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Abstract

The objective of this study was to contribute to our better understanding of farmers’ attribute non-attendance in
their choice decisions for sweet potato varietal traits in Kenya. This was achieved by evaluating both stated and
inferred attribute non-attendance in a discrete choice experiment of farmers’ in Western Kenya that involved six
sweet potato varietal traits, namely: yield level, tolerance to pests and diseases, sweetness of the flesh, color of
the flesh, maturity period and price. Empirical results from 400 randomly selected farmers indicate that flesh
color was the most ignored attribute from both self-reported (61.8%) and inferred (59.2%) attribute non-
attendance. There was also a considerable mismatch between self-reported and inferred attribute non-attendance
values. The study found improvement in model fit when attribute non-attendance was taken into account,
therefore implying that it is critical to account for attribute non-attendance in policy studies involving discrete
choice experiments.
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1. Introduction

Conventionally, discrete choice experiments (DCEs) usually present respondents with a series of choice
questions where each present a number of alternatives. Each of the alternatives is described in terms of multiple
attributes of varying levels. Respondents are then asked to choose their preferred alternative in each set. A key
assumption in the analysis of choice data has been that of infinite substitutability between the attributes. This is
known as the continuity axiom, which implies that respondents base their choice on all the attributes presented in
a choice set, trading off gains in one attribute to losses in another. In the recent past, empirical evidence shows
that respondents may not necessarily weight up all the attributes and their levels, but base their choice on a
selection of attributes (Hensher 2006a). This behavior is referred to as attribute non-attendance (ANA), which is
perceived in DCEs as discontinuous preference ordering (e.g. McIntosh and Ryan 2002) or lexicographic choices
(e.g. Salensminde 2002).

The idea of ANA means that respondents do not make complete trade-offs between all the attributes
presented thereby violating the axiom of continuity. Failure to recognize ANA can lead to erroneous and biased
welfare estimates, because for those individual respondents who ignore certain attributes, marginal rates of
substitution between attributes cannot be calculated (e.g. Scarpa et al. 2009; Hensher et al. 2011). Some
underlying reasons for ANA include: a genuine disinterest in the attribute; the context and survey design related
issues, such as complexity, controversy and sensitivity of the survey topic, irrelevance of the attribute to
respondents, cognitive demand required to complete choice tasks; respondents’ different capabilities and
motivations and strategic behavior respondents may exhibit, especially in public policy choices, such as
innovation prioritization in a publicly-funded healthcare system, among others (Alemu et al., 2013; Hensher et
al., 2005, 2012; Hole, 2011; Scarpa et al. 2009).

Notably, ANA may be detected through inspection of individual answers to check whether respondents
consistently chose alternatives that were best with respect to one or more attributes. Therefore, the researcher
needs to specify decision rules that define what constitutes an inconsistent choice (e.g., McIntosh and Ryan 2002;
Selensminde 2002; Lancsar and Louviere 2006; Hensher and Collins 2011). The other approach that may be
used to identify ANA is through supplementary questions, which ask respondents to state which attributes they
attended to or ignored when deciding on their preferred option (e.g. Campbell et al., 2008, Hensher et al., 2005,
Rose et al., 2005). This is what is called stated non-attendance. A third approach, which has been more explored
in the recent past involves the use of modelling procedures that enable a researcher to infer ANA by implicitly
estimating the probability that a respondent ignores one or more attributes when making their choice (Hole,
2011). There is evidence that this inferred non-attendance is not necessarily consistent with the responses given
to supplementary questions about attribute attendance (Hensher et al., 2011; Lancsar and Louviere, 2006).

In the empirical literature on ANA, there are different modeling procedures that researchers have used to
account for ANA in data analysis. The first method simply involves deleting respondents that did not attend to
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all attributes. This method is not recommended in practice as it may lead to biases and most potentially reduce
the representativeness of the study sample. The second method involves the use of the stated non-attendance.
Given that ANA may affect the estimated taste parameters, the researcher has to weigh the attribute parameters,
based on whether or not the attribute was considered by the respondent (Hensher et al. 2005a). The third method
entails the specification of models that infer non-attendance. In this case, the attribute coefficients are
constrained to zero, but class probabilities are estimated in the model. Nonetheless, and as earlier stated, inferred
non-attendance may not necessarily be consistent with responses given to supplementary questions asked about
attribute attendance (e.g. Hensher et al., 2011). While some researchers have tended to use the equality
constrained latent class models (ECLC) to account for ANA (e.g. Scarpa et al., 2009, 2011; Hensher et al., 2011),
others have used the endogenous attribute attendance (EAA) model to account for non attendance (e.g. Hole,
2011). What is not well known, however, is how these different model specifications that address ANA would
perform using data contextualized in a developing country. With most of the available studies on ANA having
been conducted in the developed countries (e.g. Kragt, 2013), we are not aware of any study that has modeled
ANA with discrete choice data from a developing country and in particular Kenya.

Therefore, this paper used discrete choice data to investigate farmers’ preferences for sweet potato varietal
traits in Kenya to infer ANA based on the ECLC model. The paper focused on the ECLC model specification for
ANA by defining all possible utility functions that could be followed by respondents, given the product attributes
provided in the DCE. The paper thus contributes to the stated preference literature by highlighting how best
ECLC model specification for ANA best fits data from a developing country and thereby help DCE practitioners
to address ANA in their applications.

The rest of the paper is organized as follows. Section 2 provides past literature on ANA. Section 3 describes
the econometric modelling techniques used in the analysis of ANA. Section 4 gives a brief description of the
experimental design. Section 5 presents the results and discussions and section 6 concludes.

2. Past empirical studies on attribute non attendance

Past empirical studies on attribute non-attendance in stated preference studies can broadly be divided into two
main approaches, namely: the stated non-attendance approach and the inferred non-attendance approach. The
former involves asking respondents directly whether they have considered all attributes describing the
alternatives of the choice tasks or whether they have ignored one or more attributes while choosing among them.
It is usually investigated using a binary response variable with the information on ANA commonly being
collected after answering all choice sets. Alternatively, non-attendance questions may be asked after each choice
set (e.g. Scarpa et al., 2009). The answers to these questions are then used to put certain restrictions on Random
Utility models (RUMs).

The first studies to investigate ANA (e.g. Hensher et al., 2005) used the answers to a binary non-attendance
question to specify a mixed logit model in which respondents who stated that they ignored a certain attribute
were expected to have zero utility. This approach of individual-level zero marginal utility weights has
subsequently been applied in several other studies including Hensher (2006), Hensher et al. (2007) and Kragt
(2013). The other way used to incorporate information gained from a stated non-attendance question into RUMs
has been to estimate different coefficients for each attribute; one for the group of respondents who state that they
did not ignore the attributes and one for those who state that they ignored (Hess and Hensher, 2010; Scarpa et al.,
2013; Colombo et al., 2013).

Nonetheless, the dependability of the stated ANA approach has been put into question for a number of
reasons. First, it has been argued that respondents may assign low importance to an attribute yet, state that they
ignored it completely (e.g. Hess and Hensher, 2010) leading to an overestimation of ANA (Carlsson et al., 2010).
However, there are some instances in the empirical literature where respondents who report having ignored an
attribute were found indeed to have zero marginal utility for the attribute in question (e.g. Balcombe et al., 2011).
Second, directly incorporating responses about non-attendance questions into the RUM may cause potential
problems of endogeneity bias (e.g. Hess and Hensher, 2010). Third, there is more literature raising the still
unanswered’ question about the liability of complementary questions regarding non-attendance (e.g. Hensher
and Rose, 2009; Hensher and Greene, 2010). With the limitations of the stated non-attendance approach, there
has been increasing interest in the literature that analyzes different methods of inferring ANA. These studies
infer ANA from data using diverse econometric procedures.

The most popular modelling approach that has been implemented consists of latent class models where a
probabilistic decision process is used to capture the attendance to attributes and thereby impose specific
restrictions on the utility expressions for each class. The majority of studies using discrete probability
distributions have used the ECLC models where ANA is operationalized by allowing some respondents to
belong to latent classes with zero utility weights for selected attributes, while non-zero parameters are assumed
to take the same values across classes (e.g. Scarpa et al., 2009, 2013; Hensher and Greene, 2010; Campbell et al.,
2011; Hess et al., 2013). Nonetheless, Hess et al. (2013) argue that the latent class method so far applied in
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DCEs might be misguided as the results might be confounded with regular taste heterogeneity. They suggest
instead a combined LC mixed logit model that allows jointly for ANA and continuous taste heterogeneity. One
of their findings is that non-attendance is substantially reduced in these models. Similarly, Hensher et al. (2013)
presented different latent class models accounting not only for ANA, but also for aggregation of common-metric
attributes. One of their models involves several full attendance classes while other classes account for ANA
regarding certain attributes. The model does not constrain the parameters to be equal across classes. In the next
step they add to this model an additional layer of heterogeneity by specifying some parameters to follow a
random distribution. For their data, they found that accounting additionally for taste heterogeneity through
random parameters within a latent class only marginally improves the model, but increases the probability of
membership to full attribute attendance classes. Collins et al. (2013) also presented a generalized random
parameters ANA model (RPANA) as an alternative approach. They found that with stated ANA as covariates,
the model performance was improved.

