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Abstract

The non-existence of separate insurance policy for people in the retail sector in
Ghana at this moment may be due to supply side problems, such as correlated
risks, uncertainty of risks, adverse selection and moral hazard, or because of a
lack of demand for insurance coverage. This thesis uses mixed logit estimation
methods to examine the effects of fire risk on the demand of microinsurance. The
study took place at Kumasi Central Market. The Hierarchical Bayesian was used
to estimate the parameters of the mixed logit model. The distribution of the
parameters was normal distribution. It was found that positive relationship exist
between utility and high damage cost, high fire risk and high insurance cover-
age, however, utility decline with insurance premium. Also, estimation results
support that offering fire insurance may be profitable in the current situation.
Stake holders in the insurance industry are therefore recommended to ensure the

introduction of separate insurance for the retail sector of the economy of Ghana.
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Chapter 1

Introduction

1.1 Background of the Thesis

One recurrent issue that Ghanaian markets countenance is the problem of market
fires. Faulty electrical wiring has been claimed as the causes of the fire Adofo
(2013). This is expected to have significant consequences for the insurance sec-
tor. This thesis is about using mixed logit model to estimate willingness to pay

(WTP) microinsurance premium.

Insurance for that matter, microinsurance is an arrangement that offers financial
protection to individuals and groups with a low-income against specific risks in
exchange for premium payments (Tan et al., 2012). Microinsurance is run in
accordance with generally accepted insurance practices but is designed to meet
the needs of those who are otherwise unable to access mainstream insurance. For
microinsurance, the premium is low. Microinsurance is targeted at those with
low-incomes (in particular, those living on between approximately $1 and $4 per

day).

Mixed logit models are the statistical tool applied in analysis of discrete choices
data and it has assumed vitality in health economics (Hall et al., 2006; King et al.,
2007; Paterson et al., 2008), environmental economics (Train, 2003; Brownstone
and Train, 1999; Train and Wilson, 2007) and marketing (Revelt and Train, 1998;
Hensher et al., 2003). Mixed logit model makes it probable to report heterogeneity
in choices which are unrelated to observed features. It can be used to approxi-

mate discrete choice random utility model (McFadden and Train, 2000). Mixed



logit model is a model which must always follow a particular distribution, for in-
stance normal distribution, exponential distribution etc.. The parameters of this
distribution are estimated by using either the Hierarchical Bayesian estimation

methods or Maximum Likelihood estimation .

WP is defined as the maximum amount that an individual is willing to bid for
a public goods or services while remaining on her indifference curve that is with-
out losing any utility. WT'P is the unavoidable economic value that equates the
utility with and without the non-market goods. W1 P measures are considered
useful for a number of reasons. Firstly, they can directly inform policy makers
by proving information about how much people value some goods or services and
can influence the pricing of these goods or services (Hensher et al., 2003; Hole
and Kolstad, 2010). Secondly, WTP measures can be essential inputs in economic
appraisals such as cost benefit analyses (Oliver et al., 2002; Negrin et al., 2008;
Hole and Kolstad, 2010) Lastly, WTP measures can be a convenient tool to make
relative comparisons and rankings of the desirability of goods and services (Hole
and Kolstad, 2010). Mixed logit has been used to estimate willingness to pay
(WTP) by many authors (McFadden and Train, 2000; Train, 2003; Regier et al.,

2009), nevertheless, little it has been seen in the insurance industry.

The WTP for insurance premium is expected to go up due to growth in the
probability of distressing weather-related damage, unpredictable fire outbreak
and increasing rampant arm robbery, but it is uncertain how large this growth
will be. Indeed, insight into the pressure of these challenges, WT' P for microinsur-
ance is necessary so that insurers can evaluate the future profitability of offering
coverage in opposition to damage caused by disasters and crime. This is very
apt given that climate change, electrical fault and crime are to be expected to
continue in the coming years due to rapid projected growth of emissions (Pielke

et al., 2007; Botzen and van den Bergh, 2008), growth of human population and



crime along streets and market places.

Kumasi central market has experienced number of fire outbreaks. Last year alone,
there were three fire outbreaks that were reported at the market. According to
Kwakye (2013), the deputy Minister of Information, it is estimated that 4500
traders had substantial properties loss to fire outbreaks last year.This study looks
at how mixed logit model can be use to predict insurance premium using data
from second hand clothes sellers in Ghana. The recent devastating fire outbreaks

at the markets places may have motivated this study.

1.2 Problem Statement

Decision to buy microinsurance policy sometimes largely depends on unexpected
circumstances. Rick taking has come to stay as far as disasters are part of
the unexpected circumstances. Many developed countries have laws about risk
taken. However, in the third world countries these laws just exist in books. This
may cause people not to buy insurance policies for the following reasons: non-
enforcement of insurance laws; untimely payment of benefit when you are due;
high levels of premium charge; and lack of education on insurance policies and

premium charge.

Most insurance companies in Ghana find it difficult to calculate the income of
people in the retail sector. As a result there is no separate insurance policy for
the retail sector. The nonexistence of separate insurance policy for people in the
retail sector in Ghana at this moment may be due to supply side problems, such
as correlated risks, uncertainty of risks, adverse selection and moral hazard, or
because of a lack of demand for insurance coverage. de Vries (1998) suggested
that problems with adverse selection may be severe in the case of offering disaster
insurance, because only individuals who live in unprotected areas with high dis-

aster risks would demand insurance. Examining how WT'P relates to actual risk



derived from the retail industry characteristics will provide insight into potential

problems with adverse selection.

The government can grant partly compensation of damage caused by large-scale
fire outbreaks, as is also the situation in several other countries (Crichton, 2008).
Decisions about granting relief and its extent are a political decision. As a con-
sequence, other sectors of the economy may expect that the government will
compensate future fire damage unconditional on the risk they take. This may
lessen the desirability of private insurance, which is often referred to as crowding

out (Harrington, 2000).

1.3 Objectives of the Thesis

Microinsurance in Ghana is expected to grow due to increasing incidents of fire
disasters at the market places. The thesis is aimed at:

1. To examine whether demand is the main obstruction to the establishment
microinsurance market for the retail industry by estimating the level of WT'P
relative to the expected value of loss.

2. To analyse the effect of the current institutional setting, characterized by avail-

ability of government compensation of fire victims, on microinsurance industry.

1.4 Scope of the Study Area

Ashanti region is one of the ten regions in Ghana, which is the highest populated
region in Ghana. Ashanti region is centrally located in the middle belt of Ghana,
it lies between longitudes 0.15W and 2.25WW and latitude 5.50 N and 7.46N. The
region shares boundaries with four of the ten regions, Brong Ahafo to the north,
Eastern region to the east, Central region to the south and Western region to
the south west. The population of the region is concentrated in a few districts,

Kumasi metropolis alone accounts for nearly one-third of the regions population.



The high level of urbanization in the region is due mainly to the high level of

concentration of the population in the Kumasi metropolis.

The region occupies a land area of 24,389 square kilometres representing 10.2%
of the total land area of Ghana in which Kumasi alone is 250 square kilometers.
It is the third largest region after Northern and Brong Ahafo regions. The region
has a population density of 148.1 persons per square kilometre and Kumasi has a
population of about 1.5 million people. The people of the region are into farming,
mining and trading. Tradition is held very high in the region and blends well with
modernity. Residential land use in Kumasi forms about 60 % of the total land use
in the metropolitan area and they are categorised into three zones namely; the
low income, middle, and the high income zone. The metropolitan area has one
teaching hospital, 9 hospitals and many private hospitals and clinics, two public
universities and six private universities. The metropolitan area also has very big
market that is Kumasi central market. Most middle income people work at the
market. The market over the years have experienced fire outbreaks. This has left
many people unemployed since they did not either insured their goods or their

stores.

1.5 Methodology

The study is about using discrete choice experiment to estimate WT P of insur-
ance premium. WTP for insurance is elicited by means of a choice experiment.
The choice experiment values insurance with different levels of coverage in situ-
ations with varying fire probabilities and damages caused by fire at the market
places. The distribution of the study shall follow normal distribution and lognor-
mal. Bayesian estimation methods will be employed to determine the parameters
of the distribution. Mixed logit model will be used to estimate the insurance

premium. Convenience sampling method will be used to select six hundred sec-



ond clothes sellers. The study area is the Kumasi central market. Structured
questionnaires will be employed to collect data. The software employed to solve

the problem is sawtooth and STATA version 12.

1.6 Justification

The study is of much importance and relevance for number of reasons; the chief
amongst them is to partially fulfil the requirement for the award of degree in
industrial mathematics. The study will also estimate WT'P for microinsurance
premium in Ghana under the current institutional setting. This is of practical
importance for insurers and the government in evaluating whether demand for
insurance in the retail industry will be sufficiently high to make a private market
feasible. The role of expectations about government compensation of disaster
damage will be analysed by comparing WT P with and without relief of fire dam-
age by the government. This can aid the government in assessing what circum-
stances need to be created to stimulate, or at least not impede, the emergence of

a market for insurance in the retail industry in the wake of rampant fire outbreaks.

Furthermore, the challenges of socio-economic developments on the demand for
microinsurance will be assessed. This is consummated by obtaining microinsur-
ance demand under different scenarios of increased fire outbreak probabilities
due to electrical faults and varying levels of expected fire outbreak damage. In
addition, offer functions will be estimated to discover factors behind WT P us-
ing as explanatory variables perceptions of microinsurance premium based on
estimates of individual risk aversion, actual insurance purchase behaviour, and

socio-economic characteristics.

Lastly, the study will also serve as a source of reference material to students,
government, private and school libraries. And also serve as a research paper for

further research work.



