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Abstract

The aim of this study was to derive a hedonic price function for  flats within KwaZulu-Natal

coastal sub-markets, filling a gap in residential hedonic price studies in South Africa. This

study set out to develop a model to estimate listing prices of flats located in sub-markets

along the KwaZulu-Natal coast. Identifying the appropriate distribution of listing prices and a

set of statistically significant  structural and locational attributes was paramount in achieving

the research objectives.  This was accomplished through a set  of research hypotheses that

were formulated and tested through rigorous statistical techniques. A generalised linear model

based on the gamma distribution and log-link function was developed as a novel alternative

to  derive  a  hedonic  price  function  for  a  segment  of  the  residential  property  market  in

KwaZulu-Natal. The generalised linear model based on the gamma distribution and log-link

function proved to be a more effective model for this research problem than the traditional

ordinary least squares modelling approach. Based on the findings, a software application was

developed to disseminate the results of the generalised linear model for potential commercial

use by real estate businesses, bridging the gap between academia and business.
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CHAPTER ONE

Introduction

1.0 Introduction

Residential  property is perceived as a fundamental barometer of individual and collective

wealth where its cumulative value is closely tracked by government statistical bureaus, banks

and other economic establishments. Individual households,  financial institutions and policy

makers closely monitor residential property price trends in order to gauge real house price

growth, financial stability as well as monitor the activity and condition of the of the credit

market (de Haan and Erwin, 2011).

The residential property market is a driver of economic growth with many countries using

property  prices  as  a  proxy  for  economic  stability.  Consumer  spending  is  a  significant

component of gross domestic profit in most economies and can be affected by changes in

residential property prices as a result of household debt levels and overvalued asset prices

(Hill,  2011).  Globally,  housing wealth has been identified as having an important  role in

business  cycles,  further  emphasising  the  economic  significance  thereof  (Girouard  and

Blondal 2001).

Residential property is an important segment of the property market in South Africa, the large

portfolio of residential property contributes significantly towards the wealth of the country

where it is capitalized on the household balance sheet in the set of national accounts (South

African Reserve Bank, 2015). Residential property transactions are typically infrequent and

relate  to  a  highly differentiated  set  of  items  rendering  effective  measurement  techniques

complex and difficult (Hill, 2011). Although several techniques exist to estimate residential

property prices, no standard or accepted set of guidelines currently exist in South Africa and

further research is required to provide insight into this problem.

This chapter presents an overview of the research project and introduces the background to

the study which contextualises the research and subsequently details the problem statement.

The specific research objectives and hypotheses are articulated, providing insight into how

the research problem was explored. Finally, an outline is provided detailing the structure of

the study.
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1.1 Background to the Study and Problem Statement

The residential property market is a significant source of wealth for households, investors and

countries,  however,  estimating  and  modelling  residential  property prices  is  a  particularly

difficult endeavour due to the heterogeneity of residential properties. De Haan and Erwin

(2011)  propound  that  residential  property  markets  are  typically  characterised  as

heterogeneous, where property sales are infrequent and the listing (asking) price is normally

negotiable, making measurement techniques difficult. 

A residential property market consists of willing buyers and sellers that are each trying to

maximise  their  objective  of  obtaining  value  in  their  respective  transactional  position,

however, due to the heterogeneity of residential properties, pricing a property at where the

market will clear is often extremely difficult due to the mechanics of supply and demand

(Day, 2003). A plethora of international research exists employing hedonic models to estimate

residential property prices and determine the significant structural and locational attributes

thereof. However, in South Africa research conducted in this field has been limited to only a

few studies. Examples of these studies are discussed in depth in Chapter Two.

In South Africa, currently there is no freely available online tool or software application that

facilitates  the  estimation  of  residential  property prices  based  on structural  and locational

attributes. To derive practical value from the hedonic pricing model developed in this study, a

software  application  was  built  where  a  property  market  participant  can  submit  selected

structural and locational attributes as inputs to the application and the arithmetic mean listing

price is calculated as the output by calling the hedonic model. This study bridges the gap

between academia and business by providing a software application that can be hosted online

by Private Property (Pty) Ltd using the empirically tested model developed through rigorous

academic research.  

The problem underpinning this research was to construct a hedonic pricing model to estimate

listing  prices  for  flats  within  KwaZulu-Natal  coastal  sub-markets  based  on  statistically

significant structural and locational attributes.
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1.2 Research Objectives

The overall objective of this study was to develop a hedonic pricing model for flats located in

KwaZulu-Natal coastal  sub-markets. 

The following sub-research objectives are as follows:

1. To determine an appropriate hedonic price model  for flats located in KwaZulu-Natal

coastal sub-markets based on the distribution of listing prices.

2.  To develop a model to estimate listing prices of flats that are located in sub-markets

along the KwaZulu-Natal coast based on structural and locational attributes.

3. To build a software application that facilitates the estimation of listings prices for flats

in  KwaZulu-Natal  coastal  sub-markets  given  a  set  of  structural  and  locational

attributes.

1.3 Research Hypotheses

In order to achieve the overall research objective and sub-research objectives, the following

research hypotheses were formulated:

H0a: The distribution of listing prices for flats that are located in sub-markets along

the KwaZulu-Natal coast follow a gamma distribution.

H1a: The distribution of listing prices for flats that are located in sub-markets along

the KwaZulu-Natal coast do not follow a gamma distribution.

H0b: Floor  Area is  not  a  statistically  significant  independent  variable  to  measure

listing prices for flats that are located in sub-markets along the KwaZulu-Natal coast.

H1b:  Floor Area is a statistically significant independent variable to measure listing

prices for flats that are located in sub-markets along the KwaZulu-Natal coast.

H0c: Number of bedrooms is not a statistically significant independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.
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H1c: Number  of  bedrooms  is  a  statistically  significant  independent  variable  to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H0d:  Number of bathrooms is not a statistically significant independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H1d:  Number of bathrooms a statistically significant independent variable to measure

listing prices for flats that are located in sub-markets along the KwaZulu-Natal coast.

H0e: The  suburb,  a  dummy  locational  variable,  is  not  a  statistically  significant

independent variable to measure listing prices for flats that are located in sub-markets

along the KwaZulu-Natal coast.

H1e: The  suburb,  a  dummy  locational  variable,  is  a  statistically  significant

independent variable to measure listing prices for flats that are located in sub-markets

along the KwaZulu-Natal coast.

1.4 Significance of the Study

Online property portals and realtor’s are ideally positioned to leverage a plethora of property

data  by developing property valuation solutions and sharing these services downstream with

households  and  investors.  The  ubiquity  of  heuristics  in  determining  residential  property

listing prices facilitates the need for greater transparency in the property industry. This study

provides residential property market participants with a contextual framework and model to

analyse,  assess  and  determine  listing  prices  for  residential  property  and  the  significant

structural and locational attributes thereof.  

Through scientific rigour, empirical evidence can proliferate transparency and assist buyers

and  sellers  in  determining  and  valuing  the  significant  structural  and  locational  property

attributes to establish listing prices. This study develops a hedonic price function using two

techniques,  namely  ordinary  least  squares  based  on  the  log-normal  distribution  and  a

generalized linear model based on the gamma distribution and log-link function. Deriving a

hedonic price function for residential property using a generalized linear model based on the

gamma distribution and log link function has never been attempted before in South African
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research  and  finding  global  research  employing  this  methodology  has  proven  extremely

difficult  where  no  existing  studies  have  been  identified.  This  study  presents  a  novel

alternative to  the ordinary least  squares  method of  deriving a  hedonic price  function  for

residential  property  through  the  use  of  a  generalized  linear  model  based  on  the  gamma

distribution and log-link function where the arithmetic mean is computed as the expected

value and not the geometric mean.

Another important feature of this study was the use of property listing prices and not historic

sales prices which is geared towards making greater use of larger amounts of available online

property  data  that  is  aggregated  by property  portal  industry  participants,  namely  Private

Property (Pty) Ltd. The application of the study presents a framework that has the potential to

add value to the property industry including investors and buyers and sellers of residential

property by presenting a scientific and empirically tested method for evaluating whether a

property of interest is aligned to market expectations. Hedonic pricing models can potentially

be utilised by residential property market participants to determine the statistically significant

attributes of a property of interest when entering into a transaction and assign implicit prices

to to each  significant attribute. Furthermore, the expected prices for residential properties can

easily be determined with a correctly specified hedonic model which will position residential

property  market  participants  to  make  more  informed  decisions  about  purchase  and  sale

transactions.

A software  application  was  developed  to  disseminate  the  findings  of  the  this  study  to

facilitate the practical application of the proposed generalized linear model for real estate

businesses, bridging the gap between academia and business.

This study contributes to the existing body of knowledge by enriching current literature on

hedonic pricing in the South African context. This was achieved through rigorous statistical

analysis where the expected values  for flats located in KwaZulu-Natal coastal sub-markets

were estimated  and the functional  relationships  between listing  prices  and the associated

attributes examined. While Dodds (2011) and Du Preez  et al.  (2014)  focused on property

segments within the Gauteng province and Els and Von Fintel (2010) focused on property

segments within the Western Cape province, it appears that no research on the hedonic price

function of residential property has been conducted on any segment of the Kwazulu-Natal

province. This study aimed to contribute to the limited research done on residential property
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pricing by creating a framework using a novel econometric model that can be applied to the

plethora of residential property data which is democratised via the internet and online real

estate  participants.  This  study  augments  the  existing  body  of  knowledge  of  residential

property market participants with a scientific model to estimate residential property listing

prices.

1.5 Scope and Delimitations of the Study

The scope of the study relates solely to the domain of residential property, a subset of the

entire  property  market  which  excludes  commercial,  industrial  or  retail  property markets.

Moreover, the study focuses on residential properties that are marketed online as the data was

obtained from an online property portal, however, the same data is contained in traditional

print mediums such as property magazines. 

The sample that was used pertains to flats listed for sale within three coastal sub-markets of

KwaZulu-Natal. The study comprised solely of the property type flats. The primary reasons

for using flats as the property type for the analysis was due to the lack of research done on

flats in South Africa and concomitantly the amount of data that was available.

1.6 Structure of the Study

This study will comprise of five chapters which are introduced below in Table 1.1.
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Table 1.1: Chapter Outline

Chapter Description

Chapter One:

Overview of the Study

This  chapter  introduces  the  study  by  articulating  the

background and problem statement. This chapter also sets out

the research objectives and the research hypotheses.

Chapter Two:

The Literature Review

This chapter presents a comprehensive and rigorous literature

review  of  international  and  local  studies  relevant  to  the

research objectives and research hypotheses.

Chapter Three:

The Research Methodology

This chapter presents and defines the approach of data analysis

in  order  to  answer  the  research  hypotheses  and  research

objectives. This chapter also defines key concepts such as the

sample   and  the  statistical  techniques  used  to  perform  the

rigorous analysis.

Chapter Four:

The Presentation and 

Discussion of Results

This chapter presents the results of the study and unpacks the

statistical  models  and  tests  employed  using  the  statistical

software R. This chapter explains the results in the context of

the literature presented in the Chapter Two.

Chapter Five:

Conclusions, Limitations 

and Recommendations 

This  chapter  discusses  and  presents  the  conclusions  of  the

study as well as the research limitations and recommendations

of the study and further research.

1.7 Conclusion

This  chapter  has  presented  an  overview  of  the  research  project  and  introduced  the

background to the study, contextualising the research and detailing the problem statement.

The  research  objectives  and  hypotheses  were  articulated  providing  insight  into  how  the

research  problem will  be  explored.  An  outline  of  the  study  was  provided  detailing  the

structure of the research. 

The next chapter reviews various sources of literature in order to gain a deeper understanding

of  the  economic  importance  of  residential  property  prices  and  unpack  the  concepts  and

complexities of deriving a residential property hedonic price function.

7



CHAPTER TWO 

The Review of the Literature: 

The Economic Relevance of Residential Property Markets and Hedonic Valuation

Theory

2.1 Introduction

Interest in residential property prices is ubiquitous, a myriad of economic participants base

decision making on available property price data. Therefore, deriving an accurate model to

assess  and  value  residential  property  prices  is  paramount  in  facilitating  transparent

transactions and creating accurate growth indicators.  This  literature review introduces the

economic importance of residential property markets and presents an empirical analysis of

econometric hedonic pricing in global and South African residential property markets. An

analysis  of  existing  research  underpins  the  important  considerations  and  complexities

involved in constructing a residential property hedonic price function. The discourse reviews

ordinary  least  squares  and  the  log-normal  distribution  as  a  candidate  model  to  derive  a

hedonic  price  function.  A generalised  linear  model  based  on  the  gamma  distribution  is

reviewed for its potential application in developing a novel approach to derive a residential

property hedonic price function. Finally,  an evaluation on bootstrapping is presented with

special focus on its use in model validation. 

2.2 The Economic Importance of the Residential Property Market

A country's  inventory of residential  property is a portion of its  national wealth,  therefore

residential  property  price  trends  influence  decision  making  and  inform economic  policy

formulation. Residential property is reported as a significant share of wealth in most countries

national  accounts  where  house  price  trends  are  used  to  monitor  economic  activity  and

financial stability, to conduct economic policy and effect decision making (Hill, 2011). In

South Africa, residential property is capitalised on the household balance sheet in the national

accounts (South African Reserve Bank, 2015). 

8



2.2.1 A Macro-economic Indicator of Economic Growth

Shifts in residential property prices have an effect on various areas of the economy such as

macro economic stability, consumption spending, wealth accumulation, and labour mobility

(Siaz, 2012).

Empirical evidence suggests that periods of economic expansion and upward trajectories of

business cycles  are  often associated with burgeoning house prices.  Girouard and Blondal

(2001) identified housing wealth in OECD countries as having an important role in business

cycles  where  house  price  developments  have  a  positive  effect  on  private  consumption.

Goodhart  and  Hoffman  (2008)  using  vector  auto-regression,  estimated  by  fixed  effects

ordinary least squares, found a significant relationship between house prices and the macro-

economy where they provide evidence of multiple relationships between house prices, broad

money and credit.  The  relationship  between  housing bubbles  and bank  crises  exhibit  an

identifiable pattern, booms in real house prices and subsequent busts or corrections have been

linked to the start of bank crises. In a study of advanced economies from 1970-2001 Bordo

and Jeanne (2002) found a greater probability of a financial crisis occurring either at the peak

of a boom or shortly after a bust in real estate markets. Steep declines in residential property

prices  have  the  potential  to  negatively  affect  credit  ratings  and  the  debt  to  equity ratio,

adversely affecting the  stability of the financial sector (de Haan and Erwin, 2011).

