
 
 

Give to AgEcon Search 

 
 

 

The World’s Largest Open Access Agricultural & Applied Economics Digital Library 
 

 
 

This document is discoverable and free to researchers across the 
globe due to the work of AgEcon Search. 

 
 
 

Help ensure our sustainability. 
 

 
 
 
 
 
 
 

AgEcon Search 
http://ageconsearch.umn.edu 

aesearch@umn.edu 
 
 
 

 
 
 
 
 
 
Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only. 
No other use, including posting to another Internet site, is permitted without permission from the copyright 
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C. 

https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
http://ageconsearch.umn.edu/
mailto:aesearch@umn.edu


Are Consumers Willing to Pay for Conservation Agriculture in Low-Income Countries? The 

Case of White Maize in the Democratic Republic of the Congo 

 

 

 

 

 

 

 

 

Willy Mulimbia, and Lanier Nalleya* 

aDepartment of Agricultural Economics and Agribusiness, University of Arkansas. 217 Agricultural Building, 

Fayetteville, Arkansas 72704, USA. 

*Corresponding author: llnalley@uark.edu  

 

 

 

 

 

 

 

 

 

Working Paper  

 

Selected paper prepared for presentation at the Southern Agricultural Economics Association (SAEA) 

52th Annual Meeting, Louisville, Kentucky, February 1 - 4, 2020 

 

Copyright 2020 by [Mulimbi, and Nalley]. All rights reserved. Readers may make verbatim copies of this 

document for non‐commercial purposes by any means, provided this copyright notice appears on all such 

copies.  

mailto:llnalley@uark.edu


2 
 

Working paper 

Introduction 

Deforestation has proved to be instrumental in exacerbating global climate change (Bala 

et al., 2007; Fearnside, 2000; Stocker et al., 2013). Annually an area of the size of Austria 

vanishes globally via deforestation (Seymour and Busch, 2016). The majority of the world has 

come to a consensus that saving the remaining rainforest is pivotal to help mitigate global 

warming.  Multilateral climate funds are increasingly funding projects that mostly support both 

climate change adaptation and mitigation, and not specifically deforestation (Watson and 

Schalatek, 2019). Efforts to stop deforestation still appears to be a reactionary issue and not a 

proactive one. The international community mobilization to save forests tends to surface only 

when the public views large fires in the Amazon rainforest (2019), or the Australian outback 

(2020). Proactively integrating sustainable mechanisms in natural resources management should 

be the logical way to offset vulnerability and the effects of underdevelopment in favor of 

millions of people in low-income countries (LICs) who rely on the rainforest for a living and 

humanity as a whole who rely on the rainforests for climate stability. 

In low Income countries such as the Democratic Republic of the Congo (DRC), where 

people rely on rainforests for their livelihoods; understanding the synergies that were put forth by 

the United Nations sustainable development goals (SDGs) is crucial considering the trade-offs 

between climate change, reducing food insecurity, and eliminating poverty, and the ultimate goal 

of forest conservation (Campbell et al., 2018). The issues of natural resources management, such 

as deforestation intersect with the global problems of poverty and climate change (Seymour and 

Busch, 2016). In the DRC, where farmers, who are predominately women, walk long distance 

away from home to cultivate in the forest (Mulimbi et al., 2019), deforestation is, unfortunately, 

an action taken by rural communities to overcome food insecurity. Farmers always have a strong 
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motivation when they choose to cut trees of the natural rainforest (Cannon, 2018). The expansion 

of small-scale forest clearing for agriculture and fuelwood are among the direct drivers of the 

increasing primary forest losses encountered the last decades in the DRC (Turubanova et al., 

2018; Tyukavina et al., 2018). The situation is likely to escalate in the future due to the growing 

population and demand for food and natural resources. In developing countries, like the DRC, as 

population grows and as arable land becomes scarcer, more farmers may choose to move to 

fragile lands such as rainforests (Sunderlin et al., 2005). Based on the United Nations projections 

(2019), the DRC’s current population will double by 2050 due to a 3.2% yearly population 

growth rate. The country will be ranked 10th globally in terms of population size (Bongaarts, 

2009). Unfortunately, food insecurity is still unsolved with the DRC Ministry of Agriculture 

(2018) reporting a 22% national deficit in food supply in 2018. Currently, there are no 

incentives; in fact there are disincentives, for small scale producers in the DRC to stop the 

practice of slash-and-burn agriculture, a major driver of deforestation. According to the Ministry 

of Environment (2012), the local population conducts Slash-and-burn agriculture in order to 

address their subsistence or financial needs and such rural activities are encouraged by a difficult 

economic environment and a weak institutional framework – political decisions, civil wars, bad 

governance, crisis, unemployment, and poverty.  

The United Nations Food and Agriculture Organization (FAO) is on the frontline of 

transforming agricultural systems to meet the United Nations Sustainable Development Goals 

(SDGs) by bolstering approaches that aim to increase agricultural productivity and to enhance 

soil health (FAO, 2018), the two missions that define conservation agriculture. Conservation 

Agriculture (CA) is a farming system that promotes maintenance of a permanent soil cover, 

minimum soil disturbance (i.e. no tillage), and diversification of plant species (FAO, 2019). It 
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enhances biodiversity and natural biological processes above and below the ground surface, 

which contribute to increased water and nutrient use efficiency, and improved and sustained crop 

production (FAO, 2019). CA is a climate-smart technology universally applicable to several 

types of lands that have both economic, agronomic, and environmental benefits (FAO, 2019). 

Until recently, the knowledge about CA in the DRC, especially how this climate-smart 

technology would benefits producers, who are mostly small-scale semi-subsistence, and its 

potential impacts, was unexplored. CA has the potential to contribute to improving farmers’ 

revenue and food security (Mulimbi et al., 2019). The adoption of agricultural technologies like 

CA emerges as a mechanism that can help LICs to catch-up on the development ladder (Foster 

and Rosenzweig, 2010), especially by reducing poverty in a region such as Africa (de Janvry and 

Sadoulet, 2002). Yet farmers’ decision to adopt depends on their individual's perception of 

expected profit, understanding of risk and attitude to risk (Abadi Ghadim and Pannell, 1999). 

