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Abstract

While farmers in rural areas of northern Ghana find it difficult to obtain sufficient organic soil amend-
ments to keep their soil healthy, there is not enough demand for city compost factories attempting
to clean cities of organic solid waste to sustain the composting rate at waste-clearing levels. In this
study, 398 farmers in rural communities were surveyed in order to estimate the willingness-to-pay for
different quality and access attributes of municipal solid waste (MSW) compost and examine how de-
mand for it can be boosted among such farmers. Several specifications of the generalized multinomial
logit (G-MNL) model, using farmers’ choice data, revealed that the compost quality and market access
attributes surveyed in the study significantly affect farmers’ decision to buy MSW compost. The results
also showed that preferences for the attributes vary widely among the farmers, mainly due to some
unobserved personal factors. On average, the empirical estimates indicate that for a 50 kg compost
bag, farmers are willing to pay GHS 9.43 for brand/label, GHS 5.76 for pelletized compost, GHS 4.49
for delivery in the community, and GHS 2.49 for sales when they have their cash windfall. Farmers face
an average disutility of at least GHS 33.36 for deciding not to buy compost, regardless of its attributes,
indicating that besides the attributes captured by the study, other factors important to farmers influ-
ence their purchase decisions. Significantly discounted prices together with improved compost quality
increase the probability of compost purchase. Thus, overall the findings highlight the need to subsidize
MSW compost by more than 50 per cent, to sell it in pelletized form and branded/labelled packages
while making it accessible to rural farmers during their cash windfall.

Keywords: Discrete choice experiment, Compost attributes, G-MNL model, Northern Ghana, Willingness-to-pay
JEL codes:Q1, Q2, R2

1. Introduction

The northern part of Ghana has a predominantly agrarian employment structure with
a low income-earning capacity among the labour force. The agriculture sector employs
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approximately 74 per cent of the working population, over 80 per cent of whom are in
rural households (Amikuzuno and Donkoh 2012; Government of Ghana 2015). Farmers
have a long tradition of subsistence grain production mixed with a few cash-crop enter-
prises. However, with increasing arable land constraints, farming systems in the area have
failed to respond to increasing food demand for the past two decades. One of the reasons
for this is soil degradation following continuous exploitation of farmland without fallow-
ing or adequate nutrient replacement (AfDB 2006; Braimoh and Vlek 2006; Agwe et al.
2007; Nkonya et al. 2015). Semi-arid conditions exacerbate soil degradation by limiting
the recovery rate of vegetative cover after human-induced changes, thus slowing the rate of
organic matter accumulation in the soil. The result is that soils in the area generally have a
low organic matter content (Braimoh and Vlek 2004; Owusu et al. 2020).

The blank recommendation of using NPK-based fertilizers as the protocol for field crop
production for the past six decades has started to fail due to soil acidification on much of
the farmland. Experts emphasize the need for site-specific fertilizer recommendations while
encouraging farmers to use organic fertilizers such as compost to physically recondition the
soil for improved plant nutrition (Atakora et al. 2014). Organic fertilizers provide the essen-
tial natural carbon to sustain soil physical, chemical, and biological properties under con-
tinuous and intensive cultivation (Vanlauwe 2015; Sudradjat et al. 2018). For this purpose,
the Ministry of Food and Agriculture (MoFA), in collaboration with non-governmental or-
ganizations (NGOs), has been assisting farmers through capacity-building programmes to
use organic soil amendments to improve soil conditions. However, the programmes seem
to have had a minimal impact on encouraging organic fertilizer use due to a general lack of
biomass in the area (GIZ 2013).

Meanwhile, Ghanaian waste management systems in urban centres are characterized by
ineffective collection and disposal methods of waste, most of which is biodegradable (Danso
et al. 2002). City authorities grapple with the sanitation challenges of mounting MSW, 84
per cent of which can be used as organic soil amendments (GIZ 2013; Pradhan et al. 2013;
Republic of Ghana 2015). This waste usually piles up in cities, looking unsightly and pol-
luting water and air while breeding vectors for diseases such as malaria, typhoid, diarrhoea,
cholera, and dysentery (Folefack 2008).

However, the biodegradable components are rich sources of major nutrients usually taken
from rural to urban areas. Thus, converting organic waste into agricultural compost for use
in rural areas closes the rural-urban nutrient cycle and thus contributes significantly to
resolving the challenges of soil depletion. Commercial composting adds value to MSW and
thereby improves cost recovery within the waste management sector. It also creates viable
businesses with numerous job opportunities (Danso et al. 2017).

Besides providing organic fertilizer for farmers, controlled composting of waste from
cities reduces the pollution in cities associated with improper waste disposal (Danso et al.
2002, 2006; Galgani et al. 2014). In particular, Ghana has recognized the roles played by
MSW composting in dealing with unsanitary conditions and in strategic policy design for
reducing GHG emissions through open landfills (Galgani et al. 2014; Republic of Ghana
2015).

Consequently for the last two decades government agencies have focused on creating an
enabling environment for the private sector to invest in MSW composting for agricultural
use. This push has led entrepreneurs to establish compost factories in collaboration with
the main national waste management company Zoomlion Ghana Ltd Like DeCo Compost
in Tamale. All such compost stations are located in city suburbs to ensure efficient absorp-
tion of the high tonnage (nearly 250 tonnes per day) of waste generated in metropolises
(Pradhan et al. 2013). However, composting in cities implies that the compost is only physi-
cally accessible to urban/peri-urban gardeners rather than to rural farmers who require it in
substantial quantities for grain fields (Folefack 2008). Studies (e.g. Danso et al. 2006) have
shown that composters cannot market their supplies to farmers located beyond a 40 km
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radius from compost plants without incurring losses due to high distribution costs. How-
ever, demand from urban and peri-urban compost users falls short of the quantities required
to clear the compost supply when composters are operating at waste-clearing capacities
(Danso et al. 2006; Folefack 2008; Agyekum et al. 2014). Thus, compost stations cut back
on production to minimize losses, meaning that the objectives of composting MSW (i.e. sus-
tainable agriculture and environmental management) cannot be achieved in Ghana under
free-market conditions (Danso et al. 2006).

In 2016, compost producers drew the government’s attention to their increasing losses
arising from limited demand for compost. They called for the inclusion of organic fertilizer
in the national fertilizer subsidy programme to make their compost affordable for resource-
poor farmers. Subsequently, the government subsidized the compost price by 50 per cent at
some stations, beginning in the 2017 crop season (MoFA 2017). However, this subsidy can
increase effective demand only to the extent that users are able to access the input. Extending
the compost market to rural farmers will remove access barriers and spur the demand to
levels that can stimulate enough MSW composting to achieve its purpose. Hence, there is a
need to improve access to rural farm input markets where farmers can physically access the
input.