Should  house  prices  increase,  households  view  their  net  wealth  or  net  asset  value  as

increasing which could trigger greater consumption spending and affect aggregate demand.

An increase in consumption spending and household borrowing is generally experienced  due

to the positive spillover that increased house prices have on household balance sheets, known

as a wealth effect (Girouard and Blondal, 2001). This manifests if households are influenced

to spend based on their net asset value, where houses are regarded as wealth. Girouard and

Blondal (2001) concluded that through wealth effects or by ameliorating households' liquidity

constraints,  private consumption can be bolstered which will  have an effect on aggregate

demand.  They  found  that  movements  in  house  prices  can  affect  private  consumption  if

households  access  to  credit  is  contingent  on  housing  wealth  or  equity,  however,  the

propensity for households to adjust current spending based on movements in house prices is

largely  dependent  on  the  functioning  of  the  financial  system.  Indeed,  Friedman  (1957)

asserted that consumption expenditure should be viewed as a function of income and wealth
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which differs to the Keynesian consumption function where consumption is viewed as mainly

a function of current income. Keynes propounded that aggregate demand is a function of

consumption spending, investment spending, government spending and net exports where he

regarded consumption spending as being contingent on income and the marginal propensity

to  consume  (Friedman,  1997).  It  is  discernible  that  consumer  spending  is  a  significant

component of aggregate demand which measures gross domestic profit and can be affected

by changes in residential property prices as a result of household debt levels and overvalued

asset prices.

Higher house prices have the propensity to stimulate and bolster construction activity which

can lead to increased employment and higher wages for an array of workers in the housing

market.  Girouard  and  Blondal  (2001)  assert  that  private  residential  construction  can  be

influenced by changes in property prices where it becomes less or more profitable to build

new houses.  Higher  incomes  are  often  experienced  for  construction  workers,  real  estate

agents  and  professionals  in  legal  and  financial  property  roles  from increased  activity  in

housing construction (de Haan and Erwin, 2011).

2.2.2 Asset Prices and Price Stability

In  many countries,  central  banks  follow an  inflation  targeting  mandate  or  regime  which

effectively pegs the lower and upper bounds for inflation using monetary policy in order to

achieve price stability, an important macro-economic objective (Duttagupta and  Fernandez,

2004). 

In South Africa, inflation targeting is used to remove price volatility and assist in creating a

stable  financial  environment  though  monetary  policy.  The  South  African  Reserve  Bank

(SARB) initiates monetary policy to maintain its inflation target, although in the long run

monetary  policy  is  not  able  to  contribute  directly  to  economic  growth  and  employment

creation, it does fulfil an essential requirement for the attainment of these objectives, namely

price stability in the interest of sustainable economic development and growth (Kumo, 2015).

South  Africa's  continuous  3%  to  6%  headline  consumer  price  index  inflation  target  is

mandated by the Monetary Policy Committee, a  special unit within SARB that is responsible

for monetary policy decisions (South African Reserve Bank, 2015). Although asset prices

may not always be targeted directly, asset prices are monitored closely for decision making.
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Rises in asset prices such as residential property could reflect developments in the financial

sector  and real  economy which  may result  in  upward inflationary pressure.  This  usually

coincides with a  rise in credit and debt, therefore, taking cognisance of the movements in the

prices of fixed property and the effects thereof on final demand and inflation is paramount

(van der Merwe, 2004). Expectations of higher inflation will manifest in higher interest rates

affecting interest bearing loans such as in the case of mortgage bonds. (South African Reserve

Bank, 2007). Jorda, Schularick and Taylor (2015) assert that a trade off exists in using interest

rates to curb asset price booms where large increases in interest rates to slow rising house

prices could cost the economy elsewhere in terms of unemployment and inflation and that a

policy of increased interest rates hikes is contingent on how responsive housing demand is to

increased interest rates.

2.2.4 Household Decision Making

Purchasing  residential  property  is  a  significant  decision  for  people  seeking  a  place  of

residence  and  plays  a  large  role  for  investors  seeking  to  augment  investment  portfolios.

Residential property is an important barometer of wealth and a paramount factor in the cost

of living and is therefore a key indicator to consider in terms of its economic significance (Els

and Von Fintel, 2010). 

The act  of  purchasing  a  residential  property is  perceived  as  one  of  the  largest  financial

transactions an individual or household will undergo, therefore changes in property prices are

likely to  affect  when,  where  and what  type  of  property an  individual  or  household  will

purchase (Els and Von Fintel,  2010). Purchasing residential property provides a means of

shelter as well as a capital investment where capital gains may accrue in the long term (de

Haan and  Erwin,  2011).  The  opportunity  cost  associated  with  the  outlay of  funds  for  a

property or leverage undertaken in terms of a mortgage is significant and can affect home

purchasers' decisions (de Haan and Erwin, 2011). Many individuals have an indirect stake in

property  though  pension  funds  and  mutual  funds  (Lee,  2006).  Significant  declines  in

residential property prices can have an adverse impact on the financial position of households

by reducing the value of their collateral (Girouard and Blondal, 2001).  

Online property businesses provide valuable services to households and investors where a

plethora of property data is aggregated and disseminated to facilitate purchasing decisions.
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South  Africa  is  home  to  Private  Property  (Pty)  Ltd,  an  online  property  portal  which

aggregates  property  listings  throughout  South  Africa  from  estate  agents,  private  sellers,

property developers and banks (Private Property, 2015). Zillow a USA based property portal

aggregates property listings throughout the USA and provides an online user interface where

a purchaser or seller of property can determine an estimate of the property they wish to buy

or sell using a proprietary algorithm (Corcoran and Liu, 2014). The use of such statistical

techniques  to  model  residential  property  data  makes  it  possible  to  enhance  household

decision  making  with  regards  to  purchasing  or  selling  a  home.  The  ability  to  leverage

technology  that  is  combined  with  advanced  econometric  and  statistical  techniques  is

paramount  in  providing South African households and investors with the ability to  make

better decisions when purchasing or selling residential property.

2.3 Hedonic Pricing Theory

Informed decisions  are  essential  in  order  to  ascertain fair  and unbiased market  prices  of

residential  properties.  However,  determining  market  property  prices  is  multivariate  and

extremely  difficult  due  the  heterogeneity  of  residential  properties.  Prices  of  residential

property are difficult to measure due to the heterogeneous nature thereof, where it can be

observed  that  dwellings  are  not  identical  even  by the  sole  virtue  of  occupying  different

locations (Hill, 2011).  Hedonic price modelling is pervasive in economic literature, it has

been employed to model property prices where the price of the property is valued according

to  its  set  of  structural  and  locational  attributes  (Shulz,  2003).  Hedonic  pricing  is  a

mathematical  technique  used  in  economics  which  aims  to  measure  the  price  of  a  good

through its utility bearing attributes, where a vector of attributes determines the price of the

good (Rosen, 1974). Econometrics is a field of economics that applies rigorous mathematical

statistics including statistical inference to empirically determine and measure relationships of

economic theory postulated by economic thought (Greene, 1993). Based on this definition

one can consider the derivation of a hedonic price function for a residential property market

to belong to the domain of econometrics. 

2.3.1 Residential Property and the Hedonic Pricing Function

Residential  property is  a  single  class  of  good or  commodity  in  the  eyes  of  individuals,

households and investors, however, it is differentiated or heterogeneous nature Hill (2011).
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Heterogeneous  products  consist  of  a  range  of  products  that  differ  in  a  set  of  attributes,

however, this set of attributes is considered closely related by consumers and is therefore

defined as a single product (Day, 2003). 

A residential  property is  a collection of attributes that each hold certain utility and value

which can be characterised as structural, like size and the number of bedrooms, relate to how

accessible  the  property  is  to  amenities  like  schools  and  may  include  location  specific

attributes, such as being in a specific geographic area or suburb. Typically hedonic pricing

techniques  model  property  prices  as  a  function  of  a  set  of  inherent  structural  attributes,

neighbourhood  or  location  characteristics  and  accessibility  to  amenities  (Lyons,  2015).

Market forces regulate heterogeneous product prices and these prices are contingent on the

individual products’ set of attributes. Hedonic methods express that residential properties can

be decomposed by the constituent attributes thereof and although no market for the individual

attributes  exists,  each  attributes  marginal  contribution  to  the  property’s  price  can  be

determined implicitly by supply and demand forces in the property market (de Haan and

Erwin, 2011). Competitive market conditions for homogeneous products depend on supply

and demand mechanics to reach an equilibrium price,  whereby the market clears and the

needs of consumers and firms are reconciled (Day, 2003). However, heterogeneous product

markets,  like  the  residential  property  market,  comprise  of  many differentiated  properties

commanding a  myriad of  different  prices.  Market  forces  are  responsible  for the different

prices  of  residential  properties  which  is  contingent  on  each  individual  property’s  set  of

attributes. Generally the market will settle on a set of prices for the various combinations of

residential  properties  that  will  clear  the  market  through  the  reconciliation  of  supply and

demand (Day, 2003). Rosen (1979) propounds that economic agents can ascertain hedonic

prices from the observed prices of heterogeneous products, where the hedonic prices equate

to  the  implicit  prices  of  the  attributes  of  the  heterogeneous  products.  In  hedonic  theory

purchasers  of  properties  are  equivalent  to  consumers  and  the  sellers  are  equivalent  to

producers. 

The  hedonic  pricing  model  describes  each  property  by  a  vector  of Z quantifiable  and

inseparable attributes which determines its price:

Zj=(Zj1 , Zj2 , Zj3 , ... Zjk )                                                  (2.1)
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Source: Day, 2003, p.3.

Therefore, a consumer chooses to purchase a vector of attributes when choosing to  purchase

a particular property (Day, 2003). Rosen (1974) defines hedonic pricing as the functional

relationship between the price of a heterogeneous product and the associated attributes:

    Pj=P(Zj )=P (Zj1 ,Zj2 ,Zj3 , ... , Zjk )                                       (2.2)

Source:  Goodman, 1978, p.472.

where: Pj is  the  price  of  the   product.  Simply  stated Pj=(Zj) where  the  price  of  a

property is a function of a set of a smaller number of attributes (Goodman, 1978).

This results in the complete hedonic pricing function where the price of property is a function

the inherent attributes. Notably an increase in price is experienced by more positive attributes

and a decrease in price is experienced by more negative attributes,  ceteris paribus (Els and

Von Fintel, 2010). 

Hedonic prices can be measured with the use of regression techniques that aim to establish

the relationship between a set of property attributes and property prices. Using regression

analysis it is possible to calculate the implicit price for attribute i of property j by taking

the partial derivative, represented as:

                                          Pi (Zj )=
 P
Zi

        ( i = 1 to Z )                                          (2.3)

Source:  Day, 2003, p.5.

This function describes the additional amount to be paid to obtain a marginally higher level

of attribute Zi ,  ceteris paribus (Day, 2003). 

Multiple regression is widely used in econometrics where many independent variables are

introduced to explain a dependent variable (Greene, 1993). Hedonic prices can be measured
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with  the  use  of  multiple  regression,  a  statistical  technique  which  aims  to  establish  the

relationship between a set of property attributes and property prices by regressing a set of

property attributes on price. Multiple regression assumes an implicit relationship between the

dependent  variable  and  several  independent  variables  (Wooldridge,  2010).  This  makes

multiple regression an effective technique for modelling the relationship between listing price

and property attributes. Multiple regression can be used to measure the correlation between

each attribute or independent variable and the listing price given a collection of property data

with the aim of predicting property prices (Monson, 2009). 

It is important that measurement techniques allow for samples to adjust for compositional

change over time so that quality change is not interpreted as pure price change. de Haan and

Erwin (2011) present several important attributes to consider when constructing a residential

property  price  index  that  adjusts  for  quality  change  over  time,  ensuring  that  changes  in

property prices reflect  pure price changes and not  merely changes in  the composition of

samples at different points in time. Table 2.1 depicts the important attributes necessary to

adjust for quality change.

Table 2.1: Important Attributes in Determining Prices of Residential Properties

Attribute Description

Size of the property Measured in squared meters or squared feet

Area of the land and structure Measured in squared meters or squared feet

Location of the property A geographic variable

Age of the property How old the property is

Type of property Examples: detached, apartment, house etc.

Materials  used  in  the  construction  of  the

property

Examples:  primarily  wood,  brick,  concrete

etc.

Other Number  of  bedrooms,  bathrooms,  garages,

swimming pool, distance to amenities etc.

Source: de Haan and Erwin, 2011, p.25.
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The omission of important attributes in hedonic price analysis  has the propensity to  bias

estimates  of  the  implicit  prices  measured,  however,  many  models  are  subject  to  data

availability. Model misspecification may arise in a hedonic analysis due to data availability

constraints and subjective judgements by the researcher where important variables are not

included  in  the  analysis  (Jiang,  Phillips  and  Yu,  2015).  An  important  consideration  in

developing a model is the principle of parsimony, where the aim is to choose a parsimonious

or simpler model that explains the data well and is more generalisable. Parsimonious models

typically  feature  fewer  independent  variables  that  explain  the  the  most  variability  in  the

dependent variable (Tan, 2011).  Simplicity through parsimony of parameter selection is  a

desired feature of any model as complexity is reduced and should the model be correctly

specified, the result will be better predictions (McCullagh and Nelder, 1989).

2.3.2 A Review of Residential Hedonic Models

Typically international and local residential property hedonic price studies use ordinary least

squares to derive the hedonic pricing function. Given a vector of a dependent variable and a

matrix  of  independent  variables,  ordinary  least  squares  makes  it  possible  to  express  the

dependent variable as a linear combination of the independent variables (Greene, 1993). 

Day (2003)  modelled  house  prices  in  Glasgow using  hedonic  pricing  and  ordinary least

squares where a set of structural, accessibility, neighbourhood and environmental attributes

were regressed on the selling price of properties sold. The natural logarithm of sales price

was regressed on a linear combination of independent variables to derive the hedonic pricing

function. Day (2003) also applied the natural logarithm transform to the floor area variable in

his  study.  Day (2003)  found  all  the  structural  attributes  in  the  model  to  be  statistically

significant where he observed that larger properties with bigger gardens had higher prices.

Day (2003) found that the inclusion of spatial data was an extremely important consideration

in the estimation of the hedonic price function. A widely accepted tenet is that location is a

significant determinant of a property's price (Ozyurt, 2014). 