Given the nature and difficulty of obtaining data for markets and value chains in the 

DRC, little research has been conducted to see if consumers in the DRC are willing to pay a 

premium for food produced in a sustainable manner. So far, no study has explored whether 

DRC’s consumers would be willing to act to reduce deforestation. While many consumers in 

LICs simply focus on price minimization when it comes to meeting dietary needs, deforestation 

is an issue that many Congolese understand. If consumers would be willing to pay a premium for 

food produced under CA guidelines it could spur the adoption of CA technologies by producers, 

and ultimately may curtail deforestation. To estimate if Congolese consumers are willing to pay 

for CA we surveyed consumers in the city of Bukavu, DRC to elicit if they were willing to pay a 

premium for white maize flour (a staple in that part of DRC) produced using CA. The results of 

this study are important as if it is found that consumers are not willing to pay for CA, then it may 
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indicate to the international community that NGO intervention is needed to try and reduce 

deforestation. If it is found that Congolese consumers are willing to pay a premium for CA white 

maize, it may indicate that market forces could help alleviate deforestation. Regardless, this 

study is the first of its kind in Africa to test if consumers are willing to reduce deforestation.  

Importantly, the survey provided different information sets to see their effects on the 

consumers WTP for CA. While there are obvious environmental impacts from deforestation, 

there are also social issues as well. Like most central - African countries, women do most of the 

agricultural work. As producers (mostly women) harvest the nutrients from a cleared forest floor, 

they continue the practice of slash-and-burn agriculture to harvest new rents. Problematically, 

they have to move further away from their village. As women work and walk to/from home to 

these further distances, they find themselves a target for violence and rape. Millions of women 

have been raped in unstable rural DRC, and some were just small-scale farmers (Mulimbi et al., 

2019).   

Thus, this study wanted to analyze if framing the problem of deforestation from either a 

social or environmental impacts could affect the consumers’ willingness-to-pay (WTP) in favor 

of CA. Both deforestation and rape are prevalent in the DRC and while CA will not eliminate 

either, it has the possibility to curtail both issues. In the absence of enough CA-adoption related 

literature in the DRC, assessing the WTP for a commodity produced under CA would be a 

compelling appraisal technique of the need for this agricultural technology. Taken together, this 

study sets out to link consumers’ behavior to producers’ technology adoption decision (CA). A 

better understanding this relationship is critical in designing the appropriate strategies in 

agricultural research and development. At this point, it is relevant to recall that policymakers, 

development agencies, and governmental and international research institutions need evidence to 
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guide policy and program designs. Additionally, this study aims to identify particular traits that 

should contribute to understanding CA adoption and scale-up. The main one being to 

understanding how far consumers would be supportive of sustainable agricultural practice 

preserving the environment and benefiting producers.   

Conceptual considerations 

Demonstrating the value of CA is not is not always straightforward, especially in the 

DRC where this agricultural technology is still new. The beneficial features of CA make its 

valuation peculiar and for that, the following points are important background to have in mind 

for this study’s investigation. Exploring WTP to value CA make this work unique in its genre. 

Close agricultural technologies studies related to soil conservation practices like CA, and 

utilizing CV method’s WTP using the double bounded dichotomous choice (DBDC) approach 

are scarce. Two studies investigating farmers’ valuation of soil conservation in Ethiopia (Erango 

et al., 2017; Kasaye, 2015) have been encountered in the literature. On the one hand, Erango et 

al. (2017) found that farmers in the Highlands were willing to pay more for soil conservation 

practices and family size, labor availability, land size, household head education and income 

levels drove significantly their WTP. They suggested that farmers’ WTP increased by 0.3% with 

each additional family member, by 4.6% when the farmer faces labor shortage, by 10% when 

land size goes up by 1 unit, and by 14% for each additional year of education. On the other hand, 

in another region of Ethiopia, Kasaye (2015) demonstrated that gender, education, livestock, 

problem perception, and extension service were the drivers of farmers higher WTP for soils 

conservation practices on communal lands. Kasaye (2015) suggested that farmers’ WTP 

increased by 8% for male farmers than female, by 13% if the household head is literate, by 2% if 

the household has livestock, by 19% for farmers who perceived soil erosion to be a great 
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problem, and by 0.11% if the farmers were visited by extension agents regularly. Both studies 

conclude that the recognition of negative impact of soil erosion motivated farmers’ WTP.    

Most WTP studies with CV method are subject to hypothetical bias, the major weakness 

of stated preferences approaches. Even though this bias is not always found in all studies, it has 

been documented and, unfortunately, there is no accepted theory around it (Loomis, 2011). 

Hypothetical bias arises from the hypothetical nature of stated preferences. To illustrate 

hypothetical bias, List and Gallet (2001) found that on average subjects overstated their 

preferences. Hypothetical bias can be addressed using ex-ante and ex-post approaches (Loomis, 

2011). The first group includes cheap talk, a technique integrated in the design of several WTP 

studies recently. The technique itself refers to a process of explaining hypothetical bias to 

individual before asking a valuation question (Lusk, 2003). Cummings and Taylor (1999) were 

the first to introduce cheap talk, which was later used by Lusk (2003). Silva et al. (2011) 

confirmed the validity of cheap talk in state preferences studies albeit its potential neutral action 

on hypothetical bias in some cases.  

Away from our interest in CA, some consumers’ WTP studies using DBDC have 

successfully integrated cheap talks to handle hypothetical bias and so improve their 

methodologies and designs. A recent study by Sanjuan et al. (2012) investigated Spanish and 

French consumers WTP to pay for direct market of beef in their boarding region of Pyrenees. 

They found that regular consumers used to beef direct markets are willing to pay more driven by 

product freshness, more confidence in the production process, and perception that they directly 

contribute to producers’ income. Their results also suggest that French consumers are willing to 

pay more than their Spanish counterparts are. More recently, another study by Lee et al. (2015) 

investigated Korean consumers WTP to pay a tax for a mandatory mad cow disease-testing 
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programme. Their findings suggest that Korean have a strong preference for the programme with 

a WTP greater than the estimated implementation cost of the programme itself. They also found 

that high-income households and housewives with higher perception of BSE were willing to pay 

more for the tax. 