Increasing rural farmers’ access to MSW compost implies additional distribution and
marketing costs, usually passed on to farmers through pricing. Information about price
and other critical attributes to farmers is required to measure potential demand for MSW
compost under such conditions. Unfortunately, studies on MSW compost demand in sub-
Saharan Africa (e.g. Ampadu 2001; Danso et al. 2002, 2006; Folefack 2008; and Agyekum
et al. 2014, Danso et al. 2017; Kuwornu et al. 2017) have concentrated on urban/peri-urban
users to neglect of countryside farmers. Furthermore, except for Agyekum et al. (2014) and
Danso et al. (2017), such studies in Ghana have generally employed the contingent valuation
(CV) method, despite extensive criticism that it overestimates farmers’ willingness-to-pay
(WTP) (Danso et al. 2006). In northern Ghana in particular, there has not been any empirical
analysis of rural farmers WTP for MSW compost and its essential attributes. Since rural
farmers have not had access to commercial MSW compost, it is unknown what attributes
of MSW compost will influence their demand for it. Hence, the need to identify and evaluate
the qualities of the input that could attract farmers to buy it before investing in improving
their access to it (Agyekum et al. 2014).

Thus, by using a discrete choice experiment, this study sought to: (a) estimate rural farm-
ers’ WTP for MSW compost through access and relevant quality attributes, and (b) examine
how farmers’ characteristics relate to variation in the attribute preference. The findings of
this study provide useful information to guide investors in the MSW compost sub-sector
and highlight the need for the government to intervene in promoting the sector. This study
adds spatial and strategic marketing dimensions to the literature on the current debate about
closing the rural-urban nutrient cycle in sub-Saharan Africa through waste recycling.

The remainder of this paper is organized as follows: the next section (Section 2) outlines
the methodological approach, including sampling, data collection, and exposition on the
choice model applied; Section 3 presents the econometric results of the model and its vari-
ants, including average WTP estimates from a WTP space specification; and the final section
discusses the empirical findings and draws policy conclusions.

2. Data and methodology

2.1 Survey development, discrete choice experiment, and farmer
characteristics

The data used for this study were collected through a multistage sampling survey of small-

holder maize farmers from fifty-two communities in eight districts of the North East and

Upper East Regions of Ghana (Fig. 1). This area was chosen because of its most degraded
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Figure 1. Map of northern Ghana showing the study areas.

Table 1. Compost attributes and levels in the discrete choice experiment.

Attribute Description of attribute Levels Reference level

Form How the fertilizer has been 1. Unpelletized Unpelletized
formed to allow easy 2. Pelletized
application

Brand/label Whether the bag is branded or 1. Unbranded bag Unbranded bag
not 2. Branded bag

Period of sales  Time of crop season when 1. At planting time At planting time
compost is sold 2. At preceding crop harvest

Delivery point ~ Where farmers take delivery of 1. At farm input shop Farm input shop
the fertilizer they buy 2. In the community

Price Price in Ghanaian cedis per 1. GHS 15 Continuous
50 kg bag of DeCo MSW 2. GHS 25
compost 3. GHS 35§

International currency equivalence: GHS 6.5 = 1 USD at the time of the survey.

soil condition in the country. Farmers have received substantial support to use organic soil
amendments to improve and sustain soil health. However, organic amendment use among
the farmers is being constrained by scarcity of critical biomass for preparing enough organic
amendments. Hence, the motivation for this study is to explore the potential to increase
MSW compost demand by expanding to market such farmers.

In the North East Region, communities were selected from East and West Mamprusi
districts clustered around the Presbyterian Agriculture Station (PAS) at Lagbinsi. The com-
munities chosen for Bunkpurugu and Yunyoo-Nasuan districts were also clustered around
Bunkpurugu town. In the Upper East Region, communities in Tempane and Pusiga districts
were clustered around Wornyanga, while those for Garu and Binduri districts were centred
between Garu and Binduri.

The farmers responded to a two-part structured questionnaire during a personal inter-
view (PI). The first part was a discrete choice experiment that elicited farmers’ choices for
MSW compost (see Table 1), while the second part sought information on farmers’ back-
ground characteristics (see Table 3). The hypothetical bags, representing alternatives in the
choice experiment, were defined by compost/market access attributes, including its form,
the brand/label on packages, the price, the point of compost delivery, and the sales period.

Following Danso et al. (2017), the MSW compost attributes in this study were identified
and selected in a three-step process. A review of previous empirical studies (e.g. Folefack
2008; Agyekum et al. 2014; Bienenfeld 2014; Danso et al. 2017; Kuwornu et al. 2017)
guided the first step for identifying potential attributes. We compiled an initial list of
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six attributes, including nitrogen-fortified MSW compost from those previous studies. A
second-step validation of the attributes through discussions with experts (DeCo Compost,
PAS management) revealed that all current MSW compost is nitrogen fertilizer fortified.
Hence, only five attributes, including price, were retained. In the third step, information on
relevant attributes and their critical levels was obtained through focus group discussions
with two farmer groups (Zou 2011; Danso et al. 2017; and Ahmed et al. 2020). The
conversation with farmer representatives revealed that, except for price, each attribute
realistically has two qualitative levels. DeCo Compost management provided information
on market and price attributes in Tamale.

Considering the prevailing market price, transport costs, and government subsidy price
in the cities, three potential price levels were set in the choice experiment. At the time of
the survey (May to August 2018), the three price levels reflected the lowest-end price with
a 50 per cent government subsidy on the sales price, the market price in cities and the
highest-end price made up of the market price plus average transport cost for a bag from the
DeCo compost station to communities in the study area. Table 1 shows the MSW compost
attributes and their levels for evaluating the utility farmers derive from the input.

For each attribute, some intuitive hypotheses were considered relating to the behaviour
of farmers as input users. Generally, pelletizing MSW compost reduces its bulkiness and im-
proves product structure for easy dispensing during application. Pelletized compost is eas-
ier to apply with greater precision than powdered or lumped compost (Danso et al. 2017
Kuwornu et al. 2017), therefore, farmers will prefer pelletized to unpelletized MSW com-
post. Brands and labels give farmers information about various aspects of the fertilizer, in-
cluding product identity and nutrient composition, which influence both the descriptive and
inferential beliefs about the compost value. Favourable perceptions among farmers about
the overall quality of MSW compost in turn influence their purchasing intentions (Larceneux
and Carpenter 2008). Thus, farmers are expected to be more likely to buy MSW compost
in branded/labelled form than unbranded/unlabelled form (Agyekum et al. 2014).

