in the Punjab Province of Pakistan (hereafter “Punjab”). 

Our study contributes to the literature on agricultural innovation adoption in three ways: 

(1) it documents the factors affecting the speed of adoption of LLL; (2) it evaluates the 

diffusion of LLL technology under different subsidy regimes that provide a deeper 

understanding of potential pathways used to promote the uptake of innovations and 

agricultural development; and (3) it provides empirical evidence of the impact of 

technology adoption on groundwater conservation in wheat production, which is 

important for addressing the problems of increasing water scarcity, soil salinity, and 

declining groundwater tables in the Punjab Province. 

4.1.1 Promotion of laser land-leveling technology in Pakistan 

The LLL technology was introduced by the Government of Punjab in 1985 to increase 

surface water irrigation efficiency (Government of Punjab, 2012). The Provincial 

Government started to promote LLL technology in 2001 under the District Devolution 

Plan, where it distributed 86 LLL units to District Governments. The District 

Governments added 40 more LLL units to improve service delivery at the district level. 

A subsidy scheme dubbed ‘Strengthening of Laser Land Leveling Services in the 

Punjab, Pakistan’ was implemented by the Provincial Government between 2005 and 

2008, distributing 2,500 LLL units to farmers and LLL service providers at 50% 

subsidy (Government of Punjab, 2012). Between 2012 and 2016, under the ‘Punjab 

Irrigated Agriculture Productivity Improvement Project’ funded by the World Bank, the 

Provincial Government distributed 5,000 LLL units to farmers at the same subsidy rate 

(50%). Between 2016 and 2018, an additional 4,000 LLL units were distributed to 

farmers at the same subsidy rate under the Annual Development Plan (personal 

communication with Directorate of On-farm Water Management, 2021). Therefore, the 
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provincial government provided 11,500 LLL units to farmers and LLL service providers 

under various funding schemes between 2005 and 2018.  

The different funding schemes had similar selection criteria for farmer eligibility for 

subsidies: the land manager had to own a tractor, own not more than 12.5 acres23 of 

land, and agree to provide LLL rental services to the community at a minimum of 300 

acres per unit annually during the scheme period (i.e., 2005–08 or 2012–18). All 

subsidy schemes promoted rental services in the province and subsidy beneficiaries 

were expected to recoup their investment costs by renting out the machinery to other 

farmers (Hasanain et al., 2012). 

4.2 Material and Methods 

4.2.1 Study sites and data descriptive statistics 

A farm household survey was conducted in the Punjab Province from April to June, 

2019, using a multi-stage stratified sampling procedure to select farm households 

(Sheikh et al., 2022). First, three agro-ecological zones were purposively selected, 

representing the irrigated areas of Punjab, namely: (i) rice–wheat zone, (ii) maize–

wheat–mix zone, and (iii) cotton–mix zones (adopted from Ahmad et al. 2019). Second, 

one representative district was selected randomly from within each agro-ecological 

zone: Hafizabad, Jhang, and Bahawalnagar. The government distributed 35 LLL units 

in Hafizabad, 105 in Jhang, and 139 in Bahawalnagar from 2005–08, and 193 units in 

Bahawalnagar, 184 in Jhang, and 116 in Hafizabad from 2012–18. Third, in 

consultation with the Deputy Director of the Agriculture Extension Department, two 

tehsils were purposively chosen within each selected district—one with a relatively high 

salt-affected area and the other with relatively normal soil properties. Fourth, in each 

tehsil, two Union Councils (UCs) were purposively selected. Fifth, in each UC, two 

mouzas were purposively chosen. Sixth, one village was selected randomly from each 

mouza; and 21 farm households were selected randomly from each village as sample 

farm households. In total, 504 farm households were interviewed for the survey. Figure 

4.1 shows the distribution of selected districts in Punjab.  

Data were collected using a structured questionnaire through face-to-face interviews 

with land managers. Information was collected from farm households who managed or 

cultivated agricultural plots during the 2018–19 cropping seasons: Kharif (summer 

season) 2018 and Rabi (winter season 2019). One section of the questionnaire was 

                                                           
23 1 hectare = 2.47 acres 
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designed to capture information on the adoption of soil and water conservation 

technologies, including the LLL technology. Land managers were asked when they first 

adopted LLL technology, their future aspirations pertaining to its use, how they gained 

awareness of the technology, and their farm area under LLL technology in the current 

period. The descriptive statistics of the policy variables used in the empirical analysis 

and their mean differences between adopters and non-adopters of LLL are presented in 

Table A.4.1. 

 
Figure 4.1 Map of the study areas in Punjab, Pakistan 

Of the total households surveyed, about 70% (353 farm households) adopted LLL 

technology (Table A.4.1). The mean adoption time24 based on land managers’ recall is 

about nine years, with a minimum of one year. The intensity of adoption indicated that, 

of those defined as adopters, on average, land managers committed 65% of their current 

(i.e., 2018–19 survey period) farm acreage to LLL technology. That is, most land 

managers had integrated LLL technology into their existing agronomic practices and 

passed the trialing phase, which is consistent with the adoption definition of Loevinsohn 

et al. (2013). Figure 4.2 shows the cumulative distribution of LLL adopters by year. The 

adoption pattern indicates considerable uptake of LLL technology during the 2012–18 

subsidy period.  

                                                           
24 Adoption time is defined as the year when LLL technology was introduced by the government (1985) 

until adoption occurs. 
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Figure 4.2 Cumulative distribution of the number of adopters 

Note: 𝑆1 is the 2005–08 subsidy scheme; 𝑆2 is the 2012–18 subsidy scheme  

 

 

The age and education of adopters and non-adopters did not statistically differ, but 

adopters had more farming experience than non-adopters. Land managers had acquired 

information about LLL technology through various sources including: 1) extension 

services and water management directorates; 2) peer progressive farmers and 

agricultural input dealers in the village; and 3) friends and relatives. About 30% of 

adopters had acquired information about LLL technology from extension services and 

water management directorates, 21% from peer progressive farmers and agricultural 

input dealers in the village, and 49% from friends and relatives. About 59% of LLL 

adopters had strong legal land entitlements (i.e., Fard-e-malkiat25 and Intaqalnama).  

Family labor was used as a proxy for labor availability. The availability of family labor 

could decrease the speed of LLL adoption because it can be used to level farm plots 

manually. Family labor engaged in farm operations is converted into adult equivalent 

units (AEU)26 (Khataza et al., 2018). The average family labor available for adopters in 

the sample was 2.22. Most adopters were close to LLL rental markets with an average 

distance of 7 km. There was no significant difference in land managers' perception of 

                                                           
25 Fard Malkiat is known as a record of rights that is maintained for the determination of rights for 

immovable property. It is proof that you own the property, and is required for the sale, mutation and 

transfer of rights. 
26 One full working day, one adult male (≥ 15 years of age) coded as one AEU, whereas one adult female 

equivalent to 0.8 AEU, and one child (5–14 years) represents 0.5 AEU 
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groundwater quality and groundwater cost (m3/acre) between adopters and non-

adopters. However, wheat yields significantly differed between adopters and non-

adopters. Following Bundervoet (2010), tropical livestock units (TLU) were computed 

to convert the herds found on farms to a common unit to account for heterogeneity 

across livestock classes using 𝑇𝐿𝑈𝑖 = ∑𝑛 × 𝜔𝑙𝑖, where 𝜔𝑙𝑖 is the weightage of the 𝑙 

livestock class27 owned by land manager 𝑖, and 𝑛 is the total number of livestock in a 

particular class. On average, adopters had about 4.4 TLU units, with no significant 

difference between adopters and non-adopters. 

Following Watto & Mugera (2015), volume of groundwater withdrawal (m3) were 

estimated using an approximation equation: 

𝐺𝑊𝑖 = 
𝑡𝑖×129574.1 ×𝐵𝐻𝑃𝑖

[𝑑𝑖+(255.5998×𝐵𝐻𝑃𝑖
2)/𝑑𝑖

2×𝐷𝑀𝑖
2)]

                                                        (1) 

where 𝐺𝑊𝑖 denotes the quantity of groundwater extracted in  litres by the 𝑖𝑡ℎ land 

manager and applied to wheat crop, 𝑡𝑖 is total groundwater irrigation time (hours), 𝐵𝐻𝑃𝑖 

is engine power (horsepower), 𝑑𝑖 is reported bore depth (meter), and 𝐷𝑀𝑖 is suction 

pipe diameter (inches). Finally, 𝐺𝑊𝑖 is divided by 1000 to convert  litres to m3. The 

result shows that the amount of groundwater applied to wheat significantly differed 

between adopters and non-adopters. 

4.2.2 Theoretical framework 

With LLL adoption, land managers anticipate deriving indirect observable private 

benefits (i.e., increased yield or net income, reduced irrigation requirement) and direct 

unobservable private benefits (i.e., environmental benefits such as reduced soil salinity, 

reduced soil erosion risk, and improved groundwater security). The random utility 

theory (McFadden, 1973) can be used to model the choices encountered by land 

managers when deciding to adopt LLL technology or not. Alcon et al. (2011) explicitly 

explains the dynamic nature of the adoption process that allows a distinction between 

early and late adopters, which is not possible when adoption decision is considered at a 

point in time (Ali et al., 2018; Aryal et al., 2020). In a dynamic adoption process, land 

managers learn about the technology (i.e., its appropriateness, compatibility with 

existing farmland conditions, institutional factors that influence its adoption, and 

expected net benefits) over time and then make a discrete decision to adopt at a 

particular time. Under the random utility framework, the expected utility for the 𝑖𝑡ℎ land 

                                                           
27 Class means type of animals, i.e., goat, sheep, buffalos, cows, camels, poultry. 
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manager in any production year 𝑝𝑡 from the adoption of LLL technology can be 

represented as 𝜋𝑎𝑖(𝑝𝑖𝑡), which is compared to the expected utility without adoption 

(𝜋𝑛𝑎𝑖(𝑝𝑖𝑡)). The 𝑖𝑡ℎ land manager will adopt in the production year 𝑝𝑡 if the expected 

utility (benefit) from adopting is greater than the utility of not adopting, i.e., 𝐷𝑖
∗ =

 [𝜋𝑎𝑖(𝑝𝑖𝑡) − 𝜋𝑛𝑎𝑖(𝑝𝑖𝑡)] > 0. Here 𝐷𝑖
∗ is the expected net utility by the 𝑖𝑡ℎ land manager 

in production year 𝑝𝑡. However, each land manager’s adoption decision varies as they 

anticipate benefits differently, which are contingent on their socio-economic conditions 

(S), farm characteristics (F), institutional factors (I), and the region’s natural 

endowments (R). The probability of the 𝑖𝑡ℎ land manager adopting LLL technology (𝑃𝑖) 

when they expect positive net utility (𝐷𝑖
∗ > 0) is expressed as: 

𝑃𝑖 = 𝑓(𝑆, 𝐹, 𝐼, 𝑅)                             (2) 

A discrete-time duration function was used to model the key determinants influencing 

the speed of LLL technology adoption. From the adoption of LLL, land managers can 

expect reductions in needed groundwater for wheat crops, reducing the extraction cost 

to land managers and producing environmental benefits such as reducing soil salinity, 

minimizing soil erosion risk, and improving groundwater security.  

4.2.3 Discrete-time duration model of the technology adoption 

Duration analysis (DA) has been used widely to study the adoption or dis-adoption of 

agricultural technologies, considering time as a continuous or discrete variable. 

Duration models analyse the length of time taken before an event occurs. However, 

events are often intrinsically discrete (adopt or not adopt) in agriculture, as land 

managers do not use a technology continuously over the production season. The discrete 

intervals are usually reported in integer years, making the discrete time duration model 

more suitable to examine the dynamic nature of the adoption process (An & Butler, 

2012; Burton et al., 2003). A few studies have used the discrete-time duration 

framework to model the dynamic nature of the adoption process. Some examples 

include the adoption of recombinant bovine somatotropin (rbST) in dairy production in 

California (An & Butler, 2012), conservation agriculture in Malawi (Khataza et al., 

2018), organic agriculture in the UK (Burton et al., 2003), burley tobacco in the US 

(Tiller et al., 2010), drip-irrigation in south eastern Spain (Alcon et al., 2011), acacia 

plantation by smallholders in Indonesia (Permadi et al., 2018), and survival of registered 

farms in Italy (Bassi et al., 2010).  
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The discrete-time duration model is used to characterize the time until an event occurs, 

which in our context explains the transition from a state of non-adoption of LLL to a 

state of actual adoption of the technology. This is the duration (𝑇) from when the LLL 

technology was introduced by the government and made accessible to farmers to the 

time when individual farmers adopt it. In this study, the beginning of the duration is 

either 1985, when LLL technology was introduced and made accessible to land 

managers. The time ends when the land manager adopted the LLL technology at time 𝑡. 

If a land manager had not adopted the practice by 2018, when the study was conducted, 

the duration is referred to as right-censored (Jenkins, 2005).   

Let the discrete adoption time be a random year 𝑇 ≥ 0, representing a length of time 

before adoption, while 𝑡 is the time at which the actual technology adoption occurs, 

which can be represented by the probability density function 𝑓(𝑡). The survival 

function (𝑆(𝑡)) defines the probability that adoption will not be realized until time, 𝑡, 

i.e., 𝑆(𝑡) = Pr(𝑇 ≥ 𝑡) = 1 − 𝐹(𝑡). The hazard function, ℎ(𝑡), evaluates the likelihood 

of adoption of a given technology, which is the conditional probability that a land 

manager who had not yet adopted LLL technology, chooses to adopt in the period, 𝑑𝑡. It 

can be expressed as (Alcon et al., 2011): 

ℎ(𝑡) =  lim
𝑑𝑡→0

(
Pr (𝑡≤𝑇<𝑡+𝑑𝑡|𝑇≥𝑡

𝑑𝑡
) = lim

𝑑𝑡→0

𝐹(𝑡+𝑑𝑡)−𝐹(𝑡)

𝑑𝑡(1−𝐹(𝑡))
= 

𝑓(𝑡)

𝑆(𝑡)
                               (3) 

In the parametric hazard model specification, the most common specification used to 

augment the effects of both baseline hazard and covariates on a hazard function, 

commonly known as the proportional hazard (PH) model, is expressed as follows 

(Jenkins, 2005): 

ℎ(𝑡|𝑋, 𝛽) =  ℎ0(𝑡). exp (𝑋𝛽′)                       (4) 

Where ℎ(𝑡|𝑋, 𝛽) is hazard rate at time 𝑡; ℎ0(𝑡) is a baseline hazard function that is time-

dependent and common to all land managers in the sample, while exp (𝑋𝛽′) is a relative 

hazard conditional on covariates and varies for each land manager given their 

heterogeneous conditions. 𝛽 is a vector of unknown parameters to be estimated that 

characterizes the distribution function of the hazard rate. In the parametric continuous-

time DA, the baseline hazard function, ℎ0, commonly follows either an exponential or 

Weibull distribution, whereas either logistic or complementary log-log specification for 

discrete-time DA (Jenkins, 2005).  
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In our study, the hazard function [Equation (4)] is parameterized using a complementary 

log-log specification (clog-log) because it is the discrete-time equivalent of the 

continuous-time PH model (Jenkins, 2005; Rabe-Hesketh & Skrondal, 2008). The log [-

log(.)] transformation of multiplicative function [Equation (4)] into a linear functional 

form is specified as follows: 

ln {−ln (1 − ℎ(𝑡, 𝑋))}  =  ℎ0(𝑡) exp [𝑋(𝑡)𝛽 + 𝑒𝑖] =  𝛼𝛾𝑡 +  𝑋𝛽′ + 𝑒𝑖  (5) 

Where ℎ(𝑡, 𝑋) is the hazard rate for the 𝑡th time interval;  𝑋 is a vector of covariates 

which consist of cross-sectional data and time-varying covariates, 𝛾𝑡 is a time-variable 

summarizing the pattern of duration dependence (baseline hazard), 𝛼 and 𝛽 are the 

parameters to be estimated. All coefficients are computed in terms of hazard ratios 

(HR), which are reported in the exponential form (𝑒𝛽′
). The coefficient is interpreted as 

a proportional shift in the hazard function to a unit change in the explanatory variable 

(Beyene & Kassie, 2015). An HR greater (less) than one implies a positive (negative) 

impact on the probability of LLL adoption (Khataza et al., 2018). The significance of 

the exponential form is relative to one (i.e., the null hypothesis of HR testing for P-

values different from one).  