WTP studies have also documented a large variety of determinants. However, the last 

two decades it appears in the literature that most of those studies mainly used income, education 

levels, demographics such as age, household size, and gender (Lee et al., 2015; Loureiro et al., 

2006; Lusk, 2003; Sanjuán et al., 2012; Silva, et al., 2011) and additional variables depending on 

their topic and objectives. Thus, specific factors such as perception (Sanjuán et al., 2012), 

employment and/or health status (Cawley, 2008; Gustafsson-Wright et al., 2009; Loureiro et al., 

2006), farm size (Banka et al., 2018; Knapp et al., 2018; Mezgebo et al., 2013) and/or farm labor 

(Erango et al., 2017, Kasaye, 2015), and others can be found. There is no precise rule of thumb 

in building the links with between WTP and its explanatory determinants. As results, researchers 

bring about various combinations. While investigating consumers’ behavior in Kenya, Kimenju 

and De Groote (2008) found that participants’ average WTP for genetically modified (GM) 

maize was 13.8% higher than the average price of non-GM maize. Furthermore, they 

demonstrated that trust in the government food quality control system, secondary education and 

high-income positively drove WTP while perception of health risk and ethical concerns had a 

negative influence on it. More recently, another study by Knapp et al. (2018) explored Arkansans 

WTP for irrigation water when groundwater is scarce. They found that local producers located in 

areas of low access to groundwater resources had higher WTP and would choose to take their 

croplands out of production due to groundwater supply reduction. In this study, awareness of 
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state tax credit and participation to the conservation reserve program are the key factors that 

drove WTP in divergent directions. Finally, a WTP study on soil conservation practices 

By focusing on CA, a soil conservation practice, our research in line with Kasaye (2015) 

and Erango et al. (2017) whose choice of WTP determinants are consistent with Asrat et al. 

(2004). Given all that has been mentioned so, we ended up with a typical consumers’ WTP study 

that uses DBDC to estimate how white maize flour consumers would value CA, and integrates a 

cheap tall script in the survey to control any to potential hypothetical bias from the targeted 

urban consumers. 

Research design and informational treatments 

We designed an electronic survey questionnaire using Qualtrics survey software and 

uploaded it to tablets and smartphones for use by four surveyors. All the surveyors were familiar 

with the work and data collection tools, and they attended a one-day training session where they 

also pretested the survey questionnaires prior to field work. The questionnaire had three sections. 

The first section introduced the study to the participants detailing its purpose and the type of 

information required about consumers’ preferences. Respondents were reminded that 

participation was voluntary. Furthermore, we informed participants about the implications of the 

study and collected their individual consent to participate. To participate, individuals were 

required to be at least 18 years old and to consume white maize flour at least once per week.  

Respondents were randomly assigned to treatment groups that varied the type of 

information that respondents read about conservation agriculture following the introductory 

survey details.  Next, respondents viewed a “cheap talk” script before answering the double 

bounded dichotomous choice questions (Cummings and Taylor, 1999). The third section had a 
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series of questions collecting demographic and maize-related information. The section ended 

with a question about respondent knowledge about CA.  

The research experimental design had a between-subject format and involved four 

treatments, with participants randomly assigned to either a control group or three informational 

treatments. Table 1 summarizes the four treatment groups. Participants exposed to the first 

information group, the control, had just were simply shown a picture of package of a 1 Kilogram 

package of white maize flour commonly purchased throughout eastern DRC. There was no brand 

name or identification on the package itself to mitigate consumer preference for branding. 

Participants in the second information group, the FAO-Definition treatment (Def), had the FAO’s 

definition of CA in addition to the picture of package of 1 Kilogram of white maize flour. This 

definition stated that  

According to the United Nations (2017), Conservation Agriculture (CA) is a farming 

system that promotes maintenance of a permanent soil cover, minimum soil disturbance 

(i.e. no tillage), and diversification of plant species. It enhances biodiversity and natural 

biological processes above and below the ground surface, which contribute to increased 

water and nutrient use efficiency and to improved and sustained crop production (FAO, 

2019).   

Participants were told that the 1-Kilogram bag of white maize flour was produced following the 

FAO guidelines of CA.  

Participants in the second information group, the Social-benefits-of-CA treatment (Soc), 

had the FAO’s definition of CA plus a short paragraph stating how CA help to reduce women 

farmers burdens, vulnerability and risk in rural area based, and help farmers to save more time 

and energy; in addition to the picture of package of 1 Kilogram of white maize flour. The social 

information stated that  
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In the Maniema province of DRC, CA has been applied through farming practices 

involving crop rotation, no-tillage, and mulching. CA has the potential to reduce or will 

reduce farmers’ workload burdens and vulnerability in the DRC. For female farmers, CA 

allows them to farm closer to their homes, which can (or has been shown to) reduce the 

incidence of harassment and risk of violent assaults (Mulimbi et al., 2019). Further, CA 

has the potential to save time and energy as labor requirements decrease (CRS, 2015).   

Participants in the third information group, the Environmental-benefits-of-CA - treatment 

(Env), had the FAO’s definition of CA plus a short paragraph stating how CA improves soil 

quality and can help to reduce deforestation; in addition to the picture of package of 1 Kilogram 

of white maize flour. The environmental information stated that  

In the Maniema province, CA has been applied through farming practices involving crop 

rotation, no-tillage (or at least minimum tillage), and mulching. CA can enhance soil 

quality that has the potential to reduce deforestation in the DRC (CRS, 2015). In 2017, 

the DRC lost 1.46 million ha of forest cover through deforestation (Weisse and Goldman, 

2018).  

The second section of the survey questionnaire incorporated the contingent valuation 

method used to determine consumers’ Willingness-to-Pay (WTP) for white maize flour produced 

under CA. Contingent valuation (CV) approach has the ability to inform producers how their 

future clients – consumers –, would value CA. The CV approach was chosen as it is a simple, 

flexible nonmarket valuation method used for cost-benefit analysis and environmental impact 

assessment (Venkatachalam, 2004). In this study, instead of single bounded approach, we use a 

double bounded dichotomous choice (DBDC) contingent valuation to improve the statistical 

information provided by respondents (Hanemann et al., 1991). The survey tool attempts to 

capture consumers’ behavior when exposed to treatments that provide them with a descriptive 

definition of CA, environmental benefit of CA, or social benefit of CA. Several studies on WTP 



12 
 

Working paper 

are similar to this in using DBDC approach but are still various in framing their informational 

treatments. WTP was estimated, for consumers who were exposed to a tax for a mandatory 

testing program (Lee et al., 2015), to a potential access to irrigation water (Knapp et al., 2018; 

Mezgebo, et al., 2013) or renewable energy in rural areas (Abdullah and Jeanty, 2011). More 

studies also estimated WTP for biofertilizers (Banka et al., 2018), a new rice-grading system 

(Choi et al., 2018), genetically modified food technology (Kimenju and De Groote, 2008), or 

childhood obesity reduction policy (Cawley, 2008), for example. This array of flexibility has led 

to the popularity of contingent valuations (Carson et al., 2001).   