Bourassa,  Cantoni  and Hoesli  (2010)  derived a  hedonic  price  function  for  the  Auckland

housing market using several ordinary least squares models, applying the natural logarithm to

the dependent variable in each model. They took cognisance of the fact that property prices

are closely related to adjacent properties and effectively modelled the spatial  dependence
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thereof.  Broadly  speaking,  spatial  autocorrelation  can  be  defined  as  the  dependence  of

observations across geographic locations which has the propensity to render the standard

errors of ordinary least squares models inefficient and biased (Liao, Wang, 2012). Bourassa,

Cantoni and Hoesli (2010) found that property price predictions were more accurate when

sub-market dummy locational variables were used in contrast to using traditional statistical

methods alone, however, incorporating both methods yielded the best results. Notably they

argue that the use of sub-market dummy locational variables in ordinary least squares is a far

simpler technique than trying to model the structure of the errors using complicated statistical

methods and the benefit was evident in their results. Adding a dummy spatial variable to the

combination of independent variables can remove the misspecification of the model which

can be seen in the ordinary least squares regression diagnostics, making the interpretation of

the results straightforward (Thayn and Simanis, 2013). In order to test for the presence of

spatial autocorrelation, Borcard and Legendre (2012) found that the Mantel test was a reliable

method  which  they used  on  univariate  and  multivariate  data  in  an  ecological  study that

investigated  the  relationship  between  grain  and  spatial  autocorrelation  using  various

statistical tests. Despite recent criticism of the Mantel test Diniz-Filho et al. (2013) found that

the  Mantel  test  was  a  powerful  technique  to  analyse  the  amount  of  spatial  variation  in

multivariate data where the results were congruent with a priori knowledge. 

Els  and Von Fintel  (2010) conducted  a  time series  hedonic analysis  of  the Stellenbosch,

Somerset West, Strand and Gordon's Bay housing markets from 2004 to 2007 where they

employed  ordinary  least  squares  and  quantile  regression  techniques.  Two  models  were

derived using ordinary least squares, the first was a standard approach not including location

or neighbourhood effects and the second incorporating dummy variables for the area, thereby

introducing neighbourhood effects. In both ordinary least squares hedonic models, the natural

logarithm of sales price was used as the dependent variable due to being the standard in

literature  and  improving the  R-squared  diagnostic  which  measured  the  proportion  of  the

variation in the sale prices explained by the variation in the set of attributes. By taking the

natural logarithm of the sale price variable, all the coefficients were interpreted as percentage

effects. The results showed that by capturing neighbourhood effects through the inclusion of

area  dummy variables,  bias  was reduced and the presence of  spatial  autocorrelation was

mitigated,  thus  improving  the  overall  fit  of  the  model  and  increasing  the  R-squared

diagnostic.  Furthermore,  Els  and Von Fintel  (2010) found that  the  ordinary least  squares

model without locational dummy variables was misspecified by not satisfying the functional
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form requirement, whereas by incorporating locational dummy variables the functional form

of  the  model  was  satisfied.  Els  and  Von  Fintel,  (2010)  tested  this  assumption  using  the

Ramsey RESET test.  Functional form of ordinary least  squares is  paramount and can be

violated by the omission of  explanatory effects  or when the model  does  not account  for

important non-linearities (Tserkezos, 2009). The study of Els and Von Fintel (2010) included

many structural attributes and interestingly the results revealed that the number of bedrooms

was not a statistically significant variable, however, the size of the residence and the number

of  bathrooms  were.  Moreover,  the  number  of  bedrooms  coefficient  in  the  ordinary least

squares model without locational effects had a negative sign whilst the same coefficient in the

ordinary least squares model that included locational effects through dummy variables had a

positive coefficient. The presence of the sign change could have been attributed to adding the

locational dummy variables. Kennedy (2005) asserts that an omitted explanatory variable in a

hedonic regression model can change the sign of one or more existing coefficients already

specified  in  the  model  and  to  consider  adding  an  independent  variable  to  correct  the

misspecification.  Els  and  Von  Fintel  (2010)  were  concerned  over  presence  of

heteroscedasticity in their study using ordinary least squares and therefore endeavoured to

develop  a  non-parametric  quantile  regression  model  that  is  typically  more  robust  to

heteroscedasticity.

Heteroscedasticity  is  a  common  problem  in  cross  sectional  econometric  studies  and  is

endemic to spatial studies (Anselin, 2013). Using linear transformations such as taking the

natural logarithm of the dependent variable often reduces the effects of heteroscedasticity and

mitigates  the  presence  thereof  by  changing  the  variance  of  the  error  term  or  residuals

(Malpezzi,  2003).   Heteroscedasticity  violates  one  of  the  fundamental  assumptions  of

ordinary least squares namely, that there is constant variance of the residuals (Stohldreier,

2012).  Formally  stated,  the  error  term must  be  independently and  identically  distributed

(Rawlings, Pantula and Dickey, 1998). The presence of heteroscedasticity may render the

ordinary least  squares coefficient estimates inefficient where standard errors and p-values

may  be  biased  or  incorrect  making  hypothesis  testing  or  deriving  confidence  intervals

problematic.  However,  heteroscedasticity  does  not  affect  the  consistency nor   impair  the

unbiasedness of the actual ordinary least squares coefficient estimates (Gujarati, 2005). This

makes  the  presence  of  heteroscedasticity  a  serious  problem for  inference  in  econometric

models. Long and Ervin (2000) conducted a study where they explored heteroscedasticity in

small  samples  and  assert  that  if  there  is  a priori  reason  to  suspect  the  presence  of
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heteroscedasticity  in  the  model,  heteroscedasticity  consistent  covariance  matrix  (HCCM)

techniques should be utilised. White (1980) derived an asymptotically or large sample form

of HCCM which he introduced to the field of econometrics. White (1980) asserts that linear

transformations may assist in eliminating the effects of heteroscedasticity. However, should

the  model  fail  the  available  tests  for  heteroscedasticity,  the  use  of  a  covariance  matrix

estimator  will  be  consistent  in  the  presence  of  heteroscedasticity.  Asymptotic  HCCM

techniques can mitigate  type one errors of hypothesis  tests  for regression coefficients for

large sample models (Cai, 2008). HCCM facilitates the mitigation of heteroscedasticity by

producing a consistent estimator of the covariance matrix of the regression coefficients when

the form of heteroscedasticity is  unknown (Long, Ervin,  2000).  A prominent  assertion of

Long and Ervin (2000) is that the decision to correct for heteroscedasticity should not be

based on explicit tests or screening the results of the model, but rather this should be a routine

procedure.

Dodds (2011) conducted an analysis of residential properties that were sold in the Westrand

area in the Gauteng province where he aimed to predict property prices using an ordinary

least squares hedonic pricing model based on statistically significant structural variables and

location. Whilst the choice of structural attributes was contingent on the data, there was a

total  of  eleven  structural  variables  and  one  dummy  location  variable.  An  important

observation  made  by  Dodds  (2011)  was  that  the  number  of  bedrooms  and  number  of

bathrooms  had  the  highest  positive  correlations  with  the  dependent  variable,  sale  price.

However, the output of the hedonic model revealed a negative coefficient for the number of

bedrooms. This may have been due to an important omitted variable or multicollinearity as

the model specified twelve independent variables in total. Multicollinearity is ubiquitous in

ordinary least squares regression models and it's presence can be identified when independent

variables  are highly correlated with each other.  The variance inflation factor is  a  useful

method for detecting the magnitude of multicollinearity (Chen, 2010). Hedonic models are

often  subject  to  the  presence  of  multicollinearity  and  the  effects  thereof  can  result  in

measurement errors and negative coefficients where based on a priori belief, a positive sign

should  be  present  (Triplett,  2005).  Tan (2011)  chose  to  develop  a  parsimonious  hedonic

model for the Malaysian housing market using six independent variables as a function of the

dependent  variable.  Tan  (2011)  found  that  the  model  was  less  likely  to  suffer  from

multicollinearity issues by regressing fewer independent variables on the dependent variable

through the use of stepwise regression. Interestingly Dodds (2011) found that the inclusion of
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an area dummy locational variable in the initial model of the entire region reduced the R-

squared model diagnostic. However, when a segment of selected suburbs were modelled in an

isolated area model the R-squared diagnostic increased significantly. Dodds (2011) found that

heteroscedasticity was present in the hedonic model and by applying a natural logarithm to

the dependent variable or sale price made the error term less heteroscedastic.

2.4 Log-normal or Gamma Distribution and Appropriate Model Selection

Selecting an appropriate model for many econometric data is  often compounded by non-

normal sample distributions where transformations are required to derive a suitable model.

Ordinary least squares is a prevalent technique in health econometric modelling where the

dependent variable is often positively skewed and therefore transformed using the natural

logarithm to  obtain  an  error  structure  that  is  approximately normal  (Manning,  Basu and

Mullahy, 2002). A similar assertion is made by de Haan and Erwin (2011) for house prices

where the semi-log ordinary least squared model is propounded. The log-normal distribution

of a random continuous variable is normally distributed through its logarithm and where the

variability of residuals increase for larger values of the dependent variable, the logarithmic

transform  may  prove  effective  (Rawlings,  Pantula  and  Dickey,  1998).  The  log-normal

distribution is a distribution that permits only positive variables (Harvey, Gavin, Scruggs,

2016). An assumption of transforming the dependent variable using the natural logarithm is

that  the  transformed  dependent  variable  will  follow  a  log-normal  distribution  (Fu  and

Moncher,  2004).  In  ordinary least  squares  the  error  structure  is  assumed to  be normally

distributed,  implying  that  the  dependent  variable  is  also  normally  distributed  (Rawlings,

Pantula and Dickey, 1998). A possible caveat with transforming the dependent variable is the

interpretation and back transformation thereof as the dependent variable is no longer reported

on  the  original  scale  (Olivier,  Johnson  and  Marshall,  2008).  The  natural  logarithm

transformation results in predicted values on the logarithmic scale and back transformation is

necessary where the geometric mean and not the arithmetic is obtained on the original scale

(Olivier,  Johnson  and  Marshall,  2008).  The  back  transformed  mean  is  different  to  the

arithmetic mean of the original data, the back transformed estimate should be interpreted as

the  median  if  the  log-transformation  made  the  data  normally  distributed  as  the  log

transformation  is  monotonic  (Musset,  2006).  However,  if  the  distribution  was  not  made

normal by the log-transformation then geometric mean estimates are obtained through back

transforming or exponentiating to the original scale (Musset, 2006).
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An alternative approach to using ordinary least squares where the dependent variable does

not follow a normal or log-normal distribution and where the arithmetic mean is computed as

the expected value is to use a generalised linear model. Residential property prices are a class

of continuous non-negative variables where the variance is not constant thus facilitating the

use of generalised linear models. House prices are generally positively skewed which reflects

the heterogeneous nature of residential property (de Haan and Erwin, 2011). McCullagh and

Nelder (1989) assert that normality and constant variance are no required for all generalised

linear  models,  however,  an  understanding  of  how the  variance  depends  on  the  mean  is

necessary. Exponential distributions such as the gamma distribution can be used to model a

positive  continuous  dependent  variable  where  the  conditional  variance  of  the  dependent

variable  increases with the mean and the coefficient of variation  is constant (McCullagh and

Nelder 1989). Generalised linear models include distributions that are useful in the analysis

of continuous measurements that have non-normal error distributions (McCullagh and Nelder

1989). The exponential gamma distribution can be used to model a non-negative, positively

skewed continuous dependent variable where the variance is proportional to the square of the

mean unlike the Gaussian or normal distribution where the variance is constant (Jones 2010).

Fu and Moncher  (2004) propound that  the log-normal and gamma distributions  are  both

widely used to model non-negative data that is positively skewed. Bromideh and Valizadeh

(2013) assert that similarities exist between log-normal and gamma exponential distributions

in terms of fit on moderate data sizes and both can prove effective in analysing non-negative

positively skewed data. In a study of household expenditure Battese and Ponyhandy (1981)

found that the assumption of normality and hypothesis of equal variance for the expenditure

observations was rejected and that the gamma distribution was better for the model than the

log-normal distribution in dealing with the heteroscedasticity. Moran, Solomon, Aaron and

Martin  (2007)  in  a  study of  patients'  intensive  care  units  costs,   found that  cost  models

employing ordinary least squares using a logarithmic transform could be augmented with the

use of correctly specified generalised linear  models  which more effectively modelled the

error structure.

The gamma distribution, a class of the exponential distribution family where non-negative

positively skewed data can be modelled effectively, provides a possible solution to modelling

non-negative,  non-normal  distributions  such  as  residential  property  prices.  Based  on  the

literature  presented  it  is  apparent  that  ordinary least  squares  using  the  natural  logarithm

transformation  on  the  dependent  variable  is  a  common  method  to  derive  hedonic  price
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functions for residential properties. Little or no research has been conducted on constructing a

residential  property hedonic price function using a generalised linear model based on the

gamma distribution although this approach has been used to model actuarial data effectively.

Fu  and  Moncher  (2004)  conducted  an  analysis  on  insurance  claims,  a  non-negative

continuous and positively skewed variable, using a generalised linear model model where

they found that the gamma distribution resulted in better predictive accuracy and efficiency

than the log-normal distribution. Furthermore, they suggest that examining the residual plots

is a good measure to gauge the distribution assumptions. Checking the residuals for correct

model specification is extremely important when examining the results of a generalised linear

model as in the case of ordinary least squares. The error structure of a model is an important

consideration  in  modelling  data.  Testing  the  error  structure  through diagnostic  plots  will

provide guidance to how well the model fits the data (Murphy, Brockman and Lee, 2000).

Carruthers, et al (2008) assert that inflated residual deviance or over-dispersion may arise in

the form of  model  misspecification  and can  be identified  where the  residual  deviance  is

greater than the residual degrees of freedom when using generalised linear models. Over-

dispersion may manifest if one or more important variables are not accounted for, or if an

incorrect  error  distribution  is  specified  due  to  an  inappropriate  link  function  which  can

increase the chances of a type one error occurring (Carruthers  et al., 2008). In the case of

generalised  linear  models,  the  parameter  estimates  are  obtained  by  maximizing  the  log

likelihood of the parameters for the observed data (McCullagh and Nelder, 1989).  

An appealing feature of a generalised linear model using a log linear function for strictly non-

negative and positively skewed data is that the predictions are kept in the natural units of

measurement, making the estimation of the model more attractive than estimations through

log-normal ordinary least squares.