Moreover, 𝑒𝑖 is a random error term representing unobserved farm household specific 

characteristics. It is assumed that the error term is uncorrelated with 𝑋. The presence of 

unobserved heterogeneity can lead to biased estimates of duration dependence. To 

account for the unobserved heterogeneity, we include the error term in Equation 5, 

which is assumed to be normally distributed with zero mean and finite variance 𝜎2 

(Jenkins, 2005). The random error term 𝑒𝑖 can be interpreted as the impact of the 

unobserved factors influencing the hazard ratio. In the discrete-time DA model, the 

gamma error distribution is commonly used (Alcon et al., 2011).  

The maximum likelihood estimation method is used to estimate Equation 5 using the 

discrete-time DA. Following Jenkins (2005), the data is organized into a person-time 

format for each farm household. To estimate the duration hazard model, the dependent 

variable is dichotomous, with a value of 1 if adoption has taken place in time 𝑡 ≤ 𝑇. In 

this scenario, it consists of a sequence of zeros (since the introduction of the technology 

in 1985) terminating when the adoption takes place with a value of 1 in the termination 

year. If the land manager had not adopted LLL technology at the end of the survey year 

2018 (𝑇 > 𝑡). In this case, a sequence of zeros will occur from the introduction of LLL 

technology until the end of the study period. Discrete-time DA can incorporate time-
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varying (e.g., subsidy schemes) and time-invariant variables in the model that can 

influence the dependent variable. The variables used in the discrete-time DA model are 

reported in Table A.4.1.  

4.2.4 Endogenous switching regression 
 

In a non-randomized experimental situation like the adoption of LLL technology, one 

would expect that the adoption is not random, which could lead to selection bias when 

considering the outcomes of adoption. This non-random nature of sample selection 

makes it difficult to directly compare the mean outcomes (i.e., groundwater use) of 

adopters and non-adopters. In the presence of selection bias, traditional ordinary least 

squares and t-tests can produce misleading and inconsistent results. To account for this, 

we estimate an endogenous switching regression (ESR) that addresses the selection bias 

problem arising from unobservable heterogeneities in the sample data (Abdulai, 2016; 

Di Falco et al., 2011; Lokshin & Sajaia, 2004; Ma & Abdulai, 2016; Shiferaw et al., 

2014). The detailed specification of the two-stage ESR model is in Appendix A. In the 

current study, we are interested in the direct impact of the LLL technology on 

groundwater usage, especially the average treatment effects (ATT). Only those farm 

households who used groundwater to irrigate wheat during 2018–19 were considered. 

To evaluate the impact of LLL adoption on the volume of groundwater applied to the 

wheat crop (m3/acre), the observed and unobserved counterfactual outcomes for LLL 

adopters can be estimated (Lokshin & Sajaia, 2004) as follows: 

Adopters of LLL technology (observed): 

𝐸[𝐺𝑊𝑖
𝑎|𝐿𝑖 = 1] = 𝛿𝑖

𝑎𝑍𝑖 + 𝜎𝜇
𝑎𝜆𝑖

𝑎                    (6.1) 

Adopters of LLL technology (counterfactual): 

𝐸[𝐺𝑊𝑖
𝑛𝑎|𝐿𝑖 = 1] = 𝛿𝑖

𝑛𝑎𝑍𝑖 + 𝜎𝜇
𝑛𝑎𝜆𝑖

𝑎                    (6.2) 

Where: 𝐺𝑊𝑖 indicates the volume of groundwater extracted in litres by the 𝑖𝑡ℎ land 

manager to irrigate the wheat crop28 for both adopters (𝐺𝑊𝑖
𝑎) and non-adopters 

(𝐺𝑊𝑖
𝑛𝑎). In a counterfactual scenario, if the adopters chose not to adopt the LLL 

technology, what would be the average volume of groundwater applied to wheat crops 

(m3/acre)?  (The counterfactual is implemented by using data associated with the 

adopters, but the coefficients associated with non-adopters). In this case, the average 

                                                           
28 See Appendix A 
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treatment effect on treated farms (those adopting LLL) (Lokshin & Sajaia, 2004) to 

estimate unbiased effects is written as:  

𝐴𝑇𝑇 = 𝐸(𝐺𝑊𝑖
𝑎| 𝐿𝑖 = 1) − 𝐸[𝐺𝑊𝑖

𝑛𝑎|𝐿𝑖 = 1] =  𝑍𝑖(𝛿𝑖
𝑎 − 𝛿𝑖

𝑛𝑎) + 𝜆𝑖
𝑎(𝜎𝑎 − 𝜎𝑛𝑎)      (7) 

4.2.5 Propensity Score Matching (PSM) 
 

We also use the PSM method to check the robustness of our findings from the ESR 

model by estimating the counterfactual and average treatment effects on treated farm 

households. The PSM approach minimizes the bias arising from two systematically 

different groups, addressing the problem of self-selection (Rajeev & Sadek, 2002; 

Rosenbaum & Rubin, 1983). PSM is a three-stage process: (1) a parametric binary 

response model is used to calculate propensity scores for each farm household; (2) a 

matching method is used to match each adopter with a non-adopter with a similar 

propensity score, with all unmatched farm households discarded (Rajeev & Sadek, 

2002). We used the NNM (nearest-neighbor matching) and KBM (kernel-based 

matching) matching techniques (Caliendo & Kopeinig, 2008); (3) the matching quality 

is inspected, with the average treatment effect estimated if the matching quality is 

acceptable; if not, steps two and three are repeated using a different matching method. 

The volume of applied groundwater saved (m3/acre) is the outcome of interest in this 

study. 

4.3 Results 
 

The results of the speed of LLL technology adoption are in presented in Table 4.1, and 

the determinants of LLL adoption are presented in Table 4.2. The ATT in terms of 

volume of groundwater (m3/acre) applied to wheat crops is presented in Table 4.3. All 

models were estimated using STATA 15 software. 

4.3.1 Effect of covariates on speed of adoption 

We use the clog-log model to estimate the HR with robust standard errors (Table 4.1). 

The effects of unobserved heterogeneity were also tested for and reported. The 

likelihood ratio test shows that the estimated variance parameter (𝜎2) is statistically 

insignificant implying that unobserved heterogeneity is not present; so, the null 

hypothesis of 𝜎2=0 is not rejected.  

The information acquisition from extension services, water management directorates, 

progressive farmers, and agricultural input dealers have HRs > 1 and are highly 

significant (P<0.05) compared to information acquired through friends and relatives, 
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suggesting that information is crucial for accelerating the speed of LLL adoption. The 

distance to LLL rental market has an HR < 1, implying that a greater distance to LLL 

rental markets increases the time to adoption. Secure and legal land rights (i.e., Fard-e-

Malkiat and Inteqalnama) have a statistically significant HR > 1, indicating that having 

strong land property rights accelerates the speed of LLL adoption. The variable for 

customary rights has an HR >1 but was not statistically significant. 

Table 4.1 Summary of complementary log-log model results 

Variables Hazard ratios 

Land managers age at adoption 0.936*** (0.010) 

Land managers education (≥12 years) 1.252       (0.218) 

Farming experience (years) 1.062*** (0.012) 

Family labor engaged in agriculture 0.903**   (0.039) 

Secure and legal land rights 1.260*     (0.177) 

Customary land rights 1.136       (0.200) 

Access to credit 1.139       (0.149) 

Extension services and water management 

directorates 
1.711*** (0.220) 

Peer progressive farmers and agricultural input 

dealers in the village 
1.389**   (0.199) 

Farm size (12.5 acres) 1.454*** (0.201) 

Farm location at the middle of the watercourse 1.366**   (0.215) 

Farm location at the tail of the watercourse 1.352**   (0.196) 

Poor land quality perception 0.794       (0.133) 

Perception: good groundwater quality  0.809*     (0.098) 

Tropical livestock unit (TLU) 0.969**   (0.015) 

Distance to rental market 0.969**   (0.014) 

Subsidy schemes 2005–2008 0.919       (0.249) 

Subsidy schemes 2012–2018 9.521*** (1.549) 

Log of time duration 1.836*** (0.054) 

Rice–wheat zone 1.467**   (0.224) 

Maize–wheat–mix zone 1.381**   (0.223) 

Constant 0.065*** (0.024) 

Log likelihood –1091.263  

LR-Test (𝜎2=0) 0.000 (P=0.496) 

Number of observations 5,460 

Number of farm households 504 

Standard errors in parentheses. *** P<0.01, ** P<0.05, * P<0.1  

Note: null hypothesis is that HR=1 

The HR for farm size is > 1 and statistically significant, indicating that managers of 

large-scale farms are likely to adopt LLL technology sooner than managers of small-

scale farms. Farms located at the middle and tail-end of the watercourse have 

statistically significant HR > 1, also suggesting that those locations accelerate the speed 

of adoption compared to farms located at the head of the watercourse. Contrary to 

expectations, the parameter that indicates land managers’ perceptions about good 
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groundwater quality has significant HR < 1, implying that their perception of good 

groundwater quality decelerated their speed of adoption. Moreover, relative to the no 

subsidy scheme, the government’s subsidy scheme during the 2005–08 period had an 

HR that did not significantly differ from one. However, the subsidy schemes during the 

2012–18 period significantly reduced the time to LLL adoption with HR > 1. We model 

the baseline hazard as a log of time duration (i.e., number of years since the introduction 

of LLL technology until the study period) in the discrete-time duration model. The 

baseline hazard function rises with elapsed survival time, i.e., the adoption of 

technology increases with increasing period at risk.  

4.3.2 Average treatment effect (ATT) of LLL on groundwater (m3/ acre) applied to 

wheat crops 

The factors that influence land managers’ decision to adopt LLL technology and the 

impact of this on the volume of groundwater used are presented in Table 4.2. The 

selection and outcome equations (Appendix A) are jointly estimated using the full 

information maximum likelihood (FIML) estimation (Lokshin & Sajaia, 2004). The 

selection equation is estimated using the probit model29, which explains the probability 

of LLL adoption given a set of covariates (see column 2, Table 4.2). The outcome 

equations estimate the factors that influence the amount of groundwater applied 

conditional on either being an adopter or not (see  columns 3 and 4, Table 4.2). The 

outcome equations show that the coefficient for tube-well operational costs (i.e., diesel 

or electricity cost and maintenance cost of the machinery) has a positive and significant 

impact on the amount of groundwater applied to wheat crops for both adopters and non-

adopters. It indicates that under prevailing market prices, as the tube-well operational 

costs (i.e., diesel or electricity cost and maintenance cost of the machinery) increase, the 

volume of groundwater applied to wheat crops by non-adopters is much higher 

compared to adopters. The variable representing the rice–wheat zone has a negative and 

statistically significant influence on the quantity of groundwater used for wheat crops 

relative to the cotton–mix zone for adopters and non-adopters, implying heterogeneity 

in the use of groundwater across regions for adopters. 

 

                                                           
29 The probit model results in Table 4.2 are inconsistent with the results from the duration model (Table 

4.1), as they do not account for time-varying information (Abdulai & Huffman, 2005; Foster & 

Rosenzweig, 2010). Notably, the factors that are significant in the selection stage of the ESR model (see 

Table 4.2) differ from the hazard model (see Table 4.1) due to the model assumptions and the set of 

variables used. However, the binary model would require adjustments to allow time-varying variables to 

achieve consistent estimates compared with the duration model (see Burton et al., 2003). 
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Table 4.2 The determinants of LLL technology adoption and their impact on 

groundwater (m3/acre) applied to wheat crop 

Variables 

Selection 

(Yes=LLL 

Adopters; 

otherwise, 0) 

Adopters(groundwater 

(m3/acre) applied 

Non-adopters 

(groundwater 

(m3/acre) applied 

Land manager’s age –0.650** (0.316) –172.2 (109.1) –230.0 (178.1) 

Land manager’s education  –0.105 (0.207) –20.56 (67.98) –241.0** (108.3) 

Farming experience (years)  0.456*** (0.150) 89.78 (55.08) 170.6* (90.64) 

Family labor (AE) –0.072 (0.126) –3.925 (46.59) 73.33 (60.19) 

Access to credit 0.372** (0.160) 31.47 (58.21) 76.61 (141.8) 

Secure and legal land rights 0.522*** (0.154) 147.2*** (54.35) 97.39 (92.40) 

Customary land rights 0.423** (0.190) 120.5 (73.90) 5.095 (119.6) 

Farm size (12.5 acres) 0.241* (0.144) 92.10* (51.58) –19.13 (96.35) 

Farm location at the middle of 

the watercourse 

0.270 (0.173) 162.5*** (61.60) –93.70 (108.5) 

Farm location at the tail of the 

watercourse 

0.294* (0.154) 75.64 (57.52) –33.33 (82.61) 

Poor land quality –0.303* (0.178) –66.89 (64.46) 192.9 (130.3) 

Good ground water quality  0.039 (0.139) –5.133 (50.05) –1.786 (82.48) 

Tropical livestock units (TLU) –0.031 (0.048) –3.999 (16.47) –3.276 (28.65) 

Rice–wheat zone 0.090 (0.181) –337.2*** (57.93) –269.7*** 

(104.0) 

Maize–wheat–mix zone 0.155 (0.195) –64.35 (69.99) –94.11 (105.9) 

Extension services and water 

management directorates 

0.167 (0.124)   

Peer progressive farmers and 

agricultural input 

0.254* (0.146)   

Distance to rental market –0.229*** (0.075)   

Fuel and maintenance cost  373.5*** (32.85) 456.8*** (93.76) 

Constant 1.186 (0.93) –1,861*** (358.8) –2,027** (832.9) 

lnsigma0   6.032*** (0.092) 

lnsigma1  6.045*** (0.053)   

𝜌𝑛𝑎   0.232 (0.294) 

𝜌𝑎  1.759*** (0.241)  

Wald chi2 49.54***   

Log Likelihood –3382.942   

Wald test of independent 

equations 

18.94***   

Number of farm households 434   

Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

An interesting finding in the lower part of Table 4.2 is the estimated correlation 

coefficients (𝜌𝑎 and 𝜌𝑛𝑎) of covariance terms. First, the result shows that the covariance 

term for adopters (𝜌𝑎) is statistically significant, indicating the presence of selection 

bias in adoption decisions. It implies that LLL technology adoption may not have the 

same influence on non-adopters, if they prefer to adopt (Lokshin & Sajaia, 2004). 

Second, 𝜌𝑎 and 𝜌𝑛𝑎 had the same sign, indicating that land managers prefer to adopt 

LLL technology based on hierarchical sorting (Ma & Abdulai, 2016). Third, the sign of 

𝜌𝑎 is positive, suggesting negative selection bias (Ma & Abdulai, 2016); that is, land 
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managers with lower-than-average groundwater use to irrigate wheat crops are more 

likely to adopt LLL technology. The result is plausible since the LLL technology 

adoption is expected to reduce groundwater usage. 

 The unbiased estimates of the average treatment effect on the treated farms (ATT) 

(Equation 7) for groundwater use are reported in Table 4.3. Unlike the simple mean 

differences test reported in the appendix Table A.4.1, these ATT estimates account for 

unobserved heterogeneity resulting from observable and unobservable characteristics. 

The results show that the ATT on groundwater used (m3/acre) is negative (–199.55) and 

highly significant (P<0.01), implying that LLL technology adoption significantly 

reduces groundwater application by 22.5%. This is consistent with the results from the 

propensity score matching (PSM)30; irrespective of the matching algorithms used, LLL 

technology adoption reduced groundwater application by about 19% to 22%. 

Table 4.3 Average treatment effect of LLL on the volume of groundwater (m3/acre) for 

wheat crop 

Techniques 

Mean outcome 

(m3/acre) ATT 
P-

values 

Percentage 

saving 
Adopters Non-adopters 

ESR 687.25 886.81 –199.55 0.000 –22.50 

NNM 681.11 877.63 –196.52 0.002* –22.39 

KBM 681.11 841.92 –160.81 0.003* –19.10 
Note: NNM: nearest-neighbor matching; KBM: kernel-based matching ATT: average treatment effect for 

the treated. *P-values are calculated by using bootstrap standard errors at 200 replications. 