To rule out the possibility of hypothetical bias – that participants declared WTP might 

differ from their real WTP for white maize truly produced under CA –, a cheap talk script was 

integrated in the second section of the survey questionnaire, and administered straight before the 

DBDC CV part. Hypothetical bias is an issue in most CVM studies (List and Gallet, 2001).  As 

such, we purposely read the following cheap talk script to each participant:  

Recent studies show that people tend to act differently when they face hypothetical 

decisions. In other words, they say one thing but do something different. It is particularly 

common that one states a different willingness to pay (WTP) than what one actually is 

willing to pay for the good in the store or the local market. We believe this is due to the 

fact that one does not really consider how big an impact an extra cost actually has to the 

family budget. It is easy to be generous when one does not really need to make the 

choices in a store or a local market. So please, keep your household budget in mind when 

answering the willingness to pay questions. 

The application of this cheap talk aimed to let the participants not overstate their WTP (Loomis, 

2011). While this cannot eliminate hypothetical bias, we hoped to mitigate it. Including a cheap 

talk was a reasonable technique to potentially reduce this bias, knowing that this study on CA in 

DRC maize production is the first of its kind. 
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In the DBDC CV part of the second section, each subject was asked if “Yes” or “No” 

he/she would be willing to pay a fixed given amount for white maize flour. Then, a follow-up bid 

was asked and here the follow-up bid was lower if the person answered, “No” to the starting bid 

and higher if the person answered “Yes” (Patterson, 1996).  A contingent valuation that narrows 

WTP bounds such as DBDC are known to provide more efficient estimation (Hanemann et al., 

1991). The prices for white maize flour used in the DBDC were built around the average market 

price for one kilogram of flour, which was 1,500 Congolese Francs (CDF) found from the 

Cellule d'Analyses des Indicateurs de Développement database (CAID, 2019). We chose to 

increase and decrease this average price by 200 CDF. This led to having five prices (1,100 CDF, 

1,300 CDF, 1,500 CDF, 1,700 CDF and 1,900 CDF) being used and randomly picked as starting 

price in the DBDC. Table 2 illustrates the configuration of bounded prices based on bid 

responses.  

Data and research site  

The survey was conducted in the city of Bukavu in the Democratic Republic of the 

Congo. Bukavu, the capital of the South Kivu province, is a large city with a population of 

1,012,053 people1 and is located in the eastern part of the country.  

Participation in the survey was voluntary and the instructions clearly stated at the 

beginning that there was no any compensation at all. Participants were recruited on the sidewalks 

around six separate local open markets in the city. The team of four surveyors recruited 638 

participants in four weeks in June 2019. Several (14) observations were discarded (prior to the 

                                                           
1 https://www.thelostgeographer.org/country.php?country=DEMOCRATIC%20REPUBLIC%20OF%20THE%20CONGO 

https://www.thelostgeographer.org/country.php?country=DEMOCRATIC%20REPUBLIC%20OF%20THE%20CONGO
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analysis of the data) for issues such as abnormally long survey times (over 60 minutes) and 

incomplete observations. After cleaning, the dataset used included 624 participants.  

We chose maize, especially maize flour, for this study, as it is the most traded and 

consumed cereal, and ranked second staple food following cassava in the DRC (FEWSNET, 

2015). Cassava and maize flour are two main food consumed by the poor households in the 

Eastern DRC (FEWSNET, 2017). Middle and better off households mostly prefer to purchase 

maize flour and rice (FEWSNET, 2017). In urban areas like Bukavu, most of households choose 

to mix cassava and maize flour to make their ugali (FEWSNET, 2017). Maize flour is mostly 

utilized to make porridge and ugali. Based on personal experience and field observations, urban 

consumers prefer to use white maize flour. Our observation in locals markets indicated that 

approximately 90% of maize flour sold was white and 10% yellow.  

WTP DBDC empirical modeling 

The WTP analysis using DBDC in this study is consistent with Hanemann et al. (1991) 

who provided empirical evidence of increased statistical efficiency of this approach. Similarly 

described by Holmquist et al. (2012), McLeod and Bergland (1999) and Patterson (1996), in a 

study applying the DBDC model, two prices are revealed to each subject. The level of the second 

price option is contingent upon the response to the first price choice. When the subject’s answer 

is "yes," meaning that they are willing to pay the amount of the initial price (Вi), they are 

presented with a second but higher price (Bh). As a matter of choice, if the subject’s answer is 

"no," meaning that they are not willing to pay the amount of the initial price, then they are 

presented with a second but lower bid (Bl). 
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The subsequent questions attempting to elicit upper or lower bounds of the WTP lead to 

four possible outcomes: (i) both answers are "no", meaning the participant’s WTP is lower than 

Bl; (ii) a "no" followed by a "yes”, meaning the participant’s WTP is lower than Вi but greater 

than or equal to the accepted Bl amount; (iii) a "yes" followed by a "no" meaning the 

participant’s WTP is greater than or equal to Bi but lower than the rejected Bh amount; and (iv) 

both answers are "yes" meaning the participant’s WTP is greater than or equal to Bh. By denoting 

the WTP for individual i as WTPi, we describe the following discrete outcomes in the bidding 

procedure: 

𝑦𝑖 = {

1                 𝑖𝑓  𝑊𝑇𝑃𝑖 < 𝐵𝑙              (𝑛𝑜, 𝑛𝑜)            (1𝑎)
2      𝑖𝑓 𝐵𝑙  ≤ 𝑊𝑇𝑃𝑖 < 𝐵𝑖             (𝑛𝑜, 𝑦𝑒𝑠)            (1𝑏)
3      𝑖𝑓 𝐵𝑖  ≤ 𝑊𝑇𝑃𝑖 < 𝐵ℎ            (𝑦𝑒𝑠, 𝑛𝑜)            (1𝑐)
4               𝑖𝑓  𝑊𝑇𝑃𝑖  ≥ 𝐵ℎ           (𝑦𝑒𝑠, 𝑦𝑒𝑠)            (1𝑑)

               

In a WTP analysis of sensory characteristics, the objective is to examine the maximum an 

individual consumer would pay for the product in question and how the sensory properties 

influence this amount. The CV methodology is commonly used to estimate WTP. 