1.7 Organisation of the Thesis

This thesis has five chapters. Chapter One contains the background to the
study, statement of the problem, objectives of the study, Scope of the study
area, Methodology and Justification. Chapter Two reviews the relevant litera-

ture on mixed logit models and WT'P.

Chapter Three focuses on the methodology of the study. It describes the study
design, the target population, the sampling procedure, sample size, the research
instruments used, data and sources, data processing and analysis, Mixed logit
model methods and the ethical issues arising from the research. Chapter Four
concerns itself with the data analysis, the presentation and discussion of results
while Chapter Five provides the summary, conclusions and recommendations of

the study.



Chapter 2

Literature Review
2.1 Introduction

This chapter reviews the various works that are relevant to the study. The topics
reviewed include the Insurance Premium Estimation, Discrete Choice Experi-
ment, Mixed Logit Approach, Terminology Mixed Logit Approach and WTP.
Other important topics reviewed are Estimation of mixed logit model, Unob-

served Heterogeneity and Distributional Assumptions.

2.2 Microinsurance

Microinsurance is an arrangement that offers financial protection to individuals
and groups with a low-income against specific risks in exchange for premium pay-
ments (Tan et al., 2012). The International Association of Insurance Supervisors
(IAIS) also defines microinsurance as ”protection of low income people against
specific perils in exchange for regular premium payments proportionate to the
likelihood and cost of the risk involved.” Microinsurance is run in accordance
with generally accepted insurance practices but is designed to meet the needs of
those who are otherwise unable to access mainstream insurance. Microinsurance
is based on the same principles as most other forms of insurance, with a num-
ber of key differences:transaction sizes are smaller and premiums are lower; the
target audience consists of those with low incomes, traditional jobs/businesses
and a limited knowledge of insurance and the benefits that it affords; Products
offered are simpler, often providing just one type of cover rather than bundles;
more flexibility is possible in both product design and premium payments. Due

to the irregular income stream of the clients, microinsurance arrangements may



allow payments to be made at irregular times and in uneven amounts; the claims
process is faster and less complicated, involving substantially less documentation.
As a result, microinsurance claims are usually resolved quicker than most insur-
ance claims, which must go through a more stringent assessment process; Less
regulation is imposed and enforced, though some countries are beginning to regu-
late the microinsurance industry in a more structured manner; and Underwriting
is a simpler process (i.e. there are fewer terms and conditions and exclusions) as

relatively small sums are involved.

Microinsurance is aimed at a broad range of clients including individuals, house-
holds and whole communities in both rural and urban areas. Microinsurance is
targeted at those with low-incomes (in particular, those living on between ap-
proximately $1 and $4 per day). Without a way to manage risk they can be hit
hard by sudden events for which they have not planned (including crop failures,
death of relatives, ongoing health issues, fire outbreaks). Many of those who
use microinsurance work informally or in unpredictable sectors such as trading
and, therefore, do not have a regular flow of income (Tan et al., 2012). Access
to insurance at an affordable cost to the poor is now seen in many countries as
a condition necessary for poverty reduction and social harmony in the financial
landscape (Matul et al., 2010). Access to microinsurance is generally very lim-
ited. Compared to some other regions, in Africa, there is still a dramatic lack
of microinsurance available to the low-income market. According to the Land-
scaping Study of the Microinsurance Centre, only 3.5 million people in Africa use
microinsurance to secure risks. In most sub-Saharan countries less than 2 % of
the poor and vulnerable have access to microinsurance Matul et al. (2010). For
this study, microinsurance is limited to people with limited knowledge of insur-
ance and the benefits that it affords, have minimum capital around GHS 1000

and have monthly income after tax around GHS 700.



2.3 Microinsurance Premium Estimation

The premium or price of microinsurance is the monetary value for which two par-
ties agree to exchange risk and ”certainty” (Laeven and Goovaerts, 2011). This
sometimes based on a lot of factors. Some of the factor are age of the people
buying insurance, the kind of policy, risk involve in the policy and income of
the people buying insurance. According to Laeven and Goovaerts (2011), there
are two commonly encountered situations in which the price of insurance is sub-
jected to: when an individual bearing an insurable risk, buys insurance from an
insurer at an agreed periodic premium; and when insurance portfolios (that is,
a collection of insurance contracts) are treated in financial industry. However,
the intention of this study is to predict the insurance premium using data from

market survey.

Luan (2001) examined an insurance or risk premium calculation method called
the mean-value-distortion pricing principle in the general framework of antici-
pated utility theory. He concluded that essential properties such as non-negative
loading, non-excessive loading, scale and translation invariant, stop-loss order
preservation, and sub-additivity are preserved in the analysis of the pricing prin-
ciple. This fact suggests consideration of microinsurance problems in a larger
theoretical frame. This method cannot be used to estimate optimal microin-
surance premium. Since mean-value-distortion pricing principle does not give
optimal microinsurance premium, to solve this problem, mixed logit model will

be use.

Wuthrich (2003) estimated value at risk for sums of dependent random variables.
He specify the dependent strength and the marginal behaviour and concluded
that the dependence structure has a rather large impact on joint extreme value

calculations. Botzen and van den Bergh (2008) also estimated risk premiums
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for flood insurance demand in the Netherlands. They indicated that rising flood
probabilities from 1 in 1250 up to 1 in 550 cause WT'P to rise more than expected
value of the loss. This study will look at how fire probabilities will affect WT P.
Fire risk has increase in the country for the pass decade. Many trader have loss
their capitals due to market fires. It is estimated that in every fire outbreak
that occurs at the market places over 500 traders get their goods destroy. With
choice modelling and mixed logit estimation methods Botzen and van den Bergh
(2008) estimated the dependence of WT'P on risk aversion and socioeconomic
characteristics. Their results indicate that opportunities for a private flood in-
surance market exist. Therefore, the influence of socio-economic development on
WTP for disaster insurance needs to be analysed in addition to potential effects
of fire to arrive at reliable estimates for future demand. Botzen and van den
Bergh (2008) approach in calculating insurance premium will be considered in
this study. Mixed logit model will be employ to estimate willingness to pay

insurance premium using data from market related discrete choice experiment.

2.4 Discrete Choice Experiment

The discrete choice experiment (DCE) method has become an established stated
preference approach for many economic, marketing, health and educational sur-
veys. It has also been used for valuing insurance benefits. This methodology,
since the work by Adamowicz (1994), has gain strong theoretical background. It
is consistent with both Lancasterian microeconomic approach to utility derivation
(Lancaster, 1966) and is behaviourally stuck in random utility theory McFadden
(1974).

Campbell (2006) reported the findings from a discrete choice experiment study
designed to estimate the economic benefits associated with rural landscape im-
provements in Ireland. Using a mixed logit model, the panel nature of the dataset

is exploited to retrieve willingness to pay values for every individual in the sam-

11



ple. This departs from customary approaches in which the willingness to pay
estimates are normally expressed as measures of central tendency of a priori dis-
tribution. Gu et al. (2007) use discrete choice experiments (DCFEs) to estimate
health state utility values. They compared DC'E and standard methods such as
Time Trade-off (T'T'O). It was established that the two methods were fundamen-
tally conceptually different and have different interpretations in policy evaluation.
However, it was pointed out that DC E's estimate the ” average valuation ” for a
health state better. A basic decision when designing DC'E's is whether to use la-
belled or unlabelled choice tasks. The labelled and the unlabelled discrete choice
experiments have been applied by many researchers (Blamey et al., 2000; Mc-

Clure et al., 2004; Shen and Saijo, 2009; Doherty et al., 2011).

Blamey et al. (2000) gave an advantage of why it is good to assign labels. It en-
ables responses better reflect the emotional context in which preferences are ulti-
mately revealed. This was supported by McClure et al. (2004) and Shen and Saijo
(2009). Labelling alternatives enables factors to be captured more accurately. An
alternative label is different from other attributes because it is independent from
the quantifiable characteristics of the alternative, and thus can invoke different
emotions from respondents (Czajkowski and Hanley, 2009). Indeed, within the
context of fire disaster, using labels to represent the different types of policies
has particular advantages. it gives the respondents predisposition toward choos-
ing particular types of insurance because it could invoke memories of past fond
experiences (Blamey et al., 2000). Adversely, labelling alternatives may result
in the labels having a significantly superior impact on how respondents reach
their choice outcomes than may be expected when designing DC'Es. Doherty
et al. (2011) use discrete choice experiment data aimed at eliciting the demand
for recreational walking trails on farmland in Ireland. It was used to explore
whether some respondents reach their choices solely on the basis of the alterna-

tive’s label. To investigate this type of processing strategy, the paper exploits

12



a discrete mixtures approach which encompasses random parameters for the at-
tribute. It was evidence that respondents employ different processing strategies
for different alternatives and differences in processing emerge between rural and
urban based respondents. Results highlight that model fit and policy conclusions

are sensitive to assumptions related to processing strategies among respondents.

Blamey et al. (2000) and Bekker-Grob et al. (2010) advocate that respondents
have a higher tendency to ignore attributes when labelled alternatives are in-
cluded in the choice experiment. The study provided comprehensively analysis to
probabilistically agree on each alternative, great proportion of respondents made
their choices based on its label only. For this study, unlabelled discrete choice
experiment will be use. This is because respondents employ different processing

strategies for different alternatives.