Studies that employ both the stated non-attendance and the inferred non-attendance approach are Hensher et
al. (2007), Hensher and Rose (2009), Campbell et al. (2011), Kragt (2013) and Scarpa et al. (2013). The overall
finding is that results from inferred and stated ANA are not consistent, and that the inferred approach provides a
better model fit. However, regardless of the modelling approach, almost all studies find that accounting for ANA
improves model and that respondents indeed apply different information processing strategies (e.g. Hensher et al.,
2005; Hess and Hensher, 2010; Scarpa et al., 2013). Moreover, accounting for ANA leads to significantly
different willingness to pay estimates which may be lower (e.g. Hensher, 2006; Campbell et al., 2008; Scarpa et
al., 2009) or higher (e.g. Hensher et al., 2005; Hensher and Rose, 2009; Hensher and Greene, 2010; Lagarde,
2013).

While majority of studies dealing with ANA suggest that taking non attendance into account is likely to
improve model performance and potentially impact on the WTP estimates, the results in the literature are
equivocal. There is no general consensus on exactly how ANA should be dealt with. However, a general
agreement exists that ignoring ANA may considerably lead to biased and inaccurate welfare estimates and poor
model performance. With all studies investigating ANA agreeing that respondents do ignore attributes to some
extent, the most important research question therefore is not whether or not respondents ignore attributes but
rather how different models dealing with ANA compare. In the context of inferred ANA, this paper attempted to
understand how ECLC (Scarpa et al., 2009; Hensher et al, 2011) and EAA (Hole, 2011) models compare. This
would help in the search for an appropriate model specification that best fits the data and therefore contribute to
enrichment of empirical literature on DCEs.

3. Econometric models
3.1. Accounting for stated ANA
Following Kragt (2013), different kinds of models were estimated in this study so as to account for both stated
and inferred attribute non attendance. To begin with, a set of mixed logit (MXL) models were first estimated to
account for unobserved individual preference heterogeneity in the sampled population (e.g. Hensher et al., 2005).
Heterogeneity is, in this case, accounted for by specifying random parameters f;; for the k' attribute faced by
the i™ individual as:
Bixk = By + o vik (1)

where [, is the unconditional population parameter of the preference distribution; and v;;, are random,
unobserved variations in individual preferences that are distributed around the population mean with standard
deviation oy, . Individual taste differences in the population are represented by density function f(B;|0) (e.g.
Hensher et al., 2005), where 8 is a vector of parameters characterising the density function that captures
individual deviations from the mean. The researcher specifies a distributional form for 8 (e.g. Hensher et al.,
2005; Hensher and Greene, 2003). In the present study, the sweet potato varietal attributes were defined as
random, normally distributed parameters while the cost attribute as a random parameter with a constrained
triangular distribution. In the MXL model, the unconditional probability of observing choice j by the i*!
individual in choice situation t is equal to the expected value of the logit probability over the parameter values.
This is the integral over all possible values of 3;, weighed by the density of §8; (e.g. Hensher et al., 2005), that is:
E(Proby,) = [ Proby, (B). f(B:|6)dp; 2

Since equation (2) lacks a closed form solution, the model is best estimated using the simulated maximum
likelihood approaches (e.g. McFadden and Train, 2000). The MXL models in this study were estimated in a
panel format, and included an additional latent error component that was common between the two change
alternatives. This error component allows for cross-correlation between the stochastic components of the utilities
derived from those alternatives. It can capture unobserved heterogeneity that is alternative- rather than
individual-specific (e.g. Greene and Hensher, 2007). The error component appears as M < ] additional random
effects:
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where wy, are normally distributed latent effects with zero mean; and dj,, = 1 if the random error
component appears in the utility function for j. As for ANA, it is accounted for by restricting the attribute
coefficients to zero if an attribute was ignored by the respondent as captured through the supplementary
questions. This is readily implemented in the NLOGIT software coding the attributes as “-888” if respondent did
not attend to the attribute. It is an important part of the underlying theory that the attribute coefficients, rather
than the attribute levels, are constrained to zero (e.g. Hensher et al., 2012). Although some authors have claimed
that the two approaches are essentially the same, setting attribute levels to zero if ignored will still result in
estimated taste parameters, whereas setting coefficients to zero means that the respondent did not attach any
weight to that attribute in evaluating the utility derived from an alternative (see Hensher et al., 2005) for a more
detailed description of the MXL model that incorporates ANA.

3.2. Accounting for inferred ANA
Notably, it is very likely that there may be a correlation between respondents’ self-reported serial non-attendance
and other unobserved components meaning that using respondents’ ANA statements could lead to endogeneity
issues which could in turn lead to biased parameter estimates (e.g. Hess and Hensher, 2012b). Moreover,
behavioral economists posits that verbal responses to survey questions may not always be a good indicator of the
actual behavior (e.g. Armitage and Conner, 2001; Ajzen et al., 2004) and as such, it has been acclaimed that
stated ANA may not be a reliable measure of attendance (e.g. Hensher et al., 2012; Scarpa et al., 2011). To
explore this suggestion in the present study, the equality constrained latent class model (ECLC) was estimated
where ANA was inferred from respondents’ observed choices. In the ECLC model, the population of interest is
divided into a discrete number of classes, with number of classes being determined endogenously from the data.
Preferences of individuals are assumed to be homogeneous within a class but can vary between classes. As in
Kragt (2013), the utility that the i*® individual derives from choice alternative j in choice situation t may be
defined as:
Uije = BeXije + €ij¢ (3)
where a class specific parameter vector f. is estimated in the model. The probability of choosing alternative
Jj is now conditional on belonging to a certain class c algebraically given as:
. _exp (ucBcXije)
Prob@le) = ST exp (kcBeXiqn) @)
where . is a class specific scale parameter. The error terms are assumed to be iid across individuals and
classes with a type / extreme value distribution and scale factor ¢. Class probabilities can be specified by the
logit formula:

, (@reZ)
Prob(julc) = =0 el .

where Z; is a vector of choice invariant individual-specific characteristics; . is a vector of parameters to be
estimated in the model; and c is the total number of classes specified by the researcher. As such, accounting for
ANA requires the researcher to specify a number of classes in which some attribute coefficients are restricted to
zero. Respondents whose choice strategies match that of the specified pattern of non-attendance are said to have
a higher predicted probability of belonging to that class. The model infers class probability, and thus probability
of non-attendance, from respondents’ observed choices (e.g. Scarpa et al., 2009; Campbell et al., 2010; Hensher
et al., 2012). In this study, ANA was inferred by identifying 2¥ = 26 = 64 latent classes in the ECLC models.
These were associated with all the possible different combinations of ANA to the six choice attributes used in
the study.

4. Experimental design

In DCEs, respondents are presented with alternative descriptions of policy interventions, differentiated by
different combinations of attribute levels. Respondents are then asked to choose their preferred alternative. For
each choice made, the alternative selected is assumed to yield a higher level of satisfaction than that rejected.
This enables the probability of an alternative being chosen to be modelled in terms of the attribute levels used to
describe the policy intervention. In this paper, respondents were presented a series of variety traits that include:
yield level, tolerance to pests and diseases, sweetness of the flesh, color of the flesh, maturity period and price.
Respondents were asked to choose their most preferred varietal alternative. Based on expert interviews in an
open-ended pretest (N = 50), different levels for the selected varietal traits were selected as shown in Table 1.
below.
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Table 1: Descriptions and levels of the chosen attributes

Attribute Description Levels
Yield The amount of sweet potato out per Level 1: 6 tons/hactre
hectare Level 2: 10 tons/hactre
Level 3: 14 tons/hactre
Tolerance Forbearance to common crop pests Level 1: High
and diseases Level 2: Medium
Level 3: Low
Sweetness Taste of the sweet potato flesh. Level 1: Good
Level 2: Average
Level 3: Bad
Colour Colour appearance of the sweet Level 1: Orange
potato flesh. Level 2: Yellow
Level 3: White
Maturity Period sweet potato takes to mature. = Level 1: Upto 3 months

Level 2: Upto 5 months

Level 3: Upto 7 months
Price Change in price per unit of output. Level 1: 100

Level 2: 200

Level 3: 300

There were also different alternative varietal scenarios created by combining these six variables based on

their different attribute levels. Because respondents cannot be shown all different choice options, the number of
possible combinations was reduced to 10 choice sets of 10 choice tasks each based on an orthogonal fractional
factorial design generated in the statistical software Ngene, enabling the estimation of main effects and two-way
interactions. Each respondent was randomly shown one of these 10 choice sets of 10 choice cards. Each choice
card shows two hypothetical choice alternatives describing a future policy scenario along with the option to
choose none of the two.