 

4.4 Discussion 

 

One of the key research findings was that secure and legal land entitlements 

significantly accelerated the speed of LLL technology adoption. The literature shows 

that the lack of secure and legal land rights creates inefficiencies in the land market 

(Spielman et al., 2016), whereas secure and legal land rights can improve the land rental 

market (Besley, 1995; Soto, 2000) and encourage land managers to make long-term 

investments (Ali et al., 2014; Gebremedhin & Swinton, 2003). Moreover, Tarfasa et al. 

(2018) revealed that establishing secure land rights increases the adoption of soil 

conservation practices in Ethiopia while Sheikh et al. (2022) found that secure land 

rights accelerate the adoption of gypsum technology used to rehabilitate irrigated salt-

affected farmland in Pakistan’s Punjab. In addition, secure and legal land rights can aid 

land managers to use land as loan collateral (Sheikh et al., 2022). Therefore, these 

                                                           
30 See Table C.4.1 for bias reduction after matching 
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findings suggest that improving legal land rights has the potential to enhance the speed 

of LLL adoption. 

Access to information plays a crucial role in lowering uncertainty about the 

appropriateness of LLL technology and speeds up the diffusion process. If land 

managers are uncertain about the outcome of the technology, they may choose to defer 

the adoption decision until reliable information about technology becomes available 

(Genius et al., 2014; Ghadim et al., 2005), an important predictor of adoption 

(Baumgart-Getz et al., 2012). Extension services are major sources of agricultural 

information for land managers in Pakistan. Yigezu et al. (2018) reported that access to 

extension services reduced the time to adoption of zero tillage technology in Syria. 

Moreover, access to extension services may enhance the adoption of climate-smart 

technologies, as reported in Ghana (Issahaku & Abdulai, 2020; Martey et al., 2020) and 

India (Aryal et al., 2020). In addition, information acquired through informal sources 

such as peer progressive farmers and input dealers could potentially accelerate the speed 

of LLL adoption. Small-scale land managers are often exposed to agricultural 

innovations from progressive farmers. Likewise, input dealers play a crucial role at the 

village level where they support land managers by providing agricultural inputs on and 

information on agricultural innovations. Thus, information acquired through both 

formal and informal sources is crucial for enhancing knowledge about LLL technology 

in the study area. 

We find that in general large-scale farmers (cultivating 12.5 acres) adopted LLL 

technology earlier than small-scale farmers. According to Mellor & Malik (2017), large-

scale farmers account for only 2% of the poverty incidence of total rural households 

(including landless) in Pakistan, implying that they have better financial capacity to 

invest in new technologies like the LLL technology compared to small-scale farmers. 

These results are consistent with other general technological studies, which reported that 

farm size positively and significantly influences the speed of adoption (Baumgart-Getz 

et al., 2012). Moreover, Jara-Rojas et al. (2013) found that farm size is an important 

factor explaining the adoption of soil and water conservation measures in central Chile 

while Anugwa et al. (2022) notes that it is an important predictor of farmers’ choices for 

climate-smart agricultural technologies in Nigeria. However, Betela & Wolka (2021) 

found that farm size had a negative association with the adoption of soil and water 

conservation measures in the southwest Ethiopia. 
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The 2005–08 government subsidy scheme had a lesser impact on accelerating the 

adoption of LLL technology compared to the 2012–18 subsidy scheme. Of the total 

LLL units distributed in the sampled districts, about 87.6% more LLL units were 

distributed in Hafizabad during the 2012–18 period, followed by 79.9% in Jhang and 

77.1% in Bahawalnagar (Government of Punjab, 2012). The distribution of LLL units 

explains that during the 2012-18 period, more LLL units were available in the districts 

as compared to the subsidy scheme during 2005-08. It has improved land managers’ 

exposure to the technology and accelerated the speed of adoption. In addition, short 

distances to LLL rental services accelerated the speed of adoption. Empirical studies 

have found that long distances to input markets reduced the propensity to adopt 

sustainable agriculture technologies (Manda et al., 2016; Teklewold et al., 2013). Aryal 

et al. (2020) found that access to market positively influenced the adoption of climate-

smart agriculture in India. Hence, availability, exposure, and accessibility to LLL 

technology through rental markets can improve the speed of adoption. The provincial 

government may need to promote LLL technology in hotspot areas where the adoption 

rate is still low. 

Farms located at the middle and tail of the watercourse were more likely to adopt LLL 

technology. Given the flood irrigation system, canal water is often wasted due to 

conveyance losses, and water scarcity often occurs at the tail of the watercourse (Sheikh 

et al., 2022). When land is flood irrigated, any degree of undulation in the soil surface 

can seriously reduce water and land productivity (Gill, 2014). Land managers, therefore, 

use canal water with groundwater to meet crop water requirements, with about one-fifth 

of irrigated land salinized due to groundwater irrigation (Shahid et al., 2018). Reducing 

the amount of groundwater used for irrigation could reduce soil salinization, increase 

profitability, and contribute to resource conservation, motivating land managers to 

invest in water-saving technologies to save overall groundwater use and impede 

additional salts in the soil that can hinder plant growth and development. 

The adoption of LLL technology, on average, reduces the amount of groundwater 

extracted to irrigate wheat crops by 19% (PSM) to 22% (ESR). These findings are 

consistent with irrigation water savings of 22% in the rice–wheat system (Naresh, 

2011), about 25–30% in rice (Bhatt & Sharma, 2009), 10–13% in wheat (Jat et al., 

2009). 
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4.5 Conclusions and Policy Implications 

 

Laser land levelers have been actively promoted as a climate-smart agriculture 

technology for its environmental benefits, which include reducing soil salinity, 

minimizing soil erosion risk, and improving groundwater security. Our study aimed to 

investigate the factors influencing the speed of adoption of LLL technology and its 

impact on groundwater usage. The main results imply that institutional factors like 

secure and legal land rights, access to information about the technology, and 

government support to meet the initial cost of investment in the technology can 

accelerate the speed of LLL adoption.  

Adoption could be accelerated further by fast-tracking ongoing efforts of the Provincial 

Government to digitize the land record system to improve legal land rights. Land 

managers with access to information on LLL technology are early adopters compared to 

those with no access to information. Adoption could be accelerated by improving 

information delivery mechanisms through extension services to educate land managers 

on the appropriateness of the technology and its environmental benefits. Additionally, 

other information-sharing avenues, such as land managers-to-progressive farmers' 

interactions and suggestions from input dealers, could be effective in sharing knowledge 

about the technology at the village level.  

This study contributes to the literature on the adoption of agricultural innovations that 

require a high initial investment. The Provincial Government introduced two subsidy 

schemes to deal with a problem of market failure. The LLL units were distributed to 

land managers and LLL service providers. This improved availability, exposure, and 

access to the technology through rental markets in the study areas. These subsidy 

schemes created an enabling environment for LLL rental markets to extend services to 

land managers who could not afford to buy LLL units due to high initial investment 

required. The government has achieved tremendous success by improving the adoption 

rate among land managers. This result has two policy implications: 1) the government 

should pave the way for pulling out of granting subsidies and allow the private sector to 

move in and let the rental market works in a competitive environment; and 2) the 

Provincial Government should invest in improved extension services and develop 

strategies to enhance land managers’ awareness about the technology in areas where the 

technology has not been promoted. 
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Adopting LLL technology could reduce the volume of groundwater extracted and 

address the problem of increasing water scarcity, soil salinization, soil erosion, and 

declining groundwater tables in the Punjab. However, these findings are specific to the 

wheat crop, so further research is needed to assess the impact of adopting LLL on 

groundwater use in other water-intensive crops like rice, sugarcane, cotton, and maize. 
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Appendix A Endogenous Switching Regression 
 

With LLL technology adoption, land managers anticipate benefits differently 

conditional on factors defined in Equation 2. Instead of observing unobservable 

benefits, the analyst can only observe a binary variable 𝐿𝑖 that takes a value of 1 if the 

land manager is an adopter and 0 otherwise.  

𝐿𝑖= {
1 𝑖𝑓 𝐷𝑖

∗ =  𝐸(𝜋𝑎𝑖(𝑝𝑖𝑡) − 𝜋𝑛𝑎𝑖(𝑝𝑖𝑡)) > 0 = 𝜇𝑖 > −𝛼𝑖𝑋𝑖 

0 𝑖𝑓 𝐷𝑖
∗ =  𝐸(𝜋𝑎𝑖(𝑝𝑖𝑡) − 𝜋𝑛𝑎𝑖(𝑝𝑖𝑡))  ≤ 0 = 𝜇𝑖 ≤ −𝛼𝑖𝑋𝑖

                              (a) 

where 𝛼 is a vector of parameters to be estimated, and 𝜇𝑖 is an error term, assumed to be 

normally distributed with mean 0 and variance σ2. From the adoption of LLL, land 

managers can expect reductions in groundwater applied to wheat crops, reducing the 

extraction cost to land managers and producing unobservable benefits (i.e., 

environmental benefits, such as reducing soil salinity, minimizing soil erosion risk, and 

improving groundwater security). To evaluate the volume of groundwater (m3/acre) 

applied to wheat crops by adopters and non-adopters, we assumed that groundwater 

volume (m3/acre) is a linear function of a vector of explanatory variables and specified 

an outcome equation, where groundwater use is the outcome of interest, as: 

𝐺𝑊𝑖 =  𝜔′𝑍𝑖 + 𝛽′𝐿𝑖 + 휀𝑖                        (b) 

where 𝑍𝑖 is a vector of exogenous variables, 𝐿𝑖 represents dichotomous variable on 

whether the 𝑖𝑡ℎ land manager adopts LLL or not, 𝜔′ and 𝛽′ are the parameters to be 

estimated, and 휀𝑖 is a random error term assumed to be normally distributed with mean 

0 and variance σ2. 

The ESR is a two-stage model. In the first or selection stage, the decision to adopt LLL 

or not is a dichotomous function, as specified in Equation (a). In the second stage, two 

outcome equations are estimated for adopters and non-adopters, characterized as 

follows: 

𝐺𝑊𝑖
𝑎 = 𝛿𝑖

𝑎𝑍𝑖 + 휀𝑖
𝑎           if    𝐿𝑖 = 1                 (c.1) 

𝐺𝑊𝑖
𝑛𝑎 = 𝛿𝑖

𝑛𝑎𝑍𝑖 + 휀𝑖
𝑛𝑎      if    𝐿𝑖 = 0                                                     (c.2) 

where 𝐺𝑊𝑖
𝑎 and 𝐺𝑊𝑖

𝑛𝑎 are the groundwater volumes (m3/acre) used by adopters and 

non-adopters of LLL technology, respectively, 𝑍𝑖 is a vector of exogenous variables that 

can influence the outcome variables, such as farm household characteristics (e.g., age at 

adoption, education, farming experience, family labor engaged in agriculture), farm and 

location characteristics (e.g., farm size, secure land entitlements, farm location in the 
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watercourse, soil and groundwater quality), and financial capital and institutional 

variables (e.g., formal and informal sources of information, distance to rental market, 

access to credit), 𝛿𝑖
𝑎 and 𝛿𝑖

𝑛𝑎 are parameters to be estimated, and 휀𝑖
𝑎 and 휀𝑖

𝑛𝑎 are the 

error terms associated with the outcome equations.  

We use the volume of groundwater applied (m3/acre) to the wheat crop as the dependent 

variable in the outcome equations as we assume that land managers have control over 

this31. The challenge is quantifying the volume of groundwater (m3) applied at the farm 

level as there is no mechanism to monitor its extraction. The present study used 

Equation (1) to estimate the volume of groundwater withdrawal in cubic meters (m3). 

The disadvantage of the equation is that it does not consider tube-well efficiencies, such 

as the age of the pump, and fuel type required (diesel or electricity).  

The ESR model in the selection and outcome equations includes covariates denoted by 

𝑋𝑖 and 𝑍𝑖 , respectively. However, for proper identification of the model, it is imperative 

to use exclusion restriction where at least one exogenous variable in selection Equation 

(a) does not appear in outcome Equation (b) (Di Falco et al., 2011). In this study, we 

used distance to LLL rental market and formal and informal sources of information on 

LLL technology as selection instruments, as used in the literature. To check the validity 

of the instrumental variable, we used a simple falsification test described by Di Falco et 

al. (2011) (see Table B.4.1). It is expected that the valid instrumental variable will 

influence the adoption decision but not the outcome equation (i.e., it will not influence 

the volume of groundwater (m3/acre) used for the wheat crop). 

Land managers may self-select whether to adopt LLL or not, rather than being randomly 

selected. To account for selection bias due to unobservable factors creating a missing 

variable problem, the inverse mills ratios 𝜆𝑖
𝑎 and 𝜆𝑖

𝑛𝑎 and covariance terms 

𝜎𝜇
𝑎 =corr(𝜇𝑖, 휀𝑖

𝑎) and 𝜎𝜇
𝑛𝑎 =corr(𝜇𝑖, 휀𝑖

𝑛𝑎) are calculated from the selection equation in 

the first stage and incorporated into Equations c.1 and c.2, which are then estimated via 

full information maximum likelihood (FIML) estimation (Di Falco et al., 2011; Lokshin 

& Sajaia, 2004). These can be expressed as: 

𝐺𝑊𝑖
𝑎 = 𝛿𝑖

𝑎𝑍𝑖 + 𝜎𝜇
𝑎𝜆𝑖

𝑎  + 𝛾𝑖
𝑎                                         𝑖𝑓 𝐿𝑖 = 1     (d.1) 

𝐺𝑊𝑖
𝑛𝑎 = 𝛿𝑖

𝑛𝑎𝑍𝑖 + 𝜎𝜇
𝑛𝑎𝜆𝑖

𝑛𝑎 + 𝛾𝑖
𝑛𝑎                                𝑖𝑓 𝐿𝑖 = 0     (d.2) 

                                                           
31 We did not consider canal water application savings in the analysis because canal water is equitably 

distributed among farm households in terms of allocated time depending on their land size. With a fixed 

weekly allocation duration, water is allocated among farmers via lined and/or unlined watercourses. 
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where 𝜆𝑖
𝑎 and 𝜆𝑖

𝑛𝑎 control for selection bias resulting from unobservable factors; 𝛾𝑖
𝑎and 

𝛾𝑖
𝑛𝑎 are the error terms with conditional zero means. The FIML method is used to 

estimate the selection and outcome equations simultaneously in a two-staged framework 

(Lokshin & Sajaia, 2004). For the ESR estimation, the correlation coefficients of the 

covariance terms (𝜌𝑎 and 𝜌𝑛𝑎) have some useful econometric interpretations (Fuglie & 

Kascak, 2001). A significant 𝜌𝑎 or 𝜌𝑛𝑎 indicates the presence of selection bias due to 

unobservable factors. If 𝜌𝑎and 𝜌𝑛𝑎 have alternative signs (+, –), then farmers are 

assumed to adopt the LLL technology based on their comparative advantage. If the 

signs are the same, it implies ‘hierarchical sorting,’ meaning that independent of the 

LLL adoption decision, adopters have higher than average outcome than non-adopters. 

