|

7/ “““\\\ A ECO" SEARCH

% // RESEARCH IN AGRICULTURAL & APPLIED ECONOMICS

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.

Give to AgEcon Search

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

5th International Conference of AAAE
23 - 26 September 2016, United Nations Conference Centre,
Addis Ababa - Ethiopia

Transforming Smallholder Agriculture in Africa:
The Role of Policy and Governance

Identification of consumer segments and market
potentials for organic products in Nigeria: A
Hybrid Latent Class approach

Muhammad Bello and Awudu Abdulai

Invited paper presented at the 5th International Conference of the African Association of
Agricultural Economists, September 23-26, 2016, Addis Ababa, Ethiopia

Copyright 2016 by [authors]. All rights reserved. Readers may make verbatim copies of this
document for non-commercial purposes by any means, provided that this copyright notice
appears on all such copies.



Identification of consumer segments and market potentials for organic products in
Nigeria: A Hybrid Latent Class approach

Muhammad Bello! and Awudu Abdulai?

Paper prepared for presentation at the 5™ African Association of Agricultural
Economists (AAAE) International Conference, Addis Ababa, Ethiopia, 23-26
September, 2016.

Copyright 2016 by Muhammad Bello and Awudu Abdulai. All rights reserved. Readers
may make verbatim copies of this document for non-commercial purposes by any means,
provided that this copyright notice appears on all such copies.

!Department of Agricultural Economics and Extension,
Bayero University Kano, Nigeria

Department of Food Economics and Consumption
Studies, University of Kiel, Germany
'mbbello10@buk.edu.ng
Zaabdula@food-econ.uni-kiel.de



mailto:mbbello10@buk.edu.ng
mailto:2aabdula@food-econ.uni-kiel.de

Identification of Consumer Segments and Market Potentials for Organic Products in

Nigeria: A Hybrid Latent Class Approach

Abstract

Given the growing interest in the potential of organic agriculture to correct environmental
externalities in sub-Saharan Africa, we use data from a hypothetical stated preference
survey conducted in Nigeria to determine the market potentials of organic products as
well as show how the relative importance that consumers attach to organic attributes
varies strongly as a function of underlying attitudes. We specify a latent class structure
that allows us to jointly analyze responses to stated choice and assignment to latent
classes, while avoiding measurement error problems. Our results reveal that consumers
are willing to pay premium for both environmental and health gains achieved through
organic production systems, although their quantitative valuation is higher for the health
concerns. Furthermore, we note that individuals with stronger preferences for organic
products tend to attach a global value to the third party organic certification program
attributes, whereas the valuation tends to be more restrictive among respondents that
prioritize the status quo option (conventional alternative). We also observe that
differences in respondents’ geographic location and level of awareness of organic food
production characteristics (prior to the survey) have significant impact on consumers’
choices.

JEL code D12, Q13, Q18, Q56

Keywords organic products, consumer segments, environmental and health attitudes,
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1. Introduction

Land degradation is a far-reaching biophysical problem that threatens food
production systems in developing regions of the world (particularly sub-Saharan Africa),
where about 10 million hectares of crop land are lost annually (e.g., Azadi et al. 2011).
Available empirical evidence stress the role played by resource-poor farmers in human-
induced natural resource degradation (e.g., Reardon and Vosti 1997). This situation has
generated concern over which environmental externalities of agricultural production
should be encouraged and which should be corrected. The prevailing economic
explanation for the continuing trend toward resource degradation is that economic
incentives often encourage degradation and discourage conservation (e.g., Heath and
Binswanger 1996).

In light of this challenge, there is a growing interest in the potential of organic
agriculture (OA) to correct environmental externalities in sub-Saharan Africa (SSA). OA
is one of the approaches that meet the objectives of sustainable agriculture. According to
the United Nations Conference on Trade and Development (UNCTAD) and United
Nations Environment Program (UNEP) (2008), OA has the potential to offer a range of
local and national sustainable development opportunities for Africa in that it integrates
traditional farming methods, uses inexpensive locally available natural resources and has
positive economic effects on farmers’ productivity and income. Furthermore, like other
“green’’ labelling initiative, OA is considered a mechanism for the private provision of
public goods.! This is premised on the notion that the joint production of public and
private characteristics in a good might mitigate the crowding-out effect in the private
provision of public goods (e,g,, Cornes and Sandler 1984). Implying that the capacity of
consumers’ acceptance and demand for the attributes of organic products could redress
the failure of the market to provide public goods. However, the current state of organic

markets in various parts of SSA reveal that many consumers are unfamiliar with the
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concept of certified OA (e.g., Philip and Dipeolu 2010). Hence, the identification of
market potentials of the organic product is important for the future development of the
sector.

Although studies on seasoned organic markets in Europe and North America have
shown that consumers are concerned with the environment when making consumption
decisions (e.g., Carlsson, Frykblom and Lagerkvist 2007), the degree of concern differs
among individuals. On one hand, most consumers choose organic products because of a
perception that the products have unique (and in some cases superior) attributes compared
to the conventional alternatives (Vindigni, Janssen and Jager 2002). For example, some
consumers prefer organic products for self-interest motives such as health risk avoidance,
while others select organic due to ethical and altruistic concerns about biodiversity,
climate, or animal welfare. Similarly, many individuals with external orientation tend to
respond to the social benefits of organic farming, and choose to reward local farmers for
using environment-friendly production methods (e.g., Davis 1994).