2.5 Model Validation using Bootstrapping

A flexible and general approach to statistical inference is bootstrapping where the sample is

treated as the population and repeated samples are drawn from it.  Bootstrapping builds a

sampling distribution of a statistic by re-sampling from the data and is considered a general

approach to  statistical  inference (Fox,  2002).  The flexibility is  derived where  asymptotic

results cannot be relied upon or the assumptions made about the population are incorrect.

Specifically  the  non-parametric  bootstrap  facilitates  a  practical  estimate  of  the  sampling
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distribution  of a statistic without knowing or deriving the explicit sampling distribution (Fox

and Weisberg, 2010). Drawing a large amount of repeated samples accounts for the variance

in the estimates of parameters which augments accuracy significantly. The bootstrap can be

used  as  general  tool  for  assessing  statistical  accuracy  (Hastie,  Tibshirani  and  Friedman,

2005). Testing and validation of the model objectives can be accomplished through several

techniques including bootstrapping and randomisation (Carruthers et al., 2008).

Gandy and Kvaloy (2013) applied non-parametric bootstrapping to  circumvent estimation

errors of parameters in control charts where it was found that non-parametric bootstrapping

was robust against model specification errors. Moreover, Gandy and Kvaloy (2013) found

that  the  procedure  was  particularly  relevant  when  the  “in-control”  distribution  was  not

known. Validating the results of regression results is an important part of the analysis where

the rigour of the model can be tested. The validity of regression models are paramount when

making  inferences  and  model  validation  is  an  important   step  in  the  analysis  (Oredein,

Olatayo and Loyinmi, 2011). Oredein, Olatayo and Loyinmi (2011) conducted a study on

regression model validation where they examined data splitting techniques and bootstrapping.

The data  splitting  techniques  involved separating the data,  one part  of  the  data  used  for

modelling and another part for testing the model. They found that bootstrapping was a better

model  validation  method  for  regression  models,  producing  a  more  stable  and  higher  R-

squared model diagnostic. Wilcox (2008) used bootstrapping as a strategy to determine the

correctness of hypothesis tests of coefficients in a multiple regression analysis which was

found to be highly effective. 

2.6 Conclusion

Residential  property  is  a  paramount  determinant  and  indicator  of  economic  policy

formulation and the stability of an economy where many participants share an interest  in

tracking and understanding the movements thereof. 

Hedonic  price  models  are  a  pervasive  and  useful  technique  that  decompose  residential

properties  into constituent  utility bearing attributes and derive the implicit  prices thereof.

Based on a review of international and local literature, the construction of residential property

hedonic  price  models  are  often  characterised  by  complex  caveats  such  as  spatial

autocorrelation,  heteroscedasticity  and  the  optimal  choice  of  a  plethora  of  independent
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variables. A deep understanding of these effects is required to develop an accurate reflection

of  residential  property prices.  Whilst  ordinary least  squares  has  been  used  to  model  the

hedonic  pricing  function  of  residential  property,  novel  techniques  such  as  the  use  of

generalised linear models may be of more value in constructing such hedonic price functions.

Understanding the distribution of  residential  property prices  is  paramount  in  selecting an

appropriate model and actuarial research provides evidence that the gamma and log-normal

distribution are effective for non-negative data that is positively skewed. Model validation is

extremely important and bootstrapping can provide an indispensable tool to determine the

effectiveness of the results. 

The following chapter presents the statistical  techniques used to derive the hedonic price

function for flats within KwaZulu-Natal coastal sub-markets and describe the rigorous tests

required to meet the specific assumptions.
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CHAPTER THREE

The Research Methodology

3.1 Introduction

The  literature  presented  in  the  previous  chapter  outlined  the  economic  importance  of

measuring residential property prices and provided an empirical evaluation of the techniques

and complexities experienced in the global and local context. It is evident that more research

is  needed  to  supplement  the  limited  number  of  studies  conducted  on  the  South  African

residential property market. 

This  chapter  presents  a  thorough  analysis  of  the  research  process  adopted  in  the  study,

outlining all the statistical procedures involved in the research methodology.

3.2 Aim, Objectives and Hypotheses of the Study

3.2.1 Aim

The aim of this study was to investigate existing empirical research in order to develop a

hedonic pricing model for flats located in KwaZulu-Natal coastal  sub-markets. 

3.2.2 Objectives

The research objectives of this study were as follows:

1. To determine an appropriate hedonic price model  for flats located in KwaZulu-Natal

coastal sub-markets based on the distribution of listing prices.

2. To develop a model to estimate listing prices of flats that are located in sub-markets

along the KwaZulu-Natal coast based on structural and locational attributes.

3. To build a software application that facilitates the estimation of listings prices for flats

in  KwaZulu-Natal  coastal  sub-markets  given  a  set  of  structural  and  locational

attributes.
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3.2.3  Hypotheses

In  order  to  achieve  the  research  objectives,  the  following  research  hypotheses  were

formulated:

H0a: The distribution of listing prices for flats that are located in sub-markets along

the KwaZulu-Natal coast follow a gamma distribution.

H1a: The distribution of listing prices for flats that are located in sub-markets along

the KwaZulu-Natal coast do not follow a gamma distribution.

H0b: Floor  Area is  not  a  statistically  significant  independent  variable  to  measure

listing prices for flats that are located in sub-markets along the KwaZulu-Natal coast.

H1b:  Floor Area is a statistically significant independent variable to measure listing

prices for flats that are located in sub-markets along the KwaZulu-Natal coast.

H0c: Number of bedrooms is not a statistically significant independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H1c: Number  of  bedrooms  is  a  statistically  significant  independent  variable  to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H0d:  Number of bathrooms is not a statistically significant  independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H1d:  Number  of  bathrooms  a  statistically  significant   independent  variable  to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H0e: The  suburb,  a  dummy  locational  variable,  is  not  a  statistically  significant

independent variable to measure listing prices for flats that are located in sub-markets

along the KwaZulu-Natal coast.
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H1e: The  suburb,  a  dummy  locational  variable,  is  a  statistically  significant

independent variable to measure listing prices for flats that are located in sub-markets

along the KwaZulu-Natal coast.

3.3 Location of the Study

The location of the study involved three coastal sub-markets within KwaZulu-Natal,  a subset

of the Ethekweni municipality. The location of the study was chosen due the lack of research

done on residential hedonic property pricing in KwaZulu-Natal.  Dodds (2011) conducted a

study  to  investigate  the  use  of  hedonic  price  analysis  to  determine  what  structural

characteristics determine the open market value of houses in the Gauteng province. Dodds

(2011) primarily focused on ordinary least squares regression in testing the hypotheses he

propounded. Another prominent study was that of Els and Von Fintel (2010) who applied

several hedonic pricing techniques including ordinary least squares regression and quantile

regression  to  determine  property  market  growth  rates  for  houses  in  the  Western  Cape

province. Du Preez et al. (2014) conducted a study where hedonic pricing was used to model

house values and proximity to a landfill  site using quantile regression. It appears that no

research on residential property hedonic pricing has been done in KwaZulu-Natal. Based on

data availability the three coastal sub-markets of this study were chosen.

The  Ethekweni  municipality  is  located  on  the  east  coast  of  South  Africa  and  spans

approximately 2 297 squared kilometres (Statistics South Africa, 2011). The key statistics of

Ethekweni are presented in Table  3.1.

Table 3.1:  Key Statistics of Ethekweni

Total Population Number of

Households

Average

Household Size

Formal Dwelling Housing Owned /

Paying Off

3 442 361 956 713 3.4 79.00% 54.50%

Source: Adapted from Statistics South Africa 2011.
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The three  coastal  sub-markets  of  the  study were Ballito,  Umhlanga,  and Durban Central

illustrated as red, blue and green respectively, presented in Figure 3.1. The different coloured

points on the map indicate the sample observations of the study.

Figure 3.1: Sub-markets of Study

Source:  Author  generated  map  using  R Package  ggmap  created  by Kahle  and  Wickham

(2013) and Google Maps (2016).
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3.4 Type of Study

Paradigms are  a  set  of  universally accepted thinking habits  of  researchers  (Kuhn,  2012).

These  paradigms  guide  the  processes,  the  research  design  and  the  methods  that  will  be

adopted in the research. This study can be classified as quantitative research as the statistical

nature of the study aims to incorporate multiple variables to examine correlations with the

aim of making estimates and inferences. Specifically,  how a set  of independent variables

explain the variation in a dependent variable. Quantitative research implores experiments and

models  that  include  multiple  variables  to  examine  correlation  and  causation  analysis

(Creswell,  2009).  Quantitative  analysis  involves  data  collection  with  the  aim  of  using

statistical procedures and testing hypotheses in order to support or refute claims. Quantitative

research is also the called the scientific method which embodies the post-positivist paradigm

and  seeks  to  determine  cause  and  effect  relationships,  reducing  ideas  into  a  discrete  set

variables for research questions and hypotheses (Creswell,  2009). Therefore, the scientific

method  adopted  by  post-positivists  begins  with  a  theory,  followed  by data  collection  to

determine whether  the statistical analysis of the data supports or refutes the theory.

3.6 Research Design

The  dependent  and  independent  variables  used  in  the  study  as  well  as  the  class  and

description are outlined below in Table 3.2.

Table 3.2: Outline of Variables in the Study

Name of Variable Type of Variable Class of Variable Description of Variable

Price Dependent Continuous The price of a flat in ZAR

Size Independent Continuous The  floor  area  of  a  flat  in

square meters

NumBaths 

(Number of Bathrooms)

Independent Count/discrete The number of bathrooms in

a flat

NumBeds 

(Number  of Bedrooms)

Independent Count/discrete The number of bedrooms in

a flat

Suburb Independent Categorical/factor The suburb a flat resides in
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3.7 Sample

The sample data for the research was provided by Private Property (Pty) Ltd by the Chief

Technology Officer, Mr Grant Elliot. The sample data was a snapshot of all the flat listings

for sale in Ballito, Durban Central and Umhlanga as at 2016-02-23. The data is secondary

data  as  it  was  assimilated  by another  party and not  the  researcher  through primary data

research initiatives. Secondary data is data that has already been collected and been made

available  (Kothari,  2004).  The  sample  provided  comprised  of  5916  observations  before

cleaning the data for missing fields, duplicates and incorrect data. Upon checking the data for

accuracy, integrity, completeness and uniqueness it became apparent that some data cleaning

procedures would be need to be implemented. The data was received in the form a comma

separated value file. Missing values or fields were removed resulting in the removal of an

entire row or observation. Furthermore, rows with incorrect geographic co-ordinates were

identified and removed by plotting the data on a map. Lastly duplicates were removed by

applying a heuristic that identified duplicate rows on the basis of having the same residential

street address. This resulted in a final sample of 1314 observations for the study.

3.8 Ethical Considerations

To obtain ethical clearance for this study the researcher first obtained a gatekeepers  from the

Chief  Technology  Officer,  Mr  Grant  Elliot,  granting  permission  for  the  use  of  Private

Property (Pty) Ltd's data. Once the gatekeepers letter was received the research proposal was

submitted to the University of KwaZulu-Natal Ethical Committee for approval of the study.

Both the gatekeepers letter form Private Property (Pty) Ltd and the approval letter from the

Ethical Committee  can be found in the appendix of this research report.

3.9 Statistical Modelling Framework

All statistical modelling and analysis was performed in the open source statistical programme

R and the integrated development environment Rstudio. Furthermore, the development of the

software application was also built in Rstudio. R is a statistical programming language and

free software to use under the GNU General Public License (Peng, 2015). R has its roots in

the  the  old  S  language.  It  was  created  by  Ross  Ihaka  and  Robert  Gentleman  in  the

Department of Statistics at the University of Auckland and first made available to the public
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in 1993 (Peng, 2015). The researcher has endeavoured to learn the R programming language

in order to facilitate this study where all the analysis and modelling presented is from code

written by the researcher using R and the packages provided.

3.9.1 Identifying and Testing the Distribution of the Dependent Variable

Probability  distributions  serve  as  models  for  the  mechanisms  that  create  observed  data

(Greene,  1993).  Choosing  the  best  estimator  depends  on  the  statistical  properties  of  the

sample distribution, efficiency, unbiasedness and consistency. (Greene, 1993). Based on this

premise, identifying the correct distribution of the flat listing prices in the sample data will be

a fundamental feature of this study.

3.9.1.1 Log-Normal Distribution

A random variable x has a log-normal distribution if its probability density function is given

by:

                                  x(x)
=

1
σ x 2

exp
−( lnx−μ)

2

2σ
2  , 0<x<∞                                   (3.1)

Source: Kerns 2011, p.161.

where the two  parameters of interest are the mean μ and the standard deviation σ which

are reported on the log scale. Evident from the log-normal probability density function is that

the log-normal distribution extends for positive continuous variables  greater than zero. In

order to determine if a distribution is normally distributed statistical tests can be utilised. The

Jarque-Bera Test for normality is an asymptotic test that uses higher order moments where

under the null hypothesis, the data is normally distributed (Gujarati, 2005; DeBenedictis and

Giles, 1998). This test was utilised to determine whether the dependent variable was log-

normally distributed.

3.9.1.2 Gamma Distribution

A random variable x has a gamma distribution if its probability density function is given by:
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                                                   x(x)
= λ

(α)

Γ(α)
xα−1 eλ x , x>0                                              (3.2)

Source: Kerns 2011, p.158.

where the two  parameters of interest  are the shape α and the rate λ . Evident from the

gamma  probability  density  function  is  that gamma  distribution  extends  for  positive

continuous variables  greater than zero. 

Villaseñor and Gonzalez-Estrada (2014) devised a new goodness-of-fit test for the gamma

distribution based on the ratio of two variance estimators, namely the ratio of the sample

variance  and the  moment  estimator.  A Monte  Carlo  simulation  provided evidence  of  the

efficiency of the goodness-of-fit test. The Villasenor and Gonzalez-Estrada test was applied

in this study to determine whether a gamma distribution was appropriate for the dependent

variable.

3.9.2 Correlation Analysis

The Pearson coefficient of correlation measures the strength and existence of a relationship

between two variables   and is  defined as  the covariance  of  the variables  divided by the

standard deviations of the variables (Keller, 2012). The Pearson coefficient of correlation is

presented as:

                                 r=

n∑
i=1

n

x i y i−(∑
i=1

n

x i)(∑
i=1

n

y i)

√n∑
i=1

n

xi
2
−(∑i=1

n

xi)
2

√n∑
i=1

n

y i
2
−(∑i=1

n

y i)
2

                                      (3.3)

Source: Egghe and Leydesdorff, 2009, p.6

The Pearson coefficient of correlation was used to measure the relationship between the set of

independent variables and the dependent variable.  Independent variables that are strongly

correlated with the dependent variable might be good predictors in the model.
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3.9.3 Model Selection and Assumptions

Two models were developed in this study namely, an ordinary least squares model based on a

log-normal distribution and generalised linear model based on the gamma distribution and log

link function.  The ordinary least squares model was developed in order to make relevant

comparisons to the existing literature presented in Chapter Two and the generalised linear

model was developed as an alternative, novel model in which the research hypotheses were

tested.