LOCAL IMPROVED
VARIETY VARIETY
Yield Leve 6 6
BT P | TolerancePD Low Low
. -j‘m Flesh sweetness Bad Bad
m Flesh colour Orange Orange
‘__— 1157 kA Lt Maturity period 3 3
:‘E Nhordide, Price change 100 100 None of the two
| prefer: j : j
sbout your chotcer | omoletely 9 1 2 3 456 7 8910 e

Inclusion of this latter ‘status quo’ alternative is instrumental to be able to estimate welfare measures that
are consistent with demand theory (Bateman et al., 2003). It was emphasized that respondents would not have to
pay anything extra if they choose the opt-out. An example of a choice card is presented in Figure 1.

The design of the choice experiment main comprised three sections. The first section was intended to
measure respondents’ general knowledge on sweet potato varietal traits so as to familiarize them with the
attributes of interest that were being evaluated. The second section contained questions for DCE analysis that
were designed to elicit respondents’ WTP for sweet potato varietal traits by estimating trade-offs between price
and the other attributes. In this case, common photographs of the attributes were also inserted in the DCE cards
to enhance respondents’ understanding regarding the attributes. The final part elicited socio-demographic
information of the respondents such as age, gender, education and income. The choice experiment instrument
was first pre-tested and subsequently implemented between October — December 2019 through 400 in-person
interviews in Western Kenya. The response rate was 100%, which is not unusual for this kind of stated
preference research in a developing country (Whittington, 1998). A predetermined random sampling plan was
used to obtain respondents for the survey. Trained local enumerators were also used for the interviews to ensure
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choice scenarios were presented to respondents in a more informative way. The enumerators had instructions to
limit all explanations to facts so as to minimize the introduction of any interviewer bias. Moreover, respondents
were given adequate time to understand and answer each question so as to enhance the validity of responses
obtained. SurveyCTO, an online interactive means of capturing data using smartphone was employed. The
results are presented in the following section.

5. Results and discussion

5.1 Descriptive results

Descriptive results of the socio-demographic and farm characteristics of the survey sample are presented in
Table 2. As shown, the mean age of the respondents was 45 years with men accounting for the largest share
(78%) of the respondents. Most respondents (93%) had primary and post-primary level of education with only
11% and 14% of the respondents having had access to farm credit and agricultural extension services,
respectively. On average, the distance to a reliable input/output market centre was about 3kms with membership
to farm organizations having a share of 16% of the interviewed farmers.

Table 2: Socio-demographic and farm characteristics of the survey sample

Variable Mean/proportion Std error Min Max
Age (years) 45 13.31 20 85
Gender (1=male) 0.78 0.41 0 1
Education (1=educated) 0.93 0.25 0 1
Access to farm credit (1=access) 0.11 0.31 0 1
Access to agricultural extension (1=access) 0.14 0.35 0 1
Membership to farm organizations (1=member) 0.16 0.37 0 1
Sweet potato variety grown (1=improved) 0.62 0.48 0 1
Frequency of growing sweet potatoes (1=more than once) 0.36 0.48 0 1
Sweet potato use (1=commercial purposes) 0.95 0.22 0 1
Source of sweet potato vines (1=own farm) 0.35 0.77 0 1
Quantity of sweet potato harvest (tonnes) 1.91 15.23 0 300
Sweet potato income (KES) 11,702 2,114 0 180,000
Distance to reliable input/output market (Kms) 3.07 0.71 0.1 7

Land holdings were, on average, 0.37 acres with household heads having a farming experience of about The
study also found that 62% of the respondents were growing improved sweet potatoes varieties with 36% of the
respondents saying they grew sweet potatoes more than once in a year. Moreover, the study also found that 95%
of the interviewed farmers produced sweet potatoes for commercial purposes. As to the source of the sweet
potato vines, the study found that 35% of the farmers sourced vines from their own farms. On average, sweet
potato production was about 1.91 tonnes that fetched an average income of about KES 11,702.

In addition, the descriptive results with detailed analysis of attribute attendance are presented in Table 2. As
shown, about 21% of respondents considered all the attributes in their choice decisions. However, the study
found that respondents, as per their self-reported attendance, ignored different sweet potato varietal attributes in
their choice decisions while nearly all of them showed lexicographic preferences towards only one attribute. The
least attended attribute was ‘yield” (ignored by 7% of respondents), followed by ‘flesh colour’ (ignored by
12.3% of respondents) and then tolerance to pests and diseases (ignored by 17% of the respondents). The most
ignored attribute was flesh colour (ignored by 61.8% of the respondents). About 42.3% of the respondents
ignored the price change attribute, which means that there was no considerable varietal traits and price trade-offs
for these respondents.

Table 3: Stated attribute non attendance of the survey sample

Variable Number of respondents % of the total
Attended to all attributes
Yield, tolerance, flesh taste, flesh colour, maturity period, 85 21.3

price change
Ignored one attribute

Yield level 28 7.0
Tolerance level 68 17.0
Flesh taste 81 20.3
Flesh colour 247 61.8
Maturity period 49 123
Price change 169 423
Ignored two attributes

Yield and tolerance level 7 1.8
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Yield and flesh taste 9 2.3
Yield and flesh colour 22 55
Yield and maturity period 2 0.5
Yield and price chance 14 3.5
Tolerance level and flesh taste 11 2.8
Tolerance level and flesh colour 49 12.3
Tolerance level and maturity period 17 43
Tolerance level and price change 34 8.5
Flesh taste and flesh colour 67 16.8
Flesh taste and maturity period 13 33
Flesh taste and price change 47 11.8
Flesh colour and maturity period 42 10.5
Flesh colour and price change 123 30.8
Maturity period and price change 30 7.5

Ignored three attributes
Yield, tolerance, flesh taste
Yield, tolerance, flesh colour

0.3
1.3

1

5
Yield, tolerance, maturity period 1 0.3
Yield, tolerance, price change 4 1.0
Tolerance, flesh taste, flesh colour 9 2.3
Tolerance, flesh taste, maturity period 6 1.5
Tolerance, flesh taste, price change 8 2.0
Flesh taste, flesh colour, maturity period 12 3.0
Flesh taste, flesh colour, price change 39 9.8
Flesh colour, maturity period, price change 26 6.5

Ignored four attributes

Yield, tolerance, flesh taste, flesh colour 1 0.3
Yield, tolerance, flesh taste, maturity period 1 0.3
Yield, tolerance, flesh taste, price change 1 0.3
Tolerance, flesh taste, flesh colour, maturity period 6 1.5
Tolerance, flesh taste, flesh colour, price change 6 1.5
Flesh taste, flesh colour, maturity period, price change 9 2.3
Ignored five attributes

Yield, tolerance, flesh taste, flesh colour, maturity period 1 0.3
Yield, tolerance, flesh taste, flesh colour, price change 1 0.3
Tolerance, flesh taste, flesh colour, maturity period, price 4 1.0
change

Ignored all attributes

Yield, tolerance, flesh taste, flesh colour, maturity period, 0 0.0

price change

5.2 Econometric results

In this section, results of the stated non-attendance estimated through MNL and MXL models and the inferred
non-attendance estimated through ECLC models are shown. The MNL-ANA and MXL-ANA models account
for non-attendance by constraining the attribute parameters to zero if the respondent said that they had not
considered that attribute. An alternative specific constant (ASC) is included in the utility function for the two
‘sweet potato variety’ alternatives (local and improved). As the interest of research in this paper lies in
evaluating ANA, only results of ANA models that do not include socio-demographics are reported.

As shown in table 4, the results are fundamentally as expected with all coefficients estimates showing the
expected signs and acceptable levels of statistical significance. The ASC parameter is positive, which implies
that respondents, on average, prefer the cultivation of the two sweet potato varieties as opposed to the status quo
option (no cultivation of either of the sweet potato varieties). There is also substantial improvement in model fit
(in terms of log-likelihood, McFadden Pseudo R? and the Akaike information criteria) when moving from a
MNL to a MXL models.
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Table 4: Results of MNL and MXL models on respondents’ self-reported attribute attendance

Not Accounting for ANA Accounting for ANA
Descriptions MNL - Standard =~ MXL- Standard Model MNL - ANA MXL- ANA
Model Model Model
Coef. Std Coef. Std error Coef. Std Coef. Std
error error error
ASC (1 = non-status quo) 2.806%** | 0.1674  3.2608*** = 3.2608 2.499** 1 0.147  3.936%** 0276
Yield level (1 = high) 0.041**%* © 0.0069 = 0.0394*** = 0.0394 0.056*** | 0.007  0.049***  0.007

Tolerance to pests and diseases = 0.079*** = 0.0269 = 0.0750*** = -0.0750 0.038** 1 0.029  0.052* 0.030
(1 = high)

Sweetness of flesh (1 = good)  0.106*** | 0.0272 = 0.0985*** = -0.0985 0.076*** | 0.029  0.086***  0.031
Colour of flesh (1 = appealing) = 0.038 0.0275 | 0.0294 0.0294 0.119**  0.041  0.077% 0.044

