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ABSTRACT 
 
The 1974 Brisbane flooding was caused by the Brisbane River breaking its banks and 

consequently flooding surrounding land areas. After this event, the government built the 

Wivenhoe Dam infrastructure to ease future flooding effects on urban developments in 

floodplains. This may have led to increased confidence levels with the perception that the 

risk of major flooding effects on urban infrastructure was now low. However, Brisbane faced 

another major flood event in January 2011 which caused significant damage to affected 

areas. An element of distrust may exist in the consumer’s mindset now compared to the 

post 1974 flooding scenario, due to a perceived higher level of risk of purchasing properties 

in flood affected areas. This study essentially examines the impact of a flood disaster on 

property prices and how consumers value various structural and locational characteristics of 

property when making a housing purchase decision. Past empirical studies from the 

Australian literature have mainly analysed the property’s location in flood prone areas and 

its effect on house prices, however these studies contain certain drawbacks in the method 

of analysis. This paper analyses the impacts of the flood event on property prices over time 

whilst incorporating the property’s location with respect to the main source of flooding. The 

modified difference-in-difference model and spatial hedonic model provide evidence that 

the flood event produced a negative impact on property prices in flood affected areas. This 

negative impact has declined on an annual basis since the flooding event. Therefore it is 

observed that the risk of buying properties in flood affected areas has declined over time 

since the flood event, however the risk is still higher than the pre-flood event risk level. An 

alternative robustness check model is also developed and it produces similar conclusions.  
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1. INTRODUCTION 
 
Brisbane City is the third most populous city in Australia, in which the metropolitan area has 

a population of approximately 2.15 million people. The city is built on a low-lying floodplain 

where many river systems are present, increasing the risk of flooding. Brisbane is prone to 

persistent rainfall and storms due to its location, where climate conditions with respect to 

flooding have become visibly stronger in scale in the past decade. However large scale flood 

disasters similar to the Brisbane 2011 flood event have been quite rare in the city’s history.  

A series of floods affected Queensland beginning in late December 2010, of which Brisbane 

city was affected. The floods were a result of heavy rainfall caused by Cyclone Tasha 

combined with the strongest La Nina weather patterns since 1973 producing wetter climate 

conditions in Eastern Australia (ABC News, 2011). This La Nina weather pattern caused 

prolonged events of heavy rainfall over Queensland river catchments, leading to widespread 

flooding across Queensland from December 2010 to January 2011  (Australian Government: 

Bureau of Meteorology, 2011). Record flood heights occurred throughout the majority of 

the Brisbane River catchment, and also the Lockyer and Bremer River catchments which are 

major tributaries of Brisbane River (Honert & McAneney, 2011). Major flooding began to 

affect the low lying areas of Brisbane on 11 January 2011, and later that day the Brisbane 

River overflowed and penetrated its banks leading to subsequent evacuation of civilians 

(Donnell, 2011).  

The construction of Wivenhoe Dam was completed in 1984 in response to a severe Brisbane 

flooding event in 1974 (Honert & McAneney, 2011). The principal aim was to protect or 

reduce future flooding impacts on Brisbane City’s infrastructure that were in close proximity 

to Brisbane River. Brisbane city is located downstream east of Wivenhoe Dam where 

Brisbane River flows eastward through Brisbane’s suburbs towards the Pacific Ocean. The 

Bureau of Meteorology issued warnings in late 2010 about the potential strength of this La 

Nina event; however the management of Wivenhoe dam infrastructure did not decrease 

water levels from full water supply to accommodate for these forecasts of future heavy 

rainfall (Honert & McAneney, 2011).  The period from September 2010 to November 2010 

endured heavy rainfall which produced dam catchments that were already saturated before 

Brisbane endured the disastrous flood event in early January 2011 (Honert & McAneney, 
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2011). Hydrologists appointed by the Insurance council of Australia claimed that Wivenhoe 

dam had reached capacity levels during the flooding event of 2011 and excess water had to 

be released in order to stay below capacity level. This action of releasing dam water was 

claimed to be a key contributor to the flooding event, where an independent contractor 

operated the Wivenhoe dam infrastructure in compliance with strict procedures in an 

operations manual (Honert & McAneney, 2011). In general terms, the operations manual 

stated the objectives of dam operation compliance in descending order of importance as 

(Honert & McAneney, 2011): 

(1) To ensure the structural safety of the dams 

(2) Providing optimal protection of urban areas from inundation 

(3)  To minimise the disruption to rural life in the valleys of the Brisbane and Stanley 

valleys 

(4) Retaining storage of water at full supply levels for water supply purposes at the end 

of the flood event  

Therefore Wivenhoe Dam was built to serve two main objectives, which included keeping 

the dam as full as possible to service droughts with continuous water supply in case future 

rainfall was low and also to maintain dam levels as low as possible to account for future 

heavy rainfall in order to maximise retention of flood waters (Honert & McAneney, 2011). 

Intuitively these two main objectives were conflicting objectives. During the 2011 flood 

event, dam outflows had to take place in order to maintain the structural safety of the 

dams. This resulting inflow of water into Brisbane River from dam outflows in conjunction 

with persistent rainfall resulted in significant urban damage to Brisbane urban areas. It was 

claimed that the urban damage was reduced by the presence and operation of the dam 

(Honert & McAneney, 2011).  

In January 2013, Queensland was again affected by severe storms, flooding and tornadoes 

in which the impacts across Queensland included inundation of houses, damage to civil 

infrastructure, power cuts and water supply issues. Brisbane City was affected indirectly but 

it avoided the worst conditions of the flooding event, however other coastal cities and 

towns in Queensland such as Bundaberg (approximately 385km north of Brisbane) were 

mostly affected (Moore, 2013). Unlike the flooding event of 2011 in Brisbane, the flooding in 
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2013 was caused solely by natural flooding of the creek and river systems. Even though 

Brisbane directly avoided the 2013 floods, the weather conditions and persistent flooding in 

Queensland is a testament to the persistent cyclonic rainfall in these regions. A rare flood 

disaster event in Brisbane City could propagate negative impacts on consumer’s valuation 

for properties in flood prone areas which reflects the increased level of systemic risk in 

purchasing in these areas.  

This paper will examine the impacts of the flood event on property prices and also analyses 

consumer’s valuations for different structural and locational characteristics of property. 

Single-family house sale transaction values are collected from the time period spanning 

January 2008 to December 2012 from three inner city suburbs with a mix of properties 

located in areas affected and unaffected by flooding. This dataset covers the time periods 

both before and after the flood event.  A number of variations of the hedonic price model 

are employed to estimate the consumer’s valuation for different structural, neighbourhood 

and geographic characteristics of properties, and also determine the effects of flood event 

on property prices.  

A difference-in-differences model estimates that the flood event had a negative impact on 

property prices in flood affected areas, but properties in these areas still command a 

positive premium after the flood event. Due to certain shortcomings, the model was 

modified to account for collinearity between certain variables. A modified difference-in-

differences model was then implemented and also produced similar results. It was noted 

that the impact of the flood event on property prices in flood affected areas declined on an 

annual basis since the flood event. In other words, properties in flood affected areas still 

commanded a positive premium relative to non-flooded areas, but this premium was lower 

than the pre-flood event positive premium level. However, this positive premium has been 

increasing gradually since the flood event. This may reflect consumer’s reducing perception 

of risk in purchasing property in flood affected areas since the flood event. To account for 

possible spatial autocorrelation between property price observations, a spatial hedonic 

model was then implemented. The spatial model also produced similar results.  

Whilst there is large body of global literature regarding the effects of flood events on 

property prices, the literature from an Australian perspective is very limited. Property 
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characteristics and neighbourhood factors will be different for Australian studies compared 

to the rest of the world, and so results are expected to be different. Studies from Australian 

literature in this field of research have investigated the effect of a property’s location in a 

floodplain on property prices, but do not incorporate the actual flood events to determine 

the impact on consumer’s valuation for flood prone properties. Therefore, this thesis paper 

is the first of its kind compared to the Australian literature, where the effect of an actual 

flood event on property prices is investigated whilst incorporating floodplain location. Due 

to data collection time constraints, a selected sample of inner city Brisbane suburbs will be 

utilised to conduct our analysis. The important flood related locational characteristics of a 

property will include the mean elevation of each property above sea level and the distance 

of the property to the Brisbane River, where Brisbane River is classified as the main source 

of flooding for the sample of inner suburbs being analysed.  

In Australia, properties in close proximity to river banks, waterfronts or wetlands in cities 

often demand a premium (Tapsuwan, Ingram, Burton, & Brennan, 2009). This is due to 

aesthetic appeal of properties possessing waterfront views and the Australian culture’s 

attraction to beachside locations. However the flood event may increase the systemic risk in 

the consumer’s mindset for buying properties close to the river. It will be interesting to see 

how these two main opposing factors influence the consumer’s valuation of the property’s 

distance to Brisbane River. Therefore a consumer’s valuation for a property’s distance to 

Brisbane River could possibly change after the flood event.  

There are also new provisions by Brisbane City Council which includes an Interim Residential 

Flood Level (IRFL) that will require building levels to be increased, to allow building heights 

to increase and also requires the location of essential services such as electricity supply and 

telecommunications to be moved or built at higher elevations (Brisbane City Council, 2013). 

These provisions have been developed by Brisbane City Council to guide rebuilding and 

development of infrastructure and properties in flood-affected parts of Brisbane. During the 

data collection process, it was noted that real estate agents from advertisements of 

properties in flood prone areas have continuously conveyed the positive importance of 

properties possessing higher elevations. Intuitively, there is a clear signal by Brisbane City 

Council and real estate agents to the consumers of property to build properties at higher 

elevations in order mitigate future impacts due to flooding events.  
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In particular, the determinant of whether properties are located in a flood prone area is a 

function of the property’s proximity to a major source of flooding and whether the elevation 

of the property can withstand future flooding impacts. An alternative robustness check 

model was also developed in this paper to capture the effect of the flood event on property 

prices through consumer’s change in valuations for a property’s elevation and property’s 

distance to Brisbane River. This robustness model was implemented to confirm the results 

of the other models developed throughout this paper.  

The remainder of this study is organised in the following way. Section two provides the 

literature review of past studies in this area of research. Section three discusses the 

background of Brisbane city and the characteristics of the suburbs being analysed for this 

study. Section four provides a description of the data and Section five outlines the various 

methodologies employed for the analysis. Section six will present the empirical results, 

section seven outlines the conclusions and the appendix follows. 
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2.  LITERATURE REVIEW 
 

2.1.  Background  
 

A number of studies have been conducted regarding the effects of flooding on property 

prices across the world. However studies applied to the effects of flooding on property 

prices in the Australian context are very limited. A number of econometric modelling 

techniques have been employed from past empirical studies, such as hedonic models, 

difference-in-difference models, repeat sales models, spline regressions and spatial hedonic 

models. The literature review in section 2.2 discusses hedonic price methodology and how it 

has been utilised to analyse flooding impacts on property prices, whilst Section 2.3 discusses 

the employment of a spatial hedonic model.  

 

2.2. Hedonic Price Methodology 
 

There are a large variety of studies that employ hedonic models to estimate the impact of 

flooding on property prices. A house is a heterogeneous good made up of a different 

number of characteristics, all of which may affect its value. Hedonic regression analysis is 

typically used to estimate the marginal contribution of these individual characteristics, 

where this model assumes that consumers derive utility from various housing characteristics 

and that the value of this utility can be priced (Lancaster, 1966). Therefore consumers will 

pursue maximisation of utility within their budget constraint, where the typical hedonic 

model generally takes the form (Lancaster, 1966): 

 
                   

                                                                        

                      (2.1) 
 

The Hedonic Price Method which is derived from consumer theory (Lancaster, 1966) is a 

well-established indirect valuation technique which implies that the purchase price of the 

property is dependent upon various characteristics such as structural characteristics of the 

house, socioeconomic, environmental and neighbourhood characteristics. (Goodman, 

1998). (Rosen, 1974), (Freeman, 1979) and others have stressed that economic theory fails 

to indicate any particular functional form of the hedonic model as being appropriate. The 
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most common forms of hedonic price functions that are utilised are the linear, log linear and 

log-log hedonic model specifications. The functional form of the hedonic model has been 

studied by (Halvorsen & Pollakowski, 1981) and (Cropper, Deck, & McConnell, 1988), with 

no agreement on the correct functional form. The semi-log specification of the hedonic 

price model is the most commonly employed specification in real estate economics 

literature, where the log of the property sale price is regressed on each of the explanatory 

variables. McKenzie & Levendis (2010) make the point that the choice of semi-log hedonic 

specification allows for non-linear relationships.  