3.9.3.1 Ordinary Least Squares

Ordinary least squares is a popular parametric method employed to estimate the parameters

of a multiple regression model (Wooldridge, 2010). The ordinary least squares method aims

to express the dependent variable as a linear function of the independent variables while

minimizing the sum of squared deviations of the dependent variable from the estimates of the

true  mean responses  produced by the  model  (Rawlings,  Pantula  and Dickey,  1998).  The

ordinary least squares can be expressed as a linear function:

            

                                     ŷ i=b̂0+b̂1 x1+b̂2 x2+...b̂ nx+ε                                                   (3.4)

Source: Rawlings, Pantula and Dickey, 1998, p.2.

b̂ 0 is the intercept and each b̂1 ,b̂2 , ... b̂ n are the respective slope coefficients or rates of

change in ŷ i per unit change in x (Keller, 2012). Each of the slope coefficients are partial

derivatives of ŷ i with respect to the applicable variable which they multiply. 

Ordinary least squares assumes the random error to have a zero mean, common variance  and

to be independent  and identically distributed (Rawlings,  Pantula and Dickey,  1998).  This

assumption applies to the stochastic part of the model namely, the random error, however, this

implicitly means that these assumptions apply to the dependent variable and can be expressed

mathematically as:
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)                                                         (3.5)

Source:  Rawlings, Pantula and Dickey, 1998, p3.

After  estimating  the  ordinary  least  squares  model  coefficients,  the  significance  of  the

independent  variables need to be assessed with regards to predicting the dependent variable.

P-values establish whether the coefficients obtained in the model are statistically significant

and not arrived at by pure chance. P-values are a consistency measure of whether the results

obtained in a trial are attributable to pure chance (Thisted, 2010). The p-value of a test is the

probability of observing a test statistic at least as extreme as the one computed given that the

null hypothesis is true. P-values smaller than the level of significance are evidence against the

null hypothesis (Demortier, 2007). The level of significance used in this study for all two

tailed hypothesis tests is 0.05.

The  coefficient  of  determination,  also  known  and  the  R-squared  diagnostic,  shows  the

amount  of  variation  in  the  dependent  variable  that  is  explained  by  the  variation  in  the

independent variables. Generally the higher the R-squared the better the model fits the data

(Keller, 2012). The R-squared can be represented as: 

                                            R2
=

Σ(Υ̂i−Ῡ i)
2

Σ(Υi−Ῡ i)
2 =

EES
TSS

                                                        (3.6)

Source: Gujarati, 2005, p.176.

where ESS is the explained sum of squares and TSS is the total sum of squares. This metric

was used to assess the ordinary least squares explanatory power.

Different types of tests exist to determine whether the assumptions of a model have been met

namely, formal or informal tests. Formal tests involve statistical hypothesis tests and informal

tests involve examining plots to determine model fit (Carruthers,  et al., 2008). Both informal

and formal tests were used in this research, where informal tests were supplemented with

formal tests.
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Residual analysis is paramount to assess how the model fits the data (Muchabaiwa, 2013). In

ordinary least squares the assumptions of homoscedasticity, or equal variance of the response

residuals, is satisfied if a random scattering of the residual points around the zero horizontal

line in a residual plot against  the fitted values is  present (Rawlings,  Pantula and Dickey,

1998). This is illustrated in Figure 3.2 below.

Figure 3.2:  Residual Plot Against the Fitted Values

Source:  Rawlings, Pantula and Dickey, 1998, p.347.

The first step to test the assumption of homoscedasticity in an ordinary least squares model is

to perform a visual inspection of the the residual plots, if evidence of heteroscedasticity is

present  the  Breusch-Pagan  test  can  be  performed  to  detect  any  linear  form  of

heteroscedasticity. The Breusch-Pagan test, tests the null hypothesis that the response residual

variances are equal or homoscedastic (Williams, 2012). However, the Breusch-Pagan test is

sensitive to the normality of residuals and can lead to a type one error (the incorrect rejection

of the true null hypothesis) (Coenders and Saez, 2000). The scale location plot can also be

used for detecting monotone spread or heteroscedasticity (Hinkins, Mulrow and Scheuren,

2009).   The  Normal  Q-Q plot  is  an  informal  visual  plot  that  can  be  used  to  assess  the

normality of response residuals (Hinkins, Mulrow and Scheuren, 2009). Cooks distance, an

informal  visual  plot,  is  a  way of  observing  influential  observations  in  an  ordinary  least

squares model and can be useful in detecting outliers (Williams, 2012).
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The Ramsey's  Regression Specification Error  Test  (RESET) can  be employed to  test  the

functional form of an ordinary least  squares model where the unknown non-zero random

error is approximated, showing the degree of the model misspecification by using a function

of the conditional mean of the model (DeBenedictis and Giles, 1998).

Model selection between a set of candidate ordinary least squares models  can be achieved by

a host of tests. The Akaike Information Criterion (AIC) has been proposed to compare two or

more models (Greene, 1993) which is based on the asymptotic maximum likelihood estimator

where  the  model  with  the  lowest  AIC  is  preferred  as  it  penalizes  for  over  fitting

(Muchabaiwa, 2013). The AIC is given by: 

                                                      −2L(β)+2( p)                                                           (3.7)

Source:  Muchabaiwa, 2013, p.30, 2013

where L is the log-likelihood of the model and p is the number of parameters in the model

plus 1 (Muchabaiwa, 2013).

The Wald test can be used to assess the significance of individual coefficients in the model

(Muchabaiwa, 2013). The Wald test is given by:

                                                      W =
β̂i

SE (β̂) '
                                                                (3.8)

Source: Muchabaiwa, 2013, p.31, 2013

where β̂i is the estimated coefficient of the respective independent variable and SE is the

respective standard error (Muchabaiwa, 2013).

3.9.3.2 Generalised Linear Model using a Gamma Distribution and Log Link Function

Generalised  linear  models  use  the  iterative  weighted  least  squares  algorithm  to  obtain

maximum  likelihood  estimates  of  the  parameters  for  observations  that  belong  to  an

exponential distribution family where the systematic effects can me made linear through a
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link function which is a type of transformation (Nelder and Wedderburn, 1972). Generalised

linear models comprise of three components namely, a random or stochastic component, a

systematic component and a link function (Nelder and Wedderburn, 1972). The notation of

the generalised linear model is expressed as:

                                                      ηi=g i(μi)=x i
T
β                                                          (3.9)

Source:  Lindsey, 1997, p.18.

where the link function g ( .) relates the conditional  mean to the covariates or systematic

component denoted by x i
T
β (Jones, 2010) and  ηi is the linear predictor (McCullagh and

Nelder 1989). Generalized linear models provide a consistent way of linking together the

systematic elements in a model with the stochastic elements  (Nelder and Wedderburn, 1972).

The difference between the generalised linear model using a log link function and ordinary

least  squares  using  the  natural  logarithm  transformation  on  the  dependent  variable  is

presented below:

                                                    ln( E( y│x ))=xβ                                                       (3.10a) 

                                                    E (ln ( y)│ x)=xβ                                                       (3.10b)

Source: Glick, 2008, p.5

3.10a is the generalised linear model with the log link function and 3.10b is the ordinary least

squares model with a  natural logarithm transformation on the dependent variable. Clearly

illustrated is the circumvention of the issue of back transformation from the log scale to the

original scale with the use of the generalised linear model and the log link function as the

dependent  variable  is  kept  in  its  original  unit  using  the  generalised  linear  model  (Glick,

2008).

Literature  presents  disparate  views abut  the  assumptions  of  parametric  generalised  linear

models (Carruthers et al., 2008).  Carruthers et al (2008) assert that similar to ordinary least

squares  the assumption of homogeneity of residuals is  a key assumption with the use of
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generalised linear models, except those used for binomial and beta-binomal distributions. A

primary reason for using generalised linear models over ordinary least squares is to correctly

account  for  the  error  structure  and  through  the  appropriate  link  function,  the  deviance

residuals should be homogeneous (Murphy, Michael and Brockman, 2000). However, Glick

(2008) states that generalised linear models do not require the normality or homoscedasticity

assumptions to be met. McCullagh and Nelder (1989) present the view that in order to assess

the goodness  of  fit  of  a  generalised linear  model,  an  understanding of  how the  variance

depends on the mean is required. McCullagh and Nelder (1989) assert that the standardized

deviance residuals plotted against the fitted values provides a measure to test whether the

assumption  of  constant  coefficient  of  variation  is  met  which  is  required  under  a  gamma

distribution. They suggest that if the variance function is indeed quadratic, the plot should

resemble a normal theory residual plot. Nelder and Wedderburn (1972) state that through  the

appropriate  link  function,  linearity  of  the  systematic  component  and  the  desired  error

distribution can be achieved.  Generalised linear  models require an extended definition of

residuals for distributions other than normal, therefore deviance residuals are preferred for

model diagnostics (McCullagh and Nelder, 1989). 

Specification tests have been developed for linear models including ordinary least squares

such as the Ramseys RESET test, however, this test is not appropriate in its original form for

generalised linear models (Sapra, 2005). When the observed variance from the data is larger

than the  variance  accounted  for  in  a  generalised  linear  model,  over-dispersion  is  present

(Muller, 2012). Over-dispersion may arise due to a lack of independence in the data or due to

misspecification of the model (Muller,  2012).  Testing for over-dispersion is  applicable to

generalised linear models and can be detected when the residual deviance is greater than the

residual  degrees  of  freedom or  formally  stated,  if  the  ratio  of  deviance  and  degrees  of

freedom is greater than 1 (Carruthers, et al., 2008).

3.10 Validation and Reliability of Results

3.10.1 Heteroscedasticity 

In the presence of heteroscedasticity White (1980) has formulated a covariance estimator

which is consistent, providing correct asymptotic results for linear hypothesis tests for linear
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models. This has been named the heteroscedasticity consistent covariance matrix, denoted

HC0 (Long and Ervin, 2000). The  HC0 estimator is presented as:

         HC0=( X ' X )
−1 X ' Φ̂ X ( X ' X )

−1
=( X ' X )

1 X ' diag εi
2
 X ( X ' X )

−1                 (3.11)

Source:  Long and Ervin, 2000, p.5.

Where Σ=( X ' X )
−1 X ' Φ̂ X ( X ' X )

−1 is  the  covariance  matrix  for  the  regression

coefficients and Φ̂=diag εi
2
  is a diagonal matrix with the residuals on the diagonal and all

off diagonal entries equal to zero. The ith  squared residual is placed into the ith diagonal

of  Φ̂ (Dawson, Redden and Beasley, 2015). This technique was employed to mitigate the

presence of heteroscedasticity based on the results of informal and formal tests.

3.10.2 Spatial Autocorrelation

The  presence  of  spatial  autocorrelation  in  the  residuals  of  a  statistical  model  has  the

propensity  to  increase  type  one  errors  for  parameter  estimates,  falsely rejecting  the  null

hypothesis  of  no  effect  (Dormann  et  al.,  2007). Constructing  a  spatial  autocorrelation

function can be achieved with a Mantel test which produces a standardized Mantel statistic

similar  to  the  Pearson  correlation  coefficient,  however,  distance  formulas  other  than

Euclidean can be used (Borcard and Legendre, 2012). The Mantel test is formulated as:

                                                     Zm=∑
i=1

n

∑
i=1

n

g ij×d ij                                                      (3.12)

Source: Diniz-Filho et al., 2013, p.476.

Where g ij and d ij are  the  respective  variable  and  geographic  distances  between  the

distributions i and j and where Zm is the sum of products of distances which is compared

to a null distribution (Diniz-Filho et al., 2013). This technique was used to formally test for

the presence of spatial autocorrelation.
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3.10.3 Multi-collinearity

Multi-collinearity has the potential to produce parameter estimates of the incorrect sign and

magnitude by increasing parameter variance (O'brien, 2007). The variance inflation factor is a

suitable measure for detecting the effects of multi-collinearity where a value greater than 10

is  indicative of  multi-collinearity (Kennedy,  1985).  By testing for  the  presence of  multi-

collinearity,  correct model specification and results can be obtained which was a primary

initiative of all the modelling done in this study. Principal components regression and ridge

regression  are  models  for  coping  with  multi-collinearity,  however,  the  variance  inflation

factor  provides  a  popular  method  for  the  measurement  thereof  (Williams,  Grajales  and

Kurkiewics, 2013). The variance inflation factor is calculated as:

                                                   VIF=
1

r23
2

                                                                      (3.13)

Source: Gujarati, 2005, p.328

where as r 23
2  tends towards 1, the VIF approaches infinity. This means that the variance of

an estimator increases as the extent of collinearity increases and a score of 1 indicates no

multi-collinearity between X2  and X3  (Gujarati, 2005).

3.10.4 Bootstrapping

Bootstrapping is used to ascertain a description of the sampling distribution of an estimator

using the sample data (Greene,  1993). Bootstrapping accounts for variance in the parameters

estimated by drawing a large amount of repeated samples. This technique was used as general

tool for assessing statistical accuracy in this study. The notation for bootstrapping is:

                                                      T̄ *=Ê *(T *)=

∑
b=1

R

T b
*

R
                                                  (3.14)

 

Source: Fox and Weisberg, 2010, p.2                                             
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where T̄ * is the estimator or averaged bootstrapped estimate derived by
∑
b=1

R

T b
*

R
where R is

the number of bootstraps applied (Fox and Weisberg, 2010). 

3.11  Comparison  of  Ordinary  Least  Squares  and  Generalised  Linear  Model  Fitted

Values

To determine the accuracy of each model, the Root Squared Mean Error (RMSE) of the fitted

values  from each  model  is  compared  against  the  the  observed  values.  The  RMSE  is  a

statistical measure of the dispersement that compares the closeness of model outcomes to

observed outcomes where a lower RSME indicates greater accuracy (Vastrad, 2013).

In order to illustrate how closely the fitted values of the ordinary least squares model and

generalised linear model approximate the observed values in the data, a comparison is made

by random sampling where a subset of the data is randomly selected and a comparison of the

different model results is made against the observed prices in the data.