Maturity period (1 = longer) -0.052%*¥*  0.0136 = -0.0522*** = -0.0522 -0.060***  0.014 -0.059***  0.015
Price change (1 = high) -0.0003  0.0003  -0.0002 -0.0002 -0.0003  0.0004 -0.0001 0.0004
Standard deviation of random

parameters

ASC 0.9091**  0.212 2.549%** 1 (.2470
Yield level 0.0575*** | 0.013 0.026%*  0.0122
Tolerance to pests and diseases 0.0530%* 0.040 0.066* 0.0385
Sweetness of flesh 0.0786**  0.040 0.024**  0.0483
Colour of flesh 0.0469**  0.039 0.072* 0.0520
Maturity period 0.0089**  0.025 .0310%* 0.0179
Price change 0.0032* 0.001 0.000* 0.0009
Model summary statistics

Log-likelihood -3246.79 -3208.73 -3235.55 -3170.51

LR chi-square 101.15 2371.44 63.95 2347.88

Prob > chi square 0.0000 0.0000 0.0000 0.0000

McFadden Pseudo R? 0.0432 0.2698 0.0487 0.2785

Akaike Information Criterion = 6507.60 6445.50 6485.10 6369.00

(AIC)

Number of observations 4000 4000 4000 4000

Parameters 7 14 7 14

Explanatory notes: *p < 0.1; **p < 0.05; ***p < 0.0

The standard deviations on the random parameters are significant, implying that there is considerable
unobserved heterogeneity in the preferences across respondents. The latent error component in the MXL models
is significant, indicating unobserved differences in the error variance associated with the two sweet potato
varietal alternatives compared to the base alternative.

Notably, The MNL and MXL models rely on respondents’ self-reported attribute attendance. Recent
literature (e.g. Hensher et al., 2012; Scarpa et al., 2011) has suggested that the responses given to supplementary
questions may not be consistent with ANA inferred from statistical models. This inconsistency is explored in the
present study by specifying ECLC model, where class membership is estimated endogenously. The specification
search started with a full 64-class ECLC model, gradually eliminating classes with very low predicted class
probabilities and accounting for changes in the Akaike information criteria (AIC). With evidence of unobserved
preference heterogeneity in the estimated MXL model, an ECLC model that incorporates preference
heterogeneity between classes was explored by estimating class-specific taste parameters. Based on balancing
improvements in model fit, while limiting classes with very small probabilities, a seven-class ECLC model was
found to fit the dataset best. The seven classes of ANA were: (i) full attendance (ii) ignored yield (iii) ignored
tolerance (iv) ignored flesh taste (v) ignored flesh colour (vi) ignored maturity period (vii) ignored price change.
The ECLC class probabilities provide an indication of the proportion of respondents that are likely to fall in each
class. By comparing the predicted probabilities of the seven-class ECLC model in Table 5 to respondents’ stated
ANA in Table 3, the study found considerably large variations between the predicted class probabilities and self-
reported ANA. For instance, 2.1% of respondents is predicted to have attend to all attributes compared to 21.3%
in the self-reported attendance. The model also predicts that about 20% of respondents based their choice
decisions solely on yield level as opposed to 7% in the self- reported attendance. Considerable discrepancies
between predicted and self-reported values are also seen among respondents in their choice decisions for the
other varietal attributes. Of interest, however, is that about 59.2% of respondents is predicted to have ignored the
flesh color attribute, which compares well with 61.8% in the self-reported attendance.
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Table 5: ECLC model results on ANA for sweet potato varietal traits in Western Kenya

Choice Parameter Std error
Latent class 1
ASC 2.985%** 0.222
Yield level 0.095%** 0.011
Tolerance -0.099 0.070
Sweetness of flesh -0.118 0.076
Colour of flesh 0.034 0.081
Maturity period -0.122%%** 0.035
Price change -0.0005 0.001
Latent Class 2
ASC 2.985%** 0.222
Yield level 0.0 Fixed
Tolerance -0.099 0.070
Sweetness of flesh -0.118 0.076
Colour of flesh 0.034 0.081
Maturity period -0.122%%* 0.035
Price change -0.0005 0.001
Latent class 3
ASC 2.985%** 0.222
Yield level 0.095*** 0.011
Tolerance 0.0 Fixed
Sweetness of flesh -0.118 0.076
Colour of flesh 0.034 0.081
Maturity period -0.122%%* 0.035
Price change -0.0005 0.001
Latent class 4
ASC 2.985%** 0.222
Yield level 0.095*** 0.011
Tolerance -0.099 0.070
Sweetness of flesh 0.0 Fixed
Colour of flesh 0.034 0.081
Maturity period -0.122%%* 0.035
Price change -0.0005 0.001
Latent class 5
ASC 2.985%** 0.222
Yield level 0.095*** 0.011
Tolerance -0.099 0.070
Sweetness of flesh -0.118 0.076
Colour of flesh 0.0 Fixed
Maturity period -0.122%%* 0.035
Price change -0.0005 0.001
Latent class 6
ASC 2.985%** 0.222
Yield level 0.095*** 0.011
Tolerance -0.099 0.070
Sweetness of flesh -0.118 0.076
Colour of flesh 0.034 0.081
Maturity period 0.0 Fixed
Price change -0.0005 0.001
Latent class 7
ASC 2.985%** 0.222
Yield level 0.095*** 0.011
Tolerance -0.099 0.070
Sweetness of flesh -0.118 0.076
Colour of flesh 0.034 0.081
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Maturity period -0.122%** 0.035
Price change 0.0 Fixed
Estimated class probabilities

Probability - class 1 0.021 3.564
Probability - class 2 0.200** 0.091
Probability - class 3 0.062 0.690
Probability - class 4 0.050 0.635
Probability - class 5 0.592 2.358
Probability - class 6 0.015%** 0.157
Probability - class 7 0.061 1.447
Model summary statistics

Log-likelihood -3212.67

LR chi-square (12 d.o.f)) 2363.56

Prob > chi square 0.0000

McFadden R? 0.2689

Akaike Information Criterion (AIC) 6451.30

Number of observations 4000

Parameters 13

Explanatory Notes: ¥*p < 0.1; **p < 0.05; ***p < 0.01.

6. Conclusion

In this study, choice data on sweet potato varietal attributes was used to investigate whether respondents consider
all the attributes presented when making their choice decisions. Past studies posit evidence that there may be a
considerable proportion of respondents who ignore certain attributes in their choice decisions. From this study, it
is evident that this is the case from self-reported and also inferred attribute non-attendance. Data analysis has
shown that only about 21.3% of respondents reported that they considered all the attributes in their decision
making process. Considering ANA in the choice decisions of the respondents resulted in considerable
improvement in model fit. Mixed logit models that accounted for both ANA as well as heterogeneity in
preferences provided the best model fit to the data.

Moreover, the self-reported ANA was compared to inferred ANA by estimating equality constrained latent
class (ECLC) models and the models results confirm previous suggestions by the scientific community that there
is a poor mapping between stated and inferred non-attendance. Of particular interest is that respondents stated
much higher levels of non-attendance in the supplementary questions, compared to the level of ANA inferred by
the ELCL model. The mismatch between stated and inferred ANA values could be explained by endogeneity
issues in follow-up questions where respondents are informed that they should actually have considered all
attributes. The ECLC model predicted that about 2.1% of respondents attended to all attributes. It was also
evident that a lot of respondents ignored the flesh colour attribute, which implies that the attribute may not be a
relevant indicator of farmers’ preferences in sweet potato varietal improvements. Another issue of concern in the
self-reported attendance is that a large proportion of respondents ignored the price attribute. While this was down
played in the ECLC model through the predicted probability of 6.1%, it means that for a large proportion of
respondents, it would be problematic to estimate the willingness to pay values since these respondents did not
consider the trade-offs between changes in price and changes in the sweet potato varietal attributes.

Despite the fact that some respondents ignored certain attributes in their choice decisions, limited
knowledge still exists on the reasons for attribute non-attendance. As Hensher et al. (2005) note, there are
numerous reasons that can make a respondents ignore attributes, including behavioural irrelevance of an attribute.
For this reason, a clear and better understanding of how respondents process attributes and why they would
ignore attributes may help to improve the choice set design and the specification of choice models that account
for different processing strategies. One way to elicit reasons for non-attendance is to add supplementary
questions and to investigate how respondents’ and survey characteristics influence ANA. The other approach
that can help to explore attribute non-attendance further could be the use of laboratory experiments. This would
particularly be useful since results from laboratory experiments can be used to corroborate findings from discrete
choice experiments on the way respondents’ process different attributes in different choice settings.

References

Acheampong, P. P., V. Owusu and G.K. Nurah (2013). Farmers’ preferences for cassava variety traits: empirical
evidence from Ghana. Conference Paper, African Association of Agricultural Economists, Hammamet,
Tunisia.

10



Journal of Economics and Sustainable Development Www.iiste.org
ISSN 2222-1700 (Paper) ISSN 2222-2855 (Online) l'H.i.l
Vol.13, No.12, 2022 “s E

Adesina, A.A. and J. Baidu-Forson (1995). Farmers’ perception and Adoption of new Agricultural Technology:
Evidence from analysis in Burkina Faso and Guinea, West Africa. Agricultural Economics 13: 1-9.