On the other hand, a major reason for not selecting organic products by some
consumers is linked to a perception that conventionally produced alternatives are better,
especially given that organic quality attributes are intrinsic (i.e., credence good) and may
be difficult to identify by visual inspection alone (e.g., Jolly et al. 1989). Likewise, it is
argued that modern OA appears to be showing more signs of increasing intensification
and specialization, similar to trends in conventional agriculture (e.g. Guthman 2004).
Generally, these findings lend support to the idea of heterogeneity in preferences for
organic products within the population. It is reasonable to hypothesize that preferences are
not unique to the individual, but rather a group of individuals (e.g., Hu et al. 2004), thus
in the present study we are the first to employ a hybrid latent class (HLC) approach (e.g.,
Hess, Shires and Jopson 2013; Mariel, Meyerhoff and Hess 2015), that controls for

heterogeneous class-specific preferences in the context of organic products in SSA.



A number of studies have researched preferences for attributes of organic products
among urban consumers in SSA and have used hypothetical stated preference (SP)
approaches (e.g., Philip and Dipeolu 2010; Probst et al. 2012). Using contingent valuation
method, Philip and Dipeolu (2010) investigated consumers’ preferences for organic
vegetable in Nigeria, whereas Probst et al. (2012) employed mixed multinomial logit
model (MMNL) to explore the existence of heterogeneity in preferences for organic
products among urban consumers in Ghana, Benin and Burkina Faso. However, none of
these studies employed a joint latent class specification that identify different market
segments (classes) based on consumers’ socioeconomic and attitudinal data, as well as on
observed choice behavior and product characteristics, potentially making the classes more
directly relevant to management decision-making.’

The integration of choice data with attitudinal data to shed light on taste
differences go back to McFadden (1986), Swait (1994), and Ben-Akiva et al.  (1999). It
is worth noting that several studies making use of answers to attitudinal statements often
directly incorporate the individual’s responses as explanatory variables in the utility
specification (e.g., Bechtold and Abdulai 2014).> However, proponents of HLC approach
(e.g., Ben-Akiva et al. 1999) query whether responses to attitudinal statements should be
included directly as error free explanatory variables in a model. The authors argue that
respondents’ answers are mainly indicators of true underlying latent attitudes, hence
incorporating these responses directly to a model could potentially lead to measurement
error and endogeneity bias problems.*

In this study, we examine heterogeneous preferences for organic products
attributes among consumers’ in Nigeria using household survey data from a discrete
choice experiment (CE). Specifically, we use HLC model to investigate how the relative
importance that consumers attach to organic products’ attributes varies strongly as a

function of underlying attitudes.® This model framework allows us to jointly examine the
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response to the stated choice component as well as the response to the attitudinal
questions, without risk of exposure to measurement error and endogeneity bias problems.
Given that organic products are quasi-public goods, we account for both environment
(public) and health-related (private) attitudes of respondents. Thus, we incorporate all
sources of heterogeneity, including socioeconomic and attitudinal data. To the extent that
the markets for organic products have shown potentials for growth, our study is
formulated to provide more insight into heterogencous consumers’ preferences for
organic products in Nigeria as well as to draw implications for future development of the
sector.

The rest of the paper is organized as follows. The next section presents the
econometric specification of the general CE framework, followed by a description of the
design of our survey and the data in the third section. The empirical specification and
results from the analysis are then reported in sections four and five, respectively. The final
section provides concluding remarks and implications.

2. Econometric Framework

We employ the hybrid latent class (HLC) approach presented by Hess, Shires and
Jopson (2013), in which a latent class model (LC) is used within the hybrid choice
modeling framework. The framework explains the effect of respondent’s attitudes on
observed sequence of choices through the class allocation probabilities, such that
responses to attitudinal questions are specified as functions of the underlying latent
attitudes to avoid the risk of endogeneity bias (e.g., Ben-Akiva et al. 1999). The HCL is
composed of two parts. The structural equation component explains both the latent
variable and utility function in terms of observable exogenous variables and attributes,
respectively. The measurement component links the latent variable to responses to the

attitudinal questions (i.e., the indicators). In addition, the HLC model also has a class



allocation model which itself has structural equations highlighting utility of the various
classes.

The main structural equations component is based on the random utility theory,
thus utility of respondent n for alternative i in choice situation t is presented as:
Uint =V (Zine Mn, B) + Eine (D
where V(z;,:, m, , B) is the deterministic part of utility function, with z;,; as the vector
of attributes of alternative i (including the conventional alternative dummy), m,, a vector
of socio-demographic characteristics and 8 a vector of parameters. The term g;,,; is a
random component assuming an i.i.d. EV (0, 1) and it accounts for unobserved attributes
and characteristics.