2.5 Mixed Logit Approach

Mixed logit is a highly flexible model that can approximate any random utility
model McFadden and Train (2000). The mixed logit model is an interesting, very
flexible and useful modelling alternative, allowing to model and estimate corre-
lation and heteroscedasticity (Munizaga, 2000). In this context, it can become a
real competitor to Probit, usually considered as the only or principal way to make
more flexible the modelling of discrete choices. Nevertheless it is quite important
to have a clear assessment of its properties and to justify properly any specific
structure over the basis of theoretical considerations prior to the estimation of the
parameters. The covariance matrix associated to mixed logit depends on the spec-
ification given to the additional error terms and it can be as general as desired. In
this sense, it offers a more flexible structure than other models, in particular it has
the capacity of recognising correlated alternatives and taste variations expressed
through random parameters. In the work of Munizaga (2000), two numerical ap-

plications were presented, one based on simulation experiments and another one

13



with real data, both in the context of similar alternatives. The latter motivates
a nesting error structure. It is shown analytically that the Nested Mixed Logit is
not equivalent to Nested Logit at least considering its covariance structure. How-
ever, for the reported correlation level, if mixed logit is not adjusted to obtain
a homoscedastic covariance matrix, then the predicted market shares for both
do not present severe differences. So, it is understood that these models could
approximate a situation like the one presented here. The fact that the nested
structure for mixed logit commits homoscedasticity when defining correlation,
could be seen as a problem, if you want to compare it with Nested Logit, or as
an advantage from the point of view that it allows to represent another covari-

ance structure, that includes correlation and heteroscedasticity (Munizaga, 2000).

Mixed logit obviates the three restrictions of standard logit by permitting for
random taste variation, unrestricted substitution patterns, and correlation in
unobserved factors over time. It is not restricted to normal distributions. Its
derivation is straightforward, and simulation of its choice probabilities is compu-
tationally simple. The mixed logit model has been known for many years but has
only become fully applicable since the advent of simulation (Train, 2003; Yannis

and Antoniou, 2007).

Algers et al. (1998) use mixed logit specifications to allow parameters to vary
in the population when estimating the value of time for long-distance car travel.
Their main conclusion was that the estimated value of time is very sensitive to
how the model is specified. They found that the ratio of coefficients in a mixed
logit specification differ significantly from the ones in a traditional logit specifi-
cation. This is contrary to the results obtained by Brownstone and Train (1999)
and Train (1998). Whether the ratios will differ or not depends on the model and

the data generating process at hand.
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Gu et al. (2007) propose two types of models, one using preference space and
the other using Quality-Adjusted Life Year (QALY") space. The estimation ap-
proach was based on the mixed logit. Their results demonstrated that the pre-
ferred QALY space mode provides lower estimates of the utility values than the
conditional logit, with the divergence increasing with worsening health states.
Brownstone et al. (2000) compare multinomial logit and mixed logit models us-
ing data from California household on stated preference for auto mobiles. It was
concluded that mixed logit models provide improved fits over logit that are highly
significant, and show large heterogeneity in respondents’ preferences for alterna-
tive fuel vehicles. Taste heterogeneity is another important aspect of discrete
choice modelling. Train and Weeks (2005) show that WT' P estimates can be
estimated directly in a mixed logit model by re-formulating the modelling such a
way that the estimated parameters represent the parameters of the WT'P distri-

bution rather than the parameters of the usual coefficients.

Campbell (2006) use mixed logit model to identify the determinants of willingness
to pay for rural landscape improvements. It was asserted that mixed logit add
more considerably validity and explanatory power to welfare estimates. Mixed
Logit models are designed to capture observed as well as unobserved heterogene-
ity, there is no reason to expect these tastes for different things to be independent.
King et al. (2007) also analyse patients’ preferences for managing asthma using
mixed logit models with random intercepts. They find that the mixed logit mod-
els fit the data better than a standard logit and that a substantial amount of

heterogeneity is unaccounted for observable characteristics.

Hole (2008) examines patients’ preferences for the attributes of a general practi-
tioner appointment using mixed and latent class logit models. Significant pref-
erence heterogeneity is found for all attributes including cost and the mixed and

latent class logit modes fit the data considerably better than the standard logit

15



model. Negrin et al. (2008) apply mixed logit models to analyse the willingness to
pay for alternative policies for patients with Alzheimer’s disease and they discov-
ered that there is significant heterogeneity in the preferences for all the attributes
including cost. The researchers report WT' P measures calculated at the means

of the coeflicient distributions.

Paterson et al. (2008) study smokers’ preferences for increased efficacy and other
attributes of smoking cessation therapies. Using a mixed logit model, they es-
timate the willingness to pay for different treatments among groups of smokers.
They find evidence of substantial preference heterogeneity and demonstrate that
allowing for heterogeneity both improves the fit of the model and enhances our
understanding of the smokers’ preferences. Regier et al. (2009) analyse prefer-
ences regarding genetic testing for developmental delay using mixed logit models.
They concluded that WT P measures are derived from the assumptions affect the
WTP estimates. Ozdemir et al. (2009) analyse how ”cheap talk” affects estimates
of the willingness to pay for health care using a mixed logit model estimated in
WTP space. They conclude that being exposed to ”"cheap talk” has an impact

on the estimated willingness to pay.

This study therefore looks at how mixed logit model can be used to estimate in-
surance premium using data from market related survey. This study will emulate
McFadden and Train (2000) and Train (2003). The framework of random utility
maximisation is deep-rooted to model such choices but there are still many issues
that deserve attention. This thesis investigates how taste correlation should be

incorporated into applied mixed logit estimation.
The challenges mixed logit models face is from the quality of the data (Sennhauser,

2010). Mixed logit certainly demands better quality data than M NL (Train,

1998) since it offers an extended framework within which to capture a greater
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amount of true behavioural variability in choice making. Mixed logit align itself
much more with reality where every individual has their own inter-related system-
atic and random components for each alternative in their perceptual choice set(s).
Although there is a level of irreducible variability in everyone, its does have some
basis in the fact that individuals do not do the same thing all the time for a vari-
ety of reasons that analysts cannot fully observe or explain (and probably neither
can the individuals themselves) Michaud et al. (2012). The mixed logit probabil-
ity according to McFadden and Train (1997); Train (1998) and Brownstone and
Train (1999) can be derived from utility-maximizing behaviour in several ways
that are formally equivalent but provide different interpretations. The most un-
complicated derivation, and most widely used in recent applications (Ben-Akiva

and Lerman, 1985; Bhat, 1998; Train, 1998), is based on random coefficients.

The derivation can also be based on the error component. The error components
emphasize the fact that the unobserved portion of utility consists of a number
of components and that these components can be specified to provide realistic
substitution patterns rather than to represent random parameters Brownstone
and Train (1999). This term encompasses any interpretation that is consistent
with the functional form. This study will base on random coefficient parameters

estimation.

2.6 WTP

Direct questions regarding willingness to pay are cognitively tricky to answer di-
rectly and respondents may have incentives to answer strategically (Arrow et al.,
1993; Carson et al., 2001; Hanley et al., 2002; Ryan, 2004). However, WT P mea-
sures can be derived from discrete choice models estimated using either revealed
preference data or data from discrete choice experiments (DCFE's). In these cases,
the WTP for an alternative attribute can be calculated as the ratio of the at-

tribute coefficient to the price coefficient (Train, 2003).
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WTP is defined as the maximum amount that an individual is willing to bid
for a public goods or services whiles remaining on her indifference curve that is
without losing any utility Hole and Kolstad (2010). Boccaletti and Moro (2000)
investigated consumers’ willingness to pay (W7 P) a price premium for two envi-
ronmental attributes of a non-food agricultural product. They studied individual
preferences for roses associated with an eco-label and a carbon footprint using
an economic experiment combining discrete choice questions and real economic
incentives involving real purchases of roses against cash. The data were analysed
with a mixed logit model and reveal significant premium for both environmental

attributes of the product.

W'TP is the unavoidable economic value that equates the utility with and with-
out the non-market goods. WT P measures are considered useful for a number
of reasons. Firstly, they can directly inform policy makers by proving informa-
tion about how much people value some goods or services and can influence the
pricing of these goods or services (Hanley et al., 2002; Hole and Kolstad, 2010).
Secondly, WT P measures can be essential inputs in economic appraisals such as
cost benefit analyses (Oliver et al., 2002; Negrin et al., 2008; Hole and Kolstad,
2010). Lastly, WT P measures can be a convenient tool to make relative compar-
isons and rankings of the desirability of goods and services (Hole and Kolstad,
2010). Mixed logit has been used to estimate willingness to pay (W7 P) by many
authors (McFadden and Train, 2000; Train, 2003; Regier et al., 2009). Gu et al.
(2007) did three separate investigations on taste correlation in willingness-to-pay
estimation. The first contribution addresses how to incorporate taste correlation
in the estimation of the value of travel time for public transport. The second
contribution examines how different distributional assumptions are affected by
the inclusion of taste correlation. The third contribution investigates the correla-

tion patterns between willingness to pay measures for different public transport

18



modes and how to capture them in the simplest possible way. A general feature
of the three investigations is that they discovered scale heterogeneity. Since this
induces correlation it is an important aspect of taste correlation to specify the
scale correctly. It was concluded that scale heterogeneity may be partly explicated
by background variables. Examining the three contributions on taste correlation
there seems to be the general conclusion that considerable taste correlation is

often present and that it sometimes has an effect on willingness to pay evaluation.

Eboli and Mazzulla (2008) examined passengers’ willingness to pay (WTP) for
improving the quality levels of a bus service. The objective of the study was to
provide a tool for evaluating passenger willingness to pay by considering some
qualitative service aspects, in addition to the calibration of behavioural mod-
els based on user choices. The WT'P values were obtained as marginal rates of
substitution between some service quality attributes and travel cost at constant

utility.

While willingness-to-pay (W71 P) measures derived from individual choice models
provide an alternative assessment, antitrust law is, however, framed in terms of
the likely price effects of mergers. In their paper ”What does Willingness to pay
reveal about hospital market power in merger cases?” Fournier and Gai (2006)
examine the connection between health plan prices and WT'P. They used merger
cases in Florida and New York State to evaluate the accuracy of pre-merger pre-
dictions from patient-level choice models to assess mergers’ effects on patients’

aggregate WTP.