Adesina, A.A. and S. Seidi (1995). Farmers’ perception and Adoption of new Agricultural Technology: analysis
of modern mangrove rice varieties in Guinea Bissau. Quarterly Journal of International Agriculture 3: 358-
371.

Adesina, A.A. and M.M. Zinnah (1993). Technology Characteristics, farmer perceptions and aoption decisions:
A Tobit model application in Sierra Leone. Agricultural Economics 9:297- 311.

Adamowicz, V., J. Louviere, and J. Swait (1998). Introduction to Attribute-based Stated Choice Methods, Report
to Resource Valuation Branch, Damage Assessment Centre, National Oceanic and Atmospheric
Administration - US Department of Commerce.

Ajambo, R., G. Elepu, B. Bashaasha and P. Okori (2017). Armers’ preferences for maize attributes in Eastern
and Western Uganda. African Crop Science Journal, 25(2): 177 — 187.

Alberini, A., K. Boyle, and M. Welsh (2003). Analysis of contingent valuation data with multiple bids and
response options allowing respondents to express uncertainty, Environmental Economics and Management,
45 (1): 40-62.

Alidu, M. S., I. K. Asante, P. Tongoona, K. Ofori, A. Danquah and F. K Padi (2019). Farmers’ perception of
drought effects on cowpea and varietal preferences in Northern Ghana. African Journal of Agricultural
Research, 4(46): 1-9.

Asrat, S., M. Yesuf, F. Carlsson and E. Wale (2009). Farmers' Preferences for Crop Variety Traits: Lessons for
On-Farm Adoption. EfD Discussion Paper 09-15, Environment for the Future Initiative and Resources for
the Future, Washington DC.

Ateka, EM., R'W. Njeru, A.G. Kibaru, JJW. Kimenju, E. Barg, R'W. Gibson and H,J. Vetten (2004).
Identification and distribution of viruses infecting sweet potato in Kenya. Annals of Applied Biology, 144,
371-379.

Aywa, A K., Nawiri, M.P. and H.N. Nyambake. 2013. Nutrient variation in coloured varicties of Ipomea batatas
grown in Vihiga County, Western Kenya. International Food Research Journal 20(2): 819-825.

Balcombe K. and I. Fraser (2011). A general treatment of don't know responses from choice experiments.
European Review of Agricultural Economics, 38(2): 171-191.

Badstue, L. B., M. R. Bellon, J. Berhaud, A. Ramirez, D. Flores and X. Juarez (2003). The dynamics of seed
flow among small-scale maize farmers in Central Valleys of Oaxaca, Mexico. CARI-IPGRI international
workshop, Rome, Italy.

Bateman, I.J. B.H. Day, A.P. Jones and S. Jude (2009). Reducing gain-loss asymmetry: a virtual reality choice
experiment valuing land use change J. Environ. Econ. Management, 58 (1): 106-118.

Bateman, 1.J., R.T. Carson, B. Day, W.M. Hanemann, N.D. Hanley, T.Hett, M.W. Jones-Lee, G. Loomes, S.
Mourato, E. Ozdemiroglu, D.W. Pearce, R. Sugden and J. Swanson (2002). Economic Valuation with
Stated Preference Techniques, Northampton: Edward Elgar.

Beck M.J., J.M, Rose and D.A. Hensher (2013). Consistently inconsistent: the role of certainty, acceptability and
scale in choice. Transport Research Part E Logistic Transport Review, 56: 81-93

Bemmaor, A.C. (1995). Predicting Behavior from Intention-to-Buy Measures: The Parametric Case. Journal of
Marketing Research, 32: 176-191.

Bennett, J. and E. Birol (2010). Choice Experiments in Developing Countries: Implementation, Challenges and
Policy Implications. Edward Elgar, Cheltenham, UK — Northampton, USA (2010).

Bennett, J. and R. Blamey (2001). The Choice Modelling Approach to Environmental Valuation

Edward Elgar, Cheltenham, UK.

Ben-Akiva, M. E. and S. R., Lerman (1985). Discrete Choice Analysis: Theory and Application to Travel
Demand, MIT Press, Cambridge, Ma.

Birol, E. and P. Koundouri (2008). Choice Experiments Informing Environmental Policy. Edward
Elgar, Cheltenham, UK, Northampton, MA, USA.

Boxall, P., and V., Adamowicz (2002). 'Understanding heterogeneous preferences in random utility models: the
use of latent class analysis', Environmental and Resource Economics, 23(4): 421-46.

Boxall, P., W., L. Adamowicz and A. Moon (2009). Complexity in choice experiments: choice of the status quo
alternative and implications for welfare measurement. The Australian Journal of Agricultural and Resource
Economics, 53: 503-519.

Brouwer R, T. Dekker, J. Rolfe, J. Windle (2010). Choice certainty and consistency in repeated choice
experiments. Environmental and Resource Economics, 46: 93—109.

Brouwer, R. (2008). Stated preference uncertainty: signal or noise? Conference Paper, European Association of
Environmental and Resource Economists (EAERE), Gothenburg, Sweden.

Brown T.C, D. Kingsley, G.L. Peterson, N.E. Flores, A. Clarke and A. Birjulin (2008). Reliability of individual
valuations of public and private goods: choice consistency, response time, and preference refinement.

11



Journal of Economics and Sustainable Development Www.iiste.org
ISSN 2222-1700 (Paper) ISSN 2222-2855 (Online) l'H.i.l
Vol.13, No.12, 2022 “s E

Journal of Public Economics, 92: 1595-1606.

Califikan, MLE., T. Sout, E. Boydak, E. H. Ariolu (2007). Growth, Yield, and Quality of Sweet Potato Cultivars
in the Southeastern Anatolian and East Mediterranean Regions of Turkey. Turkish Journal of Agricultural
Forage, 31: 213-227.

Carlsson, F., M. Kataria and Lampi, E. (2010). Dealing with ignored attributes in choice experiments on
valuation of Sweden’s environmental quality objectives Environmental Resource Economics, 47: 65-89.
Callie, B.E. (2008). Consumer preferences for watermelons: a conjoint analysis. A Master of Science Thesis,

Graduate Faculty of Auburn University, Auburn, Alabama USA.

Cameron, T. A., J. DeShazo (2011). Differential attention to attributes in utility theoretic choice models. Journal
of Choice Modelling, 3 (3): 73—115.

Campbell, D., D.A. Hensher, R. Scarpa (2011). Non-attendance to attributes in environmental choice analysis: a
latent class specification. Journal of Environmental Planning and Management, 54(8): 1061-1076.

Campbell, D., W. G. Hutchinson and R. Scarpa (2008). Incorporating Discontinuous Preferences into the
Analysis of Discrete Choice Experiments. Environmental and Resource Economics, 41 (3): 401-417.

Central Bureau of Statistics (CBS) (2009). Economic Survey (2009). Central Bureau of Statistics (CBS), Nairobi,
Kenya.

Champ, P. A. and R.C. Bishop (2001). Donation payment mechanisms and contingent valuation: an empirical
study of hypothetical bias. Environmental and Resource Economics, 19 (4): 383-402.

Champ, P.A. and T.C. Brown (1997). A comparison of contingent and actual voting behaviour. Proceedings
from W-133 Benefits and Cost Transfer in Natural Resource Planning, Portland, USA.

Chang, J.I.,, S.H. Yoo, and S.J. Kwak (2007). An investigation of preference uncertainty in the contingent
valuation study, Applied Economic Letters, 14(9): 691-695.

Christie., M. and Gibbons, J. (2011). The effect of individual ‘ability to choose’ (scale heterogeneity) on the
valuation of environmental goods, Ecological Economics, 70: 2250-2257.

Claessens, L.J., J. Stoorvogel and J.M. Antle (2008). Ex ante assessment of dual purpose sweet potato in the
crop-livestock system of western Kenya: a minimum data approach. Agricultural Systems, 99:13-22.

Clark, C.A. and J.W. Moyer (1988). Compendium of sweet potato diseases. The American Phytopathological
Society, St. Paul, MN, USA.

Colombo, S., Glenk, K., & Rocamora-Montiel, B. (2015). Analysis of choice inconsistencies in on-line choice
experiments: impact on welfare measures. European Review of Agricultural Economics, 43(2), 271-302.
Colombo, S., M. Christie and N. Hanley (2013). What are the consequences of ignoring attributes in choice

experiments? Implications for ecosystem service valuation. Ecological Economics, 96: 25-35.

Colombo S., Calatrava-Requena J, Hanley N (2007). Testing choice experiment for benefit transfer with
preference heterogeneity. American Journal of Agricultural Economics, 89: 135-151.

Czajkowski, M., N, Hanley and J. LaRiviere (2014). Controlling for the effects of information in a public goods
discrete choice model. Discussion papers in environmental economics. University of St. Andrews, St.
Andrews.