Latent class models assume that discrete segments C (classes) of the population
have different choice behaviors and each class, ¢ is characterized by a unique class-
specific utility parameter ( 5.). Given membership to a class c, the conditional probability

that respondent n chooses alternative i in choice situation t is expressed as:

(Bezint)

T

Py =Pr(ynclc, z,) =124 %:
Zj:le c4jnt

(2)

where y,, denotes the sequence of choices for respondent n over T, choice tasks.
Equation (2) is a product of MNL probabilities and for identification reasons we fix the
scale parameter to 1. The LC approach also hypothesizes that respondent’s actual class
assignment is probabilistic, since the classes are unobservable. Thus, let the class
allocation probability (6,,.) for respondent n be modeled using a logit structure, which is
given as:

e (50,C+chn)

(3)

[4] =
ne Zg= L€ (80,C+chn) ’

where utility of a class is a function of socio-demographics (m,), with y, and &,

denoting the vectors of parameters and constant for classc, respectively. For
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normalization reasons, we fixed the constant to zero for one of the classes. Therefore, the
unconditional probability over sequence of observed choices is derived by taking the

expectation over all classes, C. This is specified as:

(Bezint)

Tn

=P = T T2
2]‘:13 c4jnt

4)

For the measurement equations component, studies have shown that the
deterministic inclusion of responses to attitudinal statements (as direct measures of
respondent’s underlying attitudes) in a model may result in measurement error and
endogeneity bias problems. In line with Hess, Shires and Jopson (2013), we account for
these issues in the specifications. First, we consider respondent’s attitude as a latent
variable, which is defined as:
an = f(My, 1) + 1y, (5)
where f(M,,, 1) is the deterministic part of a,,, with f(.) specified as linear. The vectors
M, and A denotes the socio-demographic variables of respondentn and the estimated
parameters, respectively. The random term (n,,) is assumed to be normally distributed
with a zero mean and standard deviation, o,,. Next, we use the values of the attitudinal
indicators as dependent variables. Specifically, the value of the kth indicator for
respondent n is specified as:

Lin = h(an, §) + wy, (6)

where the indicator I,,, is a function of latent variable (a,,) and vector of parameters ().
The random term, w,, is normally distributed with a mean 0 and standard deviation, oy, .
To avoid the estimation of unnecessary parameters, we centered the indicators on zero.
The indicators are responses to attitudinal questions, with a finite number of possible
values (i.e., scale 1-5). As such, we use ordered logit structure for the five indicators (I;-

I5). The measurement equation component consists of threshold functions, such that for a



discrete indicator (I;,) with strictly increasing R levels (i, i; ....ig), We compute the
threshold parameters, 7, 75 ..... Tp_1-
The likelihood of specific observed value of I;,,(k = 1,2, ....5) is expressed as:

[ e(Tk,il-fk“n) e(fk,r-ik“n) e(fk,(r—n—fk“n)

len = I(Ikn=i1)

— |+ 2R Iy, =i -
_1+e(fk,i1_5k“n)l Zr—Z Uxn=1r) L+e(rk'r_<kan) 1+e(’k,(r—1)‘<k“n)

e(’k,(R—n-( kan)

I(Ikn=iR) 1- )l' (7)

1+e(fk,(R—1)-<kan

where (, measures the impact of the latent variable (a,) on indicator I, and
Tp1, Tk - -Tgr—1 are a set of estimated threshold parameters. In application, the
threshold parameters are estimated using a set of auxiliary parameters,
(Uk10 Hi2 -+ - Bi(r—2)), In the threshold functions, such that 7,, = 7y, +
where u;, - = 0,V r. The auxiliary parameters are specified to guarantee that threshold
parameters are strictly increasing; 71 < Txz ... < Tyr-1)- FOr identification, we
constrained one of the threshold to 0 and the scale parameter to 1.

The latent variable () is linked to the remaining part of the model through the
class allocation probabilities specified in Equation (3). In our test for the class allocation
specification, we were unable to retrieve any significant socio-demographic interactions
other than those captured through the latent variable specified in Equation (5). Thus,
following Mariel, Meyerhoff and Hess (2015) we re-write Equation (3) as:

e(5o,c+61,c“n)

en‘c - Zg=1 3(80'C+61,Can)’ (8)

where 8, . and &, . are parameters to be estimated. The sign of &, . describes the effect of
the latent variable (a,,) in determining the probability of belonging to a specific taste

class.



The log-likelihood (LL) function for the HLC model integrates the choice models
with the measurement models (attitudinal variables) over n,,, conditional on a specific

realization of the latent variable («,,). Hence, the joint model is specified as:

N 8
L6080 = ) n (Pn]—[len)gm)dn, ©)
n k=1

n=1
where P, is defined in Equation (4), but with class allocation probabilities 8, . as in
Equation (8) and L,, as expressed in Equation (7) for k = 1,2,...,5. For identification
reasons, the standard deviation (o;,) of the random component (n) is set tol.
3. Survey Design and Data Description
Our analysis makes use of consumer preferences data collected in Kano State,
northwestern Nigeria. This location is densely populated and highly diverse socio-
demographically, thus allowing for high representation in our dataset.

Interviews were conducted with questionnaire, and a total of 600 primary food
buyers in the households were sampled using a multistage sampling approach. Our
questionnaire centered on choice experiment, respondent’s socio-demographic and
attitudinal data. Initially we elicited respondents’ level of awareness of OA, and based on
common understanding regarding the meaning of organic concept, we proceeded with the
CE task.

The choice sets, consist of two generated organic alternatives and a ‘status-quo’
option. We generate the organic alternative profile using a three stage Bayesian sequential
approach (Scarpa, Campbell and Hutchinson 2007). In the CE, respondents were
randomly assign to nine choice scenarios each. As presented in Table 1, each organic
alternative is illustrated by four quality attributes and a price. The price attribute in the
choice sets were the prices for 1kg basket of tomatoes, with three different price levels.