Fournier and Gai (2006) find that the method can provide reliable predictions of
patients’ post-merger willingness-to-pay, and thereby help inform the pre-merger
investigation concerning likely price effects. Campbell (2006) in his paper ”com-

bining mixed logit models and random effects models to identify the determinants
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of willingness to pay for rural landscape improvements”, departed from custom-
ary approaches in which the willingness to pay estimates are normally expressed
as measures of central tendency of a priori distribution. He used random ef-
fects modes for panel data to identify the determinants of the individual-specific
willingness to pay estimates. In comparison with the standard methods used to
incorporate individual-specific variables into the analysis of discrete choice ex-
periments, the analytical approach outlined add considerably more validity and
explanatory power to welfare estimates. Paterson et al. (2008) also reported the
WTP for the non-monetary attributes by calculating the median of the coeffi-
cient distributions. Hole (2008) examined patients’ preferences for the attributes
of a general practitioner appointment using mixed and latent class logit models.
The WTP distributions are found to be right-skewed as the mean WT'P is sub-

stantially higher than the median WT'P.

Hole and Kolstad (2010) use different approaches in modelling the distribution
of WT'P by comparing using stated preference data on Tanzanian Clinical Offi-
cers’ job choices and mixed logit models. The standard approach of specifying
the distributions of the coefficients and deriving WT' P as the ratio of two coeffi-
cients (estimation in preference space) is compared to specifying the distributions
for WTP directly at the better than the corresponding models in WT'P space
although the difference between the best fitting models in the two estimation
regimes is minimal. Moreover, the willingness to pay estimates derived from the
preference space models turn out to be unrealistically high for many of the job
attributes. The results suggest that sensitivity testing using a variety of model
specifications, including estimation in WT' P pace, is recommended when using

mixed logit models to estimate willingness to pay distributions.
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2.7 Estimation of Mixed Logit Model

There are many ways of estimating the mixed logit coefficient. However, the
common ones are maximum simulated likelihood and Bayesian methods. Many
researchers have tried to compare the two. Train and Weeks (2005) and Spanier
and Maize (1991) employ stated preference data on the choice of cars with dif-
ferent fuel systems to compare the performance of models in WTP space to
models in preference space. Both studies draw on hierarchical Bayes to estimate
the mixed logit models and their results were parallel in that it was found that
the models in preference space fit the data better than the models estimated in
WTP space. Nevertheless, the models in WT'P space were found to produce
more pragmatic WT P measures. Scarpa et al. (2008) use revealed preference
data on destination choices to estimate models in preference and WTP space
using both maximum simulated likelihood and hierarchical Bayes. Scarpa et al.
(2008) discovered that both models fit the data better and produces more real-
istic WT'P estimates. They therefore conclude that there is no tradeoff between

goodness of fit and reasonable W' P estimates.

Negrin et al. (2008) apply mixed logit models to analyse the willingness to pay
for alternative policies for patients with Alzheimer’s disease. All coefficients were
specified to be normally distributed and both maximum simulated likelihood and
hierarchical Bayes methods were used to estimate the modes. They found that
there is significant heterogeneity in the preferences for all the attributes includ-
ing cost. Regier et al. (2009) estimated mixed logit models using hierarchical
Bayes and maximum simulated likelihood. WTP measures were derived from
the coefficients in the estimated models and it was demonstrated that different
distributional assumptions affect the WP estimates. It was noted that when
the cost parameter is assumed to be log-normally distributed some WT' P esti-

mates were found to be very high.
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However, Bayesian procedures have been use by researchers such as (Haan et al.,
2012; Ozaki et al., 2005; Train and Sonnier, 2003) etc.. Train (2001) asserted
that the Bayesian procedures operate as effectively with log-normals as normals
because the log-normal is simply a transformation of the normal that does not
entail any other parameters. Train and Sonnier (2003) were convinced that the
use of a joint normal distribution for part worths is computationally attractive,
particularly with Bayesian procedures, and yet is unrealistic for any attribute
whose part worth is logically bounded (e.g., is necessarily positive or cannot be

unboundedly large).

Ozaki et al. (2005) focused on the modelling of agricultural yield data using
hierarchical Bayesian models. They considered the temporal, spatial and spatio-
temporal relationships pertinent to the prediction and pricing of insurance con-
tracts based on regional crop yields. The methodology used in this article pro-
poses improvements in the statistical and actuarial methods often applied to the
calculation of insurance premium rates. These improvements are especially rel-
evant to situations of limited data. These conditions are often encountered, in

particular at the individual level.

Haan et al. (2012) applied Bayesian procedures as a numerical tool for the es-
timation of a female labour supply model based on a sample size which is typi-
cal for common household panels. They provided two important results for the
practitioner: First, for a specification with a multivariate normal distribution
for the unobserved heterogeneity, the Bayesian estimator yields almost identical
results as a classical Maximum Simulated Likelihood (MSL) estimator. Sec-
ond, they observed that imposing distributional assumptions which are consis-
tent with economic theory, e.g. log-normally distributed consumption preferences,

the Bayesian method performs well and provides reasonable estimates, while the
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MSL estimator does not converge. These results indicate that Bayesian pro-
cedures can be a beneficial tool for the estimation of dynamic discrete choice

models.

2.8 Bayesian Approach

Bayesian approach was introduced by (Allenby, 1997) for mixed logits with nor-
mally distributed coefficients. Train (2001) extended this procedure for mixed
logit to non-normal distributions of coefficients, including lognormal, uniform and
triangular distributions. According to Train (2003), Bayesian procedure do not
require maximization of any function like classical procedures, since with some
mixed logit models (example, lognormal distributions), maximization of the sim-
ulated likelihood function can be difficult numerically. Often the algorithm fails
to converge for following reasons: The choice of starting values is often critical,
with the algorithm converging from starting values that are close to the maximum
but not from other starting values; and the issue of local versus global maxima
complicates the maximization further, since convergence does not guarantee that

the global maximum has been attained.

Also, desirable estimation properties such as consistency and efficiency, can be
attained under more relaxed conditions with Bayesian methods than Classical
ones. Maximum Simulated Likelihood (M SL) is consistent only if the number of
draws used in simulation is considered to rise with sample size and efficiency is
attained only if the number of draws rises faster than the square root of sample
size. Nevertheless, the Bayesian estimators are consistent for a fixed number of
draws used in simulation and are efficient if the number of draws rises at any rate

with sample size.

To simulate relevant statistics that are defined over a distribution, the Bayesian

procedures according to Train (2003), use an iterative process that converges, with
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a sufficient number of iterations, to draw from that distribution. This conver-
gence is different from the convergence to a maximum that is needed for classical
procedures and involves its own set of difficulties. It is difficult to determine
whether convergence has actually been achieved since Bayesian procedures trade

the difficulties of convergence to a maximum Train and Sonnier (2003).

Lastly, Bayesian procedures are far faster in some modes and distribution and
are more straightforward from a programming perspective than classical methods

Train (2003)

2.9 Unobserved Heterogeneity

Copious studies have documented that discrete choice models without unobserved
heterogeneity require either very strong or often implausible assumptions or lead
to biased estimates of central parameters. Han et al. (2001) extend a mixed logit
model to hold the random heterogeneity across drivers and to handle the corre-

lation between repeated choices.

Hess et al. (2004) employ mixed logit models that okay random taste hetero-
geneity for the computation of value-of-time. From Train and Wilson (2007),
unobserved heterogeneity in discrete choice models can be complex and therefore
it is often necessary to allow for a general specification with potential correlations

of the different processes.

According to Haan et al. (2012), this is true for dynamic models which analyse
the role of state dependence in the behaviour of agents. In Bayesian models it
is necessary to disentangle true state dependence from individual specific effects
van den Berg (2001); Dube et al. (2010); Prowse (2010). Bayesian procedures,
such as Markov Chain Monte Carlo (M CMC') techniques serve as an imperative

alternative for the estimation of non-linear models with unobserved heterogeneity.
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Since the Bayesian M CMC' estimator does not involve maximization of a likeli-
hood function, the numerical problems of classical procedures such as maximum

simulated likelihood (M SL) do not arise.

2.10 Distributional Assumptions

According to Algers et al. (1998), the estimated parameters are very sensitive to
how the model is specified. They found that it is significantly lower when the co-
efficients are assumed to be normally distributed in the population, as compared
to the traditional case when they are treated as fixed. This helps to obtain opti-
mum estimation. Train and Weeks (2005) stated that to models unobserved taste
heterogeneity, distributional assumptions can be placed in two ways: by speci-
fying the distributional of coefficients in the utility function and deriving the
distribution of willingness to pay (WTP); and by specifying the distribution of
WTP and deriving the distribution of coefficients. In general the two approaches
are equivalent, in that any mutually compatible distributions for coefficients and
WTP can be represented in either way. However, in practice, convenient distri-
butions such as normal or log-normal, are usually specified, and these convenient
distributions have different implications when placed on WT P’s than on coefhi-
cients (called models in preference space) with models using these distributions

for WT'P (called models in WT'P space).

Train and Weeks (2005) find that the models in preference space fit the data bet-
ter but provide less reasonable distributions of WT'P than the models in WT P
space. Our findings suggests that further work is needed to identify distributions
that either fit better when applied in WT' P space or imply more reasonable dis-

tributions of WT' P when applied in preference space.