The variables used in hedonic modelling for measuring the valuation for characteristics of 

properties are well established and, subject to constraint of availability, are common across 

most studies in the literature. Common structural variables of a property from past 

literature include number of bedrooms, bathrooms and garages, land size; living area of the 

house, presence of airconditioning or fireplace, number of stories or levels, age of property; 

exterior wall or roof material and whether the property possesses a pool, vernadah and/or 

balcony (Bin & Polasky, 2004), (McKenzie & Levendis, 2010). Locational explanatory 

variables commonly used in literature include the property’s distance to the central business 

district, shopping centres, schools, landmarks, main road structures and amenities such as 

local parks. In specific relation to this paper, in some studies, locational variables have 

included whether the property possesses a waterfront location, elevation of the property, 

and the property’s location within a floodplain (Rambaldi, Fletcher, Collins, & McAllister, 

2012). Neighbourhood variables have been employed in certain studies (McKenzie & 

Levendis, 2010) to control for specific demographic aspects or the particular census tract 

that the property is located in. The aspects commonly accounted for by the literature 

include census tract based on racial composition and/or household median income, family 

composition and age distributions. The time period of the property sale is included to 

control for macroeconomic factors. Specifically, binary variables have been used to indicate 

which year and/or month the sale transaction for a property occurred. Some studies have 

included information on how long the house was on the selling market. A number of studies 

applied to the effects of flooding on property values are discussed in the remainder of this 

section.  
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(McKenzie & Levendis, 2010) investigated the changes to consumers’ willingness to pay for 

certain aspects of property in greater New Orleans (United States of America) before and 

after the flooding event of Hurricane Katrina. Single-family property sale prices were 

collected from the time period of January 2004 to August 2006, where the dataset of 16,258 

observations spans from 20 months prior to the Hurricane Katrina flood event to 18 months 

after the hurricane event. A hedonic price model was employed to estimate the changes in 

valuations by consumers for common specific structural, neighbourhood and locational 

characteristics of houses. Unique to this study, the authors were able to include an assessed 

condition variable for the state of the house in terms of condition after the flood event, 

which is considered a central component to the analysis. This is an important inclusion as it 

controls for the effect of flooding damage on the value of the house. A house damaged by 

the flood may or may not have been repaired before it was sold and this could be expected 

to have a potentially significant bearing on its sale price. The data sample was split into four 

subsets, based on combinations of whether the property was affected by flooding or not 

and whether the property was sold before or after the flooding event. The coefficients of all 

the explanatory variables are then compared across the regressions which are conducted 

separately for the four different subsamples of data. The central result is that the elevation 

of property is found to possess a positive relationship with property prices. Prior to flood 

event the premium for one extra feet of elevation commanded a 1.4% premium in flood 

prone areas, where this premium increased to 4.6% for flood affected areas after the flood 

event. New Orleans was a special case, where the property’s distance from the source of 

flooding (the ocean) had no bearing on whether it was affected by flooding or not, but 

elevation of the property determined the risk of it being affected by flooding. Therefore, 

consumers recognised that the higher the elevation of the property, the lower the risk of 

being exposed to damage from the flooding event.  

(Bin & Polasky, 2004) investigate the effects of Hurricane Floyd on property values using a 

semi log hedonic function, whilst utilising a dataset of 8,375 single family property sale 

transaction values from Pitt County in Eastern North Carolina. The dataset contains sale 

transactions records between July 1992 and June 2002, spanning a time period both before 

and after the Hurricane Floyd event which occurred in September 1999. The authors 

estimate the effects of location within a floodplain on property values and how this effect 
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has changed after a major flooding event. Distance related locational variables are log 

transformed to capture the decreasing effect of these variables with distance and also 

quadratic specifications are employed for continuous variables such as square foot of the 

property, age of house and number of rooms. The first hedonic model is regressed without 

distinguishing between property sales that occurred before or after Hurricane Floyd and 

includes the variable of whether the property is located in a floodplain area or not. The 

second model possessed an extra variable that captures the interaction between the 

location of the property in the floodplain and the property’s sale time relative to the 

Hurricane Floyd event. The authors’ findings conclude that property’s location in a 

floodplain is statistically significant and it reduces property prices by 5.8% compared to 

properties located outside the floodplain. However prior to Hurricane Floyd, the discount 

for the property being located in a floodplain was 3.8%, whilst after flooding the discount 

was 8.3%.   

 
The common issue with the aforementioned studies is that the property price observations 

do not have to be independent of each other, therefore correlation might exist between 

property observations.  

 

2.3. Spatial Hedonic Methodology   
 

If the hedonic functions are regressed using ordinary least squares (OLS), it is assumed that 

the property observation prices ordered in space are independent of each other. However 

in real estate economics, property prices may depend on other factors such as prices of 

surrounding properties in a defined neighbourhood, properties in close proximity to each 

other may share access to similar quality amenities and may possess similar neighbourhood 

demographics (Samarasinghe & Sharp, 2010). Property characteristics in certain defined 

neighbourhoods may appear to be correlated and therefore spatial dependency or spatial 

autocorrelation may exist amongst property prices in defined close proximity to each other. 

Spatial dependence in hedonic regression models need to be accounted for due to the 

effect of similar quality houses clustering together and properties within a given vicinity 

sharing access to similar quality amenities and/or neighbourhood demographics.  

There are a number of sources of spatial autocorrelation in property prices. The first source 

of spatial autocorrelation originates from properties in close proximity possessing similar 
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structural characteristics (Tu, Yu, & Sun, 2004). During the collection of data, it was 

observed that properties in close proximity tend to possess similar land sizes, exterior 

design features and external building material. The similar characteristics of properties in 

close proximity, especially the land size areas, are a result of close properties being 

developed at similar times (Gillen, Thibodeau, & Wachter, 2001). Secondly, residents of 

properties that are in defined proximity to each other may possess similar commute 

patterns (Gillen, Thibodeau, & Wachter, 2001). This could include common access or similar 

distances to public transport, similar distances of commute to the city and other important 

amenities. Thirdly, properties within close proximity of each other will have access to 

certain neighbourhood amenities such as small shops, parklands or playgrounds (Basu & 

Thibodeau, 1998) and (Gillen, Thibodeau, & Wachter, 2001).  Fourthly, property prices in 

defined neighbourhoods can be similar due to the price determination process by market 

trends, consumers and real estate agents. When prices are determined by real estate agents 

or a valuation process, local and neighbourhood property market trends will play a pivotal 

role (Bowen, Mikelbank, & Prestegaard, 2001). Misspecification of the model through 

missing variables, extra variables or unsuitable functional forms can also contribute to the 

source spatial autocorrelation (Dunse, Jones, Orr, & Tarbet, 1998).         

Spatial dependency tends to lead to the autocorrelation problem which violates standard 

statistical techniques that assume independence amongst the observations (Rosiers, 

Theriault, & Villeneuve, 2000). Spatial dependence amongst the unobserved error terms can 

produce unreliable statistical significance test values of OLS estimates and these estimates 

are no longer efficient (Clifford, Richardson, Hemon, & Dutilleul, 1993). In other words, if 

ordinary least squares regression analysis does not account for spatial dependency, unstable 

parameter estimates and unreliable significance tests can be produced. The theory 

regarding the types of spatial dependency and econometric modelling to account for it is 

covered in more detail in the methodology section of this thesis study.  

(Samarasinghe & Sharp, 2010) examine the effect of a property’s location in a flood-hazard 

zone on residential property prices from North Shore City in New Zealand by firstly 

employing a semi log hedonic model regressed using ordinary lest squares and then 

secondly by utilising a spatial autoregressive semi log hedonic model. The study first obtains 

estimates for the semi log hedonic model by utilising ordinary least squares and then testing 
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for the presence of spatial autocorrelation through specific diagnostic tests. A spatial 

autoregressive model is then estimated using maximum likelihood method due to presence 

of spatial autocorrelation. The dataset consists of property sale transactions recorded 

during the year 2006. Categorical variables are used to control for the type of view and the 

scope of view the property possesses. Types of views include sea, lake, harbour, city, 

suburban or landscape views which was then combined with the scope or quality of the 

view, which were measured subjectively. A binary variable was created to account for the 

property being located in either a 100 year flood plain or in a flood sensitive area or both. A 

binary variable was created to account for the fact that flood plain maps were available to 

the public after mid-2006, where flood maps indicate the flood prone areas. The discount 

associated with the location of a property within a flood prone area is 6.2% compared to 

properties outside the flood prone areas before flood maps were publicly available. 

However this discount rate decreases to 2.3% when the flood plain maps became publicly 

available at the time of sale. The issue with this study is that the dataset analysed spans for 

a period of one year, where the discount rates may change more dramatically if it was 

analysed over a longer period of time. By utilising a longer time period, consumer’s pricing 

of risk over time might be better captured in the model. Also the paper does not 

incorporate the effect of a specific flood event on property prices and the authors do not 

explicitly state if an actual flood event occurred during 2006, which can affect the discount 

rates of properties located in flood prone areas. Location in a floodplain hazard can create a 

discount for property prices; however it would be beneficial to incorporate the impact of 

actual flood events to calculate these discount rates.  

2.4. Evidence from Australian Literature  

 
Empirical studies investigating the effects of floods on Australian property prices using a 

hedonic price function are very limited. (Tapsuwan, Ingram, Burton, & Brennan, 2009) 

examine the capitalised amenity value of urban wetlands in Perth, Western Australia to 

properties. The authors do not specifically analyse the effects of flooding on property prices, 

but the question of how wetlands or water amenities can add value to property prices is 

examined. A stepwise regression approach was conducted to select variables with statistical 

significance and possessed a variance inflation factor of less than 10. This iterative approach 

builds up to final hedonic model containing a subset of variables that are all statistically 
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significant. Land area appears as a square and linear term in the hedonic function, whilst 

number of bedrooms and elevation appears only as square terms. The study claims that for 

a property located 943 metres away from the nearest wetland, if the distance is reduced by 

one metre, then the property price will increase by $42.40. The existence of an additional 

wetland within a defined 1.5 Kilometres of the property will also increase the property price 

by $6976. The distance of the property to the beach variable also possesses a positive 

coefficient. This result of waterfronts, lakes or rivers being a positive amenity to properties 

is incorporated into this thesis study.  

(Rambaldi, Fletcher, Collins, & McAllister, 2012) utilise a spatial error hedonic model to 

determine consumer’s valuations for property characteristics from one unnamed inner 

Brisbane city suburb, which contains areas that are located in a floodplain. The authors 

define a continuous effect of flooding such that discount on property prices depends on the 

property’s vertical distance relative to the 1-in-100 year flood level. Hence it is concerned 

with estimating the decrease in value of the property due to its location in the floodplain, 

where a one in 100 year flood or one-hundred-year flood is defined as a flood event that has 

a 1% probability of occurring in any given year. The dataset of 3944 residential property 

sales spans the time period of 1970 to the first quarter of 2010. Elevation is included as an 

explanatory variable interacted with the binary variable of whether the property was 

located in a floodplain. If the property is located in a floodplain then the elevation of the 

property is recorded subsequently, otherwise a zero value is recorded for elevation. The 

authors claim that the properties located in the floodplain are subject to significant price 

discounting when all other factors are controlled for. An increase of one vertical metre of 

distance between minimum ground level of the land plot and the 1-in-100 year flood level 

will lead to a 5.45% property price discount. However there are a number of issues with the 

analysis of the authors’ study. Firstly the authors do not specify what suburb in Brisbane is 

being analysed and hence does not allow for comparison with other empirical studies 

related to flooding impacts on property prices. Secondly the authors state that the dataset 

possesses some unavoidable homogeneity, however this quality of homogeneity is useful 

for price hedonic analysis, due to the heterogeneous nature of housing. Thirdly, the time 

period being analysed also involved the major 1974 flood disaster of Brisbane. By not 

accounting for this flood disaster event, this could bias the actual discount rates for 
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properties in floodplain areas over time. The authors’ study purely analyses the location of 

the property in a floodplain as the determinant of flood risk and how this aspect affects 

property prices. However the actual flood event disaster can affect property prices over 

time and can also contribute to changes in valuations by consumers for properties located in 

flood prone areas.  

 

2.5.  Contribution of this study to existing Literature   
 

This thesis study will analyse the effects of the flood event on property prices whilst 

incorporating the property’s location in a floodplain and also includes an analysis of 

consumers’ valuations for the structural, locational and neighbourhood characteristics of 

property. Applied analysis to the Australian property market is extremely limited, where 

most literature analyse the property’s location in the floodplain without incorporating the 

actual flood event to determine the impact on property prices. Location of the property in 

the floodplain can be an indicator of risk for the consumer, but that type of analysis will 

account for the risk that might exist if the flooding event did not occur. It is important to 

analyse how consumers value properties in flood prone areas after the actual flood event as 

well. In essence this thesis study will analyse how consumers react when the flood risk is 

actually known to exist from a flooding disaster and how that affects property prices. 

However when studies have accounted for the flood event and the property’s location in a 

floodplain, the models did not account for spatial autocorrelation between property 

observations, which can be a significant issue in real estate economics.  

The first stage of the modelling process will involve implementing a baseline hedonic model. 