Accordingly, based on Carson and Hanemann (2006), the response probabilities for the outcomes 

in set (1) will be given by : 

Pr(𝑛𝑜, 𝑛𝑜) = Pr(𝐵𝑙  >  𝑊𝑇𝑃𝑖
∗) =  𝐺𝑊𝑇𝑃(𝐵𝑙),                                                (2𝑎)                    

Pr(𝑛𝑜, 𝑦𝑒𝑠) = Pr(𝐵𝑖  >  𝑊𝑇𝑃𝑖
∗ ≥ 𝐵𝑙) =  𝐺𝑊𝑇𝑃(𝐵𝑖) −  𝐺𝑊𝑇𝑃(𝐵𝑙),           (2𝑏) 

Pr(𝑦𝑒𝑠, 𝑛𝑜) = Pr(𝐵𝑙  ≥  𝑊𝑇𝑃𝑖
∗ ≥ 𝐵𝑙) = 𝐺𝑊𝑇𝑃(𝐵ℎ)  − 𝐺𝑊𝑇𝑃(𝐵𝑖),            (2𝑐) 

Pr(𝑦𝑒𝑠, 𝑦𝑒𝑠) = Pr(𝐵ℎ  ≤  𝑊𝑇𝑃𝑖
∗) =  1 −  𝐺𝑊𝑇𝑃(𝐵ℎ).                                  (2𝑑)                  

where GWTP is the WTP cumulative distribution function.  

The DBDC design generated interval censored data on WTP. Following several 

applications of DBDC (Basu, 2013; Lang, 2010; Nosratnejad et al., 2014), we use the interval 

regression method in this study. As the latent value of WTP could be effectively observed by 
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analyzing respondents’ stated information and there is a probability that the latent value is 

located within an interval, interval regression is a suitable method for assessing consumers’ WTP 

for white maize flour (Alberini, 1995; Cameron, 1991). In fact, Basu (2013) argues that other 

discrete choice models such as ordered logit or ordered probit models, even though appropriate, 

could rank the WTP as an ordinal model and ignore the boundary point values.   

The participant’s WTP for white maize flour produced under CA is then determined in 

linear form of its function as follows: 

𝑊𝑇𝑃𝑖
∗ =  𝛽𝑋 +  𝜀                 (3) 

where 𝑊𝑇𝑃𝑖
∗ is the subject i’s unobserved true WTP, X is the vector of variables associated with 

respondents, β is the vector of the coefficients representing the parameters to be estimated, and ε 

denotes the error term following a normal distribution with mean 0 and variance σ2. 

Given that initial, lower and upper bounds are used to figure different bids within the 

sample of respondents, the likelihood function for the interval regression model takes the form 

(Bettin and Lucchetti, 2012; Lu and Shon, 2012): 

𝐿 =  ∑ [Φ (
𝑈𝑖 −  𝛽′𝑥𝑖

𝜎
) −  Φ (

𝐿𝑖 − 𝛽′𝑥𝑖

𝜎
)]

𝑖

    (4) 

where Ui and Li are the upper bound and lower bound of the interval in which 𝑊𝑇𝑃𝑖
∗ falls and ɸ 

is the standard cumulative normal. 

To explain the participants' WTP, we used a series of independent variables fitting with 

the particular goals of this research. These include demographics, and environmental and social 

related questions pertaining to deforestation, all with categorical responses. These variables are 

listed in Table 3. The demographic variables include age, gender, education, and if the 
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participant is involved in farming (exposing the dual behavior of consumers who also do farming 

in rural areas).  

Environmental variables include the following questions, “Do you think climate change 

will affect the livelihoods of the DRC in the future?”, “Do you think deforestation is an 

important issue in the DRC?”, “The earth has plenty of natural resources if we just learn how to 

develop them”, and “Human are seriously abusing the environment”. The first question in this 

group aimed to certify possible relationship that could exist between consumers’ climate change 

knowledge and their WTP. The second question aimed to double-check consumers’ concern 

about deforestation. The two last questions in this subsection – which are New Ecological 

Paradigm statements – aimed to explore consumers’ endorsement of a pro-ecological view of the 

world (Anderson, 2012). Taken together, we wanted to investigate participants’ sensitivity in 

WTP to these particular measures of environmental opinion.   

Social questions related to life in rural areas – where deforestation and farming happens – 

included “Do you think women in rural areas are at higher risk of assault than women in urban 

areas?”, and “Who provides the majority of labor in agriculture in the DRC?” CA has social 

advantages for the environment and women farmers in the DRC (Mulimbi et al., 2019). We 

aimed to verify the extent to which reducing distance from home to farms for women in rural 

areas by applying CA would affect consumers’ reaction across treatments. We also thought about 

potential hypothetical bias that could derive from social and environmental variables. As such, 

we applied uncertainty adjustment technique by providing the respondents with an “I don’t 

know” answer option.    

We used the Survival package (Therneau, 2015; Therneau and Grambsch, 2013) in R 

Studio (R version 3.5.1) to perform the interval regression modeling. 



18 
 

Working paper 

Results and Discussion 

Approximately half of respondents were between 25 and 34 years old, and 40% had 35 

years and above. This is consistent with the last country’s Demography and Health Survey that 

indicated in 2013 that 32.9% of the DRC’s urban population had 25 years and above (2014) as 

we excluded respondents under 18 years old.  Our sample had 75% female respondents. This 

makes a lot of sense because in the DRC women conduct the majority of food shopping. 

However, this does not mean men respondents were not eligible because in the modern context 

of urban life they are likely to do food shopping as well. Among the respondents, 11% happened 

to be farmers living in the city. Agriculture is the activity of 70.7% women and 45.6% men in 

South Kivu province (MINPLAN, 2014) and this makes it possible to find urban citizens who are 

still farming in rural areas. Furthermore, 24% respondents had a college degree and stated at the 

end of the interview that it was not the first time they heard about CA. More than 80% of 

respondents agreed that climate change (84%), deforestation (86%), earth natural resources weak 

management (93%), and risk of assault on rural women (94%) were real issues. Furthermore, 

72% of respondents are aware of women contribution for agricultural labor. 