Train (2001)) points out that in the classical approach finding the maximum of

the likelihood is considerably more complex with log-normal distributions. And,
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yet if a maximum is found, it may occur that the Hessian is singular at this point.
According to Train and Sonnier (2003), mixed logit is specified with part worths
that are transformations of normally distributed terms, where the transformation
induces bounds; examples include censored normals and log-normals, and distri-
butions which are bounded on both sides. The model retains the computational
advantages of joint normals while providing greater flexibility for the distribu-

tions of correlated part worths.

Bounded distributions can and have been used in mixed logits estimated by
both the classical and Bayesian procedures (e.g., Bhat (2000); Revelt and Train
(1998); Train (1998); Revelt and Train (1999); Brownstone and Train (1999);
Train (2001); Johnston et al. (2002); Boatwright et al. (2003)). However, each
estimation procedure, while feasible with bounded distributions, entails numeri-
cal difficulties that are intrinsic to its form, as described and illustrated by Train
(2001). In particular: Classical procedures handle triangular, truncated normal,
and similarly bounded distributions easily while Bayesian procedures are rela-
tively slow with these distributions. On the other hand, fully correlated part
worths are difficult to handle in classical procedures due to the proliferation of

parameters, while the Bayesian procedures accommodate these correlations read-

ily.

Several researchers have executed log-normal distributions within mixed logit,
though usually without allowing full correlation; see, e.g., Bhat (1998, 2000);
Revelt and Train (1998); Train (1998); Johnston et al. (2002) examined censored
normals and found that they provided more reasonable results and better fit than

uncensored normals in his application.

Bayesian procedures operate effectively with normals because of the convenient

posteriors that arise with normals. This study will build upon the observation in
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Train (2001) that the Bayesian procedures operate as effectively with log-normals
as normals because the log-normal is simply a transformation of the normal that

does not entail any other parameters.
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Chapter 3

Methodology
3.1 Introduction

In this chapter, we shall consider the data collection method for the study and

mathematical formulations of mixed logit model.

3.2 The Experimental Design

The experimental design for this study was the discrete choice experiment (DCE).
The choice experiment involves three circumstances in which insurance is available
with as attributes the number of times fire outbreaks occur in a year, expected
damage on goods, the percentage of insurance coverage, and the expected insur-
ance premium. An” opt out ” option is included for respondents who do not want
insurance. The lowest insurance coverage level was chosen to be 75 percent in
this experiment since this equals to the maximum allowed deductible in disaster
insurance markets (Kunreuther et al., 2008). The expected damage of goods was
chosen to be GHS 2000.00. This is the estimated capital per second hand clothes
sellers at Kumasi central market, while the other two levels of the experiment
(GHS 1000.00 and GHS 5000.00) can be regarded as minimum and maximum
estimates. The respondents indicate whether they prefer to buy insurance and if
yes which insurance policy they favour. The method used in this study tries to
evaluate the factors that influence insurance decision. For instance, individuals
choose whether to buy a certain degree of insurance coverage against a risk and

damage for a certain premium.

As an advantage the choice experiment provides more information about the fac-
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tors that influence demand for insurance. It allows for simultaneously examining
effects of varying probabilities, expected damages, coverage levels, and premiums
on choices for insurance. In addition, the experiment is closer to reality where
respondents can choose between different insurance options without a need to
state a maximum WT P amount, which may result in smaller biases Botzen and
van den Bergh (2008). In total, 300 versions of the design have been generated
to which respondents were purposively assigned. This means that many combi-
nations of the levels of the attributes appear in the experiment. The generated
design has been checked for strictly dominant choices, which were then excluded

from the final design. Each respondent answered twelve random choices.

3.2.1 Pre-tests

The questionnaire was reviewed by experienced lecturers. After including their
comments, pretest of the questionnaire were conducted using face-to-face inter-
views. Thirty second hand clothes sellers at Asafo Market in Kumasi were in-
terviewed. Particular attention was paid to the intellectual capacity on fire risk
and the choice experiment. Labelled experiment (one label per insurance type
with label specific attributes) consisting of insurance options that cover fire dam-
age on store content, store, both, and no insurance. The consequential choice
experiment turned out to be exceedingly complex. Instead, an experiment with
unlabelled alternatives that values an insurance covering both damage on store
contents and store was used in the survey. This turned out to be easier for re-
spondents. Monthly premiums were provided in the choice experiment and their

levels were derived from answers to open-ended WT P questions.

3.2.2 The Structure of the Questionnaires

The questionnaire was opened with questions about whether respondents have
experience fire outbreak, fire damage and have been evacuated because of fire

threats. In addition, several questions address the perception of fire risks using
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both qualitative and quantitative answer categories. The answers to these risk
perception questions are discussed in detail in Botzen and van den Bergh (2008).
These questions familiarize the respondents with fire risks. The assessed percep-
tions may be important in decision making under risk and serve as explanatory
variables. Moreover, questions are included about risk aversion and actual insur-
ance purchases. The uncertainty about receiving relief from government on fire

damage is mentioned.

The choice experiment values fire insurance with varying coverage levels in situa-
tions with number of times fire outbreaks occur in a year and expected damages.
An unlabelled experiment is used where respondents choose between insurance
”Situation A”, ”Situation B”, ”Situation C” or an ” opt out”. Respondents are

)

instructed to choose the 7 opt out” in case they do not want insurance or find
the insurance in both situations unattractive. The questionnaire concludes with

the usual socio-demographic questions.

3.2.3 Administration of the survey questionnaire and sam-

ple characteristics

The survey was administered using Sawtooth C'BC' software. This computer
based method which has the following advantage: follow-up questions can be
automated; high quality graphics can be included; a large underlying design for
the choice model can be applied; interviewer effects can be avoided; and a geo-
graphically spread sample can be obtained at relatively low costs. Respondents
were selected from the second hand clothes sellers at Kumasi central market.
The sample consists of random respondents that sell at 718 line” where there is
at least one fire outbreak in a year. A total of 137 respondents filled out the

questionnaire. The questionnaire was administered using sawtooth software.

30



3.3 Derivation of Choice Probabilities

There are different types of discrete choice models that has been use to estimate
WTP. The most common among them is the probit. However, since the discovery
of simulation technique mixed logit model has been use by researchers in different
field to estimate WT'P. This derivation is from Train (2003)’s work. Mixed logit
model can be derived under a variety of different behavioural specifications. For
utility maximisation, the respondent always choose the alternative that provides
the greatest utility. Let U,; be the utility where n is the respondent and J
is the alternatives j = 1,2, ...., J. The behavioural model is therefore: choose

?

alternative ¢ if and only if

U, > UnjVj # 7.

Some attributes of the alternatives are observed, label z,,;V;j and some attributes
of the respondent, label S,, are also observed. We therefore specify a function that
relates that all the observed factors to the respondent. The function is denoted
by Vi = V(2,.,)Vj and it is called representative utility.

Since there are aspects that cannot be observe, V,,; # U,,;. Utility is decomposed
as

Unj = an + éfnj

where ¢,,; represent factors that affect utility but are not captured by V,,;. This
decomposition is fully general, since &,; is simply defined as the difference be-
tween true utility U,; and the utility that is captured in V},;. Given its definition,
the characteristics of ,;, such as its distribution, depend critically on the speci-
fication of V,,;. €,; is not defined for choice situation, rather, it is defined relative

to our representation of that choice situation.

Since €, is on unknown, it is treated as random. The joint density of the random
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vector

is denoted by f(g,). We can therefore make probabilistic statement about the
respondent’s choice. The probability that the respondent n chooses alternative ¢
is

P,; = Prob(U,; > U,;Vj # 1)
= Prob(Vyi + eni > Vi + €nVj # 1)
= Prob(ep; — €ni < Voi — Vo,V # 1)
P = Prob(en; — € < Vi — V,,;Vj # 1) (3.1)

This probability is a cumulative distribution e the probability that each €,; —¢e,;
is below the observe quantity V,; — V,,;. For the density f(s,), the cumulative

probability can be rewritten as

PE= /Prob(snj ~ Eni<Vni— ViV 0)f (en)den, (3.2)

where

( ) true, for (Enj —&ni < Vi — anVj # i) =1
e

otherwise, for (e,; —éen; < Vi —VpiVj #1) =0

This is a multidimensional integral over the density of the unobserved portion of

utility, f(e,).

Different discrete choice models are obtained from different specifications of this
density, that is, from different assumptions about the distribution of the un-
observed portion of utility. The integral takes a closed form only for certain
specifications of f(.). Logit and nested logit have closed-form expressions for this
integral. They are derived under the assumption that the unobserved portion of

utility is distributed #id extreme value and a type of generalized extreme value,
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respectively. Probit is derived under the assumption that f(.) is a multivariate
normal, and mixed logit is based on the assumption that the unobserved portion
of utility consists of a part that follows any distribution plus a part that is iid
extreme value. With probit and mixed logit, the resulting integral does not have

a closed form and is evaluated numerically through simulation.

3.4 Properties of Choice Models

Several aspects of the behavioural decision process affect the specification and
estimation of any discrete choice model. The issues can be summarized easily in
two statements: 7 only differences in utility matter” and ”"The scale of utility is

arbitrary.”