Duflo and Robinson (2011) observed that if fertilizer is offered to farmers during their
cash windfall after the preceding crop harvest season, small but time-limiting price discounts
could induce sizeable demand increases comparable with a heavy subsidy later on in the
farming season. This means that the period after the crop harvest season is a good time for
MSW compost sales. Hence, it was hypothesized that farmers prefer to buy MSW compost
even at high prices when they have cash from previous harvest sales rather than later on in
the farming season.

Deciding on the type of fertilizer, how much of it and where to buy it involves costs. Since
farmers always discount future utility, those who plan to use fertilizers defer the decision
cost until the last possible moment, irrespective of how small that cost might be (Duflo and
Robinson 2011). Danso et al. (2006) found that transporting commercial compost from
production sites even to urban/peri-urban users limits effective demand for MSW compost
among farmers in Ghana. Folefack (2008) reported that the transport cost problem is worse
for village farmers and calls for subsidies to boost supply and demand for compost among
rural farmers in Cameroon. This means that farmers are more likely to purchase commercial
compost if they can obtain it from within their community rather than from somewhere else.
Finally, farmers are expected to buy more MSW compost at a lower price than they would
at a higher price. Hence, everything else held constant, lower price levels are preferred to
higher price levels.

In this multiattribute compost choice experiment the efficiency and accuracy of pref-
erences and the WTP estimates significantly depend on the design used (Kuhfeld ez al.
1994; Lusk and Norwood 2005; and Street et al. 2005). Nevertheless, no single design
maximizes efficiency without compromising the attribute orthogonality required for esti-
mation (WHO 2012). To enhance the reliability of estimates, the sequential approach to
design was adopted, following Bliemer and Collins (2016) and Bello and Abdulai (2016),
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Table 2. Example of choice sets presented to farmers to elicit preferences.

Introduction

Hypothetical bias mitigation (Cheap Talk)

Studies show that people tend to act differently when making hypothetical and real decisions. For example,
some people state a price they would pay for an item, but they do not pay the item’s price when they see this
product in a store. There can be several reasons for this different behaviour. It might be too difficult to
measure how buying an item affects the household budget. Another possibility is that it might be challenging
for them to visualize themselves getting the product from a grocery store shelf and paying for it. Do you
understand what I mean? We want you to behave in the same way you would if you had to pay for the product
and take it home. Please consider how much you want the compost bag, comparing the alternatives or
constraints that might make you change your behaviour. Please try to put yourself in a realistic situation.
Attribute Compost bag “A” Compost bag “B” Opt-out “C”
Form T A

Unpelletised compost Pelletised compost

Brand/label

If alternatives A & B
are the only options
| available to me, I
- will not buy MSW
compost

Branded/labelled Unbranded/unlabelled

Period of sales

Delivery point
In the village/community At the earest input shop
Price GHS 35 GHS 25
Choice I will buy I will buy 1 I will not buy C_1

International currency equivalence: GHS 6.5 = 1 USD at the time of the survey

International currency equivalence: GHS 6.5 = 1 USD at the time of the survey.

by first creating an orthogonal fractional factorial design. This initial design was used
in a pilot choice experiment to sample twenty members of several farmer groups with
whom there were interactions during attribute identification. Conditional logit model
preference estimates obtained from the pilot data became Bayesian priors in the design of
a final D-efficient experiment to maximize the efficiency and robustness of the final study
estimates (Huber and Zwerina 1996; Bliemer and Collins 2016). A D-efficient fractional
factorial design from a full factorial with 2* x 3 = 48 alternative profiles produced six
alternative profiles for estimating the attributes’ main effects. Two balanced profiles were
added for some degree of freedom to test attribute interactions and one dominant profile
to check if farmers applied heuristics during choice making. Therefore, a choice experiment
with nine choice sets was presented to each respondent to make choices. The last choice
set, containing the dominant alternative, was excluded from the analysis. Table 2 provides
an example of the choice sets presented to the farmers.
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Table 3. Major socioeconomic characteristics of the sample farmers.

Characteristic variable Mean Percentage Min. Max. Std. dev.

Gender of household head

Female (yes = 1/no = 0) - 21.8
Male (yes = 1/no = 0) - 78.2

Age of household head (number of 42.28 - 20 75 14.11
years)

Education of household head (years 5.21 - 0 22 6.01
of formal schooling)

Total monthly household income 0.42 - 0.08 2.20 0.29
(1000s of GHS)

Household size (number of persons) 6 - 1 20 3.16

Walking distance to the nearest input 90.03 - 5 190 41.04

market (in minutes)
Off-farm income job participation

(yes/no)

Yes - 39.84

No - 60.16
Organic fertilizer experience (yes/no)

Yes - 50.4

No - 49.6
Have some means of transport

None - 21.68

Bicycle - 40.68

Motorcycle - 36.52

Tricycle - 1.17

In all, 398 representative households successfully completed the questionnaire, providing
data on both socioeconomic characteristics and compost choices. Of the sample farmers
interviewed, only eighty-seven (21.8 per cent) were female. More than half of the farmers
were between 25 and 60 years old, with an average sample age of 42.28 years. On aver-
age, the farmers had 5.21 years of formal education and earned a meagre average monthly
income of about GHS 420. Nevertheless, they have to cater for large households of an
average of six people. About 40 per cent of them make their income not only from farm-
ing, but also through other activities such as craftwork. The farmers generally live about
1.5 hours’ walk from the nearest market, facing physical and pecuniary constraints to ac-
cessing inputs. Hence, about 50 per cent of them have had to use an organic fertilizer at
one time or another. The summary statistics of these characteristic variables are shown in

Table 3.

2.2 Conceptual/analytical framework

Following, for instance, Hills et al. (2020) and Osburn et al. (2020) we analyze the discrete
choice data using McFadden’s (1974) random utility framework which allows evaluating
average utility of choice as well as weights on its attributes. In this context, farmers are ex-
pected to maximize the latent utility from their compost bag choices while making trade-offs
among the bags’ characteristics. Thus, given the attribute profile, we derived and expressed
the utility model as a linear function of a farmer’s choice. The utility U;j; that a farmer ;
obtains from choosing an alternative bag j in choice situation # is decomposed into a deter-
ministic part, V;j;, which is observable to the analyst, and a stochastic unobservable part, .
The function is specified as:

U,',‘t:V,','t-l-S,','t,i =1,....N;7 =1,...,],t = 1,...,T, (1)
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where &;;, is the stochastic error term motivated by heterogeneity in farmers’ preferences
for attributes unobservable by the analyst (Bello and Abdulai 2016; Osburn ez al. 2020).
The deterministic component V;j is, in turn, a function of observed compost attributes,
X, including price, pelletized compost, branded sack, sales at preceding harvest time, and
delivery at community sales point of the chosen compost bag. For choice situations in which
no compost is chosen (in this case), a dummy variable D; for an opt-out choice was also
included in the function. Thus, U;j, is re-defined as

Uije = Bixije + aiDije + €ije, (2)

where B; is a vector of the utility weights associated with the attribute variables and o; is the
utility farmer 7 derives from opting not to buy compost. If prob(Uij; > Ui,) for all g # j,
the probability of farmer i choosing bag j under conditional logit distribution is specified as

exp (Bxije)

- W) 3)
Z{Fl exp (,Bxiqt)

ijt

The conditional function (3) assumes that ¢;j; is an independently and identically dis-
tributed type-1 extreme value, meaning no interaction between alternatives in choice situ-
ations and that preferences for attributes are homogeneous. These lead to the restrictive,
yet often empirically unrealistic, independence of irrelevant alternatives (IIA) assumption
(Fiebig et al. 2010; Kassie et al. 2017). While these assumptions make Equation (3) intu-
itively desirable at the individual level, they were not valid at the sample level (Ben-Akiva
and Bierlaire 1999; Carson and Czajkowski 2014); hence, the need to apply a model that
relaxes them to obtain empirically realistic estimates.