Moreover, 𝜌𝑎and 𝜌𝑛𝑎 values greater (less) than zero imply negative (positive) selection 

bias, indicating that land managers with below average outcomes are more likely to 

adopt LLL technology. 
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Table A.4.1 Variable description and mean difference between adopters and non-adopters of laser land levelers (LLL) for the sample farm 

households 

Serial 

number 
Exogenous variable Variable description 

Adopters (n=353) Non-adopters (n=151) 
P-

value Mean 
Standard  

deviation 
Mean 

Standard  

deviation 

1 Adoption time  

Time until adoption (since introduction and/or 

independently started farming to adoption LLL 

technology (years)) 

8.83 8.29 – – – 

2 Intensity of adoption Farm acreage under LLL technology 
0.65 0.28 – – – 

3 
Land manager’s age at 

adoption 
Age at the adoption of LLL (years) 

38.71 12.04 – – – 

4 Land manager’s age Age of land manager (years) 43.15 12.27 43.25 12.58 0.94 

5 
Land manager’s 

education 

1 if have more than or equal to 12 grade education, 

otherwise 0 

0.13 0.34 0.11 0.31 0.45 

6 Farming experience 
Since independently started farming until survey 

year (years) 

24.33 12.59 21.96 10.91 0.05 

7 Family labor 
Adult equivalent family labor engaged in 

agriculture 

2.22 1.13 2.49 1.70 0.03 

8 Access to credit 
1 if the land manager has access to credit, otherwise 

0 

0.22 0.42 0.15 0.35 0.05 

9 

Extension services and 

water management 

directorates 

1 if extension services), otherwise 0 

0.30 0.46 0.15 0.36 0.00 

10 

Peer progressive farmers 

and agricultural input 

dealers in the village 

1 if progressive farmers and input dealers), 

otherwise 0 

0.21 0.41 0.16 0.37 0.17 

11 Friends and relatives 
1 if friends, relatives, and neighboring farmers, 

otherwise 0 

0.49 0.50 0.69 0.46 0.00 

12 Legal formal land rights 
1 if the household have Fard-e-malkiat and 

Inteqalnama, 0 otherwise 

0.59 0.49 0.44 0.50 0.00 

13 Customary land rights 
1 if the household has customary land rights, 0 

otherwise 

0.20 0.40 0.20 0.40 0.93 

14 
Small-scale land 

managers 

1 if the operated area less than 12.5 acres, 

otherwise 0 

0.69 0.46 0.75 0.43 0.17 

15 
Large-scale land 

managers 

1 if the operated area greater than 12.5 acres, 

otherwise 0 

0.31 0.46 0.25 0.43 0.17 
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Serial 

number 
Exogenous variable Variable description 

Adopters (n=353) Non-adopters (n=151) 
P-

value Mean 
Standard  

deviation 
Mean 

Standard  

deviation 

16 
Land at the head of 

watercourse 

1 if land located at the head of the watercourse, 

otherwise 0 

0.22 0.42 0.30 0.46 0.08 

17 
Land at the middle of 

watercourse 

1 if land located at the middle of the watercourse, 

otherwise 0 

0.31 0.46 0.26 0.44 0.28 

18 
Land at the tail of 

watercourse 

1 if land located at the tail of the watercourse, 

otherwise 0 

0.47 0.50 0.44 0.50 0.58 

19 Poor soil quality 1 if perception about farm soil is poor, 0 otherwise 0.13 0.33 0.19 0.40 0.06 

20 
Good quality 

groundwater 

1 if perception about quality of groundwater is 

good, 0 otherwise 

0.43 0.50 0.38 0.49 0.27 

21 Total livestock units Aggregate of Tropical Livestock Unit (TLU) 4.42 3.10 4.81 5.18 0.30 

22 Distance to rental market Distance to rental market of LLL (km) 7.29 4.12 8.70 5.82 0.00 

23 No subsidy schemes 
1 year when no subsidy has been given to land 

managers, otherwise 0 

0.56 0.50 0.39 0.49 0.00 

24 

Government subsidy on 

renting LLL since 2005 

until 2008 

1 if land manager adopted LLL between 2005 and 

2008, otherwise 0 

0.14 0.35 0.11 0.31 0.00 

25 

Government subsidy on 

renting LLL since 2012 

until 2018 

1 if land manager adopted LLL between 2012 and 

2018, otherwise 0 

0.26 0.44 0.47 0.50 0.00 

26 Wheat yield Wheat yield (kg ha–1) 
492.75 (349)* 121.63 457.86 (149)* 126.56 0.00 

27 
Cost of fuel and 

maintenance cost 

Cost of diesel and electricity bill including 

maintenance cost incurred in wheat crop 

1422 (307)** 1173.57 1,581.66 (127)** 1369.51 0.18 

28 Rice–wheat zone 
1 if the farm household is in Hafizabad District, 

otherwise 0 

0.35 0.48 0.30 0.46 0.37 

29 Maize–wheat–mix zone 
1 if the farm household is in Jhang District, 

otherwise 0 

0.35 0.48 0.29 0.46 0.19 

 Cotton–mix zone 
1 if the farm household is in Bahawalnagar District, 

otherwise 0 

0.30 0.46 0.41 0.49 0.03 

30 Dependent variable in ESR model 

 Groundwater applied to 

wheat crop 

Volume of groundwater (m3/acre) applied to wheat 

crop 

681.11 (307)** 542.58 842.60 (127)** 526.19 0.00 

Note: * Number of land managers growing wheat on their farmland, **Values in brackets indicate the number of sample values used 
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Table B.4.1 Falsification test on the validity of the Selection instruments variables 

Variable 

Probit (Yes=LLL 

adopters; otherwise, 

0) 

Groundwater used 

(m3/acre) by non-

adopters 

Distance to rental market –0.043**   (0.013)  

Extension services and water 

management directorates 
0.576*** (0.164)  

Peer progressive farmers and 

agricultural input dealers in the 

village 

0.350*     (0.172)  

Constant 0.680*** (0.138)  

Distance to rental market  0.008      (0.009) 

Formal sources of information  0.117      (0.135) 

Informal sources of information  –0.034       (0.144) 

Constant  6.503*** (0.096) 

Statistics     

Number of farm households 434 127 

R2  0.014 

Adjusted R2   -0.010 

Robust standard errors are in parentheses. *** P<0.01, ** P<0.05, * P<0.1 
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Table C.4.1 Indicators of covariates balancing before and after matching 

Matching 

algorithm 

Outcome 

(m3/acre) 

Median absolute bias Bias 

reduction 

(%) 

Value of pseudo R2 

P-value of joint 

significance of 

covariates 

Before 

matching 

After 

matching 

Before 

matching 

After 

matching 

Before 

matching 

After 

matching 

Two-to-one NNM Groundwater used in wheat crop 10.6 1.2 -88.68 0.041 0.001 0.006 0.999 

KBM Groundwater used in wheat crop 10.6 2.1 -80.19 0.041 0.001 0.006 0.999 
Notes: NNM: nearest-neighbor matching; KBM: kernel-based match 
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Chapter 5 

 
Land managers’ preferences for land restoration and conservation programs: 

Evidence from the salt-affected farmland in Punjab, Pakistan 

 

Abstract 

 

Soil salinization is a serious environmental problem that affects land productivity and 

ecosystem services on farms, jeopardizing farm household food security. Incentivizing 

land managers to adopt sustainable land management (SLM) practices could mitigate 

the impact of this problem. This study investigates land manager preferences for land 

restoration and conservation (LRC) program designs for reversing irrigated salt-affected 

farmland and maintaining agro-ecosystem sustainability. A scale-adjusted latent class 

model was used to analyze choice experiment data collected from 240 farm households 

in three irrigated agro-ecological zones of Punjab, Pakistan. The model results show 

that offering land managers somewhat stringent program characteristics (i.e., maximum 

contract length and area enrollment, minimum subsidy level, and Sesbania) increases 

their probability of participating in the LRC program for most classes (except Class 4) 

relative to the status quo option. Farm households that experienced a COVID-19 income 

shock asked for government subsidies. Other factors such as agro-ecological diversity, 

unavailability of production loans, and promotional strategies explain the preferences 

for class membership. The study revealed that a 30% subsidy on gypsum while 

promoting Sesbania and improving financial delivery systems could accelerate 

participation in the LRC program. 

 

Keywords: Soil salinization, Rehabilitation, Sustainable land management (SLM), 

Choice modeling, Scale-adjusted latent class (SALC) 
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5.1 Introduction 
 

Soil salinization is one of the most common soil degradation problems in arid and semi-

arid regions of the world (FAO, 2015). About 100 countries are affected by soil 

salinization; in Pakistan, about 25% of total irrigated farmland is affected (Martin et al., 

2006; Qadir & Oster, 2002). The economic cost of soil salinization in annual crop 

productivity losses ranges from USD 0.26–0.94 billion32 (Martin et al., 2006). In the 

Indus basin of Pakistan, experimental research found that salt-affected soils produce 

about 32 to 48% lower wheat and rice yields than non-saline soils (Qadir et al., 2014). 

There is an urgent need to restore degraded lands (Willemen et al., 2020). Farmers are 

thus under pressure to adopt sustainable land management (SLM) practices to restore 

degraded (or saline) land while providing environmental benefits, such as improved soil 

structure and replenished soil organic matter. Worldwide, gypsum is a widely 

prescribed SLM practice for reversing salt-affected soils to normal soils. For example, 

experimental studies on Pakistan’s rice–wheat cropping system found that gypsum 

restores the soil’s physical structure and increases wheat and rice yields (Ghafoor et al., 

2008; Murtaza et al., 2009; Qadir et al., 2001; Zia et al., 2007). However, gypsum 

application involves an investment cost and only financially secure land managers can 

invest in it. 

Moreover, after the restoration process, land managers need to maintain or improve soil 

health. Incorporating green manure such as Sesbania into the rotation could 

significantly contribute to the restoration of salt and water balances and prevent or even 

reverse salinization. Likewise, mulching (i.e., wheat straw stubble) can help reduce 

evaporation, lowering the concentration of salts on the soil surface or in the upper root 

zone to regulate water and salt movement, and ultimately improving crop–water 

productivity, reducing soil salinity in irrigated agriculture systems (Song et al., 2019; 

Temiz & Cayci, 2018), improving ecosystem services, and maintaining the 

intergenerational equity of the natural resource base.  

However, the perception of risk and uncertainty and lack of credit facilities play a 

critical role in delaying the adoption of SLM practices and new profitable technologies 

when upfront investment is required (Andrew et al., 2010; Greiner et al., 2009; Pannell 

et al., 2006; Streletskaya et al., 2020).  

                                                           
32 1 USD = 58.463 was an average annual exchange rate in 2004 
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Specifically, poor landholders are vulnerable to risks with limited access to credit 

facilities (Andrew et al., 2010) and thus perceive lower net returns from conservation 

practices, hindering the adoption of new farming practices (Rolfe et al., 2018) and 

limiting their participation in agri-environmental schemes (AES) (Hellerstein, 2017; 

Whitten et al., 2017). Furthermore, external shocks can directly affect the economic 

vulnerability of farm households, influencing land managers’ ex-post adoption 

behaviors. Therefore, it is important to identify policy mechanisms that can help land 

managers to cope with risk and external shocks in motivating them to adopt land 

restoration and conservation practices on their farms. 

Agricultural policies have used financial incentives to motivate and encourage land 

managers to adopt land management and conservation practices (Engel et al., 2008; 

Pagiola, 2008; Wunder, 2008). Policymakers aim to maximize ecosystem service 

benefits generated through the implementation of AES; however, they are challenged by 

the presence of cost heterogeneity across farms (Hasler et al., 2019) and land manager 

characteristics, leading to differences in decisions to participate in such programs 

(Morris & Potter, 1995; Wilson, 1997; Wilson & Hart, 2000; Wossink & van Wenum, 

2003; Wynn et al., 2001).   

Some studies have used a choice experiment framework to identify potential program 

attributes that can influence land manager decisions to participate in land conservation 

programs (Christensen et al., 2011; Espinosa-Goded et al., 2010; Greiner, 2016; Jaeck 

& Lifran, 2014; Ruto & Garrod, 2009). Such program attributes include contract length, 

enrollment area, administrative burden, flexibility to end contract before the planned 

time, opportunity to return to agriculture after the contract ends, and technical 

restrictions. The present study considers a land restoration and conservation (LRC) 

program for salt-affected irrigated land with attributes such as agreement length, 

proportion of land enrollment, conservation practices (i.e., Sesbania and wheat stubble), 

and government subsidy on gypsum. Some of these program attributes have been 

investigated in existing literature (for example, Christensen et al., 2011; Espinosa-

Goded et al., 2010; Greiner, 2016; Jaeck & Lifran, 2014; Ruto & Garrod, 2009), but 

none have explored LRC programs targeting conservation programs in irrigated salt-

affected farmland. Moreover, land managers in Pakistan have no prior knowledge or 

experience of contractual programs to adopt conservation practices. 

Therefore, this study investigated the following questions: 1) To what extent do land 

managers differ in their preferences for LRC program attributes? 2) What design 
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attributes of LRC programs do land managers find appropriate and adaptable in the 

existing cropping patterns? and 3) What are the potential determinants explaining the 

heterogeneity in land manager preferences to participate in LRC programs? This study 

will contribute to our understanding of the factors determining the heterogeneity of 

preferences, which could help policymakers develop evidence-based, context-specific 

policy proposals to restore and conserve irrigated salt-affected farmland. The study also 

contributes to a broader policy goal on restoring and avoiding land degradation, such as 

the UNCCD’s Land Degradation Neutrality (LDN) framework and Sustainable 

Development Goals (SDGs) Target 15.3. The LDN framework aims to achieve a land-

degradation-neutral world by 2030 by maintaining and restoring land-based natural 

capital (UN, 2015). Addressing LDN targets can achieve other crosscutting SDG goals, 

such as strengthening rural farming (SDG2) and promoting sustainable means of food 

production that improve resource efficiency (SDG12). 

The next section describes the methods adopted in this study (Section 2), including the 

data collection process, attributes of the LRC program, and design of choice sets. 

Section 3 presents the study results, Section 4 discusses the results, and Section 5 

concludes the paper with some recommendations for evidence-based policy. 

5.2 Material and Methods 

5.2.1 Discrete choice experiment 

A discrete choice experiment (DCE) survey was conducted to determine land manager 

preferences for alternative land restoration and conservation programs. The DCE has 

been widely applied in non-market valuation studies to identify alternative policy 

options for AES to incentivize farmers (Broch & Vedel, 2010; Ducos et al., 2009; 

Espinosa-Goded et al., 2010; Greiner, 2016; Ruto & Garrod, 2009). The theoretical 

basis of DCE rests on the theory of value of Lancaster (1966), and the empirical 

analysis of DCE studies is based on the behavioral framework of random utility theory 

(McFadden, 1974). 

5.2.2 Land restoration and conservation program and attributes descriptions 

DCE offers land managers a choice among alternative program options based on 

combinations of different program attributes. In this study, alternative program options 

were related to the restoration and conservation of irrigated salt-affected farmland in 

Punjab, Pakistan. The attributes of the LRC programs vary across alternative program 
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options. Therefore, land managers make trade-offs in choosing a program option with 

varying attributes across different programs and their willingness to accept (WTA) the 

chosen program attributes. 

The LRC program attributes and levels were determined in a multi-stage process 

involving a literature review, consultation with key stakeholders, and focus group 

discussions with land managers. The key stakeholders consulted were academics and 

governmental and non-governmental professionals with extensive experience in 

agricultural extension, on-farm water management, agricultural research and 

development, and soil salinity.  

Table 5.1 presents the LRC program attributes and levels. The first two attributes (i.e., 

agreement length and proportion of area enrolled) were drawn from the literature on 

AES (Beharry-Borg et al., 2013; Bergtold et al., 2014; Espinosa-Goded et al., 2010; 

Greiner, 2016). The agreement length is, “How long will the program last?” It is 

imperative to adopt land restoration and conservation practices considering future land 

productivity, household food security, and the intergenerational equity of land 

resources. It is assumed that the longer the length of engagement, the greater the 

environmental benefits for land managers in terms of land rehabilitation; however, 

landholders may be more concerned about long-term restrictions on land management 

implied by lengthy contracts. After consultation with land managers, keeping in mind 

the minimum time to realize benefits from Sesbania (green manuring) and wheat 

stubble (brown mulching) and the Sustainable Development Goal target year (i.e., 

2030), three contract durations were offered to land managers: a 3-year short-term 

contract, 6-year medium-term contract, and 9-year long-term contract. 

The second attribute was based on the percentage of land enrolled in the LRC program. 

In Punjab, land ownership is highly fragmented, with about 90% of cultivated farms less 

than 12 acres (GoP, 2010). Land managers may not want to enroll all their cultivated 

land to green manuring or brown mulching, despite their small farm size. The flexibility 

and commitment to enroll land are important attributes for entry into an AES (Espinosa-

Goded et al., 2010). Based on focus group discussions and consultation with 

government officials, the proportion of land under green/brown manuring required to be 

enrolled was 25%, 50%, or 75%. It was assumed that the more land area the manager 

enrolls, the more land one can preserve for future production, potentially increasing 

future crop productivity.  
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The third attribute of the LRC program is related to soil conservation practices for 

preventing and mitigating soil salinity. Land managers were presented with two 

options—green manuring as part of their crop rotation and using wheat straw as a 

mulch. Land managers were not required to compromise their annual cropping 

sequence, but they had to use their land efficiently when transitioning from winter to 

summer cropping. There is 1–2 month transition period (i.e., mid-April until summer 

crop) for land managers after winter crops to plant Sesbania. After this period, land 

managers can continue their usual practice of growing summer crops on the same land. 