The second stage of modelling will then employ a standard and modified version of the 

difference-in-difference model (Ashenfelter & Card, 1985) to investigate the effects of 

flooding on property prices in Brisbane City. The third stage of modelling will then employ a 

spatial hedonic model to account for the potential spatial autocorrelation between property 

observations. An alternative robustness check model is also implemented to confirm the 

results of the models developed so far. The robustness check model captures the impact of 

the flood event on property prices through consumers’ changing valuations for the flood 

related locational variables over time. This paper will be the first of its kind to investigate 

the effects of a flood disaster on property prices in the Australian context.  
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3.   INSTITUTIONAL FRAMEWORK  
 

3.1. A Background of Brisbane  
 

Brisbane City (Australia) is built along the Brisbane River, where the eastern suburbs have 

been built along the shores of Moreton Bay. The Central Business District (CBD) has an area 

of approximately 2.2Km2 and it has a density of 379.4 people per square kilometre, which is 

comparable in density to that of Sydney, Australia. However Brisbane city sprawls into the 

greater metropolitan area which results from the fact that the housing stock has a large 

proportion of detached houses. Housing built prior to the 1950’s in Brisbane often featured 

timber construction with large verandas and high ceilings. The relatively low cost of timber 

in South East Queensland implied that houses were mainly built out of timber rather than 

brick or stone. From the sample of data that was collected for this study, the proportion of 

timber houses is relatively higher than brick or stone houses in the inner suburbs of 

Brisbane.  

Brisbane is also located in a tropical cyclone risk area, however cyclones are rare. From 

November to March during the calendar year, thunderstorms are common over Brisbane 

which in severe cases can be accompanied by hailstones, torrential rain and destructive 

winds. During the period spanning 2001 to 2010, Brisbane also experienced the most severe 

drought in over a century. Brisbane experiences humid subtropical climates with very warm 

to hot summers with mean maximum temperatures ranging from 25 to 30 degrees Celsius 

and dry moderately warm winters with mean maximum temperatures ranging from 20 to 25 

degrees Celsius (Australian Government, Bureau of Meteorology , 2012).   

Greater Brisbane’s economy has seen consistent economic growth due to the resources 

boom and has rapidly expanded to $135 billion (AUD) in 2011-12 (Brisbane City Council, 

2013). White collar industry jobs include information technology, financial services, public 

sector administration and retail sector jobs. Blue collar industry jobs include petroleum 

refining, metal working, petroleum refining and railway workshops. The unemployment rate 

of Greater Brisbane is approximately 5.7% as of March 2013 (Brisbane City Council, 2013). 

The median weekly household income from the 2011 Census in Brisbane was $1,388 and 

the median weekly rent was $325 in Brisbane city (Australian Bureau of Statistics, 2013). The 
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average annual house price index for established properties of Brisbane is displayed in 

figure 3.1, where the black line indicates the time of the Brisbane flood event.      

 
Figure 3.1: Annual house price index of established houses for Brisbane 

 

Property prices from the time period of 2002 to 2008 experienced continuous rapid annual 

growth. On an average annual basis, Brisbane property prices increased from 2008 till 2010, 

whilst peaking in 2010. This coincided with the strong economic growth due to the mining 

resources boom and sequential interest rate cuts by the Reserve Bank of Australia (RBA) in 

response to the global financial crisis. Property prices then declined continuously from 2010 

till 2012. Therefore property prices started to decline one year before the actual flooding 

event and have continued to decrease till the end of 2012. The systemic fear of buying 

properties in flood prone Brisbane areas could have contributed to property price decline 

after 2011. However the decline may also be attributed to the increase in interest rates by 

the RBA during the period 2011 to 2012. Inspection of property prices from the time period 

of 2008 to 2012 indicates relative stability and low volatility in prices.  
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3.2.  Brisbane City Council Guidelines for Floods 
  

Brisbane City Council's Temporary Local Planning Instrument (TLPI) 01/12 applies to land 

that has been affected by Brisbane River flooding (including the January 2011 Brisbane River 

flood) as well as waterway and creek flooding (Brisbane City Council, 2013). The interim 

flood level in the TLPI is the highest of either the January 2011 flood or the pre- existing 

defined flood Level. The pre-existing defined flood level is based on a Brisbane river flood 

event which has a flood level of 3.7m. This 3.7m level is a benchmark estimate of what the 

1974 flood levels would have been if Wivenhoe Dam existed. The January 2011 Flood level 

reached almost 4.5 metres meaning a new interim flood level was created for development 

of new residential housing (Brisbane Times, 2013). The interactive flood maps are available 

publicly and these flood maps indicate which houses were specifically flooded from the 

2011 flooding event. For example, figure 3.2 below reveals the flood affected areas in blue 

colour, whilst the remaining areas are not flood affected areas.  

 
Figure 3.2: Interactive flood map for interim flood lines 

Source: (Queensland Reconstruction Authority, 2011) 

 
However there is an option on the interactive flood maps that also displays the actual flood 

imagery which seems to match approximately with the areas coloured in blue for the 

interim flood lines map. Figure 3.3 illustrates the actual flood imagery:  
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Figure 3.3: Actual flood imagery flood maps 

 Source: (Queensland Reconstruction Authority, 2011) 

For this study, the actual flood imagery is utilised in conjunction with the interim flood maps 

to accurately identify which properties were affected by flooding. The TLPI 01/12 will be 

applied to new residential developments and will guide the location of essential services in 

new residential and commercial buildings in flood affected areas. It is also designed to 

provide direction for the redevelopment of Brisbane residential and business areas to 

mitigate future effects from flooding disasters (Brisbane City Council, 2013). After the 2011 

flood event, Brisbane Council introduced town planning provisions which included elevation 

measures for properties located in flood prone areas to be built higher than a standard 

elevation levels in order to mitigate the effects from future potential flooding (Brisbane City 

Council, 2013). Therefore elevation might be a contributing factor to the consumers’ 

decision making process in purchasing properties.  

 

3.3.  Background of the selected Inner Brisbane City suburbs  
 

Due to unavoidable time constraints and the high manual effort required for the data 

collection process, this study will analyse a select number of inner Brisbane City suburbs. 

The suburbs affected by flooding for analysis are Graceville, Windsor and Yeronga. These 

suburbs have property sale transactions for both flooded and non-flood affected properties. 

When selecting suburbs for analysis, we ensure that the demographics for the three suburbs 
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are relatively similar in terms of racial composition, age statistics, family statistics, highest 

year of school completed, suburb median total personal income and suburb median total 

family income. The summary of the suburb demographics in this analysis are listed in table 

3.1:  

Table 3.1: Summary statistics for sample of suburbs  

 Windsor  Graceville Yeronga  

Age Statistics 
(%)  

0-19 years: 20.22% 
20-39 years: 42.05% 
40-59 years: 24.17% 
60+ years: 15.11% 

0-19 years: 30.0% 
20-39 years: 25.23% 
40-59 years: 28.34% 
60+ years: 18.37% 

0-19 years: 22.39% 
20-39 years: 34.91% 
40-59 years: 25.70% 
60+ years: 19.57% 

Family Statistics 
(%)  

Married in a registered 
marriage: 37.59% 
Married in a de Facto 
Marriage: 13.33% 
Not married: 49.08% 

Married in a registered 
marriage: 55.11% 
Married in a de Facto 
Marriage: 7.32% 
Not married: 37.56% 

Married in a registered 
marriage: 43.31% 
Married in a de Facto 
Marriage: 10.53% 
Not married: 46.16% 

Highest year of 
school completed 
(%)  

Year 11 and higher or 
equivalent: 79.96% 
Year 9 ad 10 or 
equivalent: 15.59% 
Year 8 or below: 4.04% 
Did not go to school: 
0.42% 

Year 11 and higher or 
equivalent: 81.07% 
Year 9 and 10 or 
equivalent: 16.14% 
Year 8 or below: 2.66% 
Did not go to school: 
0.13% 

Year 11 and 12 or 
equivalent: 79.10% 
Year 9 and 10 or 
equivalent: 16.97% 
Year 8 or below: 3.63% 
Did not go to school: 
0.30% 

Suburb median 
total personal 
income ($/week) 

$805 $846 $747 

Suburb median 
total family 
income 
($/weekly) 

$2,231 $2,550 $2,029 

Suburb Median 
Rent 

$310 $400 $340 

 

The different demographic indicators vary slightly across the different suburbs. Therefore a 

suburb explanatory dummy variable that indicates which suburb the property sale 

transaction originated from can be employed for modelling purposes. This may account for 

differences in suburb specific factors such as demographics, consumers perceived level of 

suburb prestige image and differences in quality of amenities across suburbs. The basis for 

picking the three suburbs for similarity of demographics was based on a weighting scheme. 

The highest emphasis was placed on selecting suburbs with similar suburb median total 

personal incomes, suburb median total family incomes, suburb median rent, age statistics 

and highest year of school completed. In terms of age statistics and highest school year 

completed, the statistics are similar across the three suburbs. There is distinct variation in 
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the family statistics and suburb median total family income across all three suburbs. 

However total family income depends on the number of family members in the household 

or family statistics, therefore variation is expected in total family income across suburbs. 

Between the two demographic indicators of median suburb total family income and median 

total personal income, personal income was assigned the heaviest weighting when 

determining similarity of socioeconomics across the different suburbs. The extent of 

flooding impacts across these three suburbs are illustrated in the interactive flood maps 

screenshots in figure 3.4 and figure 3.5: 

 
Figure 3.4: Interactive map showing Yeronga and Graceville flooding 

           Source: (Queensland Reconstruction Authority, 2011) 

The red circle on the left side of the interactive map approximately indicates the Graceville 

area, and the red circle on the right side of the map is indicates the suburb Yeronga.  
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Figure 3.5: Interactive map showing flooding of Windsor 

   

Source: (Queensland Reconstruction Authority, 2011) 

It may seem from the interactive flood maps that Windsor was slightly less affected by the 

flooding event compared to Graceville and Yeronga in terms of area of flood coverage.  
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4. DATA  

 

4.1.  Description of the Data 
 

Data on property sales transactions for the selected inner Brisbane city suburbs were 

collected from the Property Pro database (Australian Property Monitors, 2013). Due to the 

structure of the database, each observation and its reading for all the explanatory variables 

had to be entered manually into Microsoft Excel 2007 to prepare the data for analysis. The 

high amount of effort in data collection and preparation has limited the amount of data that 

could be collected for analysis. The dataset comprised of 730 property sale transactions of 

single family detached houses over the past 5 years, which includes approximately 2 years 

post-flooding data and 3 years pre-flooding event data. The variable information we 

extracted from the APM database included the address of each property, sale price, date of 

transaction, number of bedrooms, bathrooms, garage spaces and land area.  

Structural variables such as whether the house has air-conditioning, balcony, vernadah, 

swimming pools, rumpus, tennis courts, number of storeys or levels were also obtained 

from Property Pro and real estate advertisements that were linked directly to the 

information database. Google maps (Google maps, 2013) was employed to determine the 

nature or material look of the exterior wall of the property to make sure the condition of 

the house is accounted for. Distance of the house to the source of flooding was calculated 

by Euclidean distance from the centre of the property to the nearest edge of Brisbane River 

using Google Maps distance calculator (Daft Logic, 2013). Locational variables such as 

distance of the property to the nearest train station and distance to the central business 

district were extracted from Property Pro database. Elevation of the property which is 

defined as the height of a location above the mean sea level was extracted from Google 

Map Find Altitude calculator (Daft Logic, 2013). Information about whether the specific 

property was affected by flooding was obtained from Queensland Reconstruction Authority 

interactive maps database (Queensland Reconstruction Authority, 2011). Information on the 

latitude and longitude coordinates of each property observation was collected from 

(LatLong, 2012-2013) in order to calculate distances between any two property 

observations. These location coordinates are required for the application of the spatial 
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hedonic model which is discussed in further detail in the methodology section of this paper. 

The location of public transport amenities was checked to make sure it existed in the same 

location over the five years of analysis. The mean of the sale values were graphed for 

properties located in flood affected and non-flood affected areas separately over time from 

the dataset in Figure 4.1:  

 
Figure 4.1: Average Property Prices-Flood affected versus non-flooded 

 

 
From graph 4.1, flood and non-flood affected average property sale values declined after 

2010 till 2011, and then reversed in direction to increase till the end of 2012. The changes in 

average property sale prices are more volatile for properties affected by flooding compared 

to properties not affected by flooding from the time period of 2010 to 2012. Care must be 

taken in interpreting this graph, since property characteristics can vary over the years sold. 