Attribute relating to the origin of the certifier of the organic product is also identified. We
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recognize three organic third party certification scenarios namely: when the organic
tomato is certified by foreign certifiers only, scenario with both foreign and indigenous
third party certifiers, and indigenous certifiers only. The remaining three quality-attributes
of the organic choice options concern: higher vitamin A content; lower soil erosion and
lower pesticide residues, and each were described by high, medium and low attribute
levels. °

Furthermore, our questionnaire elicit basic information on socio-demographics
characteristics and some attitudinal statements - such as questions about the respondent’s
household buying habits, their attitudes and beliefs. Table 2 presents the attitudinal
statements used in the HLC model specification. These statements covered a wide range
of aspects that are of both health and environmental concerns. These questions were
scored on a five-point Likert scales ranging from completely disagree (1) to completely
agree (5). From an a priori perspective, the third column shows the signs describing the
expected tendency of responses from proponents of OA. For example, a positive sign for
the fair payment statement implies that proponents would more probably choose higher
values on the response scale for the specified indicator on incentivizing environment-
friendly food production.

We present information on the socioeconomic characteristics of the sample
households used in the econometric modeling in Table 3. The results indicate that most
households have an average size of about 10 members, and their mean monthly income
was estimated at nearly N 47,000. Majority of the household-heads have less than 8 years
of formal education. Moreover, level of awareness of organic products is low among the
respondents, as only 25 percent indicated previous knowledge of certified organic
farming. Moreover, 46 percent of the respondents practice some environmental
conservation, such as food waste recycling.

4. Empirical Specification
11



Each respondent was faced with up to nine choice tasks, and for the analysis, we
made use of a sample of 5,400 observations from the 600 respondents. Two different
models were estimated on the data, a standard latent class model (LC) and the hybrid
latent class model (HLC) as shown in Equation (4) and (9), respectively. The LC model is
primarily included for illustrative reasons, given their past use in the previous studies
(e.g., Bechtold and Abdulai 2014). The two models were coded in Biogeme (Bierlaire
2003), and for the HLC model, we simultaneously estimate the structural and
measurement model components (e.g., Ben-Akiva et al. 1999).

As indicated previously, the LC structure assume that discrete segment of the
population have different choice behavior and taste, and that the heterogeneity can be
linked to individual’s attitudes and perceptions. In discrete choice analysis, this translates
into class-specific choice model and class-membership model specifications. To allow for
some comparisons, the class-specific choice and class-membership components were
treated consistently across the two models, ensuring that the base structure of the LC
model equate to reduce form version of the hybrid structure (HLC) (e.g., Mariel,
Meyerhoff and Hess 2015). For the class-specific choice model, in both the LC and HCL
models, we consider the four quality attributes and price, and allow their effects to vary
across classes. The quality attributes were all dummy coded, with the base levels set to
zero.” Next, for the class-membership probabilities, we consider the constant (60,c) and
parameter of the latent variable (6, .) in the logit structure. The sign of &; . determines
whether increases in the value of the latent variable («,,) lead to an increased or decreased
probability for a specific taste class. Generally, the specification at this stage corresponds
to a standard LC structure which forms the basis of the developments in this paper.

The final component of the hybrid model is given by the measurement equations
for the attitudinal indicators. To make use of the answers to the five attitudinal statements

reported in Table 2, we hypothesize that the responses together with respondents' actual
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choices are driven by the underlying latent attitudes. The latent variable («,,) is linked to
the remaining part of the hybrid structure through the class allocation probabilities as
specified in Equation (8). It is important to note that we mainly consider respondents’
answers to the four environment-related attitudinal statements (I; —1,) and a health-
related statement (I5). In other words, the answers to these statements are assumed to be
likely dependent on the underlying health and environmental attitudes of the respondents.

We employ an ordered logit specification (in Equation 7) to estimate the
thresholds for each of the five ordered indicators, although the specific distribution of the
responses led to our merging of the first three and last two levels for all indicators. We
also simplify the model further by constraining the estimates of the indicators in Equation
(7) to 1. As such, any differential impact of the latent variable on the indicators was
plugged into the estimates for the thresholds.

As described in section 2, the combine LL function for the HLC model is
composed of two components. The first component is B, as specified in Equation (4)
which gives the likelihood of observed choices, this is obtained by taking the expectation
over all C classes (i.e., the product of the logit probabilities). Whereas the second

component, L, denoting the probability of responses to the attitudinal questions, is a
product of five ordered logit terms (for I,—I5) as defined in Equation (7). We use a
simultaneous estimation with integration over n (as shown in Equation (9)), and also
reflect the repeated choice nature of our data. The distribution of the random latent
variable, g(n), is univariate normal, with zero mean and a standard deviation of one.
Likewise, we estimate the LC model simultaneously, although without the L,
component and the integration over n (Hess Shires and Jopson 2013).

5. Empirical Results
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In this section, we first discuss the results of the identification of the number of
latent classes, before we proceed to present the maximum likelihood estimates for the
best-fitting LC and HLC models. Finally, we present the class-specific WTP values for
the identified attributes.

Models with two through five classes were estimated using Biogeme software
(Bierlaire 2003). For each model, we determine the optimal number of latent classes
(Boxall and Adamowicz 2002) using the Akaike Information Criterion (AIC) and the
Bayesian Information Criterion (BIC). We present the estimates for these models in Table
4. The log-likelihood values at convergence (LL) reveal improvement in the model fit as
classes are added to the procedure up to the three class model. Inspection of the AIC and
BIC values suggests that the three class model is the optimal solution, given that the
minimum BIC and AIC statistics are clearly associated with three classes. We therefore
estimate a three-class model for both LC and HLC specifications.