For wheat straw mulching, land managers must retain/spread wheat stubble on soil, 

which will decompose and mix into the soil profile over time. 

A final attribute was related to an incentive provided by the provincial government, 

where a subsidy voucher was offered to land managers for gypsum bags to improve the 

structure of degraded soil, along with the commitment that land managers will maintain 

environmentally beneficial land restoration practices. The subsidy was defined as a 

percentage share of the average market price of a gypsum bag in the local market (30%, 

50%, or 70%). Such subsidies for gypsum in Punjab province have been practiced, with 

a 50% subsidy proposed in the Prime Minister’s Kasan package for agriculture 

(GoPunjab, 2018)33. Land managers may be willing to accept a lower subsidy depending 

on the type and nature of the contract offered to them. 

A pilot survey was conducted among 82 land managers from the sampled districts to 

ensure the validity and clarity of the choice sets and program attributes. Four 

enumerators were hired and trained to conduct interviews focusing on maintaining 

uniformity in describing standard text34 about the LRC program attributes and levels to 

help land managers understand the objective of the choice task in the same way. As part 

of the survey, land managers were provided detailed information on Sesbania 

production technology, optimal time and depth of soil incorporation, and its role in soil 

function, reducing salinity, improving soil organic matter, and improving crop 

productivity. Likewise, information on wheat stubble was provided to land managers to 

compare the two conservation practices. The land managers were presented with 

pictographic cards (see Figure A.5.1) and descriptions in Urdu, the national language in 

Pakistan. After pretesting, the parameter coefficients of each attribute were estimated 

using a multinomial logit model to ensure the relevance of attributes to land managers. 

                                                           
33 http://www.agripunjab.gov.pk/ongoingproj      
34 The information pamphlet can be obtained from the corresponding author upon request. 

http://www.agripunjab.gov.pk/ongoingproj


118 

 

Table 5.1 Program attributes and levels used in the choice experiment 

Program attributes Description Attribute levels 

Agreement length Duration of contract (years) Status quo (SQ)=0  
3, 6, 9 

Land enrollment  Flexibility to enroll preferred proportion 

of land under a given LRC program 

(percentage) 

SQ=0%  
25%, 50%, 75% 

Soil conservation 

practices 

Adopt green manuring 

OR  

Brown mulching 

SQ: Current cropping pattern 

Wheat– Sesbania (30–45 days)–

rice/summer vegetables or other 

compatible crops 

Wheat–wheat straw mulching–

rice/summer vegetables or other 

compatible crops 

Subsidy vouchers  Provincial government’s subsidy on 

gypsum (percentage) 
SQ=0  
30%, 50%, 70%  

Note: Level of status quo is in bold, implying no such program at the moment in the study areas 

5.2.3 Survey design and implementation 

Information on each attribute obtained from the pilot study was used to update the 

efficient Bayesian design in Ngene 12 (ChoiceMetrics, 2012). The D-error and S-

estimate were 0.001606 and 39.708505, respectively. The final DCE comprised 36 

choice sets, grouped into four blocks of nine choice sets to reduce the cognitive burden 

on land managers (Hensher et al., 2005). Each land manager was offered one block of 

nine choice sets with three choice options in each set: two alternative LRC program 

options, described in terms of key design attributes, and a status quo alternative, i.e., 

choosing neither of the LRC program options. Due to the hypothetical nature of the 

LRC program, land managers were provided with additional information, as suggested 

by Carson & Groves (2007), on the socio-economic and environmental benefits of soil 

conservation practices and long-term sustainability of soil health, and government 

policies on Sustainable Development Goals 15.3 (Land Degradation Neutrality by 

2030). 

5.2.4 Theoretical and empirical framework 

We used the random utility theory as the theoretical and empirical framework to model 

the choice tasks faced by land managers. Under this framework, land managers are 

assumed to prefer the alternative program that would provide the highest utility. 

Assume that the 𝑖th land manager is presented with a set of 𝑄 choice sets. The utility 

received by the 𝑖th land manager from selecting an alternative 𝑛 in the choice set 𝑞 (𝑞 ∈

𝑄) is defined as: 

𝑈𝑖𝑛𝑞 = 𝛼𝑍𝑖𝑛𝑞 + 𝜇𝑖𝑛𝑞                                    (1) 
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where 𝑍𝑖𝑛𝑞 represents a vector describing LRC program attributes that capture the 

observed factors influencing 𝑖th land manager’s utility, and 𝛼 is the vector of parameters 

for the LRC program attributes to be estimated. An unobserved random error term 

(𝜇𝑖𝑛𝑞) also affects the utility 𝑈𝑖𝑛𝑞, which is assumed to be independently and identically 

distributed following a Gumbell distribution. The probability of choosing a preferred 

program 𝑛 from a given choice set 𝑞 that would give the highest utility than other 

program options is: 

𝑃𝑖(𝑛) = 𝑃(𝛼𝑍𝑖𝑛𝑞 + 𝜇𝑖𝑛𝑞 > 𝛼𝑍𝑖𝑚𝑞 + 𝜇𝑖𝑚𝑞); ∀ 𝑛,𝑚 ∈ 𝑞, 𝑛 ≠ 𝑚.                   (2)  

Equation 1 assumes that land manager preferences and scale factors are homogeneous, 

widely estimated using the conditional logit model in a DCE framework (McFadden, 

1974). The probability of the 𝑖th land manager choosing an alternative 𝑛 in a choice set 

𝑞 is presented as: 

𝑃𝑖𝑛𝑞 =
exp (𝛿𝛼𝑍𝑖𝑛𝑞)

∑ exp (𝛿𝛼𝑍𝑖𝑚𝑞)𝑀
𝑚=1

             (3) 

where 𝛼 is a vector of preference parameter and 𝛿 is the scale parameter that is 

inversely related to the variance of the error term (Campbell et al., 2011; Magidson & 

Vermunt, 2007). Land managers’ perceived benefits from and attitude to the LRC 

program can vary among themselves. In recent years, preference heterogeneity has 

received attention and assumes that preferences vary across or within regions due to 

variation in land managers’ socio-economic, demographic, and attitudinal 

characteristics. To account for preference heterogeneity, analysts can use either random 

parameter logit (RPL) (Train, 2009) or latent class models (LCM) in modeling the 

preferences (Boxall & Adamowicz, 2002). 

Apart from preference heterogeneity, there can be heterogeneity in the variance of the 

random component of utility (i.e., scale heterogeneity). If the scale parameter (𝛿) varies 

across land managers and choices in each sample, it will be confounded by the 

preference parameters (𝛼) (Magidson & Vermunt, 2007). It is difficult to determine 

whether the differences in preferences are attributed to the program attributes or the 

error component (scale variance). Not isolating these differences can lead to biased 

conclusions about preference structures (Magidson & Vermunt, 2007) since the 

preference parameter will vary with the scale parameter. Accurate preference estimates 

can be generated by considering the scale variance, which has received attention in 
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recent years, where analysts use advanced choice models to capture variations in both 

preferences and scale variance (Greene & Hensher, 2010). 

Magidson & Vermunt (2007) proposed a scale-adjusted latent class (SALC) model, 

which explicitly disaggregates preference and scale heterogeneity and ensures the 

precision of preference parameter estimates. We opt for the SALC model specification 

to deal with variability in the sample because we have a prior expectation that 

heterogeneity will be manifested across irrigated agro-ecological zones of Punjab, 

Pakistan, with varying natural endowments, climatic conditions, and soil health 

conditions. We found that the explanatory power of the LCM is superior to RPL 

model35. The SALC probability of the 𝑖th land manager selecting an alternative 𝑛 from 

𝑚 alternatives in a choice set 𝑞, belonging to class 𝑐 and scale factor 𝑠 is specified as: 

𝑃𝑖𝑛|𝑐,𝑠 =
exp (𝛿𝑠𝛼𝑐𝑍𝑖𝑛)

∑ exp (𝛿𝑠𝛼𝑐𝑍𝑖𝑚)𝑀
𝑚=1

             (4) 

where 𝛿𝑠 denotes the class-specific scale parameter and 𝛼𝑐 represents the class-specific 

preference parameters vector for the observable LRC program attributes. Membership 

of each latent class is explained by socio-economic, information, barriers, risks, and 

regional variations associated with land managers. The probability of the 𝑖th land 

manager belonging to a specific latent class 𝑐 is estimated through the multinomial logit 

model (Boxall & Adamowicz, 2002): 

𝑃𝑖𝑐 =
exp (𝛾𝑐𝑋𝑖)

∑ exp (𝛾𝑚𝑋𝑖)
𝑀
𝑚=1

, 𝑐 = 1,2, … , 𝐶                       (5) 

where 𝑋𝑖 represents a vector of individual-specific characteristics of land managers, and 

𝛾𝑐 are the parameters estimated to predict class memberships. A statistical software 

package, Latent Gold Choice 5.1 (Vermunt & Magidson, 2016), was used to estimate 

the model following the maximum likelihood estimation procedure. Specifically, the 

marginal effects of covariates for identified class membership were computed (Greene, 

2008).  

The indirect utility is assumed to be a linear function of the attributes and alternative 

specific constant (ASC). The ASC was incorporated in the model to capture the 

influence of factors not being explained by the observable attributes and any potential 

bias when selecting alternatives (Adamowicz et al., 1998). An optimal number of 

classes was identified based on the minimum Bayesian Information Criterion (BIC) 

                                                           
35 Reported in the Appendix Table B.5.3. 
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(Boxall & Adamowicz, 2002) and the intuition of the estimated parameters (Scarpa & 

Thiene, 2005). 

After estimating model parameters, we estimated WTA that is also known as the 

implicit price, which is the ratio of marginal utility of a change in program attributes to 

the marginal utility of the subsidy variable, representing the marginal rate of 

substitution between the subsidy and program attribute in question. The formula is 

written as:  

𝑊𝑇𝐴𝑐𝑎 =
𝛼𝑐𝑎

𝛼𝑐𝑔
               (6) 

where 𝛼𝑐𝑎 are the estimated class-specific (𝑐) preference parameters vector (𝑎) of the 

LRC program and 𝛼𝑐𝑔 are the estimated class-specific parameters for the government 

subsidy on gypsum. We have a prior expectation that the subsidy payment will have a 

positive marginal utility. 

Data was collected from 240 farm households from three agro-ecological zones of 

Punjab, Pakistan between June and July 2020. The detailed sampling procedure is in 

Appendix A. In the face-to-face interviews, choice sets of designated blocks assigned to 

each land manager with varying LRC program alternatives were presented to explore 

their preferences for the program attributes.  

5.3 Results  

5.3.1 Sociodemographic profile of land managers and farm characteristics 

During the survey, 4.8% (n=12) of land managers selected the status quo option for the 

nine choice sets presented. These responses were considered protest responses and 

excluded from the analysis. Of those remaining in the sample, descriptive statistics of 

the land managers and their farms revealed an average age of 44.65 years with an 

average 6.5 years of completed education. The average dependency ratio36 of farm 

households was 0.71, implying that more family members depend on household 

resources. About 70% of the sampled households were small-scale farming households 

operating on less than 12 acres. About 61% of farm households owned their farms 

compared to owner-cum-tenants (31%) and tenants37 (8%). Farm households, on 

average, held 4.38 tropical livestock units (TLU), ranging from 3.74 TLU among 

                                                           
36 The dependency ratio is the ratio of inactive labour (< 15 years and > 65 years of age) to active-labour 

(aged 15-65 years, inclusive) in the farm household. 
37 Share-in or rented-in or both landholders  



122 

 

households in the cotton–mixed zone to 4.92 TLU among households in the rice–wheat 

zone.  

Following the methodology developed by Kshirsagar et al. (2002), we calculated the 

crop diversity index as 𝐶𝐷𝐼𝑛 = 1 − ∑ (
𝑎𝑛𝑚

𝐴𝑛
)
2

𝑖
𝑚=1 , where 𝐶𝐷𝐼𝑛 is the crop diversity index of 

𝑛𝑡ℎ farm plot, 𝑎𝑛𝑚 is the cultivated area of the 𝑚𝑡ℎcrop on the 𝑛𝑡ℎ farm plot, and 𝐴𝑛 is 

the total area cultivated for all crops. A 𝐶𝐷𝐼𝑛 of zero implies that farm households had 

grown only one crop during the 2018–19 production year, with the level of crop 

diversity increasing as the 𝐶𝐷𝐼𝑛 value approached one. In the present study, the average 

CDI of farm households was 0.74. Farm households in the cotton–mixed zone had the 

highest CDI (0.78) followed by the maize–wheat–mixed zone (0.75) and rice–wheat 

zone (0.70), implying that farm households in all agro-ecological zones grew more than 

two crops in 2018–19 production year. During the field survey, we asked land managers 

to report their average income loss from COVID-19 during the 2019–20 production 

year (defned as the difference between the 2019–20 Rabi season (winter)38 income and 

2018–19 Rabi season (winter) income). Land managers were provided with a list of 

income sources, including crops, livestock, businesses, wages, and remittances, and 

asked to report their lost household income between the two seasons due to COVID-19. 

On average, household lost Pkr 4,397. Two standard deviations were about 26,893, 

implying that most land managers had a much smaller impact on their incomes. In 

Pakistan, rural households lost less income than urban households (Moeen et al., 2021). 

Farm households in the cotton–mixed zone had the highest COVID-19 income shock 

(Pkr –5,932), followed by the rice–wheat zone (Pkr –4,875) and maize–wheat–mixed 

zone (Pkr – 2,174). 

In the follow-up questions during the choice experiment survey, we asked land 

managers to elicit their preferences for promotion strategies that they believed would 

effectively implement the LRC program. Land managers were given a list of 

promotional strategies, such as demonstration trials, field days, land managers training 

programs, and group discussions with land managers, and asked to select the most 

preferred strategy that the government could use to promote LRC programs. On 

average, 66% and 32% of land managers preferred training programs and field days to 

                                                           
38 We considered the seasonal income shock as the COVID-19 pandemic was identified in December 

2019 during the winter season. 
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learn more about on-farm soil restoration and conservation practices. Among those 

preferring field days, most came from the rice–wheat agro-ecological zone.  

In addition, land manager attitudes toward conservation practices were elicited by 

asking respondents to state their agreement or disagreement with several statements 

about risks and barriers39 to help explain preference class membership. Due to the high 

opportunity cost of incorporating conservation practices in their usual cropping pattern, 

the inclusion of risk and barrier questions provides more insights into how land 

managers make their choices. Table A.5.1 shows that, on average, more than half of the 

land managers agreed that the unavailability of production loans could be a barrier 

restricting the adoption of conservation practices on their farms. In addition, almost half 

of the land managers perceived production risks (i.e., suspected climate variability, 

pests, or disease attack) could affect crop production and reduce the value of farm 

output to invest in soil conservation practices. Moreover, land managers were asked to 

rank the level of certainty while making their choices (1 = very certain, 4 = very 

uncertain). The certainty variable was included in the model to measure the consistency 

of responses among households (Quynh et al., 2018), which helped to identify the scale 

class membership. The result shows that, on average, land managers were relatively 

certain (1.52) of their responses. However, land managers were more uncertain in the 

cotton–mixed zone (2.35) than other agro-ecological zones. Detailed summary statistics 

on household characteristics, farm characteristics, and factors explaining preference and 

scale class membership are in appendix Table A.5.1.   

5.3.2 Preference of land managers for LRC programs 

The results of discrete choice models (MNL and the SALC models) are reported in 

Table 5.2. The MNL model signifies the importance of the attributes on land managers’ 

choice of LRC program options. The ASC captures the unobserved utility associated 

with the status quo, independent of the level of the attributes. It takes the value of 1 for 

the status quo, and zero otherwise. A negative and significant ASC parameter in the 

MNL model indicates land managers’ preference for an alternative LRC program as 

opposed to the status quo. The directions and significance of the coefficients show the 

effects of each program attribute on the land manager’s preferences for LRC program 

characteristics. The length of agreement and proportion of land enrollment significantly 

decreased utility, while the other attributes increased utility. Moreover, a negative 

                                                           
39 See Appendix Table A.5.1 
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coefficient on Sesbania in Table 5.2 indicates land manager’s preference for brown 

mulching increased utility. 