Dansi A., H. Dantsey-Barry, P. A. Agre, I. Dossou-Aminon, P. Assogba, Y. L. Loko, E. K. N'Kpenu, K.
Kombaté, M. Dansi and R. Vodouhe (2013). Production constraints and farmers’ cultivar preference criteria
of cultivated yams in Togo. International Journal of Applied Biology and Pharmaceutical Technology, 4 (2):
191-199.

Day, B., and P. Pinto (2010). Ordering anomalies in choice experiments. Journal of Environmental Economics
and Management, 59 (3): 271-285.

Dellaert, B.G.C., J.D. Brazell, J.J.Louviere (2006). The effect of attribute variation on consumer choice
consistency. Marketing Letters, 10(2): 139-147.

Dekker, T., Hess, S., Brouwer, R., Hofkes, M. (2016). Decision uncertainty in multi- 30 attribute stated
preference studies. Resource and Energy Economics, 43: 57-73

DeShazo J. R. and G. Fermo (2002). Designing Choice Sets for Stated Preference Methods: The Effects of
Complexity on Choice Consistency. Journal of Environmental Economics and Management, 44(1): 123-143.

Dibi, K.E.B., B.S. Essis, B. N’zue, A.M. Kouakou, G.P. Zohouri, A.B. Assouan, T.V. Mourik (2017).
Participatory selection of orange-fleshed sweet potato varieties in North and North-East Cote d’Ivoire.
Open Agriculture, 2: 83-90.

Dankyi, A. A. and A.A. Adjekum (2007). Determinants of the adoption of improved cassava varieties in
Southern Ghana: a logistic regression analysis. Proceedings of the ISTRC symposium, 641-647.

Edmeades, S., D.J. Phaneuf, M. Smale and M. Renkow (2008). Modelling the Crop Variety Demand of Semi-
Subsistence Households: Bananas in Uganda. Journal of Agricultural Economics, 59: 329-349.

Edmeades, S. (2003). Variety attributes and attribute trade-offs within the framework of Agricultural household
models: The case of bananas in Uganda. PhD Dissertation, North Carolina State University.

Ekanayake, 1. J. (1990). Evaluation of potato and sweet potato genotypes for drought resistance, Paper 16, CIP

12



Journal of Economics and Sustainable Development Www.iiste.org
ISSN 2222-1700 (Paper) ISSN 2222-2855 (Online) !
Vol.13, No.12, 2022 “s E

Research Guide, Vol. 19.

Duvernaya, W.H., M.S. Chinna and G.C. Yencho (2013). Hydrolysis and fermentation of Sweet potatoes for
production of fermentable sugars and ethanol. Indian Crop Production, 42: 527-537.

Ethier, R.G., L.G. Poe, D.W. Schulze and J. E. Clark (2000). A comparison of hypothetical phone and mail
contingent valuation responses for green pricing electricity programs. Land Economics, 76(1): 54-67.

Food and Agricultural Organization Statistics (FAOSTAT) (2015). FAO Statistics.http://faostat.fao.org/
site/567/default.aspx#ancor.

Ferrini, S. and Scarpa, R. (2007). Designs with a-priori information for nonmarket valuation with choice-
experiments: a Monte Carlo study. Journal of Environmental Economics and Management, 53: 342-363.
Fiebig, D.G., M.P. Keane, J. Louviere and N. Wasi (2010). The Generalized Multinomial Logit Model:

Accounting for scale and coefficient heterogeneity. Marketing Science 29: 393-421.

Gamboa, C., G. Broeck and M. Maertens (2018). Smallholders’ preferences for improved quinoa varieties in the
Peruvian Andes. Sustainability Journal, 10(4): 2-22.

Gichuki, S. T., S.C.D. Jeremiah, K. Labonte, and R. Kapinga (2006). Assessment of genetic diversity, farmer
participatory breeding, and sustainable conservation of eastern African sweet potato germplasm. Annual
report, from April 2004 to March 2005. Nairobi, Kenya.

Githunguri, C.M. and Y.N. Migwa (2007). Farmers’ participatory perspectives on Sweet potato genotypes in
Makueni district of Kenya. In: R. Kapinga, R. Kingamkono, M. Msabaha, J. Ndunguru, B. Lemaga and G.
Tusiime, eds, Symposium Proceedings of the International Society for Tropical Root Crops (ISTRC), AICC
Arusha, Tanzania.

Goa Y., D. Bassa, G. Gezahagn, and M. Chichaybelew (2017). Farmers’ participatory evaluation of chickpea
varieties in Mirab, Badwacho and Damot Fullasa Districts of Southern Ethiopia. Hydrological Current
Research, 8(1): 1-6.

Greene, W.H. and Hensher, D.A. (2010). Does scale heterogeneity across individuals matter? An empirical
assessment of alternative logit models. Transportation, 37: 413-428.

Greene, W.H., D.A. Hensher, and J. Rose, (2006). Accounting for heterogeneity in the variance of unobserved
effects in mixed logit models. Transportation Research Part B: Methodological, 40:75-92.

Hanemann, M. W., J. Loomis and B. Kanninen (1999). Statistical Efficiency of Double Bounded Dichotomous
Choice Contingent Valuation. American Journal of Agricultural Economics, 73: 1255-6

Hanemann, W. M. (1984). Welfare evaluation in contingent valuation experiments with discrete responses.
American Journal of Agricultural Economics, 66: 332-341.

Hanis, A., A.H. Jinap, S. S.M. Nasir, R. Alias, and A. K. S. Muhammad (2012). Consumers’ demand and
willingness to pay for rice attributes in Malaysia. International Food Research Journal 19(1): 363-369.
Hausman, J. A., (1993). Contingent Valuation: A Critical Assessment. Contributions to Economic Analysis (Ed).

Amsterdam: North Holland Publishers.

Hensher, D.A., J.M. Rose, and W.H. Greene (2015). Applied Choice Analysis: A Primer. Cambridge University
Press, Cambridge.

Hensher, D., J.M. Rose and M.J. Beck (2012). Are there specific design elements of choice experiments and
types of people that influence choice response certainty? Journal of Choice Modelling 5(1): 77-97.

Hensher, D.A., J]M. Rose, and Z. Li (2011). Does the choice model method and/or the data matter? ITLS
Working Paper, ITLS-WP-11-14. Institute of Transport and Logistic Studies, Sydney.

Hensher, D.A., and J.M. Rose (2009). Simplifying choice through attribute preservation or nonattendance:
Implications for willingness to pay. Transportation Research Part E, 45: 583-590.

Hensher, D. A. (2007). Introduction. Research in Transportation Economics, 18: 1-3.

Hensher, D (2006). How do respondent’s process stated choice experiments? Attribute consideration under
varying information load. Journal of Applied Econometrics, 21: 861-878.

Hensher, D.A., JM. Rose, and W.H. Greene (2005). Applied Choice Analysis. 2nd Edition. Cambridge
University Press, Cambridge.

Hensher, D.A. and Greene, W.H. (2003). The mixed logit model: the state of practice. Transportation, 30: 133—
176.

Hess, S. A. Stathopoulos, D. Campbell, V. O'Neill, S. Caussade (2013). It's not that I don't care, I just don't care
very much: confounding between attribute non-attendance and taste heterogeneity. Transportation, 40 (3):
583-607.

Hess, S., and D.A. Hensher (2010). Using conditioning on observed choices to retrieve individual-specific
attribute processing strategies. Transportation Research Part B, 44 (6): 781-790.

Hess, S., .M. Rose, and J. Polak (2010). Non-trading, lexicographic and inconsistent behaviour in stated choice
data. Transportation Research Part D: Transport and Environment, 15 (7): 405-417.

Hole, A. R. (2011). A discrete choice model with endogenous attribute attendance. Economics Letters, 110, 203-
205. Hoyos, D. (2010). The State of the Art of Environmental Valuation with Discrete Choice Experiments.

13



Journal of Economics and Sustainable Development Www.iiste.org
ISSN 2222-1700 (Paper) ISSN 2222-2855 (Online) !
Vol.13, No.12, 2022 “s E

Ecological Economics, 69: 1595-1603.

Hole, A. R. (2008). Modelling heterogeneity in patients’ preferences for the attributes of a general practitioner
appointment. Health Economics, 27: 1078—1094.

Hynes, S., Hanley, N. and R. Scarpa (2008). Effects on Welfare Measures of Alternative Means of Accounting
for Preference Heterogeneity in Recreational Demand Models. American Journal of Agricultural
Economics, 90:1011-1027.

Institute of Transport and Logistics Studies (2007). Ngene - A Software Capability to Design and Generate
Choice Experiments: University of Sydney.

Ishiguro, K., J. Toyama and M. Yoshimoto (2007). Nutrition and utilization of a new sweet potato cultivar or
tops. Department of Upland Farming Research, National Agricultural Research Center for Kyushu,
Okinawa Region, Japan.

Ishikawa, H., I. Drabo, B.B. Joseph, S. Muranaka, C. Fatokun and O. Boukar (2019). Characteristics of farmers’
selection criteria for cowpea varicties between north and south regions of Burkina Faso. Experimental
Agriculture, 56 (1): 94-103.