3.4.1 Differences in Utility Matter

The absolute level of utility is irrelevant to the model. If a constant is added
to the utility of all alternatives, the alternative with the highest utility doesn’t
change. That is the respondent chooses the same alternative with U,;Vj as with

Unj + KVj for any constant K The choice probability is
P = PTOb(UnZ = U,LjVj 7& Z)

= Reab(lL i bl g 1)

, which depends only on the difference in utility not its absolute level. When

utility is decomposed into the observed and unobserved parts as in the equation
P,= PT’Ob(gnj —eni < Vi — VnJVJ 7é Z)

which also depends only on differences. This is an indication that parameters

that capture differences across alternative can be estimated.
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Alternative-specific Constant
an = ZL‘;,LJB + KJ\V/j

where z,; is a vector of variables that relate to alternatives j as faced by
the respondent n, 8 are coefficient of these variables, and Kj; is a constant that
is specific to alternative j. The utility is linear in parameters with the constant.
The alternatives-specific constant for an alternative captures the average effect
on utility of all factors that are not included in the model. Thus they serve a
similar function as the constant in regression model. When alternative-specific
constants are included, the unobserved portion of utility €,;, has zero mean by
construction. If ¢,; has a nonzero mean when the constants are not included,

then adding the constants makes the remaining error have zero mean. Thus, if

with

E(en;)" = K; #0

, then

Unj = ‘xnjﬁ - Kj = 8njVj

with E(e,;) = 0. It is reasonable therefore, to include a constant in V,,; for each
alternative. However, since only differences in the alternative-specific constants
are relevant, not their absolute levels. For this, it is good to set the overall level
of these constants. Any model with the same difference in constants is equivalent.
In terms of estimation, it is impossible to estimate the two constants themselves,
since an infinite number of values of the two constants result in the same choice
probabilities. To account for this fact, the absolute levels of the constants must
be normalized. The standard procedure is to normalize one of the constants
to zero. With j alternatives, at most J — 1 alternative-specific constants can

enter the model, with one of the constants normalized to zero. It is irrelevant
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which constant is normalized to zero, the other constants are interpreted as being
relative to whichever one is set to zero. It is possible to normalize to other values

than zero, however, normalizing to zero is easier.

3.4.2 The scale of utility is arbitrary

The alternative with the highest utility doesn’t change no matter how utility is
scaled. The model Up; = Vg + €nVj is equivalent to Unlj = AV, + Aep;Vj for
any A > 0. To take account of this fact, the scale of utility must be normalized.
The standard way to do that is to normalize the variance of the error terms.
The scale of utility and variance of the error terms are definitionally linked,
thus when the utility is multiplied by A, the variance of the ,; alters by A\? ie
var(Aen;) = Novar(e,;). Therefore, normalizing the variance of the error terms

is equivalent to normalizing the scale of utility.

3.5 Mixed Logit Model

The logit model is the most commonly used choice model. However, it exhibit re-
strictive independence assumption because unobserved characteristics associated
with alternatives in a choice situation may be similar. Moreover, unobserved
factors that affect the choice in one choice situation may affect the choice in a
subsequent choice situation, which induces dependence among choices over time.
The more general mixed logit is highly flexible random utility model McFad-
den and Train (2000) and can overcome these problems by allowing for random
taste variation, unrestricted substitution pattens and correlation in unobserved

characteristics over different choice situations.

Py = / Li(8)f(8)dp

35



where L,; is logit probability evaluated at parameters (8

Ejzlgvnj (:8)

ni

vp; 18 the observed portion of the utility which depends on the parameters 5. If

utility is linear in 3, then V,; = 'z,

gﬁllnz‘
Pa= [t 1(0)is

The mixed logit probability is a weighted average of the logit formula evaluated
at different values of § with the weights given by the density f(3). The density
of 8 is specified to be normal with mean b and standard deviation s. The choice

probability under the density becomes

®(5/b, s) is the normal density with mean b and standard deviation s.

B'Tnit
/H ;WW (8)ds (3.3)

The panel data structure is presented by the time subscript ¢ and is explicitly
modelled since respondents were asked to answer sequential choice card (so that

T = 4).

Random Coefficients
Un] = B;an] + Enj (34)

where z,; is observed variables that are related to the alternatives and respondent,
B is a vector of coefficient of these variables for respondent n representing that

respondents’ taste and e,; is a random term which is 7id extreme value. The
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coefficients vary over respondents in a population with density f(3). This density
is a function of parameters 6 that represent the mean and covariance of the 3’s
in the population. The respondent knows the value of his/her own 3, and &,,’s.
He/she chooses alternative i if and only if U,; > U,;Vj # i. The researcher
observes x,,;’s not 3, or €,;’s. If 3, is observed, then the choice probability would
be standard logit, since the ¢,;’s are 7id extreme value. The probability condition

on f3, is

However, the 3, is unknown so one cannot condition on . The unconditional

choice probability is the integral of L,;(5,) over all possible variables.

At / Los(B) F(B)d(B) (3.5)

Specify a distribution for the coefficients and estimate the parameters of the

distribution.

3.6 Bayesian Concepts

Consider a model with parameters . The ideal about the parameters are repre-
sented by a probability distribution over all possible values that the parameters
can take. These ideals are represented by a density on 6, called the prior distri-
bution and denoted k(f). Data are collected to improve ideals about the value of
. Suppose a sample size of N is observed. Let y, denote the observed choice (or
choices) of respondents n and let the set of observed choices for the entire sample
be labelled as Y = yy,....y,. Based on this sample information, ideals about 6
are updated. This is done by representing the updated ideals by new density on
0, labelled K(0/Y) called the posterior distribution. This posterior distribution

depends on Y
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3.6.1 Bayes’ Rule

let (y,/0) be the probability of outcome (y,) for respondent n. This probabil-
ity is the behavioural model that relates the explanatory variables and param-
eters to the outcome. The probability of observing the sample outcomes Y is
L(Y/0)=I13_1p(yn/0)

This is the Likelihood function of the observed choices which is a function of the
parameters 6. By this rule of conditioning, ways are provided by Bayes’ rule to
improve on 6.

K(O/Y)LY) = L(y/0)k(6) (3.6)

where L(Y') is the marginal probability of Y, marginal over #. Both side of
equation 3.6 represent the joint probability of ¥ and 6 with the conditioning in
opposite directions. The left hand side is the probability of Y times the prob-
ability of 0 given Y, while the right hand side is the probability of 6 times the

probability of Y given #. This then become

L(Y/0)k(8)

KO/Y)= =

(3.7)

This equation 3.7 is Bayes’ rule applied to prior and posterior distributions.
Bayesian statistics arises when the unconditional probability is the prior distribu-
tion and the conditional probability is the posterior distribution. The marginal
probability of Y, L(Y"), is constant with respect to # and, more specifically is the
integral of the numerator of equation 3.7. Also, L(Y) is simply the normalizing
constant that assures that the posterior distribution integrates to 1, as required
for any proper density. By this fact, posterior distribution is proportional to the

prior distribution times the likelihood function.

K(©O/Y) x L(Y/0)k(0) (3.8)
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The mean of the posterior distribution is

0= /0K(9/Y)d9 (3.9)

0 is the value of # that minimizes the expected cost of being wrong about 6, if
the cost of error is quadratics in the size of the error. If say 6, is use in decision

when the true value is 8%, the cost of being wrong is
C(6,,0%) = (0, — 0%)'B(6, — 6%)

where B is a matrix of constants. The true value of 6 is unknown, however, it is
belief that it has it value in K(6/Y). Therefore, the expected value of cost be

wrong can be found by using the value of 6,.

BC(6,) = / C(0,,0)K(0/Y)do

= / (0, — ) B(6, — 0)K(8/Y)db

The value of 6 that minimizes this expected cost is determined by differentiating

EC(6,), then set it to zero and solve for 6,

K(0/Y)do

IEC(H,) / 3|6, — 6)'B(6, — 6)]
a0, a0,

4 / 2(6, — 0) BK(0)Y)d0
= QQ;B/K(Q/Y)de - 2(/ 0K (0/Y)dd) B
=20'B —20'B
20)B —20'B =0
0'B=0B
0, =10
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The mean of the posterior, 0, is the value of @ that would optimally act upon, if
the cost of being wrong about @ rises quadratically with the distance to the true
0. To calculate the mean of the posterior distribution, simulation procedures are
required.

A simulated approximation of this integral is obtained by taking draws of 6 from

the posterior distribution and averaging the results. The simulated mean is

1
0 = EEL&’“ (3.10)

where 0" is the rth draw from K (0/Y"). The standard deviation of the posterior,
which serves as the standard error of the estimates, is simulated by taking the
standard deviation of the R draws. The simulated mean of the posterior (SM P)

are attained with more relaxed conditions on the number of draws.

3.6.2 Hierarchical Bayes for Mixed Logit

In all statistical analysis, there are three kinds of concepts: data, models and
parameters Gelman et al. (1995). For this study, data are the choices that re-
spondents make. Models are the assumptions about data, for example, the dis-
tribution for this study is normal distribution. The Parameters are numerical
values in the models. The parameters for this study is the mean and the stan-

dard deviation.

The hierarchical Bayesian for mixed logit was developed by Allenby (1997). Saw-

tooth software is used to implement it.