We explored the two popular approaches to relaxing the ITA assumption, the latent class
model (LCM) and the random parameter logit (RPL) model. Assuming that sample farmers
belong to different discrete utility weights classes we applied the LCM models of upto five
classes on the data but found not meaningful class (for details, see Zhang and Sohngen
2018). Then, we assumed that the utility weights are continuous variables by specifying the
RPL model, permitting weights to vary across farmers in a normal distribution (Rockers
et al.2012). In this case, the utility weight g; for a given attribute, including ¢; in (2) becomes
Bi = B+ n; (Osburn et al. 2020), with the entire function then being (Fiebig et al. 2010)

Uije = (B4 1) + et (4)

where 8 is a vector of the attributes’ mean utility weights in the population, and 7; is farmer
i’s specific deviation from the respective means.

The mixing distribution for B; in (4) can be anything, but we specified a multivariate
normal distribution following Fiebig et al. (2010) and Zhang and Sohngen (2018). However,
we were cautious of the fact that the distribution of empirical utility weights obtained by the
RPL model often does not approximate normal (Louviere et al. 2008; and Fiebig et al. 2010).
Moreover, preference heterogeneity in most choice contexts is better captured explicitly as
scale heterogeneity, where the scale (o) of the idiosyncratic error term ¢;;, is greater for some
farmers than others instead of being normalized to one. Scale heterogeneity conditions can
take several forms (see Fiebig et al. 2010; Kassie ef al. 2017; Ahmed et al. 2020). However,
Fiebig et al. (2010) and Greene (2018) have shown that all such heterogeneity conditions
are nested by the G-MNL model. This currently makes the G-MNL model explorative and
very appealing for empirical research (Zhang and Sohngen 2018; and Ahmed et al. 2020).
Thus, we used the G-MNL model to explore choice data for source(s) of heterogeneity in
this analysis (see Gu et al. 2013).
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2.3 Empirical procedure and econometric model

As already stated above, LCM models with up to five classes gave no meaningful preference
class of farmers in this study. However, the Hausman specification test proves that the RPL
model is better than the conditional MNL. The data was then explored for sources of pref-
erence heterogeneity by fitting the full G-MNL and three of its special cases (see e.g. Fiebig
et al. 2010 and Hess and Train 2017). Based on three selection criteria (LL, AIC, and BIC),
the G-MNL II specification was adopted, and then estimated in the heterogeneity-in-scale
setup. Finally, the model was re-cast in WTP space to directly obtain the WTP estimates for
compost attributes. The G-MNL model is given as

Uije = [0iB + yni + (1 — y) o] ™ + ey, (5)

where parameter y determines how the standard deviations of the random utility weights
are scaled. Usually y is constrained at between 0 and 1, but Keane and Wasi (2013) argue
that there is no reason to do so. Hence, it was allowed to take any value, following Gu et al.
(2013). However, the explorative data fitting showed that a scaled RPL specification, known
as G-MNL-II, best approximates the true data-generating process (Fiebig e al. 2010; Kassie
et al. 2017; Ahmed et al. 2020). By this specification, the y ~ 0 and standard deviations 7 of
the farmer-specific utility weights of the attributes are scaled proportionally to their mean
Bs. The individual-specific scaling factor (o;) of the idiosyncratic error term is allowed to be
a positive log-normally distributed value defined as o; = exp(d + T&¢;), where gg; ~ N(0, 1),
& is a mean parameter of the scale variance, and 7 is the coefficient on the unobserved factors
influencing scale heterogeneity (g¢;).

To explain this scale variation across farmers, such a scale factor for a farmer at choice sce-
nario ¢ (0;;) was made a function of the farmer’s characteristics and some entropy measures
of the choice occasion (Fiebig et al. 2010; Gu et al. 2013). Thus, the choice situation-specific
scale, 0;, is expressed as

oir =exp (6 + 0z + Te0) (6)

where z; is a vector containing interaction terms of choice attributes and farmer charac-
teristics, and 0 denotes a set of parameters explaining observed heterogeneity in the scale
factor.

Since the integral of the log-likelihood function has no closed form, we evaluated the
model using the maximum simulated likelihood (MSL) estimator (with 500 replications)
command developed by Gu et al. (2013) in Stata. The simulated log-likelihood (SLL) of the
estimator is given as

D T J Yitj

N
SLL (B,y,t,0, )= Zln % ZHHPr (choice,-t = jlﬁi[d]) , (7)
i=1

d=1t=1 j=1

where ﬂl.[d] = ol.[d] B+1{y+ ol.[d](l — y)}nl[d] and o = exp(6 +6; + rs([)d]). nl[d]

generated from MVN (0, ) and te([)d] is an N~(0,1) distributed scalar drawn using Halton
and pseudorandom draws, respectively. d = 1, ..., D (in this case, D = 500) refers to draws
during the simulation. The simulated choice probability, according to Fiebig et al. (2010),
assumed the form

is a k-vector

D d d d..d
1 e +yn?4+(1- X
Pr (choice = j|Xy) = — E ]xp(a ﬂd Yn d( v)o nd) d”t )
Y exp (0B +yn? + (1 —y)odnd) Xy,

5 (®)

This gives the weights of estimated attributes in preference space from which WTP mea-
sures are obtained by:

WTPs = bootstrap(—Blattribute]/(—Bprice])). (9)
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10 Bunbom E. Daadi and Uwe Latacz-Lohmann

As stated above, it is empirically appealing to re-parameterize and estimate the G-MNL
choice model in WTP space because the coefficients of the attributes in that space are direct
and empirically more plausible estimates of WTP than those derived from the utility weights
after estimating the preference space (PS) model (Fosgerau 2007; Scarpa et al. 2008; Fiebig
et al. 2010; Hensher and Greene 2011; Kassie et al. 2017; Greene 2018; Ahmed et al. 2020).
Furthermore, WTP estimates obtained from WTP space are better normally distributed than
those from the PS specification. Thus, since the G-MNL II model best fitted the empirical
data, the model was conveniently recast in the WTP space by constraining y =t = 0 and
normalizing the price coefficient to 1 to obtain the WTP estimates directly (Fiebig et al.
2010).