Conclusions cannot be made until an econometric analysis has been conducted which is in 

section five of this study. Table 4.1 provides a description of the variables included in the 

analysis: 
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Table 4.1: Variable Descriptions 

Type Variable  Description  

 Price Property price in Australian Dollars at time of sale 

Deflateprice Property price deflated to base year (2012) using Brisbane house price 
index 

Structural 

aspects 

Land Land size of property in square metres 

Bedrooms  Number of bedrooms  

Bathrooms Number of Bathrooms  

Garages Number of garages 

Levels Number of levels or stories the property possesses 

Airconditioning  Binary variable-Property possesses air conditioning  

Exteriorspace Binary variable- Property possesses verandahs, sunrooms or balconies 
which are exterior spaces built as part of the house under a roof  

Luxury  Binary variable -Property possesses a swimming pool or tennis courts 

Brick Binary variable - takes a value of one if the house has brick or stone 
exterior type material 

Locational 

aspects 

City Distance of property to the central business district (Brisbane City) in 
kilometres 

Station Distance of property to nearest train station in kilometres 

River Lowest distance of property to Brisbane River in Miles 

Elevation height of a property above the mean sea level in metres 

Flood related 

variables 

F Binary variable-Property is located in a flood affected area  

A1 Binary variable-property was sold within one year post flooding event 
(year 2011) 

A2 Binary variable-property was sold within a timeframe of more than 
one year post-flooding (year 2012) 

A Binary variable-Property was sold after the flooding event (2011 or 
2012) 

Neighbourhood 

aspects 

Windsor Binary variable-Property sale transaction originated from the suburb 
Windsor 

Graceville Binary variable-Property sale transaction originated from the suburb 
Graceville 

 Year Binary Variables-Years of sale ranging from 2008 to 2012 

 
 

4.2. Data Cleaning 
 

The increased accuracy of the property sales records from the Property Pro database relies 

on the extra information linked to real estate agent websites that conducted the sale 

transaction of that house. There is a degree of subjectivity in the recording of certain 

features of a property such as rumpus areas or study areas in a house, where these areas 

could be recorded initially as a room in the database. Therefore to avoid confusion, we 
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dropped these characteristics from the analysis. For a number of property sale transactions, 

information on the number of bedrooms, bathrooms and garages were not reported. These 

observations were dropped from the analysis. The prices of some property sale transactions 

were withheld and therefore not reported. These observations were also removed from the 

analysis. Given the small number of observations dropped for the two reasons listed, it is 

expected it will not create inaccuracies in the results.  

As stated before, Queensland was affected by flooding in early 2013. Therefore due to 

possible shocks to property prices in Brisbane or disaster event aftershocks, the property 

sale transaction values recorded in the year 2013 were removed from the data set. 

Following the cleaning of the data, a complete sample of 647 property sale transactions 

were available for analysis over the time period of January 2008 to December 2012. The 

summary statistics for the full sample variables are illustrated in appendix table B.4.1. The 

summary statistics for properties located in flood affected areas and non-flood affected 

areas are listed in table 4.2:  

Table 4.2: summary statistics for flood status of properties  

 Properties located in flood 
affected areas 

(N=197) 

Properties located in non-flood 
affected areas 

(N=450) 

Variable Mean Standard 
Deviation 

Mean Standard 
Deviation 

bedrooms 3.32 0.89 3.48 0.93 

bathrooms 1.64 0.79 1.80 0.79 

garages 1.60 0.90 1.76 0.85 

Levels 1.62 0.52 1.63 0.52 

Land 631.18 382.95 609.28 395.46 

Airconditioning 0.64 0.48 0.67 0.47 

Exteriorspace 0.73 0.45 0.76 0.43 

Luxury 0.17 0.38 0.19 0.39 

City 5.73 1.36 5.61 1.36 

Station 0.95 0.38 0.66 0.34 

River 0.38 0.35 0.75 0.55 

Elevation 10.34 2.63 21.34 8.67 

Brick 0.30 0.46 0.22 0.42 

 

Table 4.2 indicates that on average properties located in flood affected areas are closer in 

distance to the Brisbane River, possess a lower elevation, possess a slightly higher land size 

and are located further away from the nearest train station compared to the properties 
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located in non-flood affected areas. The summary statistics for properties sorted by the 

suburb it originated from are listed in table 4.3:  

 
Table 4.3: Summary statistics based on suburb 

 Windsor 
(N=224) 

Graceville 
(N=254) 

Yeronga 
(N=169) 

Variable Mean Standard 
deviation 

Mean Standard 
deviation 

Mean Standard 
deviation 

Price 714841.800 321903.000 774096.900 567427.900 777128.600 614375.300 

Deflateprice 705261.200 318541.900 760498.200 562684.200 762241.000 589156.500 

Land 566.170 230.411 588.461 353.869 723.237 560.682 

City 4.268 0.498 7.224 0.258 5.103 0.329 

River 1.312 0.264 0.301 0.130 0.253 0.170 

Elevation 22.296 12.674 15.398 3.849 16.167 5.813 

 
From table 4.3, the mean property sale prices are similar for Graceville and Yeronga; 

however Windsor has the lowest mean sale prices (and deflated prices) out of the three 

suburbs. It is noted that properties in Yeronga on average possess distinctly larger land sizes 

compared to Graceville and Windsor. Graceville properties on average are the furthest away 

from Brisbane CBD, whilst properties from Windsor are the closest to Brisbane CBD. The 

mean elevation of properties is the highest in Windsor, whilst the elevation mean values for 

Graceville and Yeronga are similar in magnitude. The summary statistics for the other 

structural and locational explanatory variables are presented in appendix table B.4.2.  
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5.   METHODOLOGY  
 

5.1.  Base Hedonic Price Model  
 

The Hedonic Price Model involves regressing the observed price of products on explanatory 

variables that are thought to determine the price of that product (Rosen, 1974). This 

technique implies that the purchase price of property is dependent upon various housing 

characteristics such as structural, socioeconomic, environmental and neighbourhood 

characteristics. The base hedonic price model without considering the flood event is 

presented in equation (5.1):  

 
                                                          

                                                             

                                                 

 

   

   

(5.1) 
   

Equation 5.1 is estimated using data that spans five years. The natural logarithm of the sale 

value of house prices is regressed on various explanatory variables that are thought to 

determine that price. The log-linear specification accounts for the non-linear relationships 

between the sale price of house and the characteristics of housing. For example each 

consecutive rise in the number of bedrooms increases the property price at a declining rate.  

The common structural characteristics incorporated in this model includes the number of 

bedrooms, number of bathrooms, number of bathrooms, garage spaces , property levels or 

stories and land size. It is expected that their coefficients will be positive. To improve the 

specification of the model, we include specific structural characteristic variables that are 

deemed important in the Brisbane housing lifestyle. We include a binary variable for 

whether the house possesses air conditioning (Airconditioning) due to the relatively warm 

temperate weather conditions experienced by Brisbane throughout the year. A binary 

variable is included for whether the property possesses a built-in swimming pool or tennis 

courts (luxury), which is appropriate given the weather conditions and love of outdoor 

activities in Australia during warm weather. A significant proportion of houses possessed 

verandahs, sunrooms or balconies which are exterior spaces built as part of the house under 
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a roof (Exteriorspace). This is very important given the weather conditions and the 

Australian lifestyle of enjoying activities whilst interacting with sunlight. A binary variable is 

created to represent the type of house (Brick) which takes a value of one if the house has 

brick or stone exterior type material and takes a value of zero if it has a timber type exterior. 

This variable accounts for the exterior condition of the house since information regarding 

the exact age of the house is not available.  

Property locational characteristics such as distance to the central business district (city), 

distance to nearest train station (station), closest distance to the edge of Brisbane River 

(River) and elevation of the house (Elevation) are represented by continuous variables. The 

expected coefficient of distance to Brisbane River is ambiguous. The flooding effect may 

have a negative impact on property prices as consumers may want to buy further away from 

the river, however living near the river demands a positive premium due to the waterfront 

view. The expected coefficient of station and city is negative, as consumers would place a 

premium on proximity to the central business district and public transport for various 

reasons.  A number of year (year) binary variables are included in the model to control for 

unobserved factors in the general macroeconomic environment. By utilising data spanning 

the time period of 2008 to 2012, dummy variables are created for the calendar years 2009, 

2010, 2011 and 2012 and no dummy variable is used for year 2008. The error term is 

represented by  . A number of variations of equation (5.1) can be employed. The first 

variation employs a series of dummy variables to indicate which suburb that specific 

property sale transaction originated from, as displayed in equation (5.2):  

 
                                                          

                                                             

                                                 

 

   

        

              

(5.2) 

Windsor and Graceville are dummy variables that denote whether the property sale 

transaction originated from the suburb Windsor or Graceville respectively. To avoid the 
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dummy variable trap we do not employ a dummy variable for the transaction originating 

from the suburb Yeronga.  

 

5.2. Modified Base Hedonic Price Model  
 
A variation of equation (5.1) can be constructed which involves deflating property prices to 

a base year of 2012 by utilising the Australian Bureau of Statistics house price index 

(Australian Bureau of Statistics, 2013) for the city of Brisbane. The Australian Bureau of 

Statistics has constructed a quarterly price index of established houses for all cities of 

Australia and this dataset is deflated by utilising the Brisbane City house price index. By 

taking the average of the four quarters index values, an annual average house price index 

value can be created. The construction of this house price index is presented in appendix 

table C.5.1. The binary variable A1 denotes if the property sale transaction occurred within 

one year after the flooding event (i.e. in the year 2011). A2 is a binary variable that denotes 

the property sale transaction occurring at least one year after the flooding event (i.e. in the 

year 2012). The deflation of property prices to a base year of 2012 may account for time 

appreciation effects of properties. However effects such as business cycle effects and 

possible flux in the property market after the flooding event needs to be accounted for, 

which is what the A1 and A2 dummy variables are designed for. Therefore a variation to 

equation (5.1) is illustrated in equation (5.3): 

 
                 

                                                

                                                             

                                                         

(5.3) 
          

This analysis is equivalent to having a dummy variable denoting whether the property was 

sold after the flooding event of 2011. This dummy variable has been unpacked into two 

separate dummies which we call A1 and A2. It will be interesting to see if the estimates of 

the coefficients for equations (5.3) and equation (5.1) are similar. Another variation to 

equation (5.3) involves the employment of suburb dummy variables to produce equation 

(5.4):  



37 
 

                 

                                                

                                                             

                                                      

                      

(5.4) 

The problem with the baseline hedonic models for equations (5.1) to (5.4) is that it does not 

take into account the effect of certain properties being located in flood affected areas. 

Section 5.3 accounts for this by implementing a difference-in-differences model with a 

number of variations.  

 

5.3.  Difference-in-difference Model   
  

The models from section (5.1) and section (5.2) do not account for the structure of the 

dataset, in that certain properties are located in flood affected areas. Properties that are 

sold both before and after the flood event could be located in flood affected or non-flooded 

areas. The difference-in-differences model (Ashenfelter & Card, 1985) and (Ashenfelter, 

1978) can be utilised to account for the particular structure of the dataset. For the standard 

difference-in-difference model, two groups are observed both before and after an event. 

The treatment group is defined as the group affected by a certain event and the control 

group is the group unaffected by the event. Therefore the treatment group is the group of 

properties that are located in flood affected areas, but could be sold both before and after 

the flooding event. Likewise the control group is the group of properties that are located in 

non-flooded areas, but could be sold both before and after the flooding event. The 

treatment effect is defined as the average effect of the flood event on the prices of 

properties located in flood affected areas. By controlling for the differences between 

properties located in flood and non-flood affected areas that existed both before and after 

the flood event, the treatment effect can be isolated.  

This model assumes that the coefficients of the explanatory variables on the two separate 

linear regressions for the flood affected properties sample and non flood affected property 

sample are equal. The chow test (Chow, 1960) determines if certain explanatory variables 
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have differing impacts on the flood affected sample compared to the non-flood affected 

sample. Table 5.1 presents the chow test results:  

Table 5.1: Chow test Results 

Variable Significance Level at which variable 
impact is different between flooded and 

non-flooded sample 

Bedrooms 0.99 

Bathrooms 0.68 

Garages 0.14 

Levels 0.02 

Land 0.06 

Airconditioning 0.37 

Exteriorspace 0.21 

Luxury 0.58 

City 0.002 

Station 0.995 

River 0.01 

Elevation 0.96 

Brick 0.09 

 

The explanatory variables that have statistically differing impacts on the flood affected and 

non-flood affected samples at the 5% significance level are interacted with   in all future 

models for this paper. Therefore the variables river, city and levels are interacted with  . 