3.12 Confidence Intervals

The true estimate or population estimate is likely to differ from the estimate obtained in a

model due to sampling fluctuations. However, in repeated sampling of a model, the mean

obtained is likely to more closely approximate the true mean of the population of interest

(Gujarati,  2005). Confidence intervals typically create an interval around a point estimate

using  a  level  of  significance  which  effectively  means  that  the  probability  of  the  true

population parameter falls within the interval given a certain level of significance (Gujarati,

2005).

In simple regression confidence intervals are presented as:

                                                ŷ±tα/2,n−2se√1+
1
n
+

(x g− x̄ )
2

(n−1) s2                                    (3.15)

Source: Keller, 2012, p.642
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This equation can be extended for multiple regression where there are multiple coefficients

and standard errors. To obtain a 95% confidence interval with a 5% margin of error for a

population of 1 000 000, a sample size of 384 observations is required as illustrated in Table

3.3 below (The Research Advisor’s, 2006). Without knowing the exact population size for

this study a large estimate was taken to err on the side of caution. The sample size in this

study was 1314 observations therefore the threshold is more than adequate.

Table 3.3: Required Sample Size

Confidence = 95%

Margin of Error

Population Size 5%       3.5%       2.5%       1%

         50000

         75000

       100,000

       250,000

       500,000

    1,000,000

    2,500,000

  10, 000,000

100,000,000

300,000,000

381      772         1491       8056

382      776         1506       8514

383      778         1513       8762

384      782         1527       9248

384      783         1532       9423

384      783         1534       9512

384      784         1536       9567

384      784         1536       9594

384      784         1537       9603

384      784         1537       9603

Source: Adapted from The Research Advisor’s, 2006.

Many populations, and samples drawn from such populations, are not normally distributed,

however, regardless of the shape of underlying distribution, the Central Limit Theorem states

that the sampling distribution of a random variable with a well defined expected value and

finite  standard  deviation  approaches  normal  asymptomatically  (Kerns,  2011).  Confidence

intervals were produced for the software application in order to provide statistical inferences

for the point estimates derived from the final model. 
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3.13 Conclusion 

This  chapter  presented  the  research  process  and  introduced  the  sample  along  with  the

statistical procedures involved in the research methodology. Understanding the distribution of

a sample is paramount in building an effective model that describes the data well.  When

building parametric statistical models to explain data, various assumptions need to be met in

order to satisfy the correctness of the model. Informal methods and formal tests provide ways

to determine the validity of these assumptions. Incorporating techniques to adjust for model

misspecification is important and where available, these should be leveraged such as in the

case of Whites HCCM. Validating a model though bootstrapping provides a robust measure

of accuracy. The subsequent chapter presents the detailed results of the research.
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CHAPTER FOUR

Presentation and Discussion of Results

4.1 Introduction

The type of research and the data used in this study was presented  in the previous chapter

along with the data cleaning processes employed. Various statistical  techniques were also

introduced which are implemented in this chapter through a series of models and hypothesis

tests using the programming language R. A discussion of key findings of the results ensues

which contextualises the relevant literature discussed in Chapter Two. 

4.2 Descriptive Statistics

The descriptive statistics of the data are shown in Table 4.1 where the spread and measures of

central tendency are presented

Table 4.1 Tabular Descriptive Statistics of the Data

From Table 4.1 it is discernible that the lowest price flat in the sample is R 120 000 and

highest price flat is R 30 000 000. The mean flat price in the sample is R 2 409 668 and the

median is R 169 5000, clearly indicating the listing price distribution for flats is not normally

distributed. The suburb column is a categorical data type therefore the only meaningful row is

the maximum row which indicates that there are a total of 36 suburbs within the three sub-

markets in the sample.

Previously it was stated that the sample of flat prices is not normally distributed, this can be

clearly illustrated with the use of a histogram. Figure 4.1 shows the histogram of flat prices
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from the sample with an overlay of three measures of central tendency namely, the arithmetic

mean, geometric mean and median.

Figure 4.1: Histogram of Flat Prices

4.3 Determining the Appropriate Distribution of Flat Listing Prices

Determining the appropriate distribution of listing prices for flats in the sample data will

facilitate the correct model selection.

4.3.1 Log-Normal Distribution

To  determine  whether  the  listing  prices  for  flats  in  the  sample  follow  a  log-normal

distribution the natural logarithm is applied.  Figure 4.2  presents the histogram for the flat

prices on the log scale where the kernel estimator, a non-parametric technique to estimate the

probability density function, is computed and displayed  along with the arithmetic mean and

median.
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Figure 4.2: Histogram of Flat Prices with the Natural Logarithm Applied

In Figure 4.2 the flat prices appear almost log-normal, however, histogram is bi-modal and

the arithmetic mean and median are not exactly equal.

To formally test whether the flat prices follow a log-normal distribution the Jarque-Bera test

of normality is computed. Table 4.2 presents the results of the Jarque-Bera test for normality

Table 4.2: Jarque-Bera Test of Normality Results
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The  asymptomatic  p-value  of  the  Jarque-Bera  Test  for  normality  is  0.0001379  which

indicates the null hypothesis of normality is rejected.  Therefore, according to this test, the

flat prices do not follow a normal distribution even after the log-transform is applied. The

assumption that the dependent variable is normally distributed is an important assumption of

ordinary least squares (Rawlings, Pantula and Dickey, 1998). 

Similar to the study on expenditure by Battese and Ponyhandy (1981), the results  of this

research finds that the assumption of normality is invalid. This leads to the rejection of the

log-normal hypothesis  and hence the need to investigate an alternative distribution, namely

the gamma distribution.

4.3.2 Gamma Distribution

The  gamma  distribution  is  characterised  as  non-normal  and  is  suitable  for  non-negative

continuous data. The listing prices for flats in the sample data meets this description with

Figure  4.3  illustrating  the  kernel  density  estimator  and  cumulative  density  function

respectively.

Figure 4.3: Kernel Density Estimator and Empirical Density Function of Flat Prices

The moment generating function facilitates the accurate identification of a distribution and

computes  the  respective  moments  (Kerns,  2011).  In  order  to  ascertain  whether  the

distribution  of  the  listing  prices  is  indeed  gamma  the  shape  and  rate  parameters  are
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determined using the matching moments method in the fitdistrplus package in R . Table 4.3

shows the computed moments, namely the shape and rate parameters for the listing price

distribution of flats. 

Table 4.3: Shape and Rate Parameters for Flat Price Distribution

To test the first hypothesis of this study, that the flat prices follow a gamma distribution,  the

Villasenor and Gonzalez-Estrada (2014) test is applied using the shape and rate parameters

obtained  from the  matching  moments  function.  Table  4.4  shows  the  results  of  the  first

hypothesis of this study.

Table 4.4:  Villasenor and Gonzalez-Estrada Test for a Gamma Distribution

The  p-value  is  0.3857  indicating  that  there  is  sufficient  evidence  not  to  reject  the  null

hypothesis that the flat prices follow a gamma distribution.

Notably,  no  previous  studies  discussed  in  the  literature  review  sought  to  determine  the

underlying distribution of property prices through informal or formal tests but rather assumed

a log-normal distribution where  Day (2003);  Els and Von Fintel (2010); Bourassa, Cantoni

and Hoesli (2010); Dodds (2011) all applied the natural logarithm to the dependent variable

in  order  to  derive  the  hedonic  price  function  using  ordinary least  squares.  This  research

makes a similar assumption. Flat prices are asymptotically log-normally distributed, in order

to  produce a comparative log-normal ordinary least squares model. However, there is strong

evidence that the distribution of flat listing prices in this study follows a gamma distribution.
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Therefore, the second model, a generalised linear model, will model flat prices according to a

gamma distribution.

4.4 Correlation Analysis

4.4.1 Correlation Matrix

The correlation between the numeric covariates (independent variables) in the sample can be

presented in a tabular or graphical format using a correlation matrix. Table 4.5 tabulates the

correlation matrix illustrating the magnitude of correlation between the numeric covariates.

Table 4.5: Tabular Correlation Matrix

The correlation matrix indicates that the number of bedrooms and bathrooms is moderately to

highly correlated with the dependent variable price which is similar to the results of Dodds

(2011), however, the size of the property is the highest correlated independent variable with

price.

Figure 4.4 presents the pairwise correlation matrix illustrating the magnitude of correlation

between the variables graphically. The visual positive correlation between price and the size,

number of bedrooms and number of bathrooms variables are evident through this plot.
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Figure 4.4: Pairwise Correlation Matrix Plot

4.4.2 Variance Inflation Factor

The Variance Inflation Factor (VIF) was computed using the usdm package in R in order to

test for the presence of multi-collinearity in the independent variables which will adversely

affect all the subsequent results for both the ordinary least squares model and the generalised

linear model. The VIF results are presented in Table 4.6.

Table 4.6: Variance Inflation Factor Results
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Evident  from the  VIF  results  is  that  there  was  no  multi-collinearity  between  the  set  of

independent variables used in this study.

No multi-collinearity tests  were presented in  the previous  studies therefore a  comparison

cannot be made. However, Tan (2011) used stepwise regression to mitigate the effects of

multi-collinearity producing a parsimonious model. 

4.5 Ordinary Least Squares Model Based on the Log-normal Distribution

4.5.1 Ordinary Least Squares Model without A Dummy Location Variable

The first approach to derive the hedonic price function for flats in the sub-markets of the

study was to develop an ordinary least squares model without taking the dummy locational

variable, suburb, into account. The natural logarithm was applied to the price variable. This

model is named OLS_1A , Table 4.7 presents the results thereof.

Table 4.7: OLS_1A Model Output

All the coefficients are statistically significant with the variation in the set of independent

variables explaining 71.63% of the variation in price as indicated by the adjusted R-squared. 
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Interpreting the coefficients of the OLS_1A model:

• A one  unit  increase  in  squared  meters  or  size  of  a  flat  increases  the  price  by

approximately 0.18%.

• A one  unit  increase  in  the  number  of  bathrooms  of  a  flat  increases  the  price  by

approximately 44.45%.

• A one  unit  increase  in  the  number  of  bedrooms  of  a  flat  increases  the  price  by

approximately 29.68%.

To informally determine whether OLS_1A violates any of the parametric axioms, a plot of

the residuals versus fitted values and normal Q-Q plot is and examined in Figure 4.5

Figure 4.5: OLS_1A  Diagnostic Plots

Evident from the residuals versus fitted values plot in Figure 4.4 is that the OLS_1A model

suffers  from  heteroscedasticity,  however  the  Q-Q  plot  indicates  that  the  residuals  are

approximately normally distributed.
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The Breusch-Pagan test is performed to formally determine if the OLS_1A model suffers

from heteroscedasticity, Table 4.8 presents the results thereof.

Table 4.8: OLS_1A Breusch-Pagan Test 

The  p-value  obtained  from the  Breucsh-Pagan  test  indicates  that  the  null  hypothesis  of

homoscedasticity is rejected.

A second attempt of the first ordinary least squares model is presented in Table 4.9 where the

natural logarithm is applied to the size variable to mitigate the presence of heteroscedasticity.

This model is named  OLS_1B and presented in Table 4.9.

Table 4.9: OLS_1B Model Output

All the coefficients are still statistically significant and interesting the adjusted R-squared has

increased  to  75.48% by transforming  the  size  variable  using  the  natural  logarithm.  Day
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(2003) also applied the natural logarithm to the property size variable in his study where he

reportedly obtained satisfactory results.

Interpreting the coefficients of the OLS_1B model:

• A 1%  increase in squared meters or size of a flat increases the price by approximately

0.72%.

• A one  unit  increase  in  the  number  of  bathrooms  of  a  flat  increases  the  price  by

approximately 35.28%.

• A one  unit  increase  in  the  number  of  bedrooms  of  a  flat  increases  the  price  by

approximately 9.87%.

Figure 4.6 depicts the degree of heteroscedasticity has been reduced by log-transforming the

size variable. The Q-Q plot indicates the residuals are approximately normally distributed and

the log-transform of size has improved the normality. The residual versus leverage plot or

cooks distance indicates that several observations are influential and upon investigation do

appear to be outliers.

Figure 4.6: OLS_1B  Diagnostic Plots
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The Breusch-Pagan test is performed to formally determine if OLS_1B model suffers from

heteroscedasticity, Table 4.10 presents the results thereof.

Table 4.10: OLS_1B Breusch-Pagan Test

The results of the Breusch-Pagan test indicate that the null hypothesis of homoscedasticity is

rejected, however, there is evidence that taking the natural of the variable size reduced the

effect  of   heteroscedasticity  as  illustrated  by  the  residual  plots.  Dodds  (2011)  reported

heteroscedatsic errors in the ordinary least squares model of his study which may have been

reduced if the natural logarithm was applied to the size variable in his study as experienced in

this study and others.

Next the Ramsey RESET test is computed to determine whether the functional form of  the

OLS_1B model is misspecified. The results of the Ramsey RESET test are presented in Table

4.11.

Table 4.11: OLS_1B Ramsey RESET Test

The p-value is very low indicating that OLS_1B model is not correctly specified, formally the

null hypothesis of correct model specification is rejected.

One method to determine whether this model, OLS_1B, exhibits spatial autocorrelation is to

use an informal test which examines a plot of the residuals on the latitude and longitude co
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ordinates.  Should  clear  clustering  appear,  it  indicates  that  the  residuals  are  spatially

correlated. Figure 4.7 presents a spatial residual plot of the OLS_1B model.

Figure 4.7: OLS_1B  Spatial Residual Plot

Figure 4.6 clearly illustrates clustering of the residuals in certain areas on the plot which may

mean spatial autocorrelation is a problem with this model.

In  order  to  formally  test  for  the  presence  of  spatial  autocorrelation  the  Mantel  test  is

computed. First the distances between the flats are computed in kilometres and saved as a

distance matrix based on the spherical shape of the earth using an algorithm from the fossil

package in R.  The distance matrix is then passed to the Mantel test function along with a

matrix of the residuals from the OLS_1B model using the vegan package in R. The Mantel

test then tests the null hypothesis that there is no relationship between the residuals and the

distance matrix, providing a test of spatial autocorrelation. The results of the Mantel test are

presented in Table 4.12.
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Table 4.12: OLS_1B Mantel Test for Spatial Autocorrelation

The results  in  Table  4.12 show that  the  correlation  between the  distance  matrix  and the

residual matrix is 0.02495 and the significance which is the p-value in this case is 0.001,

indicating the rejection of the null hypothesis of no spatial autocorrelation.