Let the utility of respondent n obtains from alternative j in time period ¢ be

/
Unjt = 5nxnjt + Engt

Enjt 18 i1d extreme value and 3, ~ N(b, W)
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Ynt = 1 is the observed choice (alternative) <= U,y > U,;iVj # i

Prior: k(b, W) where k(b) is N(by, sp) with extremely large variance; k(W) is
IW(d,I). The prior on W is inverted Wishart with d degrees of freedom and
scale matrix I. Sample of N respondents is observed, the chosen alternatives in
all time periods for respondent n is denoted ¥, = Yn1, -...., Ynr, add the choices
of the entire sample to get Y = y1,...... ,Yn. The probability of respondent n’s
observed alternative, conditional on [ is

gﬁlmnit

L{yn/B) = (5 gz, )

The probability not conditional on 3 is the integral of L(y,/3);

Ly /b, W) = / Ly BYB(B/0, W)d(B)

where @(5/b, W) is the normal density with mean b and variance W. L(y, /b, W)

is the mixed logit probability. The posterior distribution of b and W is
K (b, W/yn) o< Il (L(yn /b, W)k(b, W) (3.11)

where k(b, W) is the prior on b and W. It is possible to draw directly from
K (b, W/y,,) with Metropolis Hasting (MH) algorithm. The disadvantage of MH
algorithm is that, it is computationally very slow. It would be necessary to cal-
culate the right-hand side of equation 3.6. The choice probability L(y, /b, W) is
an integral without a closed form and must be approximated through simulation.
Each iteration of the MH algorithm would require simulation of L(y,/b, W) for

each n.
However, since the computation is time consuming draws can be taken from the

posterior without the need to simulate the choice probabilities. Drawing from

K(b,W/y,) is fast simple if each 3, is considered to be a parameter along with b
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and W. The posterior for b, W and 3, Vn

K(b, W, 5,Yn/Y) oc I (L(Yn/ 5n) B (5n /b, W)k (b, W)

Draws from this posterior are obtained through Gibbs sampling which is also
called Monte Carlo Markov Chain (MCMC). A draw of each parameter is taken
conditional on the other parameters ie draw [3,Vn conditional on values of b and
W. The posterior for each respondent’s 3,, conditional on their choices and the

population mean and variance of (3, is

K (B /b, W) o< (L(yn/ n) ®(Bn /b, W)Vn

K(b,W,3,¥n) is N ~ (3, W/N),, where 8 = %, 3,/N, K(W/b, B,¥n) is

IW(d + N, 4ENSY where S = B,(8, — b)(Ba — b)' /N

? d+N

3.6.3 The Metropolis Hasting (MH) Algorithm

(a) Start with a value 82 (b) Draw K independent values from a standard normal
density and stack the draws into a vector labelled 7. (c) Create a trial value of
Py, as

3, = By + pLn’

, where p is a scalar which need to be specified, L is the choleski factor of W (d)

Draw a standard uniform variable u’ (e) Calculate the ratio

_ L(ya/B)é(bar3, /b, W)

B = /30032 6. W)

(f) If 4’ < F, accept 3/, and let 3, = B, If 4 > F, reject 3, and let gl = pe

(g) Repeat the process many times
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3.6.4 Gibb Sampling

The t*" iteration of the Gibbs sampler consists of these steps 1. Draw b from
N ~ (8771, W1 /N), where f7'~1 is the mean of the 57!’s 2. Draw W, from
IW(d+ N,(dI + NS*™1)/(d + N) where

St—l — En(ﬁfl—l _ bt)(ﬁf;l _ bt/)/N

3. For each n, draw f. using one iteration of the MH algorithm, starting from
B! and using the normal density (8, /b’, W!). The process is repeated for many
iterations. The resulting values converge to draws from the joint posterior of b, W
and 3,Vn. Once the converged draws from the posterior are obtained, the mean
and standard deviation of the draws can be calculated to obtain estimates and
standard errors of the parameters. The procedure provides information about (3,

for each m. The iterations prior to convergence are called burn-in.
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Chapter 4

Analysis
4.1 Introduction

This chapter discuses how data collected was used for the intended analysis based
on the Hierarchical Bayesian discussed in chapter three. Respondents for the
study were second hand clothes sellers who were selected from Kumasi Central
Market. A total of 137 traders filled out the questionnaire which was adminis-
tered using sawtooth software. Each of the respondents was presented with 12
hypothetical choice situations. The sawtooth software and Stata 12 were used for

the analysis. See appendix C for example of the choice card.

4.2 Socio-economic Observations

The survey had more females (72 %) than males. The average age of the re-
spondents was 43 years. The proportion of the respondents who were married
was about 56 %. The proportion of respondents who had more that two children
was 32%. 90 % of the respondents had at least basic school leaving certificate.
Families with more children and with a high education value insurance more
than smaller families and those with a low education (Botzen and van den Bergh,
2008). Most of the respondents (41 %) had goods which value GHS 4000.00.
According to Botzen and van den Bergh (2008), people with a higher value of
property are more likely to self-insure and demand less disaster insurance. The
after-tax income of the traders was less than GHS 700.00. This suggest that the
income levels of the country may be low. Low income individuals have less taste

for insurance Slovic (2000). See Table 4.1 for the descriptive statistics.
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Table 4.1: Descriptive Statistics

N.obs. Proportion Response
Experience with fire and evacuation 137 0.53 Yes
Experience of fire damage 137 0.56 Yes
Knowledge on the causes of fire outbreaks 137 0.91 Yes
[llegal /faulty electrification causes higher fire risk 137 0.97 Yes
Fire outbreak is exogenous to human control 137 0.65 Disagree
Risk of suffering fire damage 137 0.40 High risk
Distance from fire threat 137 0.89 No
Lower fire risk than average residential area 137 0.65 No
Expected fire damage 137 0.52 GHS 1500.00
Zero expected return period 137 0.73 Yes
Insurance purchase index 137 0.78 No
Risk seeking index 137 0.45 Not risk averse
Government relief 137 0.67 Yes
Age 137 033 42.50
Sex 137 0.72 Female
Value of goods 137 0.86 GHS 2000
Marital Status 137 0.56 Married
Children 137 0.63 > 2
JHS graduate 137 0.90 Yes
Income 137 0.78 > GHS 700

4.3 Examination of Fire Risk at Kumasi Central

Market

The proportion of respondents who had experienced fire outbreaks and had been
evacuated was 53 %. 56 % of the respondents had experienced fire damage. In-
dividuals who have experienced a fire outbreaks and have been evacuated for a
threat of fire outbreaks are more likely to demand insurance (Michel-Kerjan and
Kousky, 2008). However, 58 % of the traders did not want to purchase insurance.
This might due to their low levels of after-tax income. Most of the traders (91
%) have knowledge on the causes of fire outbreaks. 97 % of the traders believed

that fire outbreaks at the markets is due to illegal/ faulty electrification.

Majority (65 %) of them disagreed that fire outbreaks at the markets is as a

result of climate change or natural conditions. This is an indication that most of
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the fire outbreaks are human controlled. 40 % of the respondents reported that
there was a high risk of fire outbreak one can suffer from at the market. Adverse
selection could hamper the development of fire insurance market if only high risk
individuals who live in unprotected areas are interested in purchasing insurance
and insurers are unable to adequately distinguish low from high risk customers
and charge the latter a higher premium. This further provides relevant insight
into risk characteristics of individuals with low-probability of fire risk.According
to Botzen and van den Bergh (2008), high-risk individuals place a larger value

on fire insurance coverage than individuals who face a lower risk.

64 % of the traders perceived that there was high fire outbreak risk at the mar-
ket compared to the average residential areas. The probability of choosing fire
insurance is lower if individuals expect their fire risk to be lower than an average
residential area (Slovic, 2000). The probability of choosing fire insurance is also
lower if individuals expect that the return period of fire outbreak equal to zero
(Slovic, 2000). Majority (73 %) of the traders expected that the return period of
fire outbreak equals zero. This confirms Slovic (2000) assertion. The average fire
damage by the traders was GHS 1500.00. Fire insurance is positively related to
expected fire damage (Botzen and van den Bergh, 2008). This means that there
is a possibility that demand for fire insurance by the traders could be high. This

explains why 52 % of the traders took no insurance option.

Purchasing insurance may be a good indicator of risk aversion since they represent
revealed preferences for financial protection Michel-Kerjan and Kousky (2008).
78 % of the respondents had not purchased one or more of the following insur-
ance: health insurance, life, funeral, education, home, home contents, continuous
travel, all-risk car, and disability insurance. This is an indication that individu-
als many not purchase fire insurance. A risk seeking index has been derived by

asking individuals how well they correspond to a risk averse. Most risk seeking
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individuals are less likely to insure. 45 % of the respondents risk seeking index is

not risk averse.

A variable was included about the availability of compensation of fire damage via
the government to estimate differences in insurance demand. 65 % of the traders
perceived that government compensate fire damage. This makes choosing insur-
ance not attractive. This crowds out demand for private insurance. Perception of
the risk of fire outbreaks are important determinant in the choice of fire insurance.

See Table 4.1 and appendix A.

4.4 Estimation Results of the Choice Model for
Fire Insurance

The discrete choice experiment was unlabelled, which indicates that there was
no rationale to expect a general preference for one of the three situations with
insurance shown to respondents. The three situations (A, B and C) were chosen
11 %, 18 % and 12% in that order. The ” opt out ” or no insurance was chosen

59 % of the time.

The concepts of Hierarchical Bayesian for mixed logit with normally distributed
coefficients was introduced by Allenby (1997). He showed how the parameters of
the model can be estimated without the need to calculate the choice probabilities.
The Hierarchical Bayesian procedures was used because of the following reasons:
first, it does not require maximization of the function. Second, desirable estima-
tion properties, such as consistency and efficiency can be attained with Bayesian
procedures (Train, 2001). For Bayesian estimators, fixed number of draws are
used in simulation and are efficient if the number of draws rises at any rate with
sample size (Train, 2001). The Bayesian procedures uses an iterative process. For

convergence, there should be sufficient number of iterations.
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For Hierarchical Bayesian procedures, the draws are correlated over iterations
even after convergence has been achieved. This is because each iteration builds
on the previous one. 100000 iterations of M CMC were specified in total. 20000
for burn in and 80000 after convergence. To avoid correlation of draws, every
100th draws were retained and the rest discarded. A total of 1000 draws was
retained. The mean and standard deviations of these draws constitutes the esti-

madtes.

The following utility specification was used for the model that includes only the

attributes of the experiment.