The difference-in-difference model is then presented as equation (5.5): 

 
                                                          

                                                             

                                                       

                                                     

 

   

   

(5.5) 
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The binary variable   indicates whether a property was sold during the period after the 

flooding event occurred. The coefficient of this variable indicates if there are any differences 

in average property prices before and after the flooding event. The expected sign of the 

coefficient is ambiguous. The dummy variable F indicates whether a property that was sold 

is located in a flood affected area or not, irrespective of the time of sale. The coefficient of 

this variable indicates if there are differences in the average prices of properties located in a 

flood affected areas and non-flood affected areas across time after controlling for all the 

relevant property characteristics. The expected sign for the coefficient of this variable is 

positive since on average, properties in flood affected areas might receive a positive 

premium compared to properties in non- flood affected areas. Properties in flood affected 

areas possess on average closer distances to the Brisbane River and possibly command a 

higher prestige image of living in these areas. The coefficient (   ) of the interaction term 

       is called the differences-in-differences estimator of the treatment effect, which is 

vital for this analysis. The     coefficient estimates the average impact of the flood event on 

the sale price of properties located in flood affected areas. The expected sign of the     

coefficient is negative, since the impact of the flood event on property prices in flood 

affected areas should attract a negative price premium which reflects the increased 

systemic fear or risk of buying properties in these areas. Another variation to equation (5.5) 

involves employing suburb dummy variables, which is presented in equation (5.6):  

 
                                                          

                                                             

                                                       

                                                       

                       

 

   

   

(5.6) 
 

However there may be possible collinearity issues between certain time dummy variables 

and the   dummy variable, since property sale transactions that occurred in 2011 or 2012 

will also be captured through the    binary variable. The empirical results section of this 

study discusses this issue further.   
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5.4.  Modified Difference-in-Difference Model   

 
To account for the shortcomings of the models from section (5.3), a variation to equation 

(5.5) can be produced. This involves deflating property prices to a base year of 2012 using 

the Brisbane house price index and then utilising the dummy variables A1 and A2 as 

illustrated in equation (5.7): 

                 

                                                

                                                             

                                                       

                                                   

              

(5.7) 
 

Equation (5.7) is equivalent in nature to equation (5.5). The   dummy variable from 

equation (5.5) has been unpacked into two separate dummy variables which we call    

and   , which are also interacted with the dummy variable F. Intuitively, this allows for the 

removal of the time variables as discussed before. This argument of removing the time 

dummy variables, due to deflation of property prices and the use of    and    dummy 

variables is further justified in the empirical results section. The coefficients of the 

interaction terms         and        are crucial to the analysis. The coefficient of 

       estimates the average impact of the flood event on property prices with regards to 

the property being sold within one year post-flooding (i.e. in year 2011) and being located in 

flood affected areas. It is expected that the coefficient will be negative to reflect the 

consumer’s negative premium valuation for flood affected areas after the flood event. 

Likewise the coefficient of        estimates the average impact of the flood event on 

property prices with regards to the property being sold within a time period of more than 

one year post-flooding (i.e. in year 2012) and being located in flood affected areas. It is 

expected that the coefficient will be negative as discussed before, but the coefficient 

magnitudes of the two interaction terms can be compared in order to analyse how the 

negative impact of the flood event has changed over time. Equation (5.7) can be modified to 

employ suburb dummy variables, which is presented as equation (5.8):  
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(5.8) 
 

The regression models considered in sections 5.1 to section 5.3 assume that the property 

observations ordered in space are independent of each other. However in real estate 

economics, property prices may depend on other factors such as prices of surrounding 

properties in a defined neighbourhood, properties in the same neighbourhood may share 

access to similar quality amenities and/or posses similar neighbourhood demographics 

(Samarasinghe & Sharp, 2010). Property observations within a given vicinity of each other 

may appear to be correlated and therefore spatial autocorrelation might exist. Section 5.5 

introduces the concept of a spatial hedonic analysis to account for the possible spatial 

dependency between property observations.  

 

5.5.  Spatial Hedonic Model  
 

Spatial dependency tends to lead to the autocorrelation problem which violates standard 

statistical techniques that assume independence amongst the observations (Rosiers, 

Theriault, & Villeneuve, 2000). Spatial dependence amongst the unobserved error terms can 

therefore produce unreliable statistical significance test values of OLS estimates and the 

parameter estimates are no longer efficient (Clifford, Richardson, Hemon, & Dutilleul, 1993). 

Intuitively, it is implied if ordinary least squares regression analysis does not account for 

spatial dependency, unstable parameter estimates and unreliable significance tests can be 

produced.  

 
5.5.1.  Identification of Spatial Autocorrelation 
 

Spatial autocorrelation can take two forms, namely spatial error dependence and spatial lag 

dependence (Patton & McErlean, 2003). Spatial Error dependence can arise from spatial 

correlation between non-observable variables, omitted variables, variable measurement 

error or misspecification of the functional form (Wilhelmsson, 2002). In real estate 
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economics, common examples of non-observable variables or omitted variables include 

local neighbourhood demographics, pollution in local areas or amount of natural amenities 

which is difficult to quantify or maybe omitted from the initial regression analysis.    

Spatial Lag dependence can arise from spatial effects between observations of the 

dependent variable, such as a property’s price depending on neighbours’ property values 

(Wilhelmsson, 2002). Spatial lag dependence can be a potential issue in real estate 

economics due to the property’s location in a city being a factor in price determination 

(Wilhelmsson, 2002).  The first step involves diagnostic testing to examine the presence of 

spatial autocorrelation which is then followed by specific spatial econometric modelling. The 

popular diagnostic tests for spatial autocorrelation detection include Moran’s I Test statistic 

and Lagrange Multiplier (LM) test (Hudak & Anselin, 1992), which is discussed more 

extensively in section 5.4.6.   

 
5.5.2.  Techniques in Modelling Spatial Autocorrelation 
 

There are two ways of dealing with spatial data (Pace, Barry, & Sirmans, 1998). The first 

method includes specifying the correct independent variables in the hedonic model, taking 

into account all the important determinants of property prices and nonlinearity so that 

spatial dependence is eliminated (Pace, Barry, & Sirmans, 1998). Therefore the addition of 

extra variables that captures these spatial effects may eliminate spatial dependence. 

However the model may lack parsimony and it is very difficult in hedonic regressions to 

account for every aspect that determines property prices. For example, quantifying the 

quality of parklands or the quality of natural geographic views in different neighbourhoods 

is practically difficult. A large number of explanatory variables in the hedonic model will also 

affect the model degrees of freedom and the strength of the modelling (Wu, Valente, 

Gelfand, & Sirmans, 2005). The second method is by modelling the possible spatial 

dependence between the true error terms (Pace, Barry, & Sirmans, 1998), where there are a 

number of variations for this method of analysis. One of the variations that will be employed 

in this study includes the weight matrix approach (Legendre, 1993). The selection of the 

weight matrix approach for this study is based on (Pace, Barry, & Sirmans, 1998) and 

(Lesage, 1997) which implies the suitability of the weight matrix approach for real estate 

economic analysis.  
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5.5.3.  Spatial Weight Matrix Approach  

 

The weight matrix approach (Legendre, 1993) employs a spatial weight matrix denoted 

as  , which describes the spatial relationships between all pairs of observations by defining 

a priori the strength of the possible spatial dependence (Hudak & Anselin, 1992). Therefore 

the matrix defines the strength of association between all pairs of observations and in the 

literature jargon it is defined as describing the contiguity relations between all spatial units 

(Hudak & Anselin, 1992). The degree of these contiguity relationships between the spatial 

units can be generated by two methods; the simple contiguity method or the distance 

contiguity method (Bowen, Mikelbank, & Prestegaard, 2001).  Simple contiguity is based on 

two spatial observations touching each other or possessing a common border.  For example, 

in real estate economic studies, it could be based on properties being neighbours or if 

properties share a boundary fence with other properties. The distance contiguity method 

(Patton & McErlean, 2003) is based on the distance between spatial observations 

determining the degree of contiguity. It is assumed that there are no spatial effects between 

two observations if the distance between any two observations is larger than a 

predetermined distance band of   (Bowen, Mikelbank, & Prestegaard, 2001). However if 

the distance between any two observations is lower than the assigned distance band, then 

it is assumed spatial effects exist between the two observations. A variation of the distance 

contiguity method is to produce a spatial weight matrix based on distance receiving a 

weight that is inversely proportional to the distance between any two observations and zero 

if the distance is larger than the assigned distance band (Bowen, Mikelbank, & Prestegaard, 

2001). This is presented in equation (5.9), where     is an element of the spatial weight 

matrix in row   and column  ,      is the distance between observations   and   and   is 

denoted as the assigned distance band (Lu & Wong, 2008):  

  

     

 

   
          

                      

  

            

(5.9) 
 

The spatial weight matrix is then row reduced automatically by STATA 12.0 software so that 

the components on each row of the spatial weight matrix sums to one. From past empirical 

studies, (Wilhelmsson, 2002) considers five variations of the spatial weight matrix, where 
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the model that utilises an inverse distance contiguity matrix explains the variation in prices 

the best. This paper will employ the spatial weight matrix based on inverse distance 

contiguity. Intuitively spatial dependency between two property observations diminishes in 

strength at a declining rate with increasing distance between the two property observations 

(Lu & Wong, 2008). Information on the latitude and longitude of each property observation 

will be required to calculate distances between any two observation points for this distance 

based contiguity matrix method to be applied. Intuitively as the distance band approaches 

to zero, the spatial regression results will approximate to those of the Ordinary Least 

Squares regression results. The matrix    will be a           matrix which is based on 

the spatial relationships between all 647 observations of the dataset.  

Latitude and longitude coordinates of each property observation was recorded as part of 

data collection, which we measure in scalar units. The maximum distance between any two 

units is 116.3 units and the median distance is 35.9 units.  A number of neighbourhoods 

from the three suburbs were inspected for clustering of similar property characteristics and 

amenities through Google Maps (Google maps, 2013). An arbitrary distance band was then 

chosen to reflect the average radius of the neighbourhood samples that contain similar 

quality property characteristics and amenities. Different distance bands were experimented 

for the spatial weight matrix, and it was found that an arbitrary distance band of 4 units 

better captured the overall spatial dependency in the dataset. To put this into context, a 

distance band of 4 units corresponds approximately to 0.396 Kilometres. If the distance 

between any two property observations exceeds the assigned distance band of 4 units or 

0.396Km, it is assumed that spatial dependency does not exist between those two 

observations. A secondary way of choosing the most appropriate distance band was by 

comparing the goodness of fit measures (such as log likelihood) of the spatial models which 

utilised different distance band weight matrices (Samarasinghe & Sharp, 2010).   

Spatial dependence or spatial autocorrelation between observations can be accounted for 

by the Spatial Lag model or Spatial Error model. The selection of which model to utilise is 

based on diagnostic testing which reveal what model will best account for the presence of 

spatial dependency (Hudak & Anselin, 1992). Diagnostic testing is covered in more depth in 

section 5.5.6. However, a theoretical background is provided in section 5.5.4 and 5.5.5 

regarding the Spatial Lag Model and Spatial Error Model, before we discuss how diagnostic 
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testing can select which of these two models best accounts for spatial dependency between 

observations.   

 
5.5.4.  Spatial Lag Model 

The price of a property may depend on the prices of neighbouring properties due to various 

reasons discussed in the literature review section. The spatial lag model implicitly assumes 

that the price of a property depends on the spatially weighted average of property prices in 

a defined neighbourhood as well as the explanatory variables (Bowen, Mikelbank, & 

Prestegaard, 2001). Intuitively this model assumes that the prices of defined neighbours’ 

properties exert a direct effect on the value of a property price. The spatial lag model is a 

form of the spatial autoregressive model that includes a spatially lagged dependent variable. 

The spatial lag of the dependent variable   is denoted as   , where   is denoted as the 

spatial weight matrix. The spatial lag regression is then presented in equation (5.10) as 

(Hudak & Anselin, 1992): 

           

          

         

(5.10) 
 

where   is the autoregressive coefficient,    is the spatial lagged dependent variable,    is 

the variance of the error term,   are the locational and structural explanatory variables of 

the property and   is the error term (Hudak & Anselin, 1992). Therefore after rearranging 

this equation and letting   denote the identity matrix, the spatial lag model can be rewritten 

as equation (5.11):  

 

             

(5.11) 
 

Intuitively the independent variables in this model are explaining the variation in the 

dependent variable that is not explained by the neighbourhood property values (Hudak & 

Anselin, 1992). Note that if    , the equation then reduces to a regression where OLS can 

be employed since spatial dependence is assumed not to exist. Intuitively, the spatial lag 

model is appropriate when the focus is on the spatial interactions of the dependent 

variable.  
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5.5.5.  Spatial Error Model 

 

As opposed to the Spatial lag model where spatial dependence is represented through a 

continuous dependent variable, the Spatial Error Model assumes that the errors are 

spatially correlated (Hudak & Anselin, 1992).  The spatial error model is based on the 

assumption that the omitted variables vary spatially and does not include the effect that 

property prices depend on the spatially weighted average of property prices in the 

neighbourhood (Can, 1992). The spatial error model is presented in equation (5.13) as: 

 

       

        

(5.12) 
 

where   is denoted as the error term,   is denoted as the uncorrelated component (and 

homoskedastic) of the error term,    is the spatial autoregressive coefficient,     is the 

spatial component of the error term and   is the spatial weight matrix (Hudak & Anselin, 

1992). If there is no spatial correlation between errors, the spatial autoregressive coefficient 

  takes a value of zero implying the model will reduce to a standard regression model where 

the individual observations are independent of one another and the normal OLS regression 

can be employed to produce statistically reliable estimates and significance values (Rosiers, 

Theriault, & Villeneuve, 2000). If OLS regression was employed assuming that the 

observations are independent when in fact spatial error autocorrelation exists, this will have 

statistical implications for significance tests and parameter estimates. The OLS coefficients 

in this case would still be unbiased, the standard errors of the coefficient estimates would 

be incorrect and the parameter estimates are not necessarily efficient (Clifford, Richardson, 

Hemon, & Dutilleul, 1993).  