4.5.2 Ordinary Least Squares Model Including Dummy Location Variable

In order to determine if the suburb locational dummy variable is statistically significant and

reduces the presence of spatial autocorrelation a second ordinary least squares model is built

named OLS_2.  Again the the natural logarithm was applied to the price variable and the

natural  logarithm was also applied to the size variable as it  proved effective in  reducing

heteroscedasticity in the OLS_1B model. Table 4.13 presents the results of the OLS_2 model.
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Table 4.13: OLS_2 Model Output

The  OLS_2  model  output  indicates  that  all  the  coefficients  are  statistically  significant

including  all  the  suburbs  or  levels  of  the  dummy locational  variable.  Furthermore,  the

adjusted R squared has increased to 90.35% with the inclusion of the suburb dummy variable

which is consistent with the findings of Bourassa, Cantoni and Hoesli (2010). 
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Interpreting the coefficients of the OLS_2 model:

• A 1%   in  increase  in  squared  meters  or  size  of  flats  increases  the  price  by

approximately 0.72%.

• A one  unit  increase  in  the  number  of  bathrooms  of  a  flat  increases  the  price  by

approximately 18.78%.

• A one  unit  increase  in  the  number  of  bedrooms  of  a  flat  increases  the  price  by

approximately 4.7%.

• Each suburb coefficient is the percentage difference between the reference suburb.

Interesting the sign for all the coefficients is as expected based on a priori expectations unlike

what was experienced in the study of Dodds (2011). The number of bedrooms is statistically

significant which was not the case in the study of  Els and Von Fintel, (2010).  The OLS_2

model results show that there are 35 suburb coefficients, yet there are a total of 36 in the

sample data. This is because one of the suburbs is withheld from the model output which all

the other suburbs (levels) are compared to. The suburb that has been withheld is Albert Park,

a suburb in Durban Central. Interpreting the suburb coefficients presented in the results of

model  the  will  always  be in  comparison with the Albert  Park suburb.  For  example  flats

located in the suburb of Berea are 205% (100*exp(0.72421)-1) more expensive than flats

located in Albert Park.

Figure 4.8 presents the diagnostic plots of the OLS_2 model. It is evident that the  presence

of heteroscedasticity has decreased and the residuals appear homoscedastic.  However, the

residuals seem to be less normally distributed than before where a deviation from normality is

pronounced at the top and lower quantiles. 
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Figure 4.8: OLS_2  Diagnostic Plots

The Breusch-Pagan test is performed to formally determine if the OLS_2 model suffers from

heteroscedasticity, Table 4.14 presents the results thereof.

Table 4.14: OLS_2 Breusch-Pagan Test

The results of the Breusch-Pagan test indicate that the null hypothesis of homoscedasticity is

rejected with the p-value lower than the OLS_1B model, however, the Breusch-Pagan test is

sensitive to normality of residuals which may have had an effect on this result. Evident from

the Q-Q plot in Figure 4.7 is a deviation from normality which is manifesting in this test.

In order to mitigate any effects of heteroscedasticity the Whites (1980) heteroscedasticity

consistent covariance matrix can be employed. In the presence of heteroscedasticity Whites
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(1980) asymptotic covariance matrix estimator can provide consistent  results. Using Whites

(1980) HCCM will provide insight into whether the coefficients in the OLS_2  model are

indeed significant. The HCCM is run in R using the lmtest package. The results are presented

in Table 4.15.

Table 4.15:  OLS_2 HCCM

The HCCM results  show that  all  the  coefficients  have  remained  unchanged  which  is  as

expected. Furthermore, all the coefficients are still statistically significant.

As  asserted  by  White  (1980)  and  Long  and  Ervin  (2000),  if  a  model  fails  tests  for

homoscedasticity the HCCM produces consistent results. 
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The Ramsey RESET test is computed to determine whether the functional from of OLS_2 is

misspecified. The results of the Ramsey RESET test are presented in Table 4.16.

Table 4.16: OLS_2 Ramsey RESET Test

The p-value is above 0.05 indicating that the OLS_2 model is correctly specified. The null

hypothesis of correct model specification is not rejected.

The  addition  of  the  suburb  dummy  locational  variable  facilitated  the  correct  model

specification which is congruent to the results of the Els and Von Fintel, (2010) .

The spatial residual plot is presented in Figure 4.9 where it is evident that the inclusion of the

dummy locational variable has reduced the clustering of the residual thereby mitigating the

effects of spatial autocorrelation.
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Figure: 4.9 OLS_2  Spatial Residual Plot

The  results  of  the  Mantel  test  are  presented  in  Table  4.17.  The  correlation  between  the

distance matrix and the residual matrix is -0.02711 and the significance (p-value) of 1 means

there is sufficient evidence not to reject the null hypothesis of no spatial autocorrelation.

Table 4.17: OLS_2 Mantel Test for Spatial Autocorrelation

The use of the Mantel test to detect the presence of spatial autocorrelation in this study is

consistent with the assertion of  Borcard and Legendre (2012) and Diniz-Filho  et al., 2013,

where the test adequately detects spatial autocorrelation augmented by the use of the spatial

residual plots.
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The results of adding the suburb locational dummy variable to mitigate the effects of spatial

autocorrelation is consistent with the findings of  Bourassa, Cantoni and Hoesli (2010) and

Els and Von Fintel (2010). 

4.5.3 Bootstrapping the Final Ordinary Least Squares Model

To test the reliability of the results, the OLS_2 model is bootstrapped. The bootstrapping

procedure involved taking 5000 samples with each sample using sampling with replacement

and deriving 5000 models. The bootstrapped results  are derived by taking the average of the

5000 models. The bootstrapped model significantly accounts for variance in the estimates of

parameters and can be used as a general tool for assessing statistical accuracy. The results are

presented in Table 4.18.

Table 4.18: Bootstrapped Ordinary Least Squares_2 Model
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The  results  indicate  that  bootstrapped  coefficients  are  similar  to  the  OLS_2  model

coefficients which is evident by comparing the column headed “original” with the column

headed “bootMed”. These results coincide with the views of  Carruthers,  et al  (2008) and

Hastie, Tibshirani and Friedman (2005) where the bootstrap methodology can be used as a

general tool for assessing statistical accuracy.

4.5.4 AIC and Wald Tests of the OLS_1B and OLS_2 Models

4.5.4.1 AIC

The AIC scores for the respective ordinary least squares models are presented in Table 4.19.

Table 4.19: Ordinary Least Squares AIC Scores

The AIC indicates that the OLS_2 model which includes the dummy variable is preferred as

it is lower.

4.5.4.2 Wald Test

The results from the Walt test are presented in Table 4.20.

Table 4.20: Ordinary Least Squares Walt Test
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The  Wald  test  indicates  that  the  dummy location  variable  is  statistically  significant  and

contributes to the OLS_2 model.

Evidently transforming the size variable using the natural logarithm and including the dummy

locational  variable  improved  the  overall  fit  of  the  model  and  removed  the  spatial

autocorrelation that was present. However, the price variable follows a gamma distribution

therefore a new model is built, namely, a generalised linear model using a gamma distribution

and log- link function.

4.6 Generalised Linear Model Based on the Gamma Distribution and Log-link Function

The second approach to derive the hedonic price function for flats in the three sub-markets of

the study was to develop a generalised linear model based on the gamma distribution and log-

link function. 

4.6.1 Generalised Linear Model Output and Hypotheses Results

Upon developing the generalised linear model based on the gamma distribution and log-link

function, the natural logarithm was applied to the size variable due to its effectiveness in the

OLS_2 model and the dummy locational variable, suburb, was included for this reason too.

Table 4.21 presents the results of the generalised linear model.
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Table 4.21:  Generalised Linear Model Output

Table 4.21 shows that all the coefficients are statistically significant including all the levels of

the dummy locational variable or suburbs. Moreover, the residual deviance is less than the
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residual degrees of freedom  indicating the model is not misspecified and that the saturated

model which includes all the coefficients is better than the null model which includes only the

intercept.

Interpreting the coefficients of the generalised linear model:

• A 1%  increase in squared meters or size of a flat increases the price by approximately

0.733%.

• A one  unit  increase  in  the  number  of  bathrooms  of  a  flat  increases  the  price  by

approximately 20.3%.

• A one  unit  increase  in  the  number  of  bedrooms  of  a  flat  increases  the  price  by

approximately 3.85%.

• Each suburb coefficient is the percentage difference between the reference suburb.

The generalised linear model results  also show that there are 35 suburb coefficients.  The

same suburb has been withheld as in the case of the  OLS_2 model.

The results are not dissimilar to the results obtained from the OLS_2 model which included

the suburb locational dummy variable. This is consistent with the assertion of Bromideh and

Valizadeh (2013) where they postulate that similarities exist between log-normal and gamma

exponential distributions in terms of fit on moderate data sizes.

The first  plot in  Figure 4.10 is  the jackknife deviance residuals against  the fitted values,

indicating homogeneous variance  and no curvilinear pattern of the deviance residuals. The

second plot is a Q-Q plot of the standardized deviance residuals indicating normality thereof.

The bottom two plots relate to cooks distance, indicating there are observations with high

leverage or influence,  however, upon inspection of these data points no clear outliers are

evident indicating that these point may have high degrees of leverage or influence on the

model.
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Figure 4.10: Generalised Linear Model Residual Plot

McCallullagh  and  Nelder  (1989)  assert  that  the  standardized  deviance  residuals  plotted

against the fitted values should resemble a normal theory residual plot. This is evident Figure

10 where the standardized residuals appear normal with no curvilinear pattern. Therefore the

based on the informal tests in Figure 10, the model appears correctly specified in terms of the

parametric assumptions.

This model rejects the following hypotheses of the study:

H0b: Floor  area  is  not  a  statistically  significant  independent  variable  to  measure

listing prices for flats that are located in sub-markets along the KwaZulu-Natal coast.

H0c: Number of bedrooms is not a statistically significant independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.
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H0d:  Number of bathrooms is not a statistically significant  independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H0e: A dummy  locational  variable  is  not  a  statistically  significant   independent

variable to measure listing prices for flats that are located in sub-markets along the

KwaZulu-Natal coast.

The spatial residual plot for the generalised linear model is presented in Figure 4.11 where it

is evident that clustering of the residuals is not pronounced.

Figure 4.11: Generalised Linear Model Spatial Residual Plot

The results of the Mantel test for the generalised linear model are presented in Table 4.23.

The correlation  between the  distance  matrix  and the  residual  matrix  is  -0.02411 and the

significance (p-value) is 1, providing sufficient evidence not to reject the null hypothesis of

no spatial autocorrelation.
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Table 4.23: Generalised Linear model Mantel Test for Spatial Autocorrelation

These results indicate that there is no presence of spatial autocorrelation which would affect

the standard errors and p-values of the model.

The bootstrapping technique used for the generalised linear model is similar to the ordinary

least squares where 5000 samples were used with each of the samples using sampling with

replacement  and  the  average  of  the  5000  models  computed  was  taken.  The  results  are

presented in Table 4.24.

4.6.2 Bootstrapping the Generalised Linear Model

The results indicate that bootstrapped coefficients are extremely similar to the generalised

linear model coefficients which is evident by comparing the column headed “original” with

the column headed “bootMed” in Table 4.24. Through simulating many random sampling

distributions  where  increased  variance  is  accounted  for  to  test  for  reliability  against  the

generalized linear models parametric assumptions, the results are consistent and represent an

accurate reflection of the data.
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Table 4.24: Bootstrapped generalised linear Model

4.7 Comparison and Testing of the Models

In order to assess and compare the accuracy of the ordinary least squares and generalised

linear models concurrently, the RMSE is computed by determining  the dispersement of the

fitted values for the ordinary least squares model and generalised linear model against the

observed values. The RMSE for each model is presented in table Table 4.25.

Table 4.25: Root Mean Squared Error Model Comparison 

The RMSE is computed on the original scale therefore the anti-log of the OLS_2 fitted values

were taken, in order to ensure a direct model comparison. Interestingly the RMSE is lower
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for the generalised linear model,  indicating the dispersion of the models fitted values are

lower, suggesting the generalised linear model is a better fit for the data.

To illustrate the accuracy of the two models, a random sample of 15 rows is generated where

each models fitted price values are compared to the observed price. Interestingly both models

produce similar fitted value estimates which is evident in Table 4.26. 

Table 4.26: Ordinary Least Squares and Generalised Linear Models Comparison

The first column in Table 4.26 is the row selected from the 1314 listed flats in the sample

dataset via random sampling. All estimates have been rounded. Notably the generalised linear

model consistently produces higher values than the ordinary least squares model because the

ordinary least squares produces geometric mean estimates whilst the generalised linear model

produces arithmetic mean estimates (Morgan et al., 2006; Baum, 2013). Although the results

are similar between the two models, the generalised linear model performs slightly better in

this randomly selected sample producing 8 closer estimates to the the observed prices.

4.8 Software Application

The  final  objective  of  this  study was  to  build  a  software  application  that  facilitates  the

estimation of listing prices for flats in KwaZulu-Natal coastal sub-markets given a set  of

structural and locational attributes. A software application was built using the shiny package

in R to render the results of the generalised linear model through a simple user interface. The
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generalised linear model was selected as the final model as all the hypotheses and parametric

axioms were met using this  technique.  The lack of model violations  as examined by the

diagnostic plots and the similarity of the bootstrapped standard errors warranted the use of the

generalised linear model for the software application. 

The software application calls the generalised linear model once a user has selected a set of

attributes. The generalised linear model then calculates the expected price or arithmetic mean

listing price and the confidence interval, rendering it on the user interface. Three examples of

the  software application are presented, one for a suburb within each sub-market using the

same input parameters to gauge price differences between flats in different suburbs within

different sub-markets. Note all figures are rounded to the nearest thousand.

The first example presented in Figure 4.12 details the average price for a flat in Morningside

within the Durban Central sub-market that is 115 square meters in size (floor area) with 2

bedrooms and 2 bathrooms. The confidence interval is also computed which provides the

statistical inference of the point estimate of a flat given the selected  attributes.
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Figure 4.12: Software Application Example 1

  

The point estimate for a flat in Morning that is 115 square meters in size (floor area) with 2

bedrooms and 2 bathrooms is R1 385 000. The lower and upper limits of the 95% confidence

interval are R1 293 000 and R1 484 000 respectively, which means that the true average

listing price for a flat with the user selected attributed falls within this range.