Several models specifications were examined to explore what determinants explain 

consumers’ WTP for white maize flour produced under CA the best. Intuitively, the first 

approach was an estimation a function of only the treatments (Def, Soc, Env, and the control) but 

this did not yield on a good fitness as Model 1 had the lowest log likelihood (Table A1 in 

appendix). Therefore, to the treatments binaries, we added demographics and all the study 

variables in Table 2 to improve estimation. Table 4 reports the results of interval regressions for 

the specification including only demographics (model 3) and for the full specification model 

including all the study’s variables (model 10). Furthermore, we found that while omitting study’s 
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variables weakened our model estimation their inclusion with treatment interactions significantly 

increased the log likelihood (Table 4).  

The fitness of the estimated full model (model 10) in Table 4 is overall acceptable. This 

full model has the largest log likelihood and the likelihood ratio Chi square test indicates that the 

overall model is highly significant (P < 0.01). Holistically, the results in the full model (Table 4) 

suggests that participants’ WTP for 1 kilogram of white maize flour produced under CA is 1,366 

CDF which is 9% less than the average price (1,500 CDF) found on the local markets in Bukavu. 

This WTP value is highly statistically significant (P < 0.01). Additionally, the findings indicate 

that among the urban maize flour consumers, farmers living in the city, and consumers who were 

exposed to the social benefits of CA would be willing to pay respectively 103 CDF and 242 CDF 

less than 1,366 CDF WTP. Conversely, white maize flour consumers who think women farmers 

are great agricultural labor contributors, and those who think human are abusing the environment 

would be willing to pay respectively 74 CDF and 144 CDF more.  

Our three informational treatments (Def, Env, and Soc) were found not to be significant 

(P > 0.10) across all treatments. This would seem to indicate that regardless how CA was 

presented to consumers it did not affect their WTP. CA reduces farming workloads, and allows 

to save time and energy (Mulimbi et al., 2019). Compared to consumers who think that both 

women and men contribute equally to farming labor, those who think women bring more to the 

farm are willing to pay 5% more for a kilogram of white maize flour produced under CA.  

Looking at the demographics, the findings in Table 4 suggest that being a farmer living in 

the city makes a difference in estimating consumers WTP for white maize flour produced under 

CA. The variable farmer is robust across all model specifications (P < 0.05). Consumers who 

were farmer are willing to pay less and this makes sense. This reaction is not against CA but an 
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indicator of coping strategy in urban areas by consuming their own products in addition to local 

purchase. These consumers would have paid 100 CDF less (Table 4) because they might have 

also own-produced white maize flour in storage at home. Finally, participants found in the city 

agree that human are abusing the environment and for that reason, they are willing to pay 11% 

(144 CDF) more for white maize flour produced under CA (Table 4). This illustrates that in the 

long-run consumers who are adequately informed would be more supportive to sustainable 

agricultural impact.      

Policy implications 

In light of indications that human societies need to rethink and improve food system, 

multiples evidence to date have proven that CA has the potential but also fit well in the 

sustainable agriculture framework (Friedrich et al., 2017; Hobbs et al., 2007; Knowler and 

Bradshaw, 2007; Mulimbi et al., 2019). Improving agricultural productivity remains challenging 

for policymakers, especially in LIC regions such as Sub-Saharan Africa (SSA), where 

additionally issues such a poverty, and climate change. In the DRC, agriculture appears to be a 

main driver of deforestation and its impact will likely increase due to population growth 

(Ickowitz et al., 2015). Scaling up CA could offset the threat on the Congolese rainforest while 

improving agricultural productivity and contributing to climate change mitigation. CA is among 

the practices that, according to Lal (2006), would advance food security and outweigh fossil fuel 

emissions by 0.5PgCy-1 through carbon sequestration. Right now, the issue for CA in SSA is its 

low adoption due to lack of information and funds to promote the agricultural technology. Even 

though, for its promotion the question of how to incentivize producer to adopt remains 

unanswered. This study attempted to explore the way consumers could play a role in supporting 

local producers but it happened that there is little clue. That said, the international community 
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through the Intergovernmental Panel on Climate Change (IPCC) should allocate more resources 

to fight deforestation, and push for strong policies in favor of the scale-up of sustainable practice 

such as CA.  

Our findings also have demonstrate that in urban areas people are not well informed 

about climate change, an issue that unfortunately affects their food security and increase 

vulnerability. From a policy standpoint, the public deserve the right information to better their 

daily household’s decisions. For the case of food system that contribute to sustainability, policy 

makers should support agricultural research and development to better communication. The 

FAO’s mission of changing the way we produce food should work only within a clear behavioral 

change communication framework that involve not only producers but also consumers of 

agricultural commodities.   

Conclusion 

Consumers’ WTP for white maize flour produced under CA is a signal that can 

incentivize more the diffusion of CA in the DRC. CA has already proven globally to be a way of 

sustainably taking care of the soils and the environment but also contributing to improve the 

social component of farming households in LICs. Assessing consumers’ WTP in this study 

aimed to bring about more strategical ways of encouraging smallholders’ farmers to adopt CA 

through the maize value chain while. Building on research that supports the role of information 

in shaping consumer behaviors, considering agricultural technology that would benefit the 

society in various ways, this study investigated the level of support CA adopters and potential 

adopters should expect.  



22 
 

Working paper 

This study used a DBDC CV survey to derive how consumers in a LIC city would value 

white maize flour knowing that the agricultural technology used to produce it will help to reduce 

deforestation and help smallholders’ farmers, especially women farmers in rural areas. 

Respondents received information sets that highlighted respectively environmental and social 

impacts of CA, or just described CA. We expected a broad reaction from consumers of white 

maize flour knowing that, according to the FAO (2019), CA brings sustainability, enhanced 

biodiversity, carbon dioxide sequestration, labour savings, healthier soils, increased yields, and 

reduced costs.    