 
5.5.6.  Diagnostic Procedures   

 

The diagnostic test results will firstly indicate whether spatial dependency exists, and 

secondly whether this dependency is most likely explained by spatial lag dependency or 

spatial error dependency. In order to apply the spatial hedonic model, the modified 

difference-in-difference functional form (equation 5.7) is utilised. To execute the diagnostic 

tests, equation (5.7) is regressed using Ordinary Least Squares under the assumption that 

the error terms are not correlated and property price observations are independent of each 
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other. The spatial diagnostic tests are then generated after the OLS regression has been 

conducted for equation (5.7) (Samarasinghe & Sharp, 2010).  The Moran’s I diagnostic test 

statistic (Moran, 1950b) is a measure of spatial autocorrelation of the residuals. However 

this diagnostic test statistic does not indicate whether spatial dependency is explained 

primarily by spatial lag dependency or spatial error dependency, rather it measures the 

presence of spatial autocorrelation (Moran, 1950a), (Moran, 1950b). The generalised 

Moran’s I test Statistic is presented in equation (5.13) as (Hudak & Anselin, 1992):  

 

  
                        

                     
 

         

(5.13) 
 

where      denotes the elements of the row standardised spatial weight matrix  ,   is the 

number of spatial units,   is the variable of interest and    is the mean of the variable of 

interest (Hudak & Anselin, 1992).  

The Lagrange Multiplier (LM) diagnostic test statistics can reveal whether spatial 

dependency is most likely an outcome of spatial lag dependency or spatial error 

dependency (Can, 1992). The spatial lag LM statistic tests for the omission of a spatially 

lagged dependent variable, where the null hypothesis of the test is         and the 

alternative hypothesis is the spatial lag model             (Can, 1992). The spatial 

error LM statistic tests for the omission of a spatially lagged error term, where the null 

hypothesis of the test is        and the alternative hypothesis is the spatial error model 

         (Can, 1992). The approach discussed in (Anselin & Rey, 1991) and (Can, 1992) 

will be employed, where if both the Spatial Lag LM and Spatial Error LM test statistics are 

significant, then the LM test statistic value with the highest value will tend to indicate the 

correct form of spatial dependence. The robust form of the Langrage multiplier test 

statistics can also indicate the preference for the use of a spatial lag or spatial error model 

that best accounts for spatial dependency. The robust LM test is an equivalent method to 

the interpretation of the LM test statistics (Samarasinghe & Sharp, 2010).  
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5.6. Alternative Robustness check Model  

 
The functional form utilised so far in this paper has assumed consumer’s perception of flood 

risk was captured through the aspect of whether the property was affected by flooding or 

not. A consumer’s perception of whether a property is flood prone or not is also a function 

of the property’s elevation and property’s distance to Brisbane River. Rather than assuming 

that the consumer’s valuation for the flood related explanatory variables remain constant 

over time, these variables can be incorporated along with the aspect of whether the 

property is located in a flood affected area or not to reflect the impact of the flood event on 

property prices. For example, if a consumer’s property has been affected by flooding, they 

will change their valuations for that property’s elevation and distance to river, which then 

has an impact on property prices. Intuitively these changed valuations for the flood related 

locational variables reflect the impact of the flood event on property prices.  

Therefore we construct a model where the consumer’s changing perception of flood risk is 

captured through their changed valuations for the property’s elevation and the property’s 

distance to Brisbane River due to the flood event. As a sensitivity or robustness check for 

the models developed so far, the equation (5.14) functional form is also included for 

analysis:  

 
                 

                                                

                                                             

                                          

                                             

                                                     

                                                         

                                                        

              

(5.14) 
 

This model is merely used as a robustness check to identify consumer’s possible trends in 

valuation for the locational flood related variables over time which will reflect the 

consumer’s changing perception of flood risk.   
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6.  EMPIRICAL RESULTS 

  

6.1.  Estimation Method  
 

The models presented from sections 6.2 to 6.5 were estimated using Ordinary Least Squares 

estimation. The Breusch-Pagan test (Breusch & Pagan, 1979) was applied to these 

regression equations and it found evidence of heteroskedasticity at the 5% significance 

level. Robust standard errors were employed in the estimation method for all model 

equations in the methodology section to account for heteroskedasticity in the data.  

 

6.2. Evidence from Base hedonic Model  
 

The base hedonic model was estimated without considering whether properties were 

located in flood affected areas and when the sale transaction occurred relative to the flood 

event. The results will reveal consumers’ valuations for different characteristics of property 

in Brisbane over the five year time period. This baseline model for equations (5.1) and (5.2) 

can be utilised as a comparison for the other empirical methods employed in this study. The 

result of the estimation of equation (5.1) and (5.2) are presented in table (6.1): 

   
Table 6.1:  Estimates of base hedonic model 

 Equation 5.1 
 

          

Equation 5.2 
 

          

Variable 
 

Coefficient Standard Error Coefficient Standard Error 

Bedrooms 0.0597 *** 0.0150 0.0564*** 0.0148 

Bathrooms 0.1276*** 0.0202 0.1258*** 0.0200 

Garages 0.0110 0.0112 0.0100 0.0112 

Levels 0.0345* 0.0209 0.0349** 0.0206 

Land 0.0003*** 0.0001 0.0003*** 0.0001 

Airconditioning 0.0303 0.0188 0.0381** 0.0189 

Exteriorspace 0.0840*** 0.0220 0.0868*** 0.0219 

Luxury 0.2119*** 0.0288 0.2040*** 0.0282 

Brick 0.0194 0.0239 0.0197 0.0239 

City -0.0073 0.0091 0.0553** 0.0322 

Station -0.0886*** 0.0265 -0.0775*** 0.0260 

River -0.1005*** 0.0291 -0.2834*** 0.0646 

Elevation 0.0103*** 0.0012 0.0114*** 0.0014 

Windsor - - 0.2657*** 0.0727 

Graceville - - -0.1104 0.0767 

Constant 12.6624*** 0.0886 12.3680*** 0.1521 

   Note significance levels next to coefficient estimates:  3 stars=1% significance level 
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   2 stars= 5% significance level  
   1 star= 10% significance level 

 
By firstly analysing the estimates of equation 5.1, properties that possess an extra bedroom, 

bathroom, property level and square metre of land size increases property sale price, all else 

equal. An extra bedroom increases property prices by 5.97%, whilst an extra bathroom 

increase prices by 12.8%. Interestingly, an extra bathroom has a larger effect on property 

prices compared to an extra bedroom, all else equal. Also an extra level or story to the 

property increases property prices by 3.5%. However there is a level of correlation between 

the number of bedrooms, bathrooms and number of stories the property possesses which 

may be driving these results. An extra square metre of land adds 0.03% to the property 

price where the coefficient possesses the expected positive direction. Properties 

characterised with an exterior space built as part of the property under an artificial roof, or 

possess luxury aspects such as swimming pools or tennis courts command a positive 

premium. Australian society stereotypically assigns a positive premium to beach side 

locations, outdoor activities and exposure to sunlight. Therefore the presence of an exterior 

space in a property commands a positive premium of 8.4%. Also if the property possesses 

luxury aspects then the property price will command a positive premium of 21.2%. The 

coefficients of Garages, Airconditioning and Brick variables are all statistically insignificant. 

However these variables possess the expected sign of positive coefficients. The temperate 

climate conditions of Brisbane all year round demand the need for air conditioning, 

therefore it is expected that consumers place a positive premium on airconditioning 

technology. The coefficient of the variable garages possesses a positive coefficient which is 

as expected. However the number of garages is correlated with the number of bedrooms 

and bathrooms, therefore this correlation may be driving the result. A property with a brick 

veneer exterior generally commands a positive price premium compared to wooden 

exterior houses, however the insignificance of this coefficient may be due to weather 

conditions favouring timber exterior houses in Brisbane. The coefficient of the city variable 

is statistically insignificant, although it has the expected negative direction to the coefficient. 

This implies as the distance of property to the Brisbane central business district increases, 

the property price receives a negative premium. Consumers place a positive premium on 

purchasing property closer to the central business district since these districts possess a 

variety of shopping stores, restaurants, work opportunities, entertainment and a perceived 
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higher privileged life. The statistical insignificance may result from the lack of variation in 

distances of properties to Brisbane CBD in the dataset.  The coefficient of the station, river 

and elevation variables are all statistically significant.  As expected, the property price 

receives a negative premium with increasing distance of the property to the nearest train 

station and to the Brisbane River, all else equal. An increase of one mile in distance of the 

property to the Brisbane River commands a negative premium of 10.1%. Properties close to 

the Brisbane River may command a higher price premium due to consumers positively 

valuing waterfront or beachside views, which are perceived as positive externalities 

(Tapsuwan, Ingram, Burton, & Brennan, 2009). An increase of one metre in elevation of the 

property implies that the property price receives a 1.03% positive premium. Elevation of 

property possesses the expected positive coefficient, since consumers may prefer to live at 

higher elevations to decrease the chance of exposure to downstream flooding and to enjoy 

better aesthetic views. The results for the estimation of equation (5.2) which includes the 

suburb dummy variables are also presented in table (6.1).  

By comparing equation (5.2) with equation (5.1) estimates, the airconditioning variable now 

becomes statistically significant and hence properties characterised by air conditioning 

receive a positive premium of 3.8% in sale price. The city variable becomes statistically 

significant compared to equation (5.1). As distance of the property to Brisbane CBD 

increases, the property now receives a positive premium of 5.5% as opposed to the negative 

coefficient direction from equation (5.1). However the coefficient of the city variable now 

contradicts the expected coefficient reasoning. This may be explained by the fact that the 

suburb Windsor on average was the closest suburb to Brisbane CBD, whilst Graceville was 

the furthest away from Brisbane CBD. The effects of the property’s distance to Brisbane CBD 

might be captured through the suburb dummy variables; therefore care must be taken in 

interpreting the coefficients. Properties originating from the suburb Windsor demand a 

positive premium of approximately 26.6% relative to the base suburb Yeronga and the 

variable Graceville is statistically insignificant.  An extra mile increase in distance of the 

property to the Brisbane River commands a negative premium of 28.4% which is 

significantly larger than the 10.1% negative premium for the equation (5.1) estimate. 

However again, the effects of the property’s distance to Brisbane River might be captured 

through the suburb binary variables, since properties originating from Windsor were on 
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average the furthest away in distance from Brisbane River compared to properties 

originating from Graceville. Therefore this correlation effect might be driving these results. 

The coefficients of all the remaining locational and structural variables are similar across 

equation (5.1) and (5.2) estimates. The time dummy variable estimates for equation (5.1) 

and (5.2) are presented in appendix table D.6.1.  

However this econometric model does not account for specific properties being located in 

specific flood affected areas and when the property sale transaction occurred relative to the 

flooding event.  

 

6.3.  Evidence from Modified Base hedonic Model  

The modified base hedonic model involved deflating the property prices using the Brisbane 

house price index to a base year of 2012 and then employing A1 and A2 dummy variables to 

account for post flooding flux in property prices and other effects such as business cycle 

effects. Intuitively, this allowed for the removal of time dummy variables and it will be 

interesting to compare the coefficient estimates of equation (5.1) and (5.3). The results of 

the estimations of equation (5.3) and equation (5.4) are presented in table (6.2):  

 
Table 6.2: Estimates of modified base hedonic model 

 Equation 5.3 
 

          

Equation 5.4 
 

          

Variable 
 

Coefficient Standard Error Coefficient Standard Error 

Bedrooms 0.0576*** 0.0149 0.0546*** 0.0147 

Bathrooms 0.1299*** 0.0202 0.1281*** 0.0200 

Garages 0.0125 0.0112 0.0117 0.0112 

Levels 0.0378** 0.0206 0.0379* 0.0203 

Land 0.0003*** 0.0001 0.0003*** 0.0001 

Airconditioning 0.0306 0.0188 0.0384** 0.0189 

Exteriorspace 0.0857*** 0.0219 0.0884*** 0.0218 

Luxury 0.2083*** 0.0287 0.2005*** 0.0280 

Brick 0.0160 0.0240 0.0161 0.0239 

City -0.0064 0.0091 0.0501 0.0323 

Station -0.0924*** 0.0265 -0.0815*** 0.0259 

River -0.0949*** 0.0291 -0.2777*** 0.0648 

Elevation 0.0100*** 0.0012 0.0112*** 0.0014 

A1 -0.0229 0.0237 -0.0329 0.0245 

A2 0.0009 0.0226 -0.0088 0.0229 

Windsor - - 0.2617*** 0.0735 

Graceville - - -0.0947 0.0764 

Constant 12.5876*** 0.0823 12.3177*** 0.1546 
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    Note significance levels next to coefficient estimates:   3 stars=1% significance level 
    2 stars= 5% significance level  
    1 star= 10% significance level 

 

The coefficient estimates of the explanatory variables from equation (5.1) and equation 

(5.3) are similar in magnitude, direction and statistical significance. Therefore the economic 

interpretation remains the same. Both the    and    variables possesses negative 

coefficients that are statistically insignificant. The estimation results of equation (5.4) which 

includes the suburb binary variables are also presented in table 6.2. By comparing the 

estimation results of equation (5.4) with equation (5.3), the airconditioning binary variable 

now becomes statistically significant and hence properties characterised by air conditioning 

now receive the expected positive premium in sale price. The estimated coefficient direction 

of the city variable is now positive but still statistically insignificant, where the possible 

reasons for this were discussed previously. The negative premium for purchasing property 

further away from Brisbane River has now increased substantially to 27.7% compared to the 

9.5% estimate of equation (5.3). This might be explained again by the employment of 

suburb dummy variables that are correlated with the locational distance variables. By 

comparing the estimates of equation (5.4) with equation (5.2), the coefficient of the city 

variable now becomes statistically insignificant but it possesses a very similar magnitude 

coefficient. The economic interpretations of the other structural and locational explanatory 

variables remain exactly the same.  