The second example presented in Figure 4.13 details the average price for a flat in Umhlanga

Rocks within the Umhlanga sub-market  that is 115 square meters in size (floor area) with 2

bedrooms and 2 bathrooms. The confidence interval is also computed.
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Figure 4.13: Software Application Example 2

The point estimate for a flat in Umhlanga Rocks that is 115 square meters in size (floor area)

with 2 bedrooms and 2 bathrooms is R3 744 000. The lower and upper limits of the 95%

confidence interval are R3 530 000 and R3 971 000 respectively, which means that the true

average listing price for a flat with the user selected attributed falls within this range. 

The third example details  presented in  Figure 4.14 details  the average price for a flat  in

Simbithi Ballito within the Ballito sub-market  that is 115 square meters in size (floor area)

with 2 bedrooms and 2 bathrooms. The confidence interval is also computed.

76



Figure 4.14: Software Application Example 3

The point estimate for a flat in Simbithi Ballito that is 115 square meters in size (floor area)

with 2 bedrooms and 2 bathrooms is R1 607 00. The lower and upper limits of the 95%

confidence interval are R1 479 000 and R1 745 000 respectively, which means that the true

average listing price for a flat with the user selected attributed falls within this range.

The input parameters are dynamic so the user can select the size of the flat, the number of

bedrooms, the number of bathrooms and the suburb which will all be within the range of the

independent variables used to build the model. This software application provides an easy

and accurate tool to understand the pricing dynamics of flats within the three sub-markets of

the study. This software tool has the propensity to add value to households wishing to sell

77



their flats where they can obtain an understanding of market pricing dynamics and obtain

listing price estimates. Furthermore, credit providers such as banks and mortgage originators

can use this tool to assess how a flat is priced relative to the market in order to determine the

fair market value of the asset. Real estate agencies could use this software application as a

tool to value new flats and determine listing prices that are congruent to the general market

consensus.

4.9 Conclusion

This chapter presented two separate hedonic models with the aim of deriving a hedonic price

function for flats  in  KwaZulu-Natal  coastal  sub-markets  and performed a rigorous set  of

statistical tests. 

The findings of this study were discussed within the context of previous studies introduced in

Chapter  Two  and  the  methodology  introduced  in  Chapter  Three.  Various  models  and

statistical tests were presented which  showed how each research objective had been met. 

The null hypothesis that the distribution of listing prices followed a gamma distribution was

not rejected resulting in the development of a novel generalized linear model based on a

gamma distribution and log link function. This model was correctly specified where no over-

dispersion was detected and all the covariates were statistically significant. Adding a dummy

locational variable resulted in the correct error structure thereby removing the presence of

spatial  autocorrelation  which  was  evident  from the  formal  and  informal  tests  that  were

applied. Bootstrapping provided a measure of reliability about the models accuracy where the

coefficients and standard errors were similar to the original model. A software application

was  successfully  developed  to  disseminate  the  results  of  the  model  by  producing  point

estimates and confidence intervals. 

Significant  conclusions can be drawn from the research findings  of  this  study which are

further presented in the following chapter. The following chapter outlines the limitations of

this study together with recommendations for this research and for further research.
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CHAPTER FIVE

Conclusions, Limitations and Recommendations

5.1 Introduction

Residential property is an important segment of the property market in South Africa where

transactions are typically infrequent and relate to a highly differentiated set of commodities

rendering effective measurement techniques complex.  The intention of this research was to

construct a hedonic pricing model to estimate listing prices for flats within KwaZulu-Natal

coastal sub-markets based on statistically significant structural and locational attributes. The

research objectives and subsequent research hypotheses were formulated in order to derive a

hedonic price function for  flats within KwaZulu-Natal coastal sub-markets and develop a

software application to disseminate the results to households and investors. The analysis of

the data and discussion of the results was presented in Chapter Four. This chapter  presents

the key findings of the study as well as the limitations and recommendations for practical use

of the framework presented and potential future research initiatives.

This study sought to produce an econometric framework to augment the existing body of

knowledge on the South African residential property market by developing a novel model to

estimate residential property listing prices which is discussed further below.

5.2 Key Findings

Many key findings  were  identified  in  this  study  and  are  subsequently  discussed  in  the

context of the research objectives.

5.2.1 Objective One: Determining the Distribution of Flat Listing Prices

The first research objective of this study was to determine an appropriate hedonic price model

for flats located in KwaZulu-Natal coastal sub-markets based on the distribution of listing

prices.  In  previous  hedonic  residential  property  price  studies  a  fundamental  assumption

about the distribution of property prices were made, namely that the observations  were log-

normally distributed where Day (2003);  Els and Von Fintel (2010); Bourassa, Cantoni and

Hoesli (2010);  Dodds (2011) all applied natural logarithm transformations to ordinary least
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models to derive their respective hedonic price functions without explicitly testing their log-

normal  distribution assumptions.  However,  Els  and Von Fintel  (2010) settled on quantile

regression for their final model.

This  research  finds  that  although  the  distribution  for  listing  prices  of  flats  seemed

approximately log-normal by presentation of a  histogram, the  Jarque-Bera test of normality

revealed that there was sufficient evidence to reject the null hypothesis of normality. This

means that the assumption of an asymptotic log-normal distribution for flat  prices in this

study  was  not  a  suitable  parametric  assumption  and  an  alternative  distribution  was

investigated to derive an appropriate hedonic price model.

The  listing  prices  for  flats  in  the  sample  data  appeared  to  be  gamma  distributed  which

formulated the first hypothesis of this study. Upon testing this hypothesis there was strong

evidence not to reject the null hypothesis of the Villasenor and Gonzalez-Estrada test, that the

flat listing prices followed a gamma distribution, indicating that a model based on the gamma

distribution was more suitable for the data. 

5.2.2 Objective Two: Developing an Appropriate Model

The second objective of this study was  to develop a model to estimate listing prices of flats

located  in sub-markets  along the KwaZulu-Natal  coast  based on structural and locational

attributes. This involved the construction and testing of an ordinary least squares model and a

generalised linear model.

5.2.2.1 The Ordinary Least Squares Model

In  order  to  make  relevant  comparisons  to  the  literature  presented  in  Chapter  Two,  an

assumption that the distribution of flat prices were asymptotically log-normally distributed

was made in order to develop an ordinary least squares model. Several ordinary least squares

models were developed in order to find the optimal one. Taking the natural logarithm of the

size variable  reduced the presence  of  heteroscedasticity.  Furthermore,  the  addition of  the

suburb variable ensured the correct specification of the model which was shown using the

Ramsey RESET test. The introduction of the suburb variable also improved the R-squared

diagnostic  of model  fit  from 75.48% to 90.35% concomitantly removing the presence of
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spatial autocorrelation as illustrated by the spatial residuals plots and the Mantel test. All of

the variables in the study, that is, size, number of bedrooms, number of bathrooms and suburb

were statistically significant. The expected values of the ordinary least squares model were

reported as  the geometric  mean estimates  and not  the arithmetic  mean estimates.  Whites

(1980) heteroscedasticity consistent covariance matrix provides a method to account for the

presence of heteroscedasticity where the standard errors are biased resulting in incorrect p-

values and type one errors of which  none were detected in the final ordinary least squares

model. However, based on the parametric assumption of the distribution of listing prices a

novel  alternative  model  was  constructed,  namely a  generalized  linear  model  based  on  a

gamma distribution and log-link function.

5.2.2.2 The Generalized Linear Model

A novel  approach  to  deriving  a  hedonic  price  function  for  residential  property  was  the

highlight of this study where a generalized linear model based on the gamma distribution and

log-link function was developed to meet the research objectives. To the best knowledge of the

researcher, this has not been attempted before in South Africa and no relevant international

studies were identified that use such a novel technique. The generalised linear model based

on the gamma distribution and log link function yielded better results than the ordinary least

squared model. This is evident by the identification and selection of the correct distribution

for the parametric model, namely gamma, and a lower root mean squared error. An important

difference was that the arithmetic mean was computed as the expected value and not the

geometric mean which is a fundamental reason for using a generalised linear model over the

ordinary least squares model. The research hypotheses of this study involved testing whether

a  set  of  structural  and  locational  independent  variables  were  statistically  significant  for

estimating listing prices of flats in the sub-markets. The following null hypotheses of the

research were all rejected:

H0b: Floor  Area is  not  a  statistically  significant  independent  variable  to  measure

listing prices for flats that are located in sub-markets along the KwaZulu-Natal coast.

H0c: Number of bedrooms is not a statistically significant independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.
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H0d:  Number of bathrooms is not a statistically significant  independent variable to

measure listing prices for flats that are located in sub-markets along the KwaZulu-

Natal coast.

H0e: The  suburb,  a  dummy  locational  variable,  is  not  a  statistically  significant

independent variable to measure listing prices for flats that are located in sub-markets

along the KwaZulu-Natal coast.

These findings indicates that this set of independent variables, namely floor area, number of

bedrooms,  number of  bathrooms  and suburb were all  significant  determinants  of  listing

prices for flats within the KwaZulu-Natal coastal sub-markets of this study. Similar to the

ordinary  least  squares  model,  the  results  of  the  generalised  linear  model  show  that  the

inclusion  of  the  suburb  variable  removed  the  presence  of  spatial  autocorrelation.  The

generalised linear model showed no sign of over dispersion where the residual deviance was

less than the residual degrees of freedom. 

5.2.2.3 Reliability of Results

Non-parametric bootstrapping provided a good measure of model validation for both models

by introducing variance through re-sampling with replacement where the coefficients were all

similar  to  the  respective  original  models,  indicating  that  the  original  model  results  were

accurate when introducing variability through random sampling distributions.

The root mean squared error (RMSE) for each model was computed where the generalised

linear  model achieved the lower value indicating that the dispersion of the models  fitted

values versus the observed values was lower and that the generalised linear model is a better

fit for the data. This was further illustrated by generating a random sample of 15 sample

observations  where each models  fitted price values  was compared to the observed price.

Interestingly both models produced similar fitted value estimates, however, the generalised

linear model produced slightly better estimates.
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5.2.3 Objective Three: Developing a Software Application

The third and final objective of the study was to build a software application that facilitates

the estimation of listings prices for flats in KwaZulu-Natal coastal sub-markets given a set of

structural and locational attributes. This application provides a simple front end user interface

to  determine  the  average  listing  price  of  a  flat  given  a  set  of  structural  and  locational

attributes. The third objective of this study was successfully accomplished, facilitating the

potential  to  disseminate  valuable  information  to  households  and  investors  wanting  to

purchase or sell a flat in one of the sub-markets of the study. This study sought to bridge the

gap between academia and business by providing a software application that can be hosted

online by Private Property (Pty) Ltd using an empirically tested model developed through

rigorous academic research. 

The software application calls the generalised linear model once a user has selected a set of

attributes. The generalised linear model then calculates the expected price or arithmetic mean

listing price and the confidence interval,  rendering it  on the user  interface.  The example

presented in Figure 5.1 details the average price for a flat in Musgrave within the Durban

Central  sub-market that is  115 square meters in size (floor area) with 2 bedrooms and 2

bathrooms. The confidence interval is also computed which provides the statistical inference

of the point estimate of a flat given the selected  attributes. Note all figures are rounded to the

nearest thousand.
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Figure 5.1: Software Application Concluding Example

The point estimate for a flat in Musgrave that is 115 square meters in size (floor area) with 2

bedrooms and 2 bathrooms is R1 381 000. The lower and upper limits of the 95% confidence

interval are R1 241 000 and R1 538 000 respectively, which means that the true average

listing price for a flat with the user selected attributed falls within this range.

5.3 Limitations

The study involved flats in the three KwaZulu-Natal sub-markets,  therefore, further research

is required in order to determine how generalisable the framework presented in this study to

other segments of the South African residential property market such as different property
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types and different suburbs. Furthermore, four independent variables were used to estimate

the hedonic price function of flats in this study. This was based solely on the data availability.

However, there could be additional covariates that  could help explain the variation in the

hedonic price function of flats  for the three KwaZulu-Natal sub-markets.

Correlation research merely demonstrates that we can predict the behaviour of one variable

from the behaviour of other variables. However,  the presence of a confounding factor or

confounding variables may make it hard to establish, in the findings or output, the outcome as

being a direct consequence of the independent variables measured.

A clear limitation of the generalised linear model in the context of this study is the lack of

South African or global empirical research to benchmark the findings against. However, the

meticulous methodology and rigorous set of statistical tests applied in order to determine the

suitability thereof provides a high degree of confidence that the generalised linear model is

correctly  specified  and  a  good  approximation  of  the  data.  Maintenance  of  the  software

application involves skilled expertise of statistical modelling and programming knowledge as

the model will need to be updated periodically with new data. Furthermore, extending this

novel econometric model and software application to different residential property markets in

South Africa will require the same level of statistical and programming domain knowledge.

5.4 Recommendations

The recommendations that follow will be presented in the context of the practical use of the

research for Private Property (Pty) Ltd and suggestions for  future research.

5.4.1 Recommendations for Private Property (Pty) Ltd

Based on choice of using the ordinary least squares model or the generalised linear model

methodology to develop a framework to commercialise a solution for downstream users such

as households and investors, this study finds that the generalised linear model based on the

gamma distribution and log-link function is a more suitable model as it meets all the requisite

statistical axioms and parametric assumptions.
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5.4.2 Recommendations for Future Research

Being  the  first  generalised  linear  model  used  to  develop  a  hedonic  price  function  for

residential property in South Africa and perhaps globally, further research is required in order

to determine how generalisable the econometric framework presented in this study is.

Future research should include the use of the econometric framework propounded in this

study across different geographic regions and across different residential property types such

as houses and complexes.

A final research initiative could be to attempt to link the modelling framework presented in

this study with time series data to develop a residential property price index. 

5.5 Concluding Remarks

This aim of this study was to derive a hedonic price function for  flats within KwaZulu-Natal

coastal sub-markets based on statistically significant structural and locational attributes. The

research objectives have been accomplished through the set of research hypotheses that were

formulated and tested through rigorous statistical tests and techniques  A generalised linear

model  based on the  gamma distribution and log-link  function was developed as  a  novel

alternative to derive a hedonic price function for a segment of the residential property market

in  KwaZulu-Natal  and  proved  to  be  a  better  model  for  this  research  problem than  the

traditional  ordinary  least  squares  modelling  approach.  Based  on  the  results,  a  software

application  was  developed  to  disseminate  the  results  of  the  generalised  linear  model  for

potential commercial use in South Africa, bridging the gap between academia and business.
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