Table 5.2 Scale-adjusted latent class model estimatesa 

Attributes MNL 

model 

SALC model 

Class 1 Class 2 Class 3 Class 4 

Scale Class 1 (%)  16 14 5 2 

Scale Class 2 (%)  28 24 9 3 

Class size (%)   44 38 13 5 

Length of 

agreement (year) 

–0.023** 

(0.010) 

–0.041*** 

(0.016) 

0.005 

(0.054) 

–0.031 

(0.061) 

–0.079 

(0.078) 

Land enrollment 

(%) 

–0.009*** 

(0.001) 

–0.010*** 

(0.003) 

0.002 

(0.007) 

0.014 

(0.009) 

–0.112*** 

(0.026) 

Sesbania (Yes/No) 0.816*** 

(0.049) 

0.319*** 

(0.083) 

3.718*** 

(0.471) 

–2.352*** 

(0.498) 

2.690*** 

(0.634) 

Government 

subsidy (%) 

0.010*** 

(0.002) 

0.012*** 

(0.003) 

0.029** 

(0.012) 

0.005 

(0.010) 

–0.011 

(0.011) 

ASC –2.367*** 

(0.173) 

–4.358*** 

(0.582) 

1.038 

(1.096) 

–8.466 

(7.797) 

–3.134*** 

(1.089) 

Latent class membership 

Field days 

(Yes/No) 

 –0.776** 

(0.351) 

–1.214** 

(0.360) 

–0.635 

(0.423) 

2.624*** 

(0.738) 

Land manager 

training (Yes/No) 

 –0.231 

(0.329) 

–0.176 

(0.334) 

1.594** 

(0.505) 

–1.188* 

(0.627) 

Interest-free loan 

barrier (Yes/No) 

 0.358 

(0.312) 

1.267*** 

(0.317) 

0.092 

(0.392) 

–1.717** 

(0.636) 

Production risk 

(Yes/No) 

 –0.771** 

(0.307) 

–0.670** 

(0.308) 

1.152*** 

(0.407) 

0.289 

(0.551) 

COVID-19 income 

shock (Pkr/10,000) 

 –0.533** 

(0.228) 

–0.546** 

(0.225) 

–0.402* 

(0.238) 

1.481** 

(0.638) 

Rice–wheat zone 

(Yes/No) 

 –1.289*** 

(0.434) 

0.673 

(0.446) 

0.617 

(0.643) 

–0.001 

(0.966) 

Cotton–wheat zone 

(Yes/No) 

 –1.633*** 

(0.408) 

–0.810* 

(0.446) 

1.173* 

(0.623) 

1.270 

(0.869) 

Constant   2.887*** 

(0.492) 

1.315** 

(0.518) 

–2.389*** 

(0.839) 

–1.812* 

(0.984) 

    Scale Class 1 (37%)  Scale Class 2 (63%) 

Scale factor  3.611*** 1 

Scale class membership 

Certainty  –0.667** 0.667** 

Constant   0.422 –0.422 

Log likelihood –1560.601   –999.686  

Note: standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1. The estimation is carried out by 

setting a large number of random setting values up to 500 and the number of iterations of 500 to avoid 

local maxima in latent Gold 5.1. 
a Latent preference classes, preference class membership, scale classes, and scale class membership are 

estimated simultaneously using Latent Gold 5.1 (Vermunt & Magidson, 2016). 
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To determine heterogeneity in land manager preferences, the optimal number of 

preferences and scale classes are determined using the BIC40 (Greene & Hensher, 2002). 

The criterion suggests that the SALC model with four-preference and two-scale classes 

is the best fit (Table 5.2). The results show that land manager preferences are 

heterogeneous, i.e., vary significantly among four diverse preference and scale classes. 

Most land managers belong to Class 1, accounting for 44% of the sample, followed by 

Classes 2, 3, and 4 accounting for 38%, 13%, and 5% of the sample, respectively. 

5.3.2.1 Program scenarios, preference for status quo, and covariate effects 
 

Although it is usual to report WTP/WTA values from a DCE, we were more interested 

in determining the program adoption level. Therefore, we ran simulations to evaluate 

the probability of a respondent adopting a policy option over the SQ for each class and 

the seven policy scenarios (Table 5.3). 

In all stringent-case scenarios (where we select the worst possible outcomes for 

attributes that reduce utility), the probability of selecting a program in Class 1 is > 97%, 

implying that if land managers are offered a program with the maximum contract length 

and minimum subsidy level, they will accept the program relative to the status quo. 

Thus, land managers in this class always adopt a program and trade-off program 

attributes. 

Table 5.3 Probabilities of selecting an LRC program relative to the status quo 

Program 

attributes/ 

scenarios 

Length of 

agreement 

(year) 

Land 

enrollmen

t (%) 

Sesbania 

(Yes/No) 

Governme

nt subsidy 

(%) 

Class 1 Class 2 Class 3 
Class 

4 

Scenario 1 9 75 0 30 0.973 0.507 1.000 0.002 

Scenario 2 9 75 0 70 0.983 0.766 1.000 0.001 

Scenario 3 9 75 1 30 0.981 0.977 0.999 0.026 

Scenario 4 9 75 1 70 0.988 0.993 0.999 0.017 

Scenario 5 9 25 1 30 0.988 0.975 0.998 0.879 

Scenario 6 9 25 1 70 0.993 0.992 0.999 0.824 

Scenario 7 9 50 1 70 0.991 0.992 0.999 0.221 

 

In contrast, Class 2 members were indifferent about rejecting or accepting the LRC 

program because the preferences in Class 2 were limited to Sesbania and subsidy, while 

all other attributes were non-significant irrespective of changes to the program 

attributes. For Scenario 1, with a low subsidy level and wheat stubble, land managers 

were indifferent between program and status quo with a 50:50 probability. However, in 

                                                           
40 See Table B.5.1 
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Scenario 2, if land managers are offered an increase in subsidy (i.e., from 30% to 70%), 

the probability of accepting an LRC program increases to about 77%. It suggests that 

land managers would participate in the LRC program if offered an adequate subsidy and 

wheat stubble as a conservation practice. Moreover, Class 2 members were more 

oriented to Sesbania (Scenarios 3 to 7), which gives them high utility. If Sesbania were 

part of the LRC program characteristics, the probability of participation in the LRC 

program would be 97%, even with the lower subsidy level. 

Moreover, in all stringent-case scenarios, Class 3 members would always adopt the 

LRC program. However, if land managers can choose between conservation practices, 

they prefer wheat stubble over Sesbania; otherwise, the probability of selecting a 

program over the status quo did not significantly change. Furthermore, one could 

predict that land managers in Class 4 valued Sesbania as the proportion of land 

increased above 25% despite losing utility. Scenarios 1 to 4 indicate that the probability 

of choosing an LRC program is almost 0% when the land enrollment is maximum 

(75%). However, if land managers are offered minimum land enrollment (25%), the 

probability of participation increases from 0% to 88% for Scenario 5 and 0% to 83% for 

Scenario 6. If Class 4 land managers are offered the choice between Sesbania and wheat 

stubble, they prefer Sesbania as a conservation practice. 

Land manager choices in Classes 3 and 4 indicated that they ignored the government 

subsidy, with both classes accounting for about 18% of the samples where land 

managers randomly picked programs without discriminating program attributes. 

5.3.3 Potential sources of heterogeneity 

5.3.3.1 Factors influencing land managers preferences and marginal effects 
 

Tables 5.2 and 5.4 show the estimated parameters and marginal effects of covariates on 

the probability of class membership, respectively. Aside from confirming heterogeneity 

in land manager preferences for the LRC program design, the SALC model identifies 

the characteristics of land managers belonging to a specific preference class. We explain 

the influence of covariates in terms of probabilities that are more enlightening than 

parameter estimates to identify the membership class. Our model suggests that the 

probability of being in Class 1 increased by five percentage points when land managers 

experienced COVID-19 income shock. This class likely belongs to the maize–wheat–

mixed zone, which had a high probability of participating in the proposed LRC 

program. Land managers in this class are willing to sign up for any program unless the 

government offers them Sesbania to incorporate in their cropping pattern or some level 
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of government subsidy on gypsum to cope with income shock. The incorporation of 

Sesbania is consistent with their production system. The natural endowments and 

flexibility to grow different crops allow land managers to grow and incorporate 

Sesbania into the soil to improve soil structure and maintain soil health. Class 1 

members preferred field days as a promotional strategy to campaign for conservation 

programs. 

The probability of belonging to Class 2 increased by 23 percentage points for farm 

households in the rice–wheat agro-ecological zone compared to the maize–wheat–

mixed agro-ecological zone. Land managers in Class 2 perceived the unavailability of 

production loans as a barrier to undertaking on-farm conservation practices. To some 

extent, they experienced COVID-19 income shock, which is likely to delay their 

adoption behavior. The probability of choosing the LRC program is highly sensitive to 

Sesbania, which is internally consistent with production systems in the rice–wheat zone, 

where land managers have a window of opportunity to incorporate Sesbania into soils 

between the wheat and rice seasons.  

Class 3 is characterized by land managers that require more information on LRC 

outcomes through promotional strategies such as training programs and field days. In 

addition, land managers suspect that climate variability, pests, and diseases might affect 

crop production, consequently reducing the value of farm output and hindering land 

managers from investing in soil conservation practices on farms. Moreover, COVID-19 

income shock did not influence the probability of being in Class 3. Land managers in 

this class have the highest probability of belonging to the cotton–mixed zone, followed 

by the rice–wheat zone. However, this class always selects the program alternative 

without discriminating among the program attributes; however, they prefer wheat 

stubble to Sesbania, which seems plausible, as Sesbania might not fit the production 

system.  

Table 5.4 Impact of a unit change in a covariate on the probability of class membership 

Covariates Class 1 Class 2 Class 3 Class 4 

Field days 0.047 –0.132 0.021 0.064 

Land manager training –0.073 –0.038 0.119 –0.009 

Production loan barrier –0.159 0.231 –0.051 –0.021 

Production risk –0.116 –0.058 0.169 0.005 

COVID-19 income shock –0.048 –0.046 0.003 0.091 

Rice–wheat zone –0.441 0.370 0.070 0.001 

Cotton–mixed zone –0.310 0.028 0.261 0.021 
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Class 4 members are from the cotton–mixed zone. Class 4 asked for field days as a 

promotional strategy to advocate conservation programs among land managers. Land 

managers in this Class had not experienced income shock and thus did not require 

government support. 

5.3.3.2 Scale class membership 
 

Land managers in the same preference class may make choices with different degrees of 

certainty while responding to choice sets. Those in Class 1 had a higher scale (lower 

variance) in their error process. The self-reported certainty score implies that those who 

are more certain in their choices are more likely to be in this class, which internally 

validates the experiment. Davis et al. (2019) noted that interpretation of the significance 

of preference parameters could be influenced by the scale class used as a base. 

However, in this case, inferences did not change (Table 5.2 and Table B.5.2). 

5.3.3.3 Willingness to accept estimates of the SALC model 
 

The implicit prices of non-monetary attributes were calculated for the SALC model 

(Table 5.5) to indicate the trade-offs between non-monetary and monetary attributes of 

the LRC program. Positive implicit prices indicate the amount land managers are 

willing-to-accept for a unit change in the attribute level, and negative prices show the 

land managers’ willingness-to-pay for the LRC program. Since the government subsidy 

attribute coefficients in Classes 3 and 4 are insignificant, we omit these classes from the 

implicit price computation. As expected, the subsidy attribute coefficients are positive 

for Classes 1 and 2. Land managers in Class 1 would demand an extra 3.5 percentage 

points of increased subsidy on gypsum to sign up for one additional year of 

participation in the LRC program. Likewise, about one percent additional subsidy is 

required to enroll 1 percent extra land under the LRC program. If the government can 

provide Sesbania (as a green manuring crop) for Class 1, land managers would be 

willing to reduce the subsidy level by 27%.  

Table 5.5 Implicit prices of design elements (measured in percentage per bag of 

gypsum) 

Program attributes Change CLM Class 1 Class 2 

Length of agreement (year) 1 year 2.309 

(1.034) 

3.522 

(1.012) 

NS 

Land enrollment (%) 1% land 0.850 

(0.173) 

0.842 

(0.145) 

NS 

Sesbania No → Yes –80.576 

(12.372) 

–27.281 

(5.888) 

–129.037 

(44.002) 
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On the other hand, the estimated coefficient for Sesbania is significant in Class 2, where 

the implicit price for Sesbania implies that land managers would be almost willing to 

adopt Sesbania without subsidy to participate in the program. The information provided 

to land managers before starting the choice experiment on the potential of Sesbania 

(restoration and preservation of irrigated farmland) could have influenced them to adopt 

Sesbania even without government support. 

5.4 Discussion 
 

Given the need to involve land managers in the LRC program design for irrigated salt-

affected farmland, the study explores land manager preferences for a restoration and 

conservation program. A key finding is that land managers reveal significant 

heterogeneity in their preference for LRC program design structures. Four distinct 

preference classes were identified. The relative probabilities reveal that land managers 

in all four classes were willing to sign up for the LRC program, even if they were 

offered a program with stringent program characteristics (i.e., maximum contract length 

and enrollment area, minimum subsidy level, and Sesbania). Moreover, land managers’ 

risk perceptions, promotional strategies, COVID-19 income shock, and regional 

diversity significantly explained the heterogeneity in class preferences. 

The surveyed land managers expressed diverse preferences for Sesbania as a 

conservation practice to maintain soil health. Sesbania can reduce nitrate leaching and 

topsoil salinity and plays an important role in nitrogen fixation, improving soil organic 

matter, and enhancing soil fertility to improve crop productivity (Ali et al., 2012; 

Chander et al., 1997; Choudhary et al., 2011; Mandal et al., 2003; Nawaz et al., 2017; 

Paul et al., 2014; Verma et al., 2010). Sesbania was preferred by Classes 1 (maize–

wheat–mixed zone), 2 (rice–wheat zone), and 4 (rice–wheat and cotton–mixed zones), 

accounting for 87% of the land managers in the sample. This result suggests that the 

detailed information provided on Sesbania played a crucial role in land manager 

behavior, such that they valued Sesbania over wheat stubble and consistent with the 

respective production systems, except for the cotton–mixed cropping system. However, 

the caveat of presuming the benefits of providing information is that we do not know 

whether the given information changed the way they behaved. 

As expected, Class 3 (primarily from the cotton–mixed zone) preferred wheat stubble as 

part of the LRC program. Cotton is grown during the monsoon months (April–August) 

or from February–April. Sesbania might not fit this production system, where cotton 
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would have a competing crop between transitions from wheat to cotton, and land 

managers would have to change their cropping pattern, incurring additional costs. 

Another plausible explanation could be that the land managers belong to this class did 

not perceive high salinity on their farms and believe that retaining/incorporating wheat 

stubble after harvest would maintain soil moisture could serve the purpose. As argued 

by others, wheat stubble can help regulate soil salinity on farms; thus, regulating soil 

salinity in irrigated agriculture systems can improve crop-water productivity (Song et 

al., 2019; Temiz & Cayci, 2018). In this case, land managers do not require to 

compromise other crops, such as cotton and pre-summer vegetables. 

The results indicate that the length of agreement attribute is not important for Classes 2, 

3, and 4 but is valued by Class 1. Land managers may have no experience with such 

programs and may perceive longer contracts as not beneficial due to their short planning 

horizon. As argued by others, a long-term contract might be desirable to maintain 

environmental sustainability (Beharry-Borg et al., 2013; Kanchanaroek & Aslam, 2018; 

Ruto & Garrod, 2009). Efforts to motivate land managers to participate in long-term 

contracts are needed to realize the benefits of managing resources to maintain 

intergenerational equity of land resources. 