The similarity of the locational and structural variable coefficient estimates and significance 

levels from the comparison of equation (5.1) and equation (5.3) estimates, and likewise 

equation (5.2) and equation (5.4) estimates justifies the setup of the modelling for the 

modified difference-in-difference model. Therefore the removal of time dummy variables 

from a hedonic model in this case can be accounted for by utilising property prices deflated 

by the Brisbane property price index and employing the   and    binary variables. This 

aspect allows for the modification of the difference-in-difference model which is discussed 

in section 6.5. In the next section, the aspect that certain properties are located in flood 

affected areas or not are accounted for by utilising a difference-in-difference model.  
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6.4.  Evidence from Straight Difference-in-Difference Model  

 
The difference-in-difference model accounts for the shortcomings of the previous models 

posed so far, where properties sold both before and after the flooding event could be 

located in flood affected areas. The chow test also indicated the variables river, city and 

levels should be interacted with   to account for the differing impacts these variables had 

on the flooded and non-flooded sample. The results of the estimation of equations (5.5) and 

(5.6) are presented in Table 6.3:  

Table 6.3: Estimates of straight difference-in-differences model  

 Equation 5.5 
 

          

Equation 5.6  
 

          

Variable 
 

Coefficient Standard Error Coefficient Standard Error 

Bedrooms 0.0545*** 0.0148 0.0511*** 0.0146 

Bathrooms 0.1264*** 0.0199 0.1242*** 0.0198 

Garages 0.0134 0.0111 0.0123 0.0110 

Levels 0.0066 0.0215 0.0109 0.0211 

         0.0830* 0.0437 0.0711* 0.0429 

Land 0.0003*** 0.0001 0.0003*** 0.0001 

Airconditioning 0.0353* 0.0191 0.0426** 0.0190 

Exteriorspace 0.0835*** 0.0219 0.0858*** 0.0217 

Luxury 0.2056*** 0.0268 0.1970*** 0.0265 

Brick 0.0041 0.0228 0.0032 0.0226 

City 0.0122 0.0105 0.0556* 0.0315 

       -0.0704*** 0.0193 -0.0761*** 0.0185 

Station -0.1206*** 0.0311 -0.1046*** 0.0306 

River -0.0431 0.0294 -0.2347*** 0.0623 

        -0.3157*** 0.0812 -0.3407*** 0.0789 

Elevation 0.0096*** 0.0014 0.0108*** 0.0015 

A -0.0448 0.0392 -0.0597 0.0394 

F 0.4689*** 0.1587 0.5168*** 0.1547 

      -0.1256*** 0.0398 -0.1185*** 0.0390 

Windsor - - 0.2678*** 0.0708 

Graceville - - -0.0551 0.0704 

Constant 12.5877*** 0.0977 12.3751*** 0.1569 

Note significance levels next to coefficient estimates:   3 stars=1% significance level 
2 stars= 5% significance level  
 1 star= 10% significance level 

 
Comparing the estimates of equation 5.5 with equation 5.3, the structural and locational 

explanatory variables retain similar magnitudes of coefficients and statistical significance 

levels; hence the economic interpretations remain unchanged. However, consumer’s 

valuations for every extra mile the property is further in distance from the Brisbane River 
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decreases faster for properties located in flood affected areas compared to non-flood 

affected areas. Flood affected areas in general were located closer to the Brisbane River 

than non-flooded areas, therefore there is a level of correlation between River and 

   Intuitively consumers will buy property near the river for the aesthetic views (Tapsuwan, 

Ingram, Burton, & Brennan, 2009), therefore they value the proximity to the river much 

higher than consumers who purchase properties away from the river.  Also consumers in 

flood affected areas value an extra level or storey much higher than consumers from non-

flood affected areas.  

The variable   possesses a negative coefficient and is statistically insignificant. The direction 

of the coefficient is as expected. Intuitively, properties sold after flooding may have 

experienced a decline in property prices due to the possible aftershocks from the flooding 

event. However properties sold after the flooding event may or may not be located in flood 

affected areas. The variable   possesses a positive coefficient and is statistically significant; 

therefore properties that are located in flood affected areas were sold at a positive 

premium which is as expected. However properties located in flood affected areas could be 

sold before the actual flooding event as well, therefore the interaction term is important to 

the analysis of this model. The coefficient of the interaction term        is negative and 

statistically significant. The estimated coefficient for   suggests properties located in flood 

affected areas command a positive premium of 46.89% before the flood event, ceteris 

paribus. However after the flood event this premium changes to a positive premium of 

34.3%. Therefore the negative impact of the flood event on property prices with respect to 

properties located in a flood affected areas is 12.6%. This coefficient sign is as expected. This 

negative impact on property prices possibly reflects the consumer’s negative mindset of 

increased systemic risk for purchasing properties in flood affected areas after the flood 

event. Prior to the flood event, properties located in flood affected areas were highly sought 

after due to consumer’s positive valuation for living close to water source amenities, which 

is consistent with Australian literature. However properties in flood affected areas still 

command a positive premium, but it is smaller than the positive premium before the flood 

event. In this case, the decline of the positive premium can be attributed to the flood event 

impact.  
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The estimate of equation (5.6) includes the suburb dummy variables. By comparing the 

estimates of equation 5.6 with equation 5.5, one major change is noted in the river variable 

coefficient for properties located in non-flood affected areas which now commands a larger 

negative premium of 23.5% for each extra mile of distance the property is from the river. 

The flood event impact on property prices with regards to properties located in flood 

affected areas sold after the flooding event of 11.85% is very similar in magnitude to the 

equation 5.5 estimate. However again, care must be taken in the interpretation of results 

due to possible correlation between the suburb dummy variables and the locational 

variables. The 2011 binary variable was dropped from analysis by STATA 12.0 software when 

the difference-in-difference models were regressed due to collinearity issues. There is 

possible high collinearity between the 2011 binary variable and the   dummy variable, since 

property sale transactions that occurred in 2011 or 2012 will also be captured through the 

   binary variable. The time dummy variable estimates are shown in appendix table D.6.2. 

Therefore the modified difference-in-difference model accounts for these shortcomings by 

removing the time dummy variables and utilising    and    binary variables along with the 

deflated property prices. It will be interesting to see how the systemic risk of buying 

properties located in flood affected areas after the actual flooding event has changed over 

time or how the negative premium has reacted on an annual basis since the flood event. 

Therefore the standard difference-in-difference model is modified to account for these 

shortcomings.  

 

6.5.  Evidence from modified difference-in-difference model  
 

The modified version of the difference-in-difference model deflates property prices to a 

base year of 2012 by using the Brisbane house price index and also utilises the binary 

variables    and   . Based on the empirical results so far, this can allow for the removal of 

time dummy variables from this model. The estimated results of equations (5.7) and 

equations (5.8) are presented in Table 6.4: 
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Table 6.4:  Estimates of modified difference-in-differences model  

 Equation 5.7 
 

          

Equation 5.8  
 

          

Variable 
 

Coefficient Standard Error Coefficient Standard Error 

Bedrooms 0.0521*** 0.0148 0.0489*** 0.0145 

Bathrooms 0.1289*** 0.0200 0.1268*** 0.0198 

Garages 0.0150 0.0111 0.0140 0.0110 

Levels 0.0095 0.0211 0.0131 0.0208 

          0.0837* 0.0436 0.0723* 0.0428 

Land 0.0003*** 0.0001 0.0003*** 0.0001 

Airconditioning 0.0359* 0.0192 0.0436** 0.0191 

Exteriorspace 0.0851*** 0.0219 0.0870*** 0.0216 

Luxury 0.2015*** 0.0267 0.1929*** 0.0263 

Brick 0.0004 0.0229 -0.0009 0.0227 

City 0.0120 0.0105 0.0501 0.0317 

       -0.0671*** 0.0192 -0.0733*** 0.0184 

Station -0.1259*** 0.0313 -0.1102*** 0.0308 

River -0.0389 0.0295 -0.2305*** 0.0627 

        -0.3086*** 0.0815 -0.3354*** 0.0795 

Elevation 0.0093*** 0.0014 0.0107*** 0.0015 

F 0.4502*** 0.1589 0.4998*** 0.1550 

   0.0213 0.0285 0.0093 0.0290 

   0.0386 0.0247 0.0255 0.0252 

     -0.1428*** 0.0502 -0.1445*** 0.0499 

     -0.1217** 0.0477 -0.1102** 0.0466 

Windsor - - 0.2647*** 0.0719 

Graceville - - -0.0412 0.0706 

Constant 12.5174*** 0.0929 12.3280*** 0.1590 

Note significance levels next to coefficient estimates: 3 stars=1% significance level 
 2 stars= 5% significance level  
 1 star= 10% significance level 

 

By comparing the estimates of equation 5.7 with equation 5.5, the coefficients of all the 

locational and structural explanatory variables possess similar magnitudes and statistical 

significance levels to the estimates of equation (5.5); therefore the economic 

interpretations remain unchanged. The variables A1 and A2 have positive coefficients and 

are statistically insignificant. The variable F possesses a positive coefficient and is statistically 

significant, which implies that properties located in flood affected areas were sold at a 

positive premium of 45.0% before the flood event compared to properties in non-flood 

affected areas. The coefficients of the interaction terms        and         possess 

negative coefficients and are statistically significant. A property’s location in a flood affected 

area commands a positive premium valuation of 45.0% prior to the flood event, but this 

positive premium declines to approximately 30% if the property was sold within one year 



58 
 

after the flooding event (i.e. in year 2011). If the property was sold within a timeframe that 

is more than one year after the flooding event and is located in a flood affected area, the 

property price commands a positive premium of 32.85%. This suggests that the flood event 

impact on property prices with regards to the properties located in flood affected areas has 

reduced on an annual basis since the flood event. This decline in negative premium 

valuation over time may reflect an increase in consumers’ confidence levels and reduction 

of perception of systemic risk in their mindsets when purchasing properties located in flood 

affected areas after the flooding event. The properties in flood affected areas still command 

a positive premium relative to properties in non-flooded areas even after the flood event, 

but this premium is lower than the pre-flood event positive premium levels. We can see that 

this positive premium for properties in flood affected areas has been increasing since the 

flood event.  

The result of estimation for equation (5.8) includes the suburb dummy variables. The 

negative premium associated with an extra mile of distance of the property to the Brisbane 

River has changed dramatically to 23.1% for properties not located in flood affected areas 

compared to equation (5.7) negative premium estimate of 3.9%. The positive premium 

associated with the property being sold within a timeframe of less than one year post 

flooding and being located in a flood affected area is 35.53%, which is similar to the 30.74% 

from equation 5.7. The positive premium associated with a property being sold within one 

year post flooding and being located in flood affected area is 38.96%, which is similar to the 

32.85% result from the equation 5.7 estimate. From the results of all the models analysed so 

far, when suburb dummy variables are included in the model, the locational explanatory 

variables experienced the largest changes in coefficient magnitude levels and statistical 

significance levels. This can be explained by the correlation between the suburb dummy 

variables and locational explanatory variables which is driving these results.  

The ordinary least squares (OLS) regression for equation (5.7) and (5.8) achieves a 

reasonable fit with an adjusted     of 0.6882 and 0.6954 respectively, however the 

estimated coefficients and statistical significance values might be unreliable due to possible 

spatial autocorrelation between property observations. The econometric models discussed 

so far have utilised the OLS regression method which assumes that the property 

observations ordered in space are independent of each other. However property 
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observations within a given vicinity of each other may appear to exhibit spatial 

autocorrelation due to factors discussed in the literature review section. Therefore the 

spatial hedonic model will be implemented to account for these shortcomings.  

 

6.6. Evidence from Spatial Hedonic Model Analysis 
 

The spatial hedonic model assumes that the property price observations ordered in space 

are not independent of each other; therefore property observations within a given vicinity 

of each other may exhibit spatial autocorrelation or dependency. The diagnostic test results 

will first indicate whether spatial dependency exists and whether this dependency is most 

likely a result of spatial lag dependency or spatial error dependency. Based on these 

diagnostic tests, the most appropriate spatial model will then be selected to best account 

for the spatial dependency.  