The maximum likelihood estimates for the LC and HLC models are reported in
Tables that follows, and then the respective welfare measures. Foremost, we focus on the
estimates derived from standard LC model on Tables 5 and 7, and then discuss results
from the HLC model on Tables 5, 6 and 9. Generally, our results indicate existence of
considerable heterogeneity in preferences across latent classes, as revealed by the
differences in magnitude and significance of the utility function estimates. We observe
that the class membership probabilities are significantly related to the consumers’
attitudes. Similarly, as expected, we note that across models the price coefficient is
negative and statistically significant in all classes, suggesting that respondents’ utility
decreases with increase in price. Furthermore, the results show that a decrease in
pesticide residue increases respondents’ preferences for organic tomatoes, as the attribute

is positive and statistically significant in all the classes, across models.
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From the LC model in Table 5, we observe that although members of class 1
exhibit lower utility for the conventional alternatives as shown by the negative and
significant conventional alternative variable, they are more likely to be termed as
indifferent to certified organic food. This is because the coefficient estimates for three of
the four organic quality attributes identified are not statistically significant from zero,
implying that the reduction of pesticide residues is the only relevant quality attribute for
members of this class. For class 2, we find that all the organic quality attributes are
positive and significant, suggesting that members of this class are likely to be associated
with being advocates of organic products. In particular, our results show that members
derive significantly higher utilities from the certification program, increase in vitamin A
contents, reduction in pesticide residues and lower soil erosion, and also obtain distinct

disutility from the conventional alternative.

On the other hand, consumers who are likely to be members of class 3 prefer to
maintain the status quo, as shown by the positive and statistically significant conventional
alternative dummy. Members of this class also express significant disutility for the
certification program attribute. However, based on available evidence, a product can only
be correctly qualified as ‘organic’ when it is grown under a well-defined and unique set of
certification procedures (IFOAM 2012)8. Therefore, members of class 3 are more likely to
be labelled as conservatives. In general, our results reveal that of the respondents
participating in the CE about 33% have a fitted probability to belong to class 3, while
22% and 45% will likely belong to classes 1 and 2, respectively. This finding suggests
that organic products have considerable potential for growth in Nigeria, since the bulk of
respondents (about 67 %) are more likely to belong to either class 1 (indifferent segment)

or class 2 (advocates).
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Table 7 presents WTP measures corresponding to significant attributes in the three
classes of the LC model. The WTP measures are computed from the LC model estimates
giving the implied monetary valuation of different changes in attribute levels. A positive
WTP value in our results show how much the respondents would be willing to pay for a
change of the given attribute from its base level, whereas a negative WTP suggests the
amount they are willing to pay to prevent this change. For example, in the class 2,
members are willing to pay a premium of N 11.03, N 8.97 and N 8.46 for lower pesticide
residues, reduction in soil erosion, and certification attributes, respectively.

Next, we focus on the results on the HLC model in Table 5. Foremost, it is worth
noting that although the log-likelihood of HLC structure cannot be directly compared to
the LC model fit’, the estimated coefficients from both models are very similar. Also,
given that we incorporate supplementary behavioral information in HLC choice
specification, the accuracy of most of the coefficients increase, as expected (e.g., Mariel,
Meyerhoff and Hess 2015). This finding confirms our hypothesis that the identified
underlying health and environmental attitudes influence respondents’ class allocation
probabilities, as all relevant coefficients are statistically significant at the 10% level.

Moreover, from the measurement components presented in Table 6, our results
show that the latent variable actually inform assignment to latent classes in the HLC
model. The latent variable has a significant impact on all five attitudinal indicators ({)
identified. Similarly, the signs of the indicators suggest that proponents of organic
products are more likely to be associated with higher latent variable. Thus, consistent with
a priori expectation, we observe that the advocates of organic products assign higher
values (positive signs) to both attitudinal statements relating to fair payment of
environment-conscious farmers and the objections to cloning, while the remaining three
indicators attract lower values (negative signs). Furthermore, from the estimates of the

class allocation model, we observe that respondents with a lower latent variable are more
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likely to be in class 3, and least likely to fall into class 2, given that the signs of §; ; and
81, are positive and negative, respectively. These findings conform to our earlier
identification of class 3 as being characterized by strong opposition to organic products,

while members of class 2 are identified as advocates of organic products.

To further describe the consumer segments (i.e., advocates and conservatives), we
employ the socio- demographic variables (4). The signs of the characteristics indicate that
the latent variable is higher among older and more educated respondents, who are
environment-conscious (recycle food waste) and have previous awareness of the concept
of organic agriculture. Similarly, this segment of consumers are more likely to be resident

in the urban areas and have modest household sizes. *°

As specified in Equation (8), the class allocation probability is respondent-
specific, and a function of the random latent variable (a), which implies that the
allocation probabilities also follow a random distribution. Thus, we simulate the class
allocation probabilities using 10,000 Halton draws for the random latent variable and for
each respondent, as in Equations (5) and (8). Here, we integrate the parameter estimates
(4) with the associated values of socio-demographic variables and the random errors, n
(e.g., Mariel, Meyerhoff and Hess 2015). The class allocation probabilities are shown in
Figure 1, where the estimated distributions suggest that there is a higher likelihood of
respondents belonging to classes 2 and 3 relative to class 1. Moreover, given that the
latent variable (@) is a function of socio-demographic variables, in Table 8, we report the
simulated allocation probabilities for two opposing groups, advocates and conservatives.
In this case, unlike the LC model, the subgroups are characterized by socio-demographic
variables, the values in the first column define conservatives as being below the 25th
percentiles of the corresponding variables; age, years of education, household size, and

being unaware of organic concept and located in rural centers. The second column uses
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the 75th percentiles of these variables to define advocates that present a diametrically
opposing values of the different characteristics.