In general, our findings suggest that consumers of white maize flour could not make the 

link between their produce and CA. Several contextual aspects such as low skill level to process 

given information, respondents’ inclination to the interview, or socioeconomics factors may have 

contributed to those results. Whilst the study did not confirm any treatment effect, the findings 

indicated that the way human treat the environment and rural women labor contribution in the 

farming make a difference by increasing consumers’ WTP. Results further show that a consumer 

who identify himself as a farmer living in the city tends to pay less for white maize flour, and 

white maize flour consumers seem to present an equivocal reaction to social benefits of CA. The 

later may be some local cultural effects that open the door for more research to figure out 

cultural responsiveness to CA.  

Finally, our results also show that consumers are either not aware of climate change in 

agriculture and how that may affect their plates and pockets, or just insensitive to the climate 

issue. The same reaction can be argued for deforestation even though it seemed to be well known 

by respondents. Study findings also demonstrate policy makers should adjust their plan for 

agricultural transformation by investing more in research for development, communication, and 
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adapted policies as consumers of white maize flour are still hesitant to encourage producers. 

Future research can explore whether the effects of our information sets persist in rural areas 

where CA is still unknown, or include food security and markets determinants to see how they 

could affect WTP. 
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Table 1. Study’s treatment groups 

Treatment group Information  N 

Control Picture 149 

Def (FAO-Definition treatment) Picture + Definition 170 

Soc (Social-benefits-of-CA treatment) Picture + Definition + Social  156 

Env (Environmental-benefits-of-CA – treatment) Picture + Definition + Environmental  149 

 

 

Table 2. Bounded prices for a kilogram of white maize flour 

Prices Responses 

Starting (Bi)  Bounded Yes – Yes Yes – No No – Yes No – No 

1,500 Lower (Bl) 1,700 1,500 1,300 - 

 Higher (Bh) - 1,700 1,500 1,300 

1,700 Lower (Bl) 1,900 1,700 1,500 - 

 Higher (Bh) - 1,900 1,700 1,500 

1,900 Lower (Bl) 2,100 1,900 1,700 - 

 Higher (Bh) - 2,100 1,900 1,700 

1,300 Lower (Bl) 1,500 1,300 1,100 - 

 Higher (Bh) - 1,500 1300 1,100 

1,100 Lower (Bl) 1,300 1,100 900 - 

 Higher (Bh) - 1,300 1,300 900 
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Table 3. Summary statistics  

Variable Categories Control Def Soc Env Full sample 

Household size Average 6.9 6.7 6.6 6.9 6.8 

Age Between 25 – 34 48.3% 50.0% 47.4% 48.3% 49% 

 35 and over  36.9% 41.8% 40.4% 41.6% 40% 

 Less than 25 14.8% 8.2% 12.2% 10.1% 11% 

Farmer No 92.6% 88.8% 85.3% 89.9% 89% 

 Yes 7.4% 11.2% 14.7% 10.1% 11% 

Woman No 22.1% 25.9% 29.5% 21.5% 25% 

 Yes 77.9% 74.1% 70.5% 78.5% 75% 

College No 77% 75% 78% 73% 76% 

 Yes 23% 25% 22% 27% 24% 

Heard about CA No 75.2% 78.2% 74.4% 75.2% 76% 

 Yes 24.8% 21.8% 25.6% 24.8% 24% 

Climate I don’t know 14.8% 17.1% 10.3% 15.4% 14% 

 No 0.7% 1.8% 1.9% 3.4% 2% 

 Yes 84.6% 81.2% 87.8% 81.2% 84% 

Deforestation I don’t know 8.7% 8.2% 6.4% 12.1% 9% 

 No 7.4% 2.4% 6.4% 4.0% 5% 

 Yes 83.9% 89.4% 87.2% 83.9% 86% 

Earth plenty I don’t know 8.1% 5.3% 8.3% 3.4% 6% 

 No 4.0% 3.5% 3.2% 1.3% 3% 

 Yes 87.9% 91.2% 88.5% 95.3% 91% 

Human abuse I don’t know 4.7% 5.3% 6.4% 3.4% 5% 

 No 2.7% 1.2% 2.6% 2.7% 2% 

 Yes 92.6% 93.5% 91.0% 94.0% 93% 

Women risk I don’t know 5.4% 4.1% 5.1% 2.7% 4% 

 No 0.7% 1.8% 1.3% 2.7% 2% 

 Yes 94.0% 94.1% 93.6% 94.6% 94% 

Major labor I don’t know 1.3% 0.0% 0.6% 0.7% 1% 

 Men 2.0% 2.4% 1.9% 2.7% 2% 

 Women 71.1% 74.1% 75.0% 68.5% 72% 

 Both 25.5% 23.5% 22.4% 28.2% 25% 

Observations 149 170 156 149 624 
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Table 4. Interval regression results 

 Dependent variable: 
 WTP* 

 (only demographics) (full model) 

Def 39.788 27.422 

 (41.999) (41.841) 

Env 48.471 41.204 

 (43.699) (43.464) 

Soc 66.236 61.861 

 (43.176) (42.745) 

College -38.344 -17.823 

 (34.232) (34.582) 

Woman -39.522 -55.899* 

 (31.756) (31.680) 

Farmer -110.495*** -103.402** 

 (42.859) (42.459) 

Household size 4.777 7.190 

 (4.717) (4.707) 

Age > 35 33.282 17.322 

 (27.979) (27.785) 

Age < 25 -3.203 4.876 

 (42.910) (42.836) 

Climate change - No - 115.045 

  (98.643) 

Climate change - Yes - -32.382 

  (41.276) 

Deforestation - No - -68.403 

  (74.864) 

Deforestation - Yes - -60.072 

  (49.559) 

Earth plenty - No - 166.187* 

  (93.746) 

Earth plenty - Yes - -10.425 

  (60.110) 

Human abuse - No - -65.631 

  (103.978) 

Human abuse - Yes - 143.610** 

  (65.749) 

Majority labor - I don't know - -162.864 

  (168.737) 
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Majority labor - Men - -36.554 

  (89.789) 

Majority labor - Women - 73.598** 

  (30.088) 

Women risk - No - 46.537 

  (125.355) 

Women risk - Yes - 68.386 

  (65.551) 

Heard CA - Yes 111.398* 86.007 

 (63.755) (64.119) 

Interactions   

Heard CA x Env -158.178* -142.686 

 (87.330) (86.880) 