The opt-out decision was captured as a dummy variable labelled NONE, which equals
one when a farmer chooses not to buy compost (uses status quo fertilizer type). Since the
experiment was unlabelled, values of the opt-out and the constant-utility dummies were zero
and one alternate for each observation. This results in perfect negative collinearity between
the two dummies. Hence, only one of them (NONE) was estimated in the model.

3. Empirical results

Since G-MNL models allow different specifications to be tested to select the best fit to the
data (Fiebig et al. 2010), several of them were fitted, including full G-MNL and G-MNL
(t =1), G-MNL I, and G-MNL II. The G-MNL II model in choice and heterogeneity-in-
mean forms produced the best model fit indexes. Thus, that specification was recast in WTP
space to directly obtain empirically plausible WTP estimates (Scarpa et al. 2008; Fiebig et al.
2010; Kassie et al. 2017). Here, the G-MNL II model results are presented for compost bag
choice, heterogeneity-in-mean preference, and estimates in WTP space. All specifications
assumed a theoretically consistent lognormal distribution for price coefficient, but normal
distribution for other attributes.

Although the full G-MNL model seemed to have outperformed the others (in terms of LL,
Pseudo R?, and AIC), its y estimate was not significant, and the estimates were very close
to those of the G-MNL II (y = 0) specification, which gave the best BIC index. This means
that the G-MNLII (y = 0) was more realistic and approximated the overall data-generating
process better than the full G-MNL. Hence, the results of the restricted G-MNL II (y = 0)
and its variants are presented below for discussion.

3.1 G-MNL Il model results

Table 4 presents the estimation results of the G-MNL II model for three different specifi-
cations (PS choice model, scale heterogeneity (SH) model, and WTP space (WTP-S) choice
model. Several things should be noted with regard to the estimates, the signs and magnitudes
of the estimated coefficients and their standard deviations were pretty robust, with their
expected signs across the various specifications. The coefficients were comparable across
the specifications regarding the magnitude and direction of influences on farmers’ compost
choice and significance levels. Consistently, the estimates in all specifications showed that
the studied attributes significantly affect a farmer’s decision to buy compost. Notably, the
mean coefficients of the PS and SH models were almost identical, except for the delivery
point attribute and opt-out coefficients, which tended to be lower in the PS model. The
third model (WTP-S) with restricted 8 price = 1 and t = y = 0 gave higher coefficients,
both for mean parameters and standard deviations, because the restriction resulted in di-
rect estimation of the quotients of the weights of the non-price attributes to that of price as
measures of WTP for the none-price attributes.
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Table 4. G-MNL Il (y = 0) model estimates for compost choice, scale heterogeneity and WTP.

PS choice model SH choice model WTP-S choice model
Variable B S.E B S.E B (Bwtr) S.E
Mean preference/Mean WTP
Price 0.01 0.01 1 fixed
Form 0.03 0.03 0.54
Label 0.05 0.06 0.77
Period 0.03 0.03 0.51
Deliv point 0.03 0.06 0.59
None 0.13 0.15 1.98
Observed scale heterogeneity ()
Pric*age 0.03 0.05
Pric*income -0.09 0.06
Pric*offfarm 0.20%** 0.06
Pric*edu. 0.14 0.15
Form*edu. 0.05*% 0.03
Form*income -0.03 0.03
Form*offfarm 0.06** 0.03
Label*edu 0.00 0.04
Label*offfarm 0.08%* 0.04
Label*orgause 0.03 0.04
None*income -0.13* 0.07
None*offfarm 0.31%%* 0.07
None*orgause -0.14 0.12
None*transp. 0.31%* 0.16
Period*offfarm 0.08 0.06
Delivpoint*transp. -0.20%** 0.07
Delivpoint*Mktdist. 0.08 0.05
Heterogeneity in mean (1)
Price 0.01 0.01 fixed
Form 0.04 0.04 . 0.72
Label 0.05 0.05 8.27%** 0.87
Period 0.05 0.06 0.46 1.59
Delivpoint 0.06 0.10 3.43%* 1.05
None 0.16 0.16 14.13%** 1.58
Tau (z) 0.11 0.13 0 fixed
Gamma (y) fixed fixed 0 fixed
Constant (o) —2.973%%* 0.07
No. of Parameters 13 29 11
LL -2910.7 -2885.5 -2929.73
Pseudo R? 0.25 0.260 0.25
AIC 5847.3 5829.0 5881.47
BIC 5942.0 6040.2 5961.57
Observations 9,552 9,552 9,552

Note: *** p < 0.01, ** p < 0.05, * p < 0.1. Other insignificant variables included in the scale heterogeneity
function are household location variables and interaction terms of choice attributes with gender and household
size. Price coefficient and tau () are constrained at one and zero, respectively, to define the model in WTP space.

The models also revealed substantial heterogeneity around estimated coefficients for all
compost attributes, indicating the importance of accounting for variations in preference for
MSW compost attributes across farmers (Zhang and Sohngen 2018). Heterogeneity was
seen in the significant standard deviations of the vector 5 (heterogeneity of the coefficients)
and the scale parameter (7). It is also worth noting that heterogeneity in preference for the
sales period was generally low in all model specifications.
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12 Bunbom E. Daadi and Uwe Latacz-Lohmann

Based on the estimates, a brand/label on compost sacks is the most influential compost
attribute affecting farmers’ purchasing decisions, followed by a pelletized form of compost.
This means that farmers prefer labelled bags with pelletized compost to unlabelled bags
with unpelletized compost. In contrast to the anecdotal views of MSW compost producers,
these results align with the findings of Agyekum et al. (2014) and Kuwornu et al. (2017)
that these attributes matter for compost demand among farmers in Ghana as well. Even
though the average sample farmer cannot read, they associate branded/labelled bags with
trusted, high-quality compost and hence obtain an enhanced utility from purchasing such
bags. Pelletizing compost also eases and improves dispensing accuracy during compost
application. Thus, farmers prefer pelletized to unpelletized compost (Agyekum et al. 2014).
The other attributes influencing farmers’ decisions to purchase compost are the delivery
point and the period of compost sales. Farmers prefer having compost delivered in their
community rather than collecting it from the nearest input market. Physical access to
markets is a challenge because of the poor road network and consequent lack of reliable
means of transport. Thus, the opportunity to purchase compost in farmers’ communities
represents an added value to the compost.