Clearly, the relative advantage of using the HLC is that it enables us to
consistently examine the role played by respondents’ underlying attitudes in explaining
preferences for organic attributes. While the LC model has structural equation that
explains preference function in terms of observable attributes, the HLC model has in
addition to the structural aspect a measurement component for the endogenous (latent)
variables that provide more behavioral insight. In other words, for the LC model, we
identify consumer segments based on the choices of observable quality attributes, whereas
in the HCL model, latent classes are consistently determined based on both the
preferences for observable quality attributes as well as the underlying attitudes that
explain respondents’ preferences.

Turning next to the implied trade-off for the organic attributes derived from HLC
model. In Table 9, we report the welfare measures and confidence intervals for the two
subgroups. We calculate 95% confidence intervals using the Krinsky—Robb parametric
bootstrapping method. Also, we simulate the WTP values for the sample population by
computing weighted means of the WTP values in each class (e.g., Mariel, Meyerhoff and
Hess 2015). We merged the values across respondents to obtain sample level distributions
(pooled). A comparison of the WTP estimates for the attributes across the latent classes
reveal notable differences in preference structure. Based on the WTP measures, our
findings confirm the interpretation of the segments as mentioned above (i.e., advocates
and conservatives). Although statistically significant differences exist between the
premiums for the attributes across subgroup, the simulated welfare values show that the
reduction in pesticide residues attribute attracts highest premium followed by lower soil
erosion, and then higher vitamin A content and certification attributes. Similarly,

corresponding simulated distribution of both the segmented and pooled implied trade-off
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for each attribute is also represented in Figures 2 and 3 respectively, illustrating the
reported respondents’ preference ordering.

Respondents that are identified as conservatives appear to show preference for
food products with reduced pesticide residues, although relative to advocates, the price
premiums for this subgroup tends to be lower. This implies that members of the
conservative subgroup are price sensitive and more likely to partly base their purchasing
decision on price as well. Meanwhile, individuals that advocate for organic food have
been shown to express significant preferences for all the organic quality attributes
identified with the highest value placed on lower pesticide residues, followed by
certification, and then lower soil erosion and increased vitamin A content. For example,
respondents in this segment are willing to pay N 5.53 more for reduced soil erosion and
even more for lower pesticide residues (N 6.74) and certification program (N 6.53).
However, they obviously derive disutility from conventionally-produced tomatoes and

would be willing to accept up to N 5.77 as compensation.

On the other hand, in the conservative subgroup, the conventional alternative is
more highly valued relative to the identified organic quality attributes. The high
valuations of conventional tomatoes, may be attributed to the fact that members of this
class perceive organic food products with skepticism. Moreover, the certification attribute
is negative and statistically significant, suggesting that the quality of organic traceability

network is not important for members of this class.

Generally, we observe that respondents (advocates) are willing to pay an
additional N 20 for organic tomatoes over the base retail price (N 60) for one kilogram
basket of conventional tomatoes. This value corresponds to more than 30% premium
when compared to the typical market prices results for conventional tomatoes during the

peak seasons in Nigeria.'* The simulated WTP values reveal that respondents are in favor
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of reducing the pesticide residues in food products, regardless of whether they are
categorized as indifferent, advocates or opponents of organic products. However, the
valuation of certification attribute differs strongly between the two opposing groups, as
the proponents would prefer tomatoes produced in accordance with the specifications of
organic third-party certifiers that guarantee compliance with the production standards, as
well as adequate inspection of the processes within the supply chain.

6. Conclusion

In this study, we examine the existence of preference heterogeneity for organic
products, as well as the sources of heterogeneity for consumers in Nigeria. We use a
hybrid model framework to jointly analyze the response to the stated choice component as
well as the response to the attitudinal questions, without exposure to risks of endogeneity
bias and measurement error.

Our results reveal that market for organic products exists in Nigeria, as consumers
are willing to pay a premium for both health and environmental gains realized through
organic production systems, although their quantitative valuation is higher for the health
concerns. This finding reflects public opinion in Nigeria toward food safety and health
concerns. Given that organic foods are recognized as products capable of generating
health benefits, and considering the fact that older people are more concerned with health
than younger people, this finding is in line with expectations. Likewise, our result is
consistent with earlier research demonstrating that age seems to increase health-related
concerns and also attractiveness of products with health claims (e.g., Bechtold and
Abdulai 2014).

Furthermore, we note that individuals with stronger preferences for organic
products tend to attach a global value to the certification program, whereas the valuation
tends to be more restrictive among respondents that prioritize the status quo option

(conventional alternative). Another interesting issue that emerges from our study, is the
20



issue of regional heterogeneity. We observe that difference in geographic location has
significant impact on consumers’ choice of organic products. Similarly, while across
market segments willingness to pay for health improvement increases significantly, we
found that advocates of organic products are more likely to be resident in the urban areas.
These result suggest that to sustain organic production on the demand for healthier food, it
Is important to improve the frame conditions (that is, the distribution and sale systems) for
the marketing of organic foods as part of a policy strategy.