Uinsurance = 01 * fire + Po x damagey + B3 *x damages + 54 * coverage + B5 * price

and

Unoinsurance - 56 * contant (41)

The utility of having insurance is dependent on the expected number of fire out-
breaks (fire), expected fire damage, insurance coverage and insurance premium
(price). There is no a prior reason to expect that the attributes have a different
effect on the utility in the generic situations A or B or C. The utility of the op-
tion without insurance is modelled with coefficient of constant term (none). The
Table 4.2 below shows the estimation results of equation 4.1. The model was
estimated under the assumption that the coefficients are independently normally
distributed in the population. That is, 8, ~ N(b,WW) with population. The
population parameters are the mean and standard deviation of each coefficient.
Table 4.2 gives the simulated mean of the posterior of these parameters. The pa-
rameters of the attributes are the same for all situations because the experiment

was unlabelled.
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Table 4.2: Mixed Logit Model Estimated Parameters
Coefficients
Premium (price) Mean (Std. error) -0.084(0.015)
Std. dev.(Std. error) 0.049(0.003)

Damage of GHS 1000 Mean (Std. error) -0.046(0.028)
Std. dev. (Std. error) 0.032(0.021)

Damage of GHS 2000 Mean (Std. error) 0.067(0.002)
Std dev. (Std. error) 0.047(0.022)

High insurance coverage (100 %) Mean (Std. error) 0.029(0.013)
Std. dev. (Std. error) 0.034(0.011)

Number of fire outbreak in a year Mean (Std. error) 0.021(0.019)
Std. dev. (Std. error) 0.030(0.012)

” Opt out” Mean (Std. error) 8.510 (1.398)
Std. dev. (Std. error) 6.274(3.866)

The damage and the coverage variables were coded using dummy. The third op-
tion of damage ie GHS 5000.00 and the second option of coverage ie 75 %, were
excluded so that the coefficients (§,, #3 and 34 measure the effect relative to hav-
ing insurance under damage of GHS 5000.00 and coverage of 75 %, in that order.
Using dummies allows one to examine non-linear effects without restricting the

functional form of this non-linearity.

The attributes of the choice experiment determine the utility of having insurance
so that a positive coefficient indicates a positive relation between the attributes
and the value placed on insurance. The utility of insurance increases with dam-
age of GHS 2000.00, high insurance coverage and number of fire outbreaks in a
year. It however, decreases with damage of GHS 1000.00. This is an indication
that utility of insurance increases with high damage, high insurance coverage and
number of fire outbreaks that occurs in a year. The percent certainty which mea-
sures goodness of fit of the model was 77.2 %. This is an indication that all the

coefficients of the attributes were statistically significant.
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All the parameters of the attributes except that of price and fire were specified to
be random so as to capture unobserved individual heterogeneity in the response.
The percent certainty also indicates that preference heterogeneity exists in the

coefficient.

It is noted that the ” opt out ” variable determine the utility of having no insur-

J

ance. The positive coefficient of the ” opt out ” indicates that a negative relation

2

between the ” opt out ” and the value placed on fire insurance. See the variance

covariance matrix below.

-~ Table 4.3: Variance-covariance matrix
0.779

—0.081 0.994
N 226—s—=6:114, F8532

0.004  0.025 0.054 0.385

| —0.492 —.2.395 —14.906 —1.026 0361.766

4.5 Willingness to pay Estimates for Fire Insur-
ance using Mixed Logit

Willingness to pay (WTP) measures for changes in the attribute values are com-
monly computed as the ratio of the coefficient value of the attribute of interest to
the coefficient of the cost attribute. The price coefficient was held fixed, so that
the distribution of WT'P is simply the distribution of the attribute’s coefficient.
Table 4.4 shows the monthly WT P estimates for the damage of GHS 1000.00 and
coverage attributes of the choice experiment. The ratios —% and —% give the

estimates for damage and coverage for individuals respectively. The mean WT P
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Table 4.4: WTP estimates

Coeflicients
Damage of GHS 1000.00 Mean -0.55
Std. dev. 1.87
High insurance premium Mean 0.35
Std. dev. 0.87

per damage of GHS 1000.00 is -0.55. This is an indication that a rise in expected
damage would increase WTP by GHS 0.55. The WTP estimate for coverage
indicates that increasing coverage by about 10 percent point increases WT P by
about GHS 3.5 per month for individuals. Individual with high cost of damage

and need total coverage of insurance is require to pay high premium.
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Chapter 5

Conclusion
5.1 Introduction

This paper has examined the mixed logit model and how it is used to estimate
insurance premium. The survey has been conducted among second hand clothes
sellers in Kumasi Central Market which is vulnerable to fire outbreaks. The

chapter gives conclusion and recommendations for further research work.

5.2 Conclusion

The results of this survey provided three main insights for the feasibility of in-
troducing fire insurance: There is positive relationship between utility and high
damage cost, high fire risk and high insurance coverage, however, utility decline
with insurance premium; Estimation results support that offering fire insurance
may be profitable in the current situation; and the effect of crowding out of de-

mand by the availability of government compensation is shown to be considerable.

With respect to the first point, traders with high damage cost and trade at where
fire risk is high want total insurance coverage, however, paying of equal insurance
premium has been an obstacle. This may due to the economy of these individ-
uals. secondly, it should be noted that a considerable proportion of the traders
are willing to pay for fire insurance. Demand is expected to increase on the
condition that government abolishes the current regulation of damage relief and
refrains from compensating fire damage, according to the third point. However,
there remains a large proportion of traders that are unwilling to insure even if

the government regulation will be abolished. This could be overcome by making
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insurance coverage compulsory for all traders.

5.3 Recommendations

It is therefore recommended that, the model should be study by the stake holders
in the insurance industry to ensure traders are captured to protect them from

fire risk.

The estimation results suggest that offering fire insurance may be profitable in
the current situation. The government and insurers should investigate the possi-

bilities of introducing fire insurance.
An important lesson for policy-makers is that they can play a significant role
in stimulating or at least not preventing the emergence of private insurance mar-

kets by refraining from ex-post damage compensations.

Further research is recommended on how to use mixed logit to solve problems in

other sectors of the economy such as education, health, marketing and so on.
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Appendix A

Table 5.1: Descriptive Statistics of the Explanatory Variables

N.obs. Mean Std. Dev.
Experience with fire and evacuation 137 1.47 0.50
Experience of fire damage 137 1.44 0.49
Knowledge on the causes of fire outbreaks 137 1.09 0.28
[legal /faulty electrification causes higher fire risk 137 1.03 0.17
Fire outbreak is exogenous to human control 137 2.33 1.25
Risk of suffering fire damage 137 4.00 1.47
Distance from fire threat 137 1.65 0.4
Lower fire risk than average residential area 137 1.65 0.48
Expected fire damage 137 GHS 1500.00 1.67
Zero expected return period 137 1.27 0.45
Insurance purchase index 137 1.72 0.45
Risk seeking index 137 3.28 1.03
Government relief 137 1.32 0.47
Age 137 42.5 1.63
Female 137 1.72 1.28
Value of goods 137 GHS 2000 0.41
Marital Status 137 1.69 0.59
Children 135 1.37 0.48
JHS graduate 137 1.09 0.29
Income 137 700 0.60
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Appendix B
Questionnaire

I would be much honoured if you give me some few minutes to enable me ask
you some few questions that would assist me to determine microinsurance premi-
ums. It is purely academic exercise. Your candid response shall be deemed very
confidential and useful for this study.
Q1. Have you ever experienced fire outbreak(s) and have been evacuated?

Yes

No
Q2. Have you ever experienced fire damage(s)?

Yes

No
Q3. Do you have knowledge on the cause(s) of fire outbreak?

Yes

No
Q4. Does illegal /faulty electrification causes higher risk of fire outbreaks

Yes

No

I don’t know
Q5. Climate or natural conditions and not human control are causes of fire
outbreaks

Strongly disagree

Disagree

Unknown

Agree

Strongly agree

Q6. Is there a fire outbreak risk that one can suffer from at this market?
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No risk
Extremely low risk
Low risk
Unknown
High risk
Extremely high risk
Q7. Are you 2 kilometres away from fire threat?
Yes
No
I don’t know
Q8. There is very low fire outbreak risk at the market compared to average
residential areas?
Yes
No
I don’t know
Q9. If your goods were to be destroyed by fire, what will be the total damage?
< GHS 1000.00
GHS 1000.00-2000
GHS 2000.00-3000.00
GHS 3000.00-4000.00
GHS 4000.00-5000.00
> GHS 5000.00
Q10. Do you expect zero return period fire outbreak?
Yes
No
Q11. What fire outbreak return period do you expect?
1-10 years
10-20 years

20-30 years
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30-40 years
40-50 years
50-60 years
None
Q12. Have you purchased one or more of the following insurances: health in-
surance, life, funeral, education, home, home contents, all-risk car and disability
insurance
Yes
No
Q13. Risk seeking index
Very risk averse
Risk averse
Unknown
Not risk averse
Not risk averse at all
Q14. Does the government compensate fire victims?
Yes
No
Close Window
Q15. Do you want insurance? Yes
No
Q16. Age (in years)
< 20
20-25
25-30
30-35
35-40
40-45
45-50
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50-55
55-60
60-65
> 65
Q17. Sex
Female
Male
Q18. Value of your goods
< GHS 1000.00
GHS 1000.00-3000.00
GHS 3000.00-5000.00
> GHS 5000.00
Q19. Marital status
Single
Married
Widowed/divorced /separated
Q20. Number of children
0-2
> 2
Q21. Your level of education is at least JHS
Yes
No
Q22. What is your monthly income after tax?
< GHS 700.00
GHS 700.00-GHS 1000.00
> GHS 1000.00
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Appendix C

Figure 5.1: Example of Choice Card

If these were your only options, which will you choose? Choose by clicking the button below

Number of times fire
outbreak occur in a year

Situation A Situation B Situation C

Insurance Low (75%) Low (75%) High (100%) None: I wouldn't
coverage
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