The period when compost is sold, although least significant, is also an important attribute
influencing farmers’ decision to buy the input. Early sales to farmers during the cash wind-
fall from previous crop harvests will encourage many of them, especially farmers who are
‘patient’, to purchase compost. These early-season sales will be more attractive if combined
with some price discounts (Duflo and Robinson 2011). The coefficient on price is, of course,
negative, implying that a higher price reduces farmers’ utility from the compost. Thus, as
the price per bag increases from the lowest level at GHS 135 to the highest at GHS 335, the
likelihood of farmers purchasing MSW compost decreases, other things being constant. Fi-
nally, the highly significant negative preference (—1.83, p < 0.0001) not to buy compost
implies that farmers place an average utility value of up to 1.83 units on MSW compost,
which they trade off for status quo soil amendments when they opt not to buy compost
regardless of its attributes. They do so probably because of other valuable attributes of the
status quo not found in MSW compost (Hills et al. 2020). In other words, since the opt-out
dummy variable is simply the reverse of the choice decision dummy, the negative preference
for opt-out captures (in the reverse direction) the average (constant) utility derived from the
MSW compost bag, regardless of any attribute.

Figure 2 shows the increased probabilities resulting from improved levels of the compost
attributes from their reference levels and in combination with a price at a 50 per cent sub-
sidy. The graph shows that a compost price subsidy of 50 per cent combined with improved
levels in non-cost attributes increases the compost uptake rate by between 53 per cent (with
transport costs covered) and 88 per cent (with labelled compost bags). At that subsidized
price, offering pelletized compost, selling during farmers’ cash windfall, and delivering com-
post in their community will increase the uptake rate by 85, 83, and 84 per cent, respectively.
This indicates how much a subsidy, together with improved compost qualities and market
access, can impact MSW compost uptake among rural farmers.

3.2 Attribute preference heterogeneity and indicators
The heterogeneity-in-mean preference specification explored sources of heterogeneity using
farmer characteristics and their interaction terms with choice attributes as potential mod-
erators Z; of the heterogeneity function given in Equation (6). The results are presented in
column three of Table 4. As noted above, the standard deviations of attributes’ preferences
and the error scale parameter are significant. These reveal substantial heterogeneity across
individual preferences for the attributes, except for the sales period.

Gender, age, household size, organic fertilizer use experience, and the distance be-
tween a household and the nearest input market were found not to influence preference
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Figure 2. Marginal probabilities of uptake with attributes level changes.

heterogeneity. In contrast, education, income, off-farm job participation, and transport own-
ership significantly explained scale variations around average preferences for attributes. The
number of years of formal education that a farmer had also determined the variation around
the mean preference for pelletized compost. Farmers with many years of formal education
are more interested in pelletized compost than those with few years of formal education.
Household income explains the variation around the average level of preference for not
buying compost. High-income households prefer to buy compost more than low-income
households. It means that the unobserved compost attributes that lead farmers to opt out
of compost purchases are less critical to farmers with high household income than to those
with a low income.

Off-farm job participation significantly explains the variation in preference for compost
price, pelletized form, brand/label, and unobserved attributes. All other attributes held con-
stant, farmers who have an off-farm income prefer these traits more than those without
off-farm income sources. The variation around the mean preference for compost delivery
point is explained by transport ownership. Farmers who own a means of transport such as
a bicycle, motorbike or tricycle tend to care less about taking delivery of compost in the
community. This makes sense because those farmers can afford to transport their compost
from the input market, and thus trade off delivery in the community for other attributes
such as a lower price. Transport ownership also positively explains the variation around
mean preference not to buy compost. This means that transport owners prefer some com-
post attributes not elicited in this study more than those who do not have transport. Lastly,
heterogeneity-in-mean preference models showed the presence of unobserved heterogeneity
around the attributes, except for sales period.

3.3 Farmers’ willingness-to-pay for MSW compost attributes

The G-MNL-II model in the last column of Table 4 gives the marginal values or WTP
for improved levels of compost attributes estimated in WTP space (Scarpa et al. 2008;
Fiebig et al. 2010; Hensher and Greene 2011; Kassie et al. 2017; Greene 2018; and

20z udy 01 uo Jasn [a1y dn Aq £625959/2 100B0bY | /Z/81o1E/uadob/woo dnoolwapese)/:sdpy WOl pepeojumod



14 Bunbom E. Daadi and Uwe Latacz-Lohmann

(A) (B)
O_
2 21
o |
5% 52
S oF
@] o
(TR Lo
8_ (3]
o - o -
-5 0 5 10 15 -10 0 10 20 30
WTP for pellets WTP for brand/label
© (D)
o
S S |
o
=] g
OO OO
291 22
w w
o | o |
N N
= = = =
2.2 24 2.6 2.8 3 0 5 10

WTP for early period sales WTP for delivery at village

Figure 3. Distributions of farmerspecific WTP for MSW compost attributes.

Ahmed et al. 2020). These WTP estimates represent additional prices that farmers are pre-
pared to pay for the improved attributes, such that their utility, and for that matter the choice
probability, remains unchanged. In other words, the WTP reflects the monetary values or
premiums to be paid for improvement in the attributes.

These WTP estimates show that farmers in the study area value brand/label more than
any other elicited attributes. This is followed, in order, by a pelletized form of compost,
compost delivery to the farmers’ village and sales in cash windfall periods. However, there
is an average disutility valued at GHS 33.35 for a decision to buy a bag of compost. This
indicates that at GHS 33.35 per bag of MSW compost, an average rural farmer is undecided
about purchasing MSW compost and will opt out of buying it, regardless of the attribute
profiles, if the price rises further.

The mean WTP estimates indicate that farmers are willing to pay a premium for a
brand/label that is 1.69 times what they are willing to pay for pelletized compost, dou-
ble the premium for delivery in the community, and four times that of early sales (during
the cash windfall). This shows the relative importance of branding/labelling in attracting
farmers to buy the compost.

Figure 3 shows the distribution of farmer-specific WTP for each of the attributes.
Brand/label (b) has the most widely distributed farmer-specific WTP estimates, followed
by pelletized form (a) with the most significant deviation. Few farmers (3 per cent) showed
a negative WTP for these attributes, which means that for those farmers, compost pelletiz-
ing and branding combine with a negative implicit price to maintain utility from compost
choices. The next attribute with significantly varying WTP estimates is the point of delivery.
Except for two farmers, the WTP for delivery in farmers’ communities is positive, ranging
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from 0.84 to 9.21 Ghanaian cedis. The WTP estimates for early-period sales (c) are entirely
positive, ranging narrowly from 2.2 to 2.9 Ghanaian cedis per compost bag. With a spread
of a 1.5-cedis interval, the standard deviation around the mean (GHS 2.49) is not significant.
Thus, WTP for sales during the cash windfall seems fixed among the sample farmers.