Joshi, G. and S. Bauer (2006). Farmers’ Choice of the Modern Rice Varieties in the Rain-fed Ecosystem of
Nepal. Journal of Agriculture and Rural Development in the Tropics and Subtropics 107(2): 129-138.

Kaguongo, W., G.F. Ortmann, E. Wale, M.A.G. Darroch, and J. Lowi (2010). Factors influencing adoption and
intensity of adoption of orange flesh sweet potato varieties: evidence from an extension intervention in
Nyanza and Western province, Kenya. Coference Paper, African Association of Agricultural Economists,
Cape Town, South Africa.

Kanninen, B. (eds.), (2007), Valuing environmental amenities using stated choice studies: a common sense
approach to theory and practice, Dordrecht: Springer.

Kays, S.J. (2004). Sweet potato production worldwide: assessment, trends and the future. International society
for horticultural science, 670: 24-35.

Keane, M. (2006). The generalized logit model: Preliminary ideas on a research program. Presentation,
Motorola-CenSoC Hong Kong Meeting, October 22, Motorola, Hung Horn, Kowloon, Hong Kong.

Keane, M. and N. Wasi (2009). Comparing Alternative Models of Heterogeneity in Consumer Choice Behavior.
University of Technology Sydney, Faculty of Business.

Kidmose, U., L.P. Christensen, S.M. Agili and S.H. Thilsted (2007). Effect of home preparation practices on the
content of pro-vitamin A carotenoids in coloured sweet potato varieties (Ipomoea batatas Lam.) from Kenya.
Innovative Food Science and Emerging Technologies, 8: 399-406.

Kivuva B.M., Musembi, F.J., Owenga, P.O. and E.M. Muya (2015). Sweet potato agronomic production
practices, Nairobi, Kenya, 1-35.

Kragt, M. E. (2013). The Effects of Changing Cost Vectors on Choices and Scale Heterogeneity. Environmental
and Resource Economics, 54: 201-221.

Kragt, M.E. and J. Bennett (2011). Using Choice Experiments to value Catchment and Estuary Health in
Tasmania with Individual Preference Heterogeneity. Australian Journal of Agricultural and Resource
Economics, 55: 159-179.

Kuhfeld W. (2010) Marketing research methods in SAS: experimental design, choice, conjoint, and graphical
techniques. SAS Institute Inc., Cary, NC, USA.

Kwach, K J., L.N. Kidula, K.D. Andima, E.O. Magenya and O.P. Tana (2014). On farm performance of
improved selected orange- fleshed sweet potato varieties Homa Bay county of Kenya. East Africa
Agriculture and Forestry Journal 80:1:17-23.

Lancaster, K.J. (1966). A new approach to consumer theory, Journal of Political Economy 74, 132—157.

Lancsar, E. and J., Louviere (2008). Conducting discrete choice experiments to inform health care decision
making: a user’s guide. Pharmacoeconomics, 26(8): 661-677.

Lagarde, M. (2013). Investigating attribute non-attendance and its consequences in choice experiments with
latent class models. Health Economics, 22(5): 554-567.

Li C-Z and L. Mattsson (1995). Discrete choice under preference uncertainty: an improved structural model for
contingent valuation. Journal of Environmental Economics and Management, 28: 256-2609.

Liebe U., J. Meyerhoff and V. Hartje (2012). Test-retest reliability of choice experiments in environmental
valuation. Environmental and Resource Economics, 53(3): 389-407.

Louviere J.J., R. Carson and D. Pihlens (2011). Design of discrete choice experiments: a discussion of issues that
matter in future applied research. Journal of Choice Modelling, 4: 1-8.

Louviere, J. J., D.A. Hensher and J.D. Swait (2010). Stated choice methods: analysis and applications.
University Press: Cambridge.

Louviere, J.J. and T.C. Eagle (2006). Confound it! That Pesky Little Scale Constant Messes Up Our Convenient
Assumptions! CenSoC Working Paper No. 06-002. Centre for the Study of Choice, University of
Technology, Sydney.

14



Journal of Economics and Sustainable Development Www.iiste.org
ISSN 2222-1700 (Paper) ISSN 2222-2855 (Online) !
Vol.13, No.12, 2022 “s E

Louviere, J.J., R.T. Carson, A. Ainslie, T. A. Cameron, J. R. DeShazo, D. Hensher, R. Kohn, T. Marley and D.J.
Street (2002). Dissecting the random component of utility. Marketing Letters, 13: 177-193.

Louviere, J.J., Hensher, D.A. and Swait, J.D. (2000) Stated Choice Methods: Analysis and Application,
Cambridge University Press, Cambridge.

Lundhede T.H., S.B. Olsen, J.B. Jacobsen and B.J. Thorsen (2009). Handling respondent uncertainty in choice
experiments: evaluating recoding approaches against explicit modelling of uncertainty. Journal of Choice
Modelling, 2: 118-147.

Lusk, J. L., F. B. Norwood, (2005). Effect of Experimental Design on Choice-Based Conjoint Valuation
Estimates. American Journal of Agricultural Economics, 87(3): 771-785.

Makini, F.W., L.O, Mose Kamau GK, B. Salasya, W.W. Mulinge, J. Ongala, M.N. Makelo, and A.O. Fatunbi
(2018). Innovation opportunities in Sweet potato Production in Kenya. Forum for Agricultural Research in
Africa (FARA), Accra Ghana.

Manu-Aduening, J.A., R.I. Lamboll, A.A. Dankyi and R.W. Gibson (2005). Cassava Diversity and Evolution in
Ghanaian Traditional farming systems. Euphytica, 144:331- 340.

Mansaray, B., S. Jin, R. Yuan and H. Li (2018). Farmers’ preferences for attributes of seed rice in Sierra Leone:
A Best-Worst Scaling Approach. A Paper for the International Conference of Agricultural Economists,
Vancouver, Canada.

Manski, C.F. (1995). Identification problems in the social sciences. Cambridge, MA: Harvard University Press.

McFadden, D. (1974). Conditional Logit Analysis of Qualitative Choice Behavior, in Frontiers in Econometrics,
in P. Zarembka (ed.), New York: Academic Press, 105-42.

McFadden, D. and K. Train (2000). Mixed MNL models for discrete response. Journal of Applied Econometrics,
15:447-470.

MclIntosh, E. and M. Ryan (2002). Using discrete choice experiments to derive welfare estimates for the
provision of elective surgery: implications of discontinuous preferences. Journal of Economic
Psychology, 23 (3): 367-382.

Mitchell R.C. and R.T. Carson (1989). Using surveys to value public goods: the contingent valuation method.
Johns Hopkins University Press, Baltimore.

Momanyi, V. N., R. Amata and H. Atuncha (2016). A Baseline Survey on Enhancing Sweet potato Production
through Development and Promotion of Appropriate Weed Management and Spacing Technologies in
Kenya. International Journal of Scientific and Research Publications, 6 (1): 656-663.

Morrison, M.D., Blamey, R.K., Bennett, J.W. and Louviere, J.J. (1996), A Comparison of Stated Preference
Techniques for Estimating Environmental Values, Choice Modelling Research Report No. 1, School of
Economics and Management, The University of New South Wales, Canberra.

Mwololo, J. K., M. W. K. Mburu and P.W. Muturi (2012) Performance of sweet potato varicties across
environments in Kenya. International Journal of Agronomy and Agricultural Research, 2 (10): 1-11.

Njeru, RW., M.W. Mburu, K.E. Cheramgoi, R.W. Gibson, Z.M. Kiburi, E. Obudho and D. Yobera (2004).
Studies on the physiological effects of viruses on sweet potato yield in Kenya. Annals of Applied Biology
145:71-76.

Norheim, B (2001). Stated preference surveys. Do we have confident tests for the 20 results? Paper presented at
the International Conference on Transport Survey Quality and 21 Innovation. South Africa, Aug 5-10, 2001.

Nungo, R.A., P.J. Ndolo, R. Kapinga, and S. Agili (2007). Development and promotion of sweet potato products
in Western Kenya. Proceedings of the 13th ISTRC symposium, 790 — 794.

O’Brien, P.J. 1972. The sweetpotato. Its origin and dispersal. American Anthropology 74: 342-368.

Odendo, M. and P.J. Ndolo (2002). Impact of improved sweet potato varieties in western Kenya: Farmers’
Perspectives.

Opiyo, S. A (2011). Evaluation of efficacy of selected plant extracts in the management of Fungal and bacterial
diseases which affect sweet potato. Unpublished PhD thesis, Maseno University, Kenya.

Otieno, Z. A. (2008). The role of varietal traits on the adoption of improved pigeon pea varieties in Kenya: the
case of Taita District. MSc Thesis, University of Nairobi, Kenya.

Owere, L., P. Tongoona, J. Derera and N. Wanyera (2014). Farmers’ perceptions of finger millet production
constraints, varietal preferences and their implications to finger millet breeding in Uganda. Journal of
Agricultural Science, 6(12): 126-138.