Heard CA x Soc -254.685*** -241.600*** 

 (85.652) (85.130) 

Heard CA x Def -115.640 -104.889 

 (85.745) (85.488) 

Constant 1,522.553*** 1,365.953*** 

 (54.782) (105.985) 

Log Likelihood -692.986 -678.993 

Chi2 23.699** (df = 13) 51.685*** (df = 26) 

Note: *p<0.1; **p<0.05; ***p<0.01 
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Appendix  

Table A1. All Interval Regression model specifications  

 Dependent variable: 
 WTP* 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Def 7.576 - 39.788 11.190 8.376 37.815 4.809 2.644 34.525 27.422 

 (37.378)  (41.999) (36.843) (36.971) (41.835) (36.817) (36.885) (41.825) (41.841) 

Env 6.653 - 48.471 11.209 5.979 45.695 9.277 4.361 52.693 41.204 

 (38.885)  (43.699) (38.171) (38.319) (43.535) (38.095) (38.215) (43.410) (43.464) 

Soc -2.215 - 66.236 9.056 6.691 72.015* -2.709 -4.642 59.755 61.861 

 (38.195)  (43.176) (37.528) (37.535) (42.848) (37.654) (37.676) (42.991) (42.745) 

College - -48.630 -38.344 -37.221 -37.080 -33.502 -26.051 -25.793 -23.620 -17.823 
  (32.370) (34.232) (33.978) (34.049) (34.020) (34.692) (34.788) (34.677) (34.582) 

Woman - -39.356 -39.522 -48.762 -51.437 -47.801 -45.542 -50.086 -44.173 -55.899* 

  (31.971) (31.756) (32.063) (32.124) (31.743) (31.924) (32.097) (31.566) (31.680) 

Farmer - -121.224*** -110.495*** 
-

117.830*** 

-

119.003*** 

-

111.683*** 
-107.274** -107.651** -102.705** -103.402** 

  (42.514) (42.859) (42.940) (42.943) (42.485) (43.192) (43.217) (42.714) (42.459) 

Human abuse - No - - - -34.796 -59.134 -34.178 - - - -65.631 
    (104.033) (105.430) (102.791)    (103.978) 

Human abuse - Yes - - - 155.866** 155.857** 160.874** - - - 143.610** 

    (66.457) (66.556) (65.829)    (65.749) 

Household size - 5.305 4.777 6.885 6.611 6.248 6.779 6.472 6.159 7.190 

  (4.748) (4.717) (4.738) (4.742) (4.688) (4.774) (4.774) (4.721) (4.707) 

Climate change - No - - - - 129.281 - - 105.208 - 115.045 
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     (100.523)   (98.335)  (98.643) 

Climate change - Yes - - - - -23.546 - - -29.054 - -32.382 

     (41.894)   (38.725)  (41.276) 

Deforestation - No - - - -20.093 -25.133 -35.103 - - - -68.403 

    (74.618) (75.202) (73.864)    (74.864) 

Deforestation -Yes - - - -58.905 -45.690 -59.160 - - - -60.072 

    (48.588) (50.042) (48.216)    (49.559) 

Earth plenty - No - - - 195.912** 197.522** 175.795* - - - 166.187* 

    (94.160) (94.696) (93.551)    (93.746) 

Earth plenty - Yes - - - 19.293 16.949 14.302 - - - -10.425 

    (57.747) (58.330) (57.321)    (60.110) 

Majority labor - I don't 

know 
- - - - - - -106.341 -106.103 -103.625 -162.864 

       (167.033) (166.386) (167.484) (168.737) 

Majority labor - Men - - - - - - -76.840 -72.625 -59.228 -36.554 

       (91.210) (91.235) (90.217) (89.789) 

Majority labor - 

Women 
- - - - - - 75.770** 77.497** 74.929** 73.598** 

       (30.082) (30.113) (29.750) (30.088) 

Women risk - No - - - - - - 76.175 46.851 72.350 46.537 

       (122.671) (124.329) (121.988) (125.355) 

Women risk - Yes - - - - - - 73.567 75.420 79.030 68.386 

       (62.535) (62.822) (62.183) (65.551) 

Age > 35 - 35.076 33.282 21.616 21.861 21.425 27.594 27.465 26.709 17.322 

  (28.256) (27.979) (28.195) (28.178) (27.929) (28.136) (28.126) (27.869) (27.785) 

Age < 24 - -6.501 -3.203 -5.388 -2.728 0.022 -3.594 -1.773 -0.623 4.876 
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  (43.148) (42.910) (43.283) (43.315) (42.951) (43.130) (43.179) (42.745) (42.836) 
           

Heard CA - Yes - - 111.398* -36.551 -32.632 88.197 -29.533 -23.749 104.537 86.007 

   (63.755) (33.390) (33.488) (64.018) (33.157) (33.397) (63.629) (64.119) 
           

Heard CA x Env - - -158.178* - - -138.583 - - -171.433** -142.686 

   (87.330)   (87.359)   (86.803) (86.880) 
           

Heard CA x Soc - - -254.685*** - - 
-

250.436*** 
- - 

-

245.541*** 
-241.600*** 

   (85.652)   (85.393)   (85.169) (85.130) 
           

Heard CA x Def - - -115.640 - - -106.846 - - -114.325 -104.889 

   (85.745)   (85.493)   (85.616) (85.488) 

Constant 1,547.561*** 1,556.183*** 1,522.553*** 1,439.915*** 1,453.825*** 1,411.565*** 1,429.293*** 1,454.935*** 1,392.164*** 1,365.953*** 

 (27.613) (46.607) (54.782) (92.646) (94.707) (92.819) (84.183) (89.186) (84.831) (105.985) 

Log Likelihood -704.785 -697.755 -692.986 -689.656 -688.304 -685.310 -691.904 -690.664 -687.525 -678.993 

Chi2 0.101  
(df = 3) 

14.160**  
(df = 6) 

23.699**  
(df = 13) 

30.358**  
(df = 16) 

33.062**  
(df = 18) 

39.051***  
(df = 19) 

25.863**  
(df = 15) 

28.343**  
(df = 17) 

34.621**  
(df = 18) 

51.685***  
(df = 26) 

Note: *p<0.1; **p<0.05; ***p<0.01 

 