4. Discussion and conclusions

The Ministry of Food and Agriculture, in collaboration with NGOs, is striving to build farm-
ers’ capacity to produce and use organic soil amendments in northern Ghana, while MSW
compost producers in cities lack effective demand for their products. In order to continue
clearing public waste from cities through composting, these composters need to expand
their market base by reaching out to the rural farming population. Successful marketing
of MSW compost to rural farmers requires knowledge about WTP. Farmers’ willingness to
pay for compost attributes essentially governs their attraction to the inputs. Therefore, it is
vital to elicit such attributes and determine the implicit prices that farmers are prepared to
pay.

A discrete choice experiment was used to elicit preferences for access and quality at-
tributes of a hypothetical MSW compost. The G-MNL model was applied to quantify the
implicit prices that farmers are willing to pay for the attributes. Different model specifica-
tions consistently showed that the attributes elicited in the study were significant determi-
nants of farmers’ decisions to buy compost, with bag brand/label being the most preferred
attribute. However, preference for the attributes varied widely across individual farmers,
except for the period/time of sales.

On average, the farmers trade off utility valued at GHS 33.36 not to buy MSW compost.
This utility, which is captured by the WTP for opt-out, is equivalent in absolute value to
the average premium a farmer places on an MSW compost bag, regardless of its attributes.
The amount was significant and very close to the producer price at the factory. It was also
an indication that some vital status quo fertilizer attributes not included in the survey in-
fluence farmers to opt out when MSW compost price equals or exceeds GHS 33.36 (Hills
et al. 2020). There was no further information supporting any immediate reason for this
result. However, this finding is at variance with city user-focused studies such as Danso et al.
(2002 and 2006) that urban waste compost demand could be low due to the availability
of cheaper yet nutrient-rich alternative soil amendments. In this case, there are no cheaper
alternatives in the study area for rural farmers. The disutility value being about half the
price of subsidized mineral fertilizer may indicate that farmers contrast the expected utility
from MSW composts with that of mineral fertilizer.

This study provides useful insights for compost business managers on ‘how’, ‘when’, and
‘where’ to offer the input so that rural farmers are attracted to buy it. Specifically, the find-
ings have implications for marketing solid waste-based compost from city-based factories
in Ghana. When designing their marketing strategies, compost manufacturers need to con-
sider rural farmers’ preferences for MSW compost quality and access. Attracting farmers
to purchase compost means increased use of organic fertilizer and, consequently, improved
soil health, crop yields and, for that matter, farmers’ income and food security.

The study revealed that a key strategy for attracting rural farmers to MSW compost is to
offer pelletized compost in branded packages made available to the farmers in their com-
munities when they have the cash to buy. This strategy should be supported by a subsidized
price much lower than the market price. However, compost producers cannot offer signif-
icant price cuts if they need to recover costs and remain in production. Thus, the situation
calls for a much larger government subsidy than that currently given by the National Fertil-
izer Subsidy Programme. Extra subsidies on organic fertilizers over mineral fertilizers could
offset the higher distribution costs (Folefack 2008).

Given the high average disutility associated with the decision not to buy compost and
the very low literacy rates among farmers, the importance of branding/labelling could be
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decisive. At first sight, farmers might associate brands/labels with a reputation for quality.
If so, branding/labelling becomes a valuable marketing tool for the initial purchase (uptake)
decisions. If this is true, farmers may avoid making subsequent purchases unless their initial
compost purchases prove valuable to them. Therefore, efforts should be made to improve
the overall attractiveness of compost through the other attributes, especially pelletizing it
and delivering it to farmers’ communities.

The attributes examined in this study only allowed farmers’ economic preferences to be
assessed. Further studies could consider the role of communication strategies in promoting
use of the input.

Supplementary material

Supplementary data are available at O Open online.
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Appendix
Appendix 1. Stata code used to produce the analysis presented in
this paper

/* Statistical software: stata */
/* version 15.1 */
use ‘G:\CHOICE ANALYSIS_ARNE\DATA ANALYSIS\FINAL_CHOICE1.dta’, clear
*Do the Hausman test for IIA*
quietly mlogit ybchosin price form label period delpoint none if attention = = 1
est store full
quitely mlogit ybchosin price form label period delpoint none if alti! = 1 & attention =
=1
est store partl
hausman part1 full
W

S 3 3 3 3k Sk

3 3 3 e O O 3 3 3 3 3k

/* Latent class models */

Iclogit ybchosin price form label period delpoint none if attention = = 1, group(cs)
id(respid) nclasses(2) membership(gender age edu income offfarm///

orgause pric_age pric_income pric_offfarm form_edu form_incom form_offfarm la-
bel_edu label_offfarm label_orgause none_incom none_offfarm///

none_orgause none_trans p_offfarm del_trans del_dist)

Iclogit ybchosin price form label period delpoint none if attention = = 1, group(cs)
id(respid) nclasses(3) membership(gender age edu income offfarm///

orgause pric_age pric_income pric_offfarm form_edu form_incom form_offfarm la-
bel_edu label_offfarm label_orgause none_incom none_offfarm///

none_orgause none_trans p_offfarm del_trans del_dist)

Iclogit ybchosin price form label period delpoint none if attention = = 1, group(cs)
id(respid) nclasses(4) membership(gender age edu income offfarm///

orgause pric_age pric_income pric_offfarm form_edu form_incom form_offfarm la-
bel_edu label_offfarm label_orgause none_incom none_offfarm///

none_orgause none_trans p_offfarm del_trans del_dist)
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Iclogit ybchosin price form label period delpoint none if attention = = 1, group(cs)
id(respid) nclasses(5) membership(gender age edu income offfarm///

orgause pric_age pric_income pric_offfarm form_edu form_incom form_offfarm la-
bel_edu label_offfarm label_orgause none_incom none_offfarm///

none_orgause none_trans p_offfarm del_trans del_dist)

; Do the Hausman test for RP Model fit

S O 3 3 e e Sk kR R

:I-/?’r

xtlogit ybchosin price form label period delpoint none if attention = = 1, fe/* consistent
specification*/

est store fixed

xtlogit ybchosin price form label period delpoint none if attention = = 1, re/* efficient
and consistent specification */

est store rand

hausman rand fixed, sigmaless constant

303 3 3k 0 38 S 30 3 30 S8 30 3 3k 3030 3 3h 3 3 3 30 3 30 3030 3 30 K 330 3 3h 3 30 3 30 3 30 33 3 3k K 30 33K K %

/*CONDITIONAL/FIXED-EFFECTS LOGIT MODEL*/

clogit ybchosin price form label period delpoint none if attention = = 1, group(cs)