Moreover, the findings show that the probability of Class 4’s participation in the LRC 

program is more sensitive to land enrollment than the other classes. About 95% of the 

sampled land managers were less sensitive to land enrollment and willing to sign up for 

a program with maximum (75%) land enrollment, contrary to the expectations in the 

literature on land managers’ stated participation in AES elsewhere (Chang et al., 2017; 

Espinosa-Goded et al., 2010). According to Mellor & Malik, (2017), larger-scale farms 

in Pakistan account for only 2% of the poverty incidence of total rural households 

(including landless). This implies that small landholders make up a large proportion of 

the farming households, and it is crucial for them to enroll a high percentage of 

degraded land to conserve and maintain soil health for sustainable agricultural 

production and to eliminate rural poverty. 

Agricultural policies have used financial incentives to encourage land managers to 

adopt land management and conservation practices (Engel et al., 2008; Pagiola, 2008; 

Wunder, 2008). We find that financial incentive has a positive and significant impact on 

land manager preferences, which is consistent with standard economic theory 

(increasing incentive improves land manager participation). Since the LRC program 

imposes some direct costs, such as Sesbania’s production technology, wheat stubble’s 
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labor/machinery costs, and the opportunity cost of changing cropping patterns, it is not 

surprising that land managers (except Classes 3 and 4) expressed interest in 

compensation via gypsum subsidy for participating in the LRC program to restore salt-

affected farmland. Classes 1 and 2 care about the amount of subsidy received for 

participation in the LRC program, which could be related to COVID-19 income shock 

and the unavailability of production loans as constraints/barriers hindering their 

participation in the LRC program. Risks and uncertainty are the principal reasons 

hindering the adoption of conservation practices (Greiner et al., 2009; Pannell et al., 

2006; Streletskaya et al., 2020) and limiting participation in AES (Hellerstein, 2017; 

Whitten et al., 2017). Moreover, the availability of credit facilities protects land 

managers from risks (Foster & Rosenzweig, 2010) and helps overcome liquidity 

constraints (Ali & Abdulai, 2010) in adopting conservation practices for sustainable 

production systems.   

However, an economic incentive might not be the only reason for land manager 

participation in the LRC program. Non-monetary unobservable incentives, such as 

adopting conservation practices (i.e., Sesbania), could explain why land managers 

believe these practices could improve and maintain soil health and, eventually, crop 

productivity and provide sustainable income opportunities. Governments have an 

increasing interest in cultivating Sesbania as a green manuring crop to improve or 

restore soil quality. The Prime Minister’s Kasan package is an in principle attempt by 

the provincial government of Punjab to allocate a 50% subsidy to purchase Sesbania 

seed to accelerate its adoption (GoPunjab, 2018)41. In addition, the package proposes a 

50% subsidy on gypsum bags. Our study shows a slight change in LRC program 

acceptance with the gypsum subsidy increasing from 30% to 70%. Even at 30%, the 

government could get high land manager acceptance of the LRC program. In a non-

experimental study, Sheikh et al. (2021) found that, on average, gypsum adoption 

increased wheat and rice yields by about 15% and 23%, respectively. 

Moreover, land managers in Classes 3 and 4 asked for land manager training and field 

days to improve participation in the LRC program. The effectiveness of land manager 

training and field schools has been acknowledged for adopting soil and water 

conservation technologies (Anley et al., 2007; Bavorová et al., 2020; Chalak et al., 

2017) by increasing awareness among land managers and encouraging them to opt for 

                                                           
41 http://www.agripunjab.gov.pk/ongoingproj      

http://www.agripunjab.gov.pk/ongoingproj
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conservation practices to reduce or reverse soil degradation and improve crop 

production and income (Chesterman et al., 2019). 

Future research should examine the cost-effectiveness of LRC programs that vary 

across agro-ecological zones. In addition, further research is needed to compare the 

costs of incorporating land restoration and conservation practices into existing cropping 

patterns that could benefit or improve the LRC program.   

5.5 Conclusions and policy implications 
 

This study conducted a choice experiment to investigate land manager preferences for 

LRC program design features, including agreement length, proportion of land 

enrollment, conservation practices (i.e., Sesbania and wheat stubble), and government 

subsidy on gypsum. The study also examined the factors that influence land manager 

preferences. We employed a scale-adjusted latent class model using data from three 

salt-affected irrigated districts in three distinct agro-ecological zones (i.e., rice–wheat, 

cotton–mix, and maize–wheat–mixed cropping zones) of Punjab, Pakistan. The model 

allows us to account for the effects of scale variance on land manager preferences, 

providing more consistent preference estimates. 

The study has some important policy implications. First, the probability of signing up 

for the LRC program is not sensitive to government subsidy on gypsum, and land 

managers are willing to accept options at lower subsidy levels. It suggests that Prime 

Minister’s Kasan package may need revision to make it cost-effective, offering a 30% 

subsidy for a gypsum bag rather than the proposed 50%. The government should 

subsidize upfront costs until gypsum returns are apparent and help ensure widespread 

gypsum adoption in salt-affected areas. Second, our results show that by providing 

background information on Sesbania or even a minimum subsidy (30%) for gypsum, 

most land managers are willing to participate in the LRC program. The results also 

suggest that Sesbania can play a crucial role in improving and maintaining soil health in 

the long term, such that the provincial government should conduct training and field 

days to encourage land managers to adopt Sesbania. Third, the provincial government 

should improve financial delivery systems to reduce risk, constraints, and barriers to 

motivate land managers to participate in the LRC program. Overall, addressing the soil 

salinity issue via participation in the LRC program will improve soil health, rural 

livelihoods, and resource use efficiencies and eliminate poverty. 
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Appendix A Sampling Methodology 
 

The data used in this study came from a farm household survey (FHS) conducted in 

2019, covering the 2018–19 production year. A multi-stage stratified sampling 

procedure was used to select farm households. Punjab province was selected as it has 

the largest cultivated area in Pakistan (about 57%), accounting for about 73% of the 

bulk cereal production in the country (GoP, 2017). Three irrigated agro-ecological 

zones were purposively selected to represent the Punjab province of Pakistan (adapted 

from Ahmad et al., 2019). One representative district (i.e., Hafizabad, Jhang, and 

Bahawalnagar) was randomly selected from each agro-ecological zone. After 

consultation with the Deputy Director of the Agriculture Extension Department, two 

tehsils were purposively chosen from each selected district – one representing salt-

affected farmland and another with unaffected farmland. Two Union Councils (UCs) 

from each tehsil were purposively selected. Within each UC, two mouzas42 (revenue 

villages) were purposively selected, with one village randomly selected from each 

mouza. Finally, 21 farm households were randomly chosen from each village, typically 

comprising 60–70 farm households. A total of 504 farm households were interviewed, 

equally divided between salt-affected and unaffected areas. However, we only used a 

subsample of 252 farm households representing salt-affected areas. 

 

                                                           
42 Mouza usually comprised of 5-8 villages 
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 Figure A.5.1 Hypothetical choice experiment card 
 Note: Percentage subsidy is in green 
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Table A.5.1 Descriptive statistics of land manager characteristics 

Exogenous variable Variable description 
All (n = 240) 

Rice-wheat Zone (n = 

82) 

Mixed Zone (n = 

75) 

Cotton-wheat Zone (n = 

83) F/Chi2 

Mean SD Mean SD Mean SD Mean SD 

Sociodemographic 

Land manager's age 
Age of land 

manager (years) 
44.73 12.34 43.15 12.97 43.96 12.83 46.98 11.02 F(2, 237) = 2.22, p = 0.11 

Land manager's education (in 

years) 

Completed years of 

education (years) 
6.50 4.44 5.48 4.56 7.59 4.17 6.53 4.38 F(2, 237) = 4.56, p = 0.01 

Dependency Ratio 

Ratio of the number 

of inactive labor 

(<15 years and >65 

years of age) to 

active labor (aged 

15 to 65 years, 

inclusive) in the 

household 

0.71 0.66 0.59 0.46 0.67 0.74 0.85 0.74 F(2, 237) = 3.39, p = 0.04 

Farm Characteristics 

Small-scale Land managers 

1 if the operated 

area less than 12.5 

acres, otherwise 0 

0.70 0.46 0.60 0.49 0.80 0.40 0.72 0.45 
Chi2(2, 240) = 7.92, p = 

0.02 

Large-scale Land managers 

1 if the operated 

area greater than 

12.5 acres, 

otherwise 0 

0.30 0.46 0.40 0.49 0.20 0.40 0.28 0.45 
Chi2(2, 240) = 7.92, p = 

0.02 

Cropping diversity Index 0.74 0.22 0.70 0.26 0.75 0.22 0.78 0.17 F(2, 237) = 2.98, p = 0.05 

Tropical livestock Unit 

Aggregate of 

Tropical Livestock 

Unit (TLU) 

4.38 3.09 4.92 3.39 4.51 2.90 3.74 2.86 F(2, 237) = 3.17, p = 0.04 

Land Owned 
1 if owner of the 

land, otherwise 0 
0.61 0.49 0.50 0.50 0.65 0.48 0.67 0.47 

Chi2(2, 240) = 6.21, p = 

0.05 

Tenants 
1 if rented in/shared 

in land, otherwise 0 
0.08 0.28 0.10 0.30 0.07 0.25 0.08 0.28 

Chi2(2, 240) = 0.49, p = 

0.78 

Owner-cum-tenants 

1 if owner of the 

land and land on 

rented in/shared in, 

otherwise 0 

0.31 0.46 0.40 0.49 0.28 0.45 0.24 0.43 
Chi2(2, 240) = 5.45, p = 

0.07 

Preference class covariates 

Field days 

1 if land manager's 

preferred field days, 

otherwise 0 

0.32 0.47 0.44 0.50 0.29 0.46 0.23 0.42 
Chi2(2, 240) =  8.74, p = 

0.01 
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Exogenous variable Variable description 
All (n = 240) 

Rice-wheat Zone (n = 

82) 

Mixed Zone (n = 

75) 

Cotton-wheat Zone (n = 

83) F/Chi2 

Mean SD Mean SD Mean SD Mean SD 

Land manager's training 

1 if land manager's 

preferred trainings, 

otherwise 0 

0.66 0.48 0.79 0.41 0.71 0.46 0.48 0.50 
Chi2(2, 240) = 18.84, p = 

0.00 

Production loan barrier 

1 if land managers 

perceived 

unavailability of 

production loans as 

a barrier, otherwise 

0 

0.55 0.50 0.70 0.46 0.51 0.50 0.46 0.50 
Chi2(2, 240) = 10.40, p = 

0.00 

Production risk 

1 if land managers 

perceived 

production risk, 

otherwise 0 

0.45 0.50 0.43 0.50 0.44 0.50 0.47 0.50 
Chi2(2, 240) = 0.32, p = 

0.85 

Covid income shock 

(Pkr/10,000) 

Difference between 

Rabi 2019 and Rabi 

2018 income (Pkr) 

-0.44 1.35 -0.49 1.06 -0.22 0.70 -0.59 1.92 F(2, 237) = 1.62, p = 0.20 

Scale class covariate 

Certainty* Likert scale 1.63 1.13 1.05 0.22 1.12 0.33 2.67 1.38 F(2, 237) = 97.23, p = 0.00 

*Land managers were asked to rank the level of certainty when making choices (1= very certain, 4=very uncertain) 
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Table B.5.1 Criteria for determining optimal number of classes 

  Classes LL BIC(LL) AIC(LL) CAIC(LL) Npar R² 

Model 1 Multinomial logit model –1560.60 3148.60 3131.20 3153.60 5 0.14 

Model 2 1-sClass 1-Class choice –1560.60 3148.60 3131.20 3153.60 5 0.14 

Model 3 1-sClass 2-Class choice –1252.06 2602.77 2540.12 2620.77 18 0.42 

Model 4 1-sClass 3-Class choice –1115.74 2401.39 2293.49 2432.39 31 0.49 

Model 5 1-sClass 4-Class choice –1011.95 2265.05 2111.90 2309.05 44 0.58 

Model 6 1-sClass 5-Class choice –980.04 2272.47 2074.07 2329.47 57 0.59 

Model 7 2-sClass 1-Class choice –1362.84 2769.52 2741.67 2777.52 8 0.36 

Model 8 2-sClass 2-Class choice –1168.84 2452.77 2379.67 2473.77 21 0.49 

Model 9 2-sClass 3-Class choice –1054.57 2295.49 2177.15 2329.49 34 0.58 

Model 10 2-sClass 4-Class choice –999.69 2256.96 2093.37 2303.96 47 0.61 

Model 11 2-sClass 5-Class choice –969.53 2267.90 2059.06 2327.90 60 0.62 
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Table B.5.2 Utility estimates of preference classes normalized by scale class 1 

Attributes MNL 

model 

SALC model 

Class 1 Class 2 Class 3 Class 4 

Scale Class 1 (%)  16 14 4 2 

Scale Class 2 (%)  28 24 9 3 

Class size (%)   44 38 13 5 

Length of 

agreement (year) 

–0.023** 

(0.010) 

–0.149** 

(0.059) 

0.018 

(0.195) 

–0.111 

(0.224) 

–0.284 

(0.285) 

Land enrollment 

(%) 

–0.009*** 

(0.001) 

–0.036*** 

(0.010) 

0.008 

(0.026) 

0.050 

(0.034) 

–0.403*** 

(0.121) 

Sesbania (Yes/No) 0.816*** 

(0.049) 

1.154*** 

(0.308) 

13.426*** 

(3.394) 

–8.493*** 

(2.800) 

9.715*** 

(3.074) 

Government 

subsidy (%) 

0.010*** 

(0.002) 

0.042*** 

(0.011) 

0.104** 

(0.047) 

0.016 

(0.035) 

–0.041 

(0.040) 

ASC –2.367*** 

(0.173) 

–15.739*** 

(4.386) 

3.749 

(3.963) 

–30.573 

(28.813) 

–11.316*** 

(4.372) 

Latent class membership 

Field days 

(Yes/No) 

 –0.776** 

(0.351) 

–1.214** 

(0.360) 

–0.635 

(0.423) 

2.624*** 

(0.738) 

Land manager 

training (Yes/No) 

 –0.231 

(0.329) 

–0.176 

(0.334) 

1.594** 

(0.505) 

–1.188* 

(0.627) 

Interest-free loan barrier  

(Yes/No) 

0.358 

(0.312) 

1.267*** 

(0.317) 

0.092 

(0.392) 

–1.717** 

(0.636) 

Production risk 

(Yes/No) 

 –0.771** 

(0.307) 

–0.670** 

(0.308) 

1.152*** 

(0.407) 

0.289 

(0.551) 

COVID-19 income 

shock (Pkr/10,000) 

 –0.533** 

(0.228) 

–0.546** 

(0.225) 

–0.402* 

(0.238) 

1.481** 

(0.638) 

Rice–wheat zone 

(Yes/No) 

 –1.289*** 

(0.434) 

0.673 

(0.446) 

0.617 

(0.643) 

–0.001 

(0.966) 

Cotton–wheat zone 

(Yes/No) 

 –1.633*** 

(0.408) 

–0.810* 

(0.446) 

1.173* 

(0.623) 

1.270 

(0.869) 

Constant  2.887*** 

(0.492) 

1.315** 

(0.518) 

–2.389*** 

(0.839) 

–1.812* 

(0.984) 

    Scale Class 1 (36%)  Scale Class 2 (64%) 

Scale factor  1 0.277*** 

Scale class membership 

Certainty  –0.667** 0.667** 

Constant   0.422 –0.422 

Log likelihood –1560.601  –999.686 

***, **, and * denote significance levels at 1%, 5%, and 10% levels respectively. 
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Table B.5.3 Summary of the RPL model 

  Coefficient estimate 

(standard error) 

ASC –8.824*** 

(1.131) 

Length of agreement (years) –0.091*** 

(0.021) 

Land enrollment (%) –0.024*** 

(0.004) 

Sesbania (Yes/No) 2.449*** 

(0.766) 

Government subsidy (%) 0.002 

(0.007) 

Interactions  

Sesbania*Cotton–mixed zone –2.981*** 

(0.623) 

Sesbania*Maize–wheat–mixed zone –2.356*** 

(0.604) 

Sesbania*Production risk –0.874* 

(0.479) 

Sesbania*Government subsidy 0.037*** 

(0.012) 

COVID-19 shock*Government subsidy –0.006 

(0.022) 

Standard deviation 

Length of agreement (years) 0.135*** 

(0.029) 

Land enrollment (%) –0.038*** 

(0.004) 

Sesbania (Yes/No) 3.299*** 

(0.297) 

ASC –4.360*** 

(0.675) 

Model statistics   

Observations 6,480 

LR chi2 874.39*** 

Log likelihood –1072.012 

AIC 2172.024 

BIC 2266.895 

***, **, and * denote significance levels at 1%, 5%, and 10% levels respectively. 
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Chapter 6 

 

Conclusions and Policy Implications 

 

6.1 Overview 
 

Land degradation continues to undermine the long-term sustainability of soil health that 

hinders the provision of food and fiber for an ever-growing population. Addressing soil 

health problems requires adequate and reliable information on soil quality, which is 

rarely available for decision-makers in evaluating the productivity of agroecosystems. 