In addition, we find that respondents’ level of awareness of organic food
production characteristics (prior to the survey) is a relevant and significant factor in
increasing their WTP for the organic quality attributes, predominantly, better-informed
respondents demonstrate higher WTP. Thus, the idea that environment-conscious
consumers tend to seek information, and the notion that information may shift preferences
for environmental conservation appear to be supported by our results.

Overall, our findings contribute to the debate on the potential of organic
certification to correct environmental externalities in agricultural production. We find that
respondents display a range of different preferences and that the behavioral asymmetry
may be reflecting differences in underlying attitudes. More so, we observe that in order to
drive the market for organic produce, a key element in the strategy to reach consumers
would be to facilitate access to the products (via urban sale outlets). Moreover, actions to
better inform the public in general is cardinal to promote concern for the health and
environment as well as a shift in preferences while also driving the demand for organic
products. Furthermore, despite the fact that WTP is higher for the private attributes of
organic production systems relative to the public attributes, environmental preferences

also provide a feasible foundation for the development of the organic market in Nigeria.
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Table 1: Attributes and attribute levels in the choice experiments

Attributes Description Attribute Levels
Pesticide Reduction in the level of pesticide residues 5%, 25% ,100% lower
content

Certification Organic certification scenarios Foreign, Foreign plus
indigenous, Indigenous
labels

Vitamin Increase in vitamin A content 5%, 25%, 100% higher

Price Purchase price (in Naira) A 60, N 80, MN100

Erosion Reduction in the level of soil erosion 5%, 25%, 100% lower
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Table 2: Attitudinal statements and tendency of response

Indicators  Definition Hypothesis
I1 It is fair to pay farmers more for producing environment-friendly food +
I, Environmental problems are highly exaggerated -
I3 My actions are too small to affect any environmental quality -
I4 Government is doing enough to control environmental pollution -
Is Scientists are going too far with cloning +

Note: response scale ranges from ‘’completely disagree (1)’ to “’completely agree (5)”’
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Table 3: Sample Socio-demographics

Variables Definition Mean S.D. Min Max
Age Age of household head in years 4334 117 17 75
Gender Dummy(1=if household head is male, 0 otherwise) 082 0.39 0 1
Education Years of formal education of the household head 729 413 O 26
Income Average monthly income in Naira (N ‘000) 4773 7542 9 800
Household Size  Number of members of the household 988 266 4 15
Awareness Dummy/(1=if previously aware of organic products, 0 024 0.42 0 1
otherwise)
Disease Dummy/(1=if incidence of food disease in 24months, 0 0.17 0.38 0 1
otherwise)
Region Dummy/(1=if urban dweller, 0= if rural dweller) 052 050 O 1
Recycling Dummy/(1=if food waste is often recycled, O otherwise) 0.46  0.49 0 1
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Table 4: Criteria for number of classes

Number of latent classes ~ Observations ~ Number of  Log-likelihood AlIC BIC
©) (N) Parameters (LL)
(P)
2 5,400 38 -7,741.1 15,558.1 7,904.39
3 5,400 44 -7,659.4 15,406.9 7,848.47
4 5,400 50 -7665.8 15,431.6 7,874.25

Note: Bold figures indicate that the optimum number of latent classes is three under both AIC and BIC.
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1 Table 5: Maximum likelihood estimates from LC and HLC models - choice component
LC model HLC model
Respondents 600 600
Observations 5,400 5,400
LL -3,181.648 -7,659.443
Parameters 20 44
Class 1 Class 2 Class 3 Class 1 Class 2 Class 3
Class Prob. 0.218 0.452 0.330
Variable Est. t-Ratio Est. t-Ratio Est. t-Ratio Est. t-Ratio Est. t-Ratio Est. t-Ratio
Utility function
Bprice -2.185 -5.56 -0.204 -3.82 -0.491 -5.47 -1.460 -18.79 -0.169 -6.23 -0.504 -7.58
Bpesticide 1.232 4.14 0.690 5.35 0.773 10.21 1.108 6.58 0.694 5.12 0.797 11.91
Beertification -0.490 -0.74 0.730 6.75 -0.109 -5.57 -0.523 -1.53 0.762 6.91 -0.113 -6.23
Buoitamin 0.206 0.53 0.491 4.90 0.247 6.85 0.374 1.57 0.531 4.89 0.258 8.27
Berosion -0.162 -0.60 0.688 6.28 0.227 9.26 0.067 0.37 0.748 6.75 0.230 10.31
Beonventional -1.577 -6.92 -3.733 -8.05 -0.549 -7.96 -1.250 -4.00 -3.399 -9.37 -0.568 -9.90
Class allocation function
80,2 0.479 1.80 -0.133 -4.04
01,2 0.412 5.44
803 -0.547 -3.08 -0.275 -0.38
013 -0.899 -1.92
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Table 6: Maximum likelihood estimates from HLC model- structural and measurement

components

Variable Est. t-Ratio
Structural Equation (LV specification)

Aage 0.401 9.89

Arecycling 2.515 6.24

ABduc 0.186 8.47

Ak hsize -0.021 -0.08
Abisease -1.358 -3.00
Aaware 4.461 12.50
ARegion 0.525 2.40