/* MIXLOGIT PREFERENCE SPACE CHOICE MODEL*/

global randvars ‘price form label period delpoint none’

mixlogit ybchosin if attention = = 1, group(cs)id(respid)rand($randvars) In(1) nrep(500)
burn(5000)seed(5000)

R R L R

/**G-MNL CHOICE MODELS**/

global randvars ‘price form label period delpoint none ’

crossfold gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($randvars) nrep(500)
seed(5000)/* Full GMNL*/

outreg2 using choices2.xml, dec(3) replace

estat ic
global randvars ‘price form label period delpoint none ’
gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($randvars) gamma(1)

nrep(500) seed(5000)/* GMNL-I */

outreg2 using choices2.xml, dec(3) append

estat ic

constraint 1 [tau]_cons = 1

matrix start = 0,0,0,0,0,0,0,0,0,0,0,0,1,0

global randvars ‘price form label period delpoint none’

gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($randvars)
constraint(1)from(start, copy) difficult nrep(500)seed(5000)/* GMNL-Tau = 1*/

outreg2 using choices2.xml, dec(3) append

estat ic
global randvars ‘price form1 label period delpoint none’
gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($randvars) gamma(0)

nrep(500) seed(5000)/* GMNL-II (results reported) */
outreg2 using choices2.xml, dec(3) append

estat ic

R S R S R predicting probabili-
ties** e

gmnlpred probs1 if price = = 35llabel = = -1lform = = 1lperiod = = -1ldelpoint = =
-1lnone = = 0/*probability of buying pelletised compost bag at market price*/

gmnlpred probs2 if price = = 35llabel = = 1lform = = -1lperiod = = -1ldelpoint = =

-1lnone = = 0/*probability of buying labeled compost bag at market price*/
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gmnlpred probs3 if price = = 35llabel = = -1lform = = -1lperiod = = 1ldelpoint = =
-1lnone = = 0 /*probability of buying compost bag during cash windfall at market price*/

gmnlpred probs4 if price = = 35llabel = = -1lform = = -1lperiod = = -1ldelpoint = =
-1lnone = = 0/*probability of buying compost bag delivered at community at market price
*/

gmnlpred probsS5 if price = = 25llabel = = -1lform = = -1lperiod = = -1ldelpoint = =
-1lnone = = 0/*probability of buying compost bag at 50 per cent subsidy*/

gmnlpred probsé if price = = 15llabel = = -1lform = = -1lperiod = = -1ldelpoint = =
-1lnone = = 0/*probability of buying compost bag at 50 per cent price + transport cost
subsidy*/

gmnlpred probs7 if price = = 25llabel = = -1lform = = 1lperiod = = -1ldelpoint = =
-1lnone = = 0/*probability of buying pelletised compost bag at 50 per cent price subsidy*/

gmnlpred probs8 if price = = 25llabel = = 1lform = = -1lperiod = = -1ldelpoint = =
-1lnone = = 0/*probability of buying a labeled compost bag at 50 per cent price subsidy™/

gmnlpred probs9 if price = = 25llabel = = -1lform = = -1lperiod = = 1ldelpoint = =
-1lnone = = 0/*probability of buying compost bag at 5 per cent subsidy + during cash
winfall*/

gmnlpred probs10if price = = 25llabel = = -1lform = = -1lperiod = = -1ldelpoint = =

1lnone = = 0/*probability of buying a compost bag at 50 per cent subsidy + delivery at
community*/

/*marginal probability graph*//* graph predicted probabilities using HIGH-LOW-
CLOSE CHART n excell /

/*G-MNL HETEROGENEITY-IN-MEAN PREFERENCE MODELS */

global randvars ‘price form label period delpoint none ’

gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($randvars) het(pric_age
pric_income pric_offfarm form_edu form_incom///

form_offfarm label_edu label_offfarm label_orgause none_incom none_offfarm
none_orgause none_trans p_offfarm del_trans del_dist)nrep(500) seed(5000)/* Full
GMNL*/

outreg?2 using choices.xml, dec(3) append

estat ic
global randvars ‘price form label period delpoint none ’
gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($Srandvars)

gamma(1)het(pric_age pric_income///
pric_offfarm form_edu form_incom form_offfarm label_edu label_offfarm label_orgause
none_incom none_offfarm none_orgause none_trans p_offfarm////* GMNL-I */
del_trans del_dist)nrep(500) seed(5000)
outreg2 using choices.xml, dec(3) append

estat ic
global randvars ‘price form label period delpoint none’
gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($randvars) gamma(0)

het(pric_age pric_income///

pric_offfarm form_edu form_incom form_offfarm label_edu label_offfarm label_orgause
none_incom none_offfarm none_orgause none_trans p_offfarm///

del_trans del_dist)nrep(500) seed(5000)/* GMNL-II (results reported) */

outreg2 using choices.xml, dec(3) append

estat ic

matrix start = 0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1

constraint 1 [tau]_cons = 1

global randvars ‘price form label period delpoint none’
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gmnl ybchosin if attention = = 1, group(cs)id(respid)rand($randvars) constraint(1)
from(start, copy) het(pric_age pric_income///

pric_offfarm form_edu form_incom form_offfarm label_edu label_offfarm label_orgause
none_incom none_offfarm none_orgause none_trans p_offfarm///

del_trans del_dist)nrep(500) seed(5000)/* GMNL-Tau = 1*/

outreg2 using choicemodels.xml, dec(3) append

estat ic

/* GMNL models in WTP space */

gen cons = 1

constraint 1 [Mean]price = 1

constraint 2 [tau]_cons = 0

matrix start = 1,0,0,0,0,0,0,0,0.1,0.1,0.1,0.1,0.1

global randvars ‘form label period delpoint none’

gmnl ybchosin price if attention = = 1, group(cs)id(respid) rand($randvars) het(const)
constraint(1 2)from(start, copy) nrep(500) gamma(0) seed(5000)/*G-MNL II in WTP
space(results reported) */

gmnlbeta form labell period1 delpoint1, saving(‘stata data filename’) noscale/* obtain
and save farmer-specific WTPs as data*/

/* use the data to graph wtp distributions*/

histogram form, color(blue per cent100) frequency normal xtitle(WTP for
pellets)ytitle(FREQUENCY)

graph save WTPform

histogram label, color(blue per cent100)frequency normal xtitle(WTP for
brand/label)ytitle(FREQUENCY)

graph save WTPlabel

histogram period, color(blue per cent100)frequency normal xtitle(WTP for early period
sales)ytitle(FREQUENCY)

graph save WTPperiod

histogram delpoint, color(blue per cent100)frequency normal xtitle(WTP for delivery at
village) ytitle(FREQUENCY)

graph save WTPdelpoint

graph combine WTPform.gph WTPlabel.gph WTPperiod.gph WTPdelpoint.gph
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