Owusu, V. and E. Donkor (2012). Adoption of Improved Cassava Varieties in Ghana. Agricultural Journal, 7 (2):
146-151.

Pua, E.C. and M.R. Davey (2007). Transgenic crops IV. p. 337-350, In T. Nagata, ed. Biotechnology in
agriculture and forestry. Springer, New York.

Ready, R., J. Whitehead, and G.C. Blomquist (1995). Contingent valuation when respondents are ambivalent.
Journal of Environmental Economics and Management, 29(2): 181-197.

Reed J.F., E. Lancsar, D. Marshall, V. Kilambi, A. Miihlbacher, D.A. Regier, B.W. Bresnahan, B. Kanninen,

15



Journal of Economics and Sustainable Development Www.iiste.org
ISSN 2222-1700 (Paper) ISSN 2222-2855 (Online) !
Vol.13, No.12, 2022 “s E

J.F.P., Bridges (2013). Constructing experimental designs for discretechoice experiments: report of the
ISPOR Conjoint Analysis Experimental Design Good Research Practices Task Force. Value in Health, 16
(1): 3-13.

Revelt D, and K. Train (1998). Mixed logit with repeated choices: households’ choices of appliances efficiency
level. Review of Economic Statistics, 80: 647—-657.

Rigby, D., M. Burton, and J.L. Lusk (2015). Journals, Preferences and Publishing in Agricultural and
Environmental Economics. American Journal of Agricultural Economics, 97: 490- 509.

Rose, J.M. and Bliemer, M.C.J. (2004). Does Orthogonality in Stated Choice Designs Matter? Working Paper,
Institute of Transport Studies, University of Sydney.

Rose, J., M.J., Beck and D.A. Hensher (2015). The joint estimation of respondent-reported 32 certainty and
acceptability with choice. Transportation Research Part A, 71: 141-152.

Ryan, M., K. Gerard and M. Amaya-Amaya (2008), Using Discrete Choice Experiments to Value Helath and
Health Care, Dordrecht: Springer.

Saelensminde, K. (2002). The impact of choice inconsistencies in stated choice studies. Environmental and
Resource Economics, 23: 403-420.

Saelensminde, K. (2001). The Impact of Choice Inconsistencies in Stated Choice Studies. Environmental and
Resource Economics, 23(4): 403-420.

Samnaliev, M., T.H. Stevens, T. More (2006). A comparison of alternative certainty calibration techniques in
contingent valuation. Ecological Economics, 57(3): 507-519.

Sanchez-Toledano, B. 1., Kallas, Z., and Gil, J. M (2017). Farmer preference for improved corn seeds in Chiapas,
Mexico: a choice experiment approach. Spanish Journal of Agricultural Research, 15(3): 1-14.

Sanou, E.R., J. Tur-Cardona, J. D. Vitale, B. Koulibaly, G. Gheysen and S. Speelman (2019). Farmers’
preferences for cotton cultivation characteristics: a discrete choice experiment in Burkina Faso. Agronomy,
9(841): 1-13.

Scarpa, R. R. Zanoli, V. Bruschi, S. Naspetti (2013). Inferred and stated attribute non-attendance in food choice
experiments American Journal of Agricultural Economics, 95: 165-180.

Scarpa, R., M. Thiene and D.A. Hensher (2012). Preferences for tap water attributes within couples: An
exploration of alternative mixed logit parameterizations. Water Resources Research 48.

Scarpa, R., S. Notaro, J. Louviere and R. Raffaelli (2011). Exploring Scale Effects of Best/Worst Rank Ordered
Choice Data to Estimate Benefits of Tourism in Alpine Grazing Commons. American Journal of
Agricultural Economics, 93: 813-828.

Scarpa R., and J. M. Rose (2008). Design efficiency for non-market valuation with choice modelling: how to
measure it, what to report and why. Australian Journal of Agricultural Resource Economics, 52: 253-282.

Scarpa, R., K.G. Willis and M. Acutt (2007). Valuing externalities from water supply: status quo, choice
complexity and individual random effects in panel kernel logit analysis of choice experiments. Journal of
Environmental Planning and Management, 50: 449-466.

Shaikh, S., L. Sun, and G.C. van Kooten (2007). Treating respondent uncertainty in contingent valuation: a
comparison of empirical treatments. Ecological Economics 62(1): 115-125.

Skreli, E.; D. Imami, C. Chan, M. Canavari, E. Zhllima and E. Pire (2017). Assessing consumer preferences and
willingness to pay for organic tomatoes in Albania: A conjoint choice experiment study. Spanish Journal of
Agricultural Research, 15(3): 1-13.

Smale, M., M. Bellon and J.A.A. Gomez (2001). Maize diversity, variety attributes and farmers’ choices in
South-eastern Guanajuato, Mexico. Economic development and cultural change, 50 (1): 201-225.

Stathers, T.S., R.O. Namanda, G. Mwanga and Kapinga, R (2005). Manual for Sweet potato Integrated
Production and Pest Management Farmer Field Schools in Sub-Saharan Africa. International Potato Center,
Kampala, Uganda.

Sumbele, S. A., E. E. Fonkeng, H. A. Andukwa, and B.K. Ngane (2018). Smallholder sugarcane farming in
Cameroon: farmers’ preferred traits, constraints and genetic resources. Greener Journal of Agricultural
Sciences, 8(3): 052-058.

Tadesse A. (2008). Farmers’ evaluation criteria and adoption of improved onion production package. MSc
Thesis, Haramaya University, Ethiopia.

Tadesse, D., Z.G. Medhin and A. Ayalew (2014). Participatory on farm evaluation of improved maize varieties
in Chilga District of North Western Ethiopia. International Journal of Agriculture and Forestry, 4(5): 402-
407.

Teeken, B., O. Olaosebikan, J. Haleegoah, E. Oladejo, T. Madu, A. Bello, E. Parkes, C. Egesi, P. Kulakow, H.
Kirscht, and H. A. Tufan (2018). Cassava trait preferences of men and women farmers in Nigeria:
implications for breeding. Economic Botany, 20(10): 1-15.

Tekalign, A., J. Derera, J. Sibiya, and A. Fikre (2016). Participatory assessment of production threats, farmers’
desired traits and selection criteria of Faba bean varieties: opportunities for Faba bean breeding in Ethiopia.

16



Journal of Economics and Sustainable Development Www.iiste.org
ISSN 2222-1700 (Paper) ISSN 2222-2855 (Online) !
Vol.13, No.12, 2022 “s E

Indian Journal of Agricultural Research, 50(4): 295-302.

Thottappilly, G. and G. Loebenstein (2009). The sweet potato Springer, New York.

Train, K. (2009). Discrete choice methods with simulation, Second Edition. Cambridge University Press:
Cambridge.

Train, K., E (2000). Halton Sequences for Mixed Logit, Paper E00-278. Institute of Business and Economics,
University of California, Berkeley. 173

Tsusaka, T., A. Orr, H. Msere, D. Harris and N.V.G. Rao (2018). Fuelwood or Grain? A conjoint analysis of trait
preferences for pigeon pea among smallholders in Southern Malawi. A Paper for the International
Conference of Agricultural Economists, Vancouver, Canada.

Wale, E.Z., J. Mburu, K. Holm-Miiller, and M. Zeller, (2005). Economic analysis of farmers' preferences for
coffee variety attributes: lessons for on-farm conservation and technology adoption in Ethiopia. Quarterly
Journal of International Agriculture, 44: 121-139.

Wanjekeche E., Lusweti C., Wakasa V. Hagenimana V., Misto E. and I. Lopeli, 2000. Performance and
acceptability of orange-fleshed sweet potato in the marginal areas of West Pokot district, Kenya. Congress
Proceedings of African Potato Association, 143-147.

Westby, A., K. Tomlins, G. Ndunguru, D. Burnett, T. Ngendello, E. Rwiza, and Q. Van Oirschot (2003).
Maximizing incomes from sweet potato production as a contribution to rural livelihoods. Crop Post Harvest
Programme, Natural Resource Institute.

Whelan, G. and Tapley, N. (2006) Development and application of the mixed-ordered response logit model.
European Transport Conference, PTRC, London.

Willock, J., I. Deary, G. Edwards-Jones, G. Gibson, M. McGregor, A. Sutherland, J. Dent, O. Morgan, and R.
Grieve, (1999). The role of attitudes and objectives in farmer decision making: business and
environmentally-oriented behaviour in Scotland. Journal of Agricultural Economics, 50(2): 286-303.

Woolfe J.A. 1992. Sweetpotato, an untapped food resource. Cambridge University Press. New York, 1: 27-32.

Yue, C., RK. Gallardo, J. Luby, A. Rihn, J.R. McFerson, V. McCracken, V.M. Whitaker, C.E. Finn, J.F.
Hancock, C. Weebadde, A. Sebolt and A. Iezzoni (2014). An evaluation of U.S. strawberry producers’ trait
prioritization: evidence from audience surveys. Horticultural science, 49(2):188-193.

17