Measurement Equation (effects of LV)

{1, 0.737 18.39
&, -0.536 -11.57
&, -0.495 -19.54
{1 -0.050 -2.37

(e 0.344 754

Measurement Equation (thresholds)

Ui, 1,283 -1.115 -6.72

1, 485 0.022 1.16

Ui, 1,283 -1.214 -5.46

U, 485 0.027 2.14

ti,1,283 -0.912 -6.87

s 485 0.055 2.02

1,283 -0.290 -7.69

Ui, 485 -0.015 -2.55

g 1,283 -0.055 -2.98

Mg 485 -0.033 -3.86
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3

4  Table 7: Implied trade-offs and monetary valuation from the LC model

Class 1 Class 2 Class 3

Lower Pesticide residues 4.49 11.03 6.46
(3.52, 5.58) (9.69, 11.36) (4.47,8.54)

Certification NS 8.46 -7.94
(7.43, 9.53) (-8.88, -7.04)

Higher Vitamin A NS 5.90 3.76
(4.54,7.44) (3.32,4.22)

Lower Soil Erosion NS 8.97 4.04
(7.04, 11.15) (3.38,4.72)

Conventional alternative -6.42 -7.13 7.69
(-7.42, -5.45) (-8.05, -6.22) (3.58, 8.60)

Note: 95% confidence intervals calculated using the Krinsky and Robb (1986) method in
parentheses. The Cls are based on 10, 000 replications.
NS: means attribute is not statistically significant.

5
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6  Table 8: Description of the opposing latent segments, from the HLC model

Conservatives Advocates
Age (in years) <26 >38
Education ( in years) <14 >20
Household size >6 <5
Recycling No Yes
Disease No Yes
Region Rural Urban
Aware Unaware Aware

Note: The simulated allocation of probabilities presented is for the 25 and 75 percentiles.

7
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8  Table 9: Implied trade-offs and monetary valuation from the HLC model

Pooled Advocates Conservatives
Lower Pesticide residues 491 @9 6.74 2.41
(3.52, 5.58) (4.31,7.21) (1.98, 3.72)
Certification 1.83 " 6.56 -2.97
(1.48,3.19) (6.09, 7.25) (-1.88, -4.04)
Higher Vitamin A 2.83 " 3.55 2.01
(1.96, 3.17) (3.09, 4.21) (1.79, 2.25)
Lower Soil Erosion 4.46 @9 5.53 3.00
(3.03, 5.17) (4.58, 6.89) (1.96, 4.70)
Conventional alternative -1.29 ® -5.77 3.40
(-2.33, -1.04) (-7.10, -4.38) (2.52, 4.58)

Note: 95% confidence intervals calculated using the Krinsky and Robb (1986) method in

parentheses. The Cls are based on 10, 000 replications.
NS: means attribute is not statistically significant.

@bede) This value is statistically distinct from all other WTP. ™ @ This value is not statistically
different from others with the same superscript. The statistical tests on the differences in empirical
distribution and is based on the complete combinatorial approach (Poe, Giraud and Loomis 2005).
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Advocates Conservatives
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17  Figure 2: Simulated allocation probabilities for the opposing consumer segments
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WTF Pasticida WTF Certification
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WTP Conventional

Figure 3: Simulated implied trade-off and monetary valuation
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1 This is based on the assumed relationship between the reduction in environmental
pollution associated with organic production practices, which is a public (non-excludable)
attribute, and an intrinsic product quality (health), which is a private attribute.

2 According to Swait (1994), preferences are indirectly affected by attitudes through the
latent class to which the consumer belongs, and as such attitudinal data are quite important
in explaining choice behavior.

3 The authors used principal component analysis to identify a limited set of dimensions, and

subsequently plugged them as direct measure of respondent’s attitudes in choice model.

4 They point out that these responses are indicators of underlying attitudes rather than a
direct measure of attitudes. As such, are likely to suffer from measurement error, which is
amplified by the use of categorical formats such as Likert scale. Additionally, these
responses may be correlated with other unobserved factors that influence individual’s
choices, causing correlation between the modeled and random components of utility,

potentially leading to endogeneity bias.

> Our approach in this study is suited to explaining the sources of heterogeneity (Boxall and
Adamowicz 2002) and closely capture consumers’ choice processes, by explaining both the
answers to attitudinal questions as well as the likelihood of being allocated to a given
consumer segment.

® Detailed description of the survey design is available in Bello and Abdulai (2016).

7 However, in estimating the models, we observe that the medium level of the attributes
were not statistically significant from zero, thus for the reason of parsimony, the medium
and base levels were effectively collapsed to form a single base level (e.g., Collins, Rose and
Hess 2012).

® Available evidence show that the certification program give consumers quality assurance
and guarantee the products’ integrity on the market.

° The HLC model structure allows for the joint estimation of the choice model and the
measurement model.

' Our efforts to incorporate an income effect in the final model specification was
unsuccessful.

' The WTP for organic certification found in this research would be clearly within the range
of price premiums identified by other studies. Although evidence from developing countries
is limited, the review by Yiridoe, Bonti-Ankomah and Martin (2005) suggests an average

WTP premium for organic certification of about 30%. While Coulibaly et al. (2011) on their
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study of private households in urban Ghana and Benin, calculate a premium for organic

certification of 57-66% for cabbage and 50-56% for tomatoes.
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