Among various forms of land degradation, soil salinity is a widespread problem in arid 

and semi-arid regions of the world. It negatively affects plant growth and development. 

Soil salinity is a major environmental problem in the irrigated farmlands of Pakistan, 

primarily due to the use of brackish groundwater to meet crop water requirements. 

Effective management of salt-affected farmland requires site-specific sustainable land 

management (SLM) practices and a holistic actionable land restoration and conservation 

(LRC) program to reverse or reduce soil salinity to an acceptable level for plant growth 

and land productivity. 

This study explored four research objectives to: 1) develop a soil quality indicator (SQI) 

based on individual soil characteristics; 2) examine the factors influencing the speed of 

gypsum adoption by private land managers and its impact on crop yield; 3) investigate 

the determinants of time until adoption of LLL technology and evaluate the diffusion of 

LLL technology under different government subsidy schemes and its impact on 

groundwater use; 4) and evaluate heterogeneity in land managers’ preferences for 

crafting a land restoration and conservation (LRC) program for irrigated salt-affected 

farmland. A multi-stage stratified sampling procedure was used to select 504 farm 

households in three irrigated agroecological zones (i.e., rice–wheat zone, maize–wheat–

mix zone, and cotton–mix zone) of Punjab Pakistan. Land managers were interviewed 

using a structured questionnaire through face-to-face interviews. A unique feature of the 

data the collection of soil samples from land manager’s plots and analysis of six soil 

attributes including soil pH, electrical conductivity (EC), soil organic matter (SOM), 

phosphorus (P), potassium (K), and ammonium (NH4). 
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6.2 Research findings and implications 

 

Soil health is a serious concern for private land managers, policymakers, and 

practitioners worldwide. Individual soil attributes may not quantify varying soil 

conditions on farmland. However, a SQI provides information on soil quality that 

integrates individual soil attribute into a composite measure of Luenberger’s soil quality 

indicator (SQI). A well-developed SQI can be a decision-making tool for policymakers 

to evaluate the sustainability of agroecosystem. Such indicators can be used to assess 

the effectiveness of conservation practices on farmland. In addition, it offers the basis 

for land capability classifications, creating national guidelines for agriculture land use 

planning and improve the regulatory framework for large-scale investment in 

agriculture. An SQI could support the provincial Board of Revenue in assessing the 

value of agricultural lands and tax rates that improve equity outcomes and improve the 

efficiency of land rental markets. In addition. It could help financial institutions to 

assess the amount of credit distributions to land manager against pledged agricultural 

land quality. 

Moreover, a simple OLS regression of estimated SQI on individual soil attributes 

revealed that SQI is more sensitive to soil EC, K, and NH4 for wheat production and to 

EC, K, and P for rice production; that is, soil is deficient in macronutrients (NPK), 

especially potassium in both cropping systems, and soil EC negatively affects plant 

growth and development. The analysis suggests that the provincial government should 

fast-track current ongoing efforts designed at supporting site-specific land restoration 

and conservation practices to remediate or reduce soil EC to acceptable levels to boost 

plant growth and development. Moreover, there would be benefits from improved 

extension services and education programs on practices that can enhance balanced use 

of chemical fertilizers to overcome NPK deficiency. 

Soil salinization is a serious environmental concern in the irrigated regions of Punjab 

Pakistan. The issue can be resolved through SLM practices such as gypsum and LLL 

technologies to reverse or reduce degraded soils. The important question was to 

understand how soon land managers decide to use gypsum and LLL technologies after it 

has become available in the market. Moreover, it is crucial to evaluate the outcome of 

adopting SLM practices. Duration analysis was used to examine the determinants of 

time to gypsum and LLL adoption. Policy interventions that increase exposure to 

agricultural innovations, information about the innovations, and legal land entitlement 

significantly reduced the time to gypsum and LLL adoption. Moreover, access to credit 
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facilities increased the likelihood of LLL adoption. In contrast, the adoption of gypsum 

is decelerated by long distance to input markets, and soil and water testing laboratories. 

Likewise, an increase in the distance to the LLL rental market increases the time to 

adoption. The model results show that the 2005–08 government subsidy scheme had 

less impact on accelerating the adoption of LLL technology than the 2012–18 subsidy 

scheme. The provincial government’s data shows that more LLL units were distributed 

during the 2012–18 subsidy scheme, improving the availability of rental LLL services 

for land managers. Moreover, the study results found that applying gypsum increases 

wheat and rice yields by 17% and 23%, while adopting LLL technology reduces the 

amount of groundwater applied to the wheat crop by 23%. 

The findings suggest that the provincial government can fast-track its current efforts to 

digitize the land record system and improve the land administrative process in granting 

land rights. The digitization process would encourage and provide security for land 

managers to invest in land management practices and provide collateral for land 

managers to use in the application process for production loans. In addition, the 

government can create easy access to credit facilities that would help land managers 

cope with liquidity constraints and encourage investment to increase the adoption of 

SLM practices. Moreover, educating land managers to understand the benefits and costs 

of gypsum and LLL technologies and reduce uncertainty. This may involve extending 

the information delivery mechanism through improved extension services and 

establishing demonstration trial sites, complemented by other information-sharing 

pathways such as interaction with progressive farmers and input dealers to enhance land 

managers’ awareness about the technology in areas where the technology has not been 

promoted. Moreover, the government should pave the way to withdraw subsidy on LLL 

implements and allow the private sector to move in and let the rental market works in a 

competitive environment. Finally, gypsum adoption can be scaled-up by establishing 

new soil and water-testing laboratories through public–private partnerships at a lower 

administrative level (i.e., Tehsil or Union Council) bringing available services closer to 

the farm gate.  

Accelerating gypsum and LLL adoption among land managers in irrigated areas will 

help to reverse or reduce degraded soils, increasing the cultivated area, land 

productivity, and food security situation of rural farm households. However, sustainable 

land management requires a comprehensive land restoration and conservation (LRC) 

program to restore and maintain soil quality. The study incorporated gypsum as a 
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chemical prescription to restore degraded soils and conservation practices such as green 

and brown manuring into designing a holistic program for the irrigated areas. A scale-

adjusted latent class model within a choice experiment framework was used to 

investigate land manager preferences for LRC program attributes (i.e., contract length, 

proportion of land enrolment, conservation practices, and government subsidy on 

gypsum) in each latent class and explored heterogeneity in the preference member 

classes. The study found that the probability of signing up for the LRC program is not 

sensitive to government subsidy but is sensitive to the incorporation of Sesbania relative 

to wheat stubble. It means that land managers are willing to accept an LRC program at 

lower subsidy level. Households that experienced a COVID-19 income shock preferred 

a government subsidy on gypsum. Other factors, including agroecological diversity, 

lack of available production loans, and promotional strategies, explained the 

heterogeneity in preferences for class membership. 

The results suggest revising the provincial government package to make it cost-effective 

for the government. The government can offer a 30% subsidy on gypsum rather than the 

proposed 50% until returns are apparent to aid the widespread adoption of gypsum in 

salt-affected areas. Moreover, background information on Sesbania could play an 

important role in accelerating the adoption rate among land managers. The government 

could organize land manager training and field days to increase Sesbania adoption. 

Finally, reducing the barriers to credit access can help land managers to overcome 

liquidity constraints to accelerate participation in the LRC program. Participating in an 

LRC program will improve the overall sustainability of the agroecosystem that could 

enhance land productivity, and improve livelihood and food security situation of rural 

farm households.  

6.3 Limitation and future direction 
 

The study has several caveats. First, farm household data were collected from three of 

14 irrigated agroecological zones of Punjab province. From each selected zone, only 

three districts were selected due to financial and time constraints. Second, there was no 

mechanism on farms to monitor the exact volume of groundwater applied to crops. The 

study attempted to bridge this gap by using an approximation equation to measure 

groundwater extraction with the assumption that the lifting head is equal to the depth of 

the tube well. However, the equation did not consider the fuel type to operate the tube 

well, which varies across tube-well types. It implies that the approximation equation did 

not capture variations inefficiency in groundwater extraction across tube-well types. 
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Consequently, the estimated amount of groundwater could be somewhat over or 

underestimated. In addition, the study did not estimate groundwater use efficiency (i.e., 

consumption/demand side) that depends on factors such as evapotranspiration, 

focussing more on the supply side (i.e., amount of water extracted and applied to crops) 

of groundwater. 

Third, the results of the SQI are based on six soil attributes that focus on the chemical 

and biological properties of soils but not the equally important physical properties. 

Fourth, the distribution of soil attributes varies by spatial location; thus, the results may 

have limited application in similar contexts, requiring a critical view of these findings 

for application in different contexts. Fifth, the study did not use data on climate, where 

further investigation is required to incorporate climate data in the DEA framework to 

construct SQI. Sixth, further work is needed to estimate the implicit price of farmland 

based on the SQI across agroecological zones. Finally, possible analysis of interactions 

between different types of farming systems, that is, the whole farm approach including 

the impacts of different crops, and/or livestock interactions could be explored. 

The adoption studies were based on cross-sectional survey data, but adoption is a 

dynamic and ongoing process. Future work on the adoption of gypsum and LLL 

technology is important to elicit data over time (i.e., panel data) to understand the 

diffusion process and capture time-dependent explanatory variables that could influence 

the time to adopt SLM practices. Moreover, the adoption decisions of land managers 

should be explored in conjunction with other land management practices as a package 

of technologies. 

Future research should examine the cost-effectiveness of different LRC programs across 

agroecological zones. In addition, further research is needed to compare the costs of 

incorporating land restoration and conservation practices in the existing agroecological 

patterns that could benefit or improve LRC programs, as estimated from land manager 

WTA values, to evaluate and design a cost-effective LRC program. Lastly, barriers to 

adopting conservation practices need to be addressed, specifically for multipurpose 

species such as Sesbania, which is used for livestock feed and as a green manure crop to 

improve soil organic matter. This study considers LRC program interventions specific 

to the summer season, but allowing for seasonal variation in the design would improve 

adoption and the effectiveness of such programs in the future.
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APPENDICES 

Appendix 1 Descriptive Statistics 

Serial 
number 

Exogenous variable Variable description 

Overall (n=504) Rice–wheat zone (n=168) Maize–wheat–mix zone (n=168) Cotton–mix zone (n=168) 

Mean 
Standard 

deviation 
Mean 

Standard 

deviation 
Mean 

Standard 

deviation 
Mean 

Standard 

deviation 

1 Land manager’s age Age of land manager (years) 43.18 12.35 42.52 13.05 42.20 12.18 44.81 11.69 

2 
Land manager’s 
education 

Completed years (years) 6.50 4.58 5.73 4.76 6.75 4.51 7.02 4.38 

3 Farming experience 

Since independently started 

farming until survey year 
(years) 

23.62 12.15 23.34 12.69 22.85 12.23 24.66 11.51 

4 Family labor 
Adult equivalent family labor 

engaged in agriculture 
2.30 1.33 2.40 1.31 2.14 1.32 2.35 1.36 

5 Family size 
Number of family members in 

the household 
7.29 3.02 7.54 3.20 6.97 2.66 7.36 3.16 

6 Dependency ratio 

Ratio of the number of inactive 

labor (<15 years and >65 years 

of age) to active labor (aged 15 
to 65 years, inclusive) in the 

household 

0.73 0.69 0.62 0.64 0.76 0.72 0.81 0.70 

7 Farm Size 
Number of farm acres operated 

by farm households 
11.67 13.58 14.74 17.22 8.25 9.57 12.02 12.09 

8 
Small-scale land 
managers 

1 if the operated area less than 
12.5 acres, otherwise 0 

0.71 0.45 0.63 0.49 0.80 0.40 0.71 0.46 

9 
Large-scale land 

managers 

1 if the operated area greater 

than 12.5 acres, otherwise 0 
0.29 0.45 0.38 0.49 0.20 0.40 0.29 0.46 

10 Owners 
1 if owner of the land, 
otherwise 0 

0.64 0.48 0.55 0.50 0.68 0.47 0.68 0.47 
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Serial 

number 
Exogenous variable Variable description 

Overall (n=504) Rice–wheat zone (n=168) Maize–wheat–mix zone (n=168) Cotton–mix zone (n=168) 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

11 owner-cum-tenants 

1 if owner of the land and land 

on rented in/shared in, 

otherwise 0 

0.26 0.44 0.33 0.47 0.25 0.43 0.20 0.40 

12 Tenants 
1 if rented in/shared in land, 

otherwise 0 
0.10 0.30 0.12 0.32 0.07 0.25 0.12 0.32 

13 
Legal formal land 

rights 

1 if the household have Fard-e-
malkiat and Inteqalnama, 0 

otherwise 

0.55 0.50 0.48 0.50 0.52 0.50 0.64 0.48 

14 Customary land rights 

1 if the household has 

customary land rights, 0 

otherwise 

0.20 0.40 0.17 0.37 0.27 0.44 0.15 0.36 

15 Total livestock units 
Aggregate of Tropical 

Livestock Unit (TLU) 
4.54 3.84 5.26 4.45 4.20 2.80 4.15 4.01 

16 Crop diversity index Index 0.72 0.25 0.70 0.27 0.71 0.27 0.75 0.20 

17 
Land at the head of 
watercourse 

1 if land located at the head of 
the watercourse, otherwise 0 

0.25 0.43 0.32 0.47 0.23 0.42 0.18 0.39 

18 
Land at the middle of 

watercourse 

1 if land located at the middle 

of the watercourse, otherwise 0 
0.29 0.45 0.17 0.38 0.25 0.43 0.45 0.50 

19 
Land at the tail of 

watercourse 

1 if land located at the tail of 

the watercourse, otherwise 0 
0.46 0.50 0.51 0.50 0.52 0.50 0.36 0.48 

20 Poor soil quality 
1 if perception about farm soil 
is poor, 0 otherwise 

0.15 0.35 0.20 0.40 0.15 0.36 0.10 0.29 

21 
Good quality 

groundwater 

1 if perception about quality of 

groundwater is good, 0 
otherwise 

0.41 0.49 0.47 0.50 0.58 0.50 0.20 0.40 

22 Access to credit 
1 if the land manager has 
access to credit, otherwise 0 

0.20 0.40 0.21 0.41 0.17 0.37 0.22 0.42 
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Appendix 2 Sampling distribution of the administrative units 

Districts Tehsils Union Council Mouza 

HAFIZABAD 

PINDI BHATTIAN 

KOT NAKA 
PAR LAKHAN 

BAIRAN WALA 

THATA KHAIRO 

MUTAMIL 

MUQAM WALA 

FATEH KI 

HAFIZABAD 

VANIKEY TARAR 
CHAH ANA 

KOT MEERAN 

KOT ISHAQ 
KOT SAYED 

BURKAN KALAN 

JHANG 

SHORKOT 

KOTLA ZAREEF KHAN 
KHUDAI YAR KHATYA 

KOTLA ZAREEF KHAN 

RAKH KOTLA 
RAKH KOTLA 

7 GAGH 

AHMED PUR SIAL 

GUDARA 
2/3-L 

GUDARA 

SULTAN BAHU 
DUL 

SULTAN BAHU 

BAHAWALNAGAR 

HAROONABAD 

58-4/R 
58-4/R 

59-4/R 

44-3/R 
41-3/R 

44-3/R 

BAHAWALNAGAR 

SALAM PURA 
KHAWAJA BAKHSH BODLA 

TUKRA 

KOT FATEH 

MUHAMMAD 

KOT FATEH MUHAMMAD 

CHAK GHULAM 

MUHAMMAD 

  