6.6.1.  Diagnostic Test Statistic Results  
 

The Lagrange Multiplier (LM) test statistics, Moran’s I test statistic and Robust Lagrange 

Multiplier diagnostic test statistics for both Spatial Lag and Spatial Error dependency are 

presented in table 6.5:  

Table 6.5: Spatial Autocorrelation Diagnostic test Statistics 

What it is it 
testing for 

Test Name Statistic Degrees of 
Freedom 

Spatial 
Correlation 

Moran’s I test 
Statistic 

9.491 
*** 

1 

Spatial Error Lagrange Multiplier 63.210 
*** 

1 

Robust Langrage 
Multiplier 

3.243 
* 

1 

Spatial Lag Lagrange Multiplier 116.038 
*** 

1 

Robust Langrage 
Multiplier 

56.072 
*** 

1 

Note significance levels below coefficient estimates: 3 stars=1% significance level 
          2 stars= 5% significance level  

   1 star= 10% significance level 

 
Moran’s I Test statistic which is highly statistically significant indicates the presence of 

spatial autocorrelation between property observations. The Lagrange multiplier test 

statistics for both spatial lag and spatial error strongly indicate the presence of 
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misspecification in the normal OLS model due to both the omission of spatially lagged 

dependent variables and spatially lagged error term. The LM test statistics are higher for the 

spatial lag dependency than for spatial error dependency. As discussed in (Anselin & Rey, 

1991) and (Can, 1992), when both LM test statistics are highly significant, the LM value with 

the highest statistic value will more significantly indicate the type of spatial dependence 

that exists between property observations. Hence there is a strong indication that the 

spatial dependence observed in the regression residuals is most likely an outcome of spatial 

lag dependence rather than spatial error dependence (Can, 1992). The robust form of the 

Langrage multiplier test statistics confirms this result as well.  

6.6.2. Spatial Hedonic Model selection and results   
 

Based on the results for the diagnostic test statistics from section (6.6.1), the Lagrange 

Multiplier test statistics indicate a preference towards the employment of a spatial lag 

model to best account for the spatial autocorrelation between property observations. In 

order to apply the spatial hedonic model, the modified difference-in-difference functional 

form (equation 5.7) is utilised for this section. Hence the hedonic spatial lag model is then 

specified as:  

 
                 

                                                

                                                     

                                                     

                                                          

                                   

 
          

(6.1) 
 
where   is the autoregressive coefficient,   is the spatial weight matrix, 

                   is the spatially lagged dependent variable,    is the variance of the 

error term and   is error term. To account for potential heteroskedasticity, robust standard 

errors are also employed in the estimation of the spatial lag model. The results for the 
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spatial lag hedonic regression are presented in table 6.6, along with the estimates of 

equation 5.7 for comparison purposes:  

Table 6.6: Estimates of spatial lag versus OLS for modified difference-in-differences model 

 Spatial Lag model-Equation 6.1 
 

Log Likelihood=128.980 

Equation 5.7 
 

          

Variable 
 

Coefficient Standard Error Coefficient Standard Error 

Bedrooms 0.0492*** 0.0140 0.0521*** 0.0148 
Bathrooms 0.1183*** 0.0183 0.1289*** 0.0200 

Garages 0.0120 0.0101 0.0150 0.0111 
Levels 0.0118 0.0199 0.0095 0.0211 

          0.0859** 0.0374 0.0837* 0.0436 
Land 0.0003*** 0.0000 0.0003*** 0.0001 

Airconditioning 0.0391** 0.0179 0.0359* 0.0192 
Exteriorspace 0.0721*** 0.0198 0.0851*** 0.0219 

Luxury 0.1799*** 0.0230 0.2015*** 0.0267 
Brick 0.0033 0.0206 0.0004 0.0229 
City 0.0041 0.0099 0.0120 0.0105 

       -0.0338** 0.0169 -0.0671*** 0.0192 
Station -0.0498* 0.0286 -0.1259*** 0.0313 
River 0.0102 0.0294 -0.0389 0.0295 

        -0.1528** 0.0676 -0.3086*** 0.0815 
Elevation 0.0034** 0.0017 0.0093*** 0.0014 

F 0.1848 0.1369 0.4502*** 0.1589 
   0.0130 0.0277 0.0213 0.0285 
   0.0317 0.0227 0.0386 0.0247 

     -0.1203** 0.0485 -0.1428*** 0.0502 
     -0.1026** 0.0426 -0.1217** 0.0477 

Constant 5.8413*** 0.8787 12.5174*** 0.0929 
        Note significance levels next to coefficient estimates: 3 stars=1% significance level 

 2 stars= 5% significance level  
 1 star= 10% significance level 

 

Note this model does not employ suburb dummy variables, as these variables might capture 

some of the effects that the distance bands in the spatial weight matrix are designed to 

account for. Hence interpretation of the results will be questionable, and so the suburb 

dummy variables are excluded from the spatial hedonic model analysis. Equation 6.1 

estimation results are compared to equation 5.7 estimation results to drive the analysis. The 

statistical significance and coefficient estimates of the variables station, river and city have 

changed dramatically. As stated in (Gillen, Thibodeau, & Wachter, 2001), residents of 

properties that are in proximity to each other may possess similar commute patterns, 

similar distances to public transport, similar distances of commute to the city and similar 
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distance to important amenities. This aspect can be one of the sources of spatial 

autocorrelation in property prices. The spatial hedonic model may have accounted for these 

effects and might be driving the significant changes in magnitudes and statistical 

significance levels of the distance to amenities explanatory variables. The economic 

interpretation of the remaining structural explanatory variables remains unchanged, 

although the coefficient magnitudes and statistical significance values do change slightly. 

The impact of the flood event on property prices with regards to properties being located in 

flood affected areas and being sold within one year after the flooding event is now 12.0%, 

which is slightly lower than the 14.3% estimate from equation 5.7. Similarly, this impact 

declines to 10.26% for properties that are located in flood affected areas and were sold at 

least one year after the flooding event, which is slightly lower than the 12.2% negative 

impact from the equation 5.7 estimate. Therefore the flood event produced a negative 

impact on property prices in flood affected areas, although this negative impact has 

declined on an annual basis since the flooding event, which is similar to the other results so 

far. It is noted that in the spatial lag model,   possesses a statistically insignificant positive 

coefficient. There appears to be a possible positive magnitude in consumer’s valuation for 

properties located in flood affected areas relative to properties in non-flood affected areas 

after the flood event. However this premium is lower than the positive premium for flood 

affected properties prior to the flood event, which can be attributed to the flood event 

impact on consumer confidence in purchasing properties in these flood prone areas. This 

positive premium has been increasing since the flood event, which may reflect consumers’ 

reduced perception of risk in purchasing properties in the flood affected areas. The possible 

reasons for this trend are outlined in section 6.8 of this paper.  

 

6.7. Alternative Robustness Check Model 
 
This modified difference-in-difference model will raise the question that consumer’s 

valuations for the property’s distance to Brisbane River and elevation may change after the 

flood event especially in flood affected areas. In this case, it may bias the estimate of the 

interaction terms        and       , since the changes in valuations for River and 

elevation might be captured through these interaction terms. A sensitivity robustness check 

regarding this issue is included in appendix D.6.3 for the reader’s interest and it was 

concluded that the interaction terms        and        are still very similar.  
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Instead of assuming consumer’s valuation for the flood related explanatory variables are 

constant over time, we can channel the flood event impact on property prices through 

consumer’s changes in valuations for these variables over time by also interacting them with 

whether or not the property is located in a flood affected area. Equation (5.14) was tested 

for spatial autocorrelation and it was determined that the spatial lag model best accounts 

for spatial autocorrelation between property observations. The spatial diagnostic test 

results are presented in Appendix D.6.4. The results for estimation of equation (5.14) and 

equation (6.1) are presented in table 6.7, where both models were regressed using a spatial 

lag model:   

Table 6.7: Alternative robustness check model comparison 

 Equation 5.14 -spatial lag 

 
Log Likelihood=134.286 

Equation 6.1 -spatial lag 

 
Log Likelihood=128.980  

Variable Coefficient Standard Error Coefficient Standard Error 

Bedrooms 0.0493*** 0.0138 0.0492*** 0.0140 

Bathrooms 0.1181*** 0.0183 0.1183*** 0.0183 

Garages 0.0111 0.0100 0.0120 0.0101 

Levels 0.0134 0.0202 0.0118 0.0199 

           0.0866** 0.0374 0.0859** 0.0374 

Land 0.0003*** 0.0001 0.0003*** 0.0000 

Airconditioning 0.0406** 0.0178 0.0391** 0.0179 

Exteriorspace 0.0691*** 0.0194 0.0721*** 0.0198 

Luxury 0.1759*** 0.0231 0.1799*** 0.0230 

City 0.0036 0.0101 0.0041 0.0099 

        -0.0331** 0.0167 -0.0338** 0.0169 

Station -0.0501* 0.0299 -0.0498* 0.0286 

River 0.0208 0.0311 0.0102 0.0294 

          -0.1971** 0.0843 -0.1528** 0.0676 

          -0.0818 0.0736 - - 

           0.0159 0.0488 - - 

             0.2605** 0.1041 - - 

             0.0532 0.1251 - - 

Elevation 0.0031 0.0023 0.0034** 0.0017 

            0.0068 0.0082 - - 

             0.0035 0.0034 - - 

             -0.0016 0.0031 - - 

                -0.0224*** 0.0057 - - 

                -0.0128*** 0.0049 - - 

Brick 0.0032 0.0206 0.0033 0.0206 

  0.1282 0.1604 0.1848 0.1369 

   -0.0023 0.0578 0.0130 0.0277 

   0.0564 0.0581 0.0317 0.0227 

     - - -0.1203** 0.0485 

     - - -0.1026** 0.0426 
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Constant 5.8887*** 0.8812 5.8413*** 0.8787 

   Note significance levels next to coefficient estimates:  3 stars=1% significance level 
  2 stars= 5% significance level  

            1 star= 10% significance level 

 
Apart from the interpretation of the river and elevation variables, the coefficients and 

statistical significance levels of the remaining structural and locational variables are very 

similar across both models. For every extra mile of distance the property is further away 

from Brisbane River, the valuation for the property’s distance to the river in flood affected 

areas before the flood event commands a negative premium. Consumers in non-flooded 

areas before the flood event value each extra mile of distance the property is further away 

from the Brisbane River with a positive premium, although the coefficient is statistically 

insignificant. Intuitively, consumers who chose to purchase properties near the river might 

place a higher valuation for the aesthetic views of the waterfront view compared to 

consumers who purchase their house at a larger distance from the river (Tapsuwan, Ingram, 

Burton, & Brennan, 2009).  

In flood affected areas, the flood event had a negative impact of 26.05% on property price 

for each extra mile the property is closer to the Brisbane River in 2011. This negative impact 

declines to 7.0% in 2012, although the coefficient of the interaction term              

   is statistically insignificant. By inspection, it seems consumers in flood affected areas still 

assign a positive premium for being closer to the river after the flood event, but this 

premium was higher before the flood event compared to after the flood event. This cannot 

be stated definitely since the coefficients of the              and       variables are 

statistically insignificant. Also it seems for consumers in flood affected areas, that their 

positive premium valuation for living closer to the river has been increasing since the flood 

event, which may reflect consumer’s declining perception of risk in buying properties close 

to Brisbane River. Again, we cannot say this definitely due to the statistical insignificance of 

the              and       variable coefficients.  

This pattern of consumer’s risk perception matches the trend results from section 6.6 of this 

paper. In section 6.6 results, we found that consumers still value properties in flooded areas 

after the flood event with a positive premium, but it is lower than the positive premium 

before the flood event. This positive premium for flooded properties has also increased 

since the flood event. These trends reflect the consumer’s decreased perception of risk in 
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buying properties in flood prone areas since the flood event, but the risk is still higher than 

the pre-flood event levels. The change in consumers’ valuations for the property’s distance 

to Brisbane River in flood affected areas reflects this same trend in risk perception over 

time. It is noted that areas affected by flooding are generally areas in proximate distance to 

the River. 

Therefore there is correlation between the   , elevation and river variables as presented in 

appendix D.6.5. Particularly, properties located further away from Brisbane River will also 

most likely possess higher elevation. Consumers in flooded and non-flooded areas assign a 

possible positive premium for each extra metre of elevation prior to the flood event, but 

these coefficients are statistically insignificant. However flood affected areas generally 

possess low elevation to start off with and are well below defined flood levels, so any extra 

metre of elevation intuitively would not be valued at a significant premium. In flood affected 

areas, the flood event had a negative impact of 2.24% on property price for each extra 

metre of elevation the property possesses in 2011, where this negative impact declines to 

1.28% in 2012. In flood affected areas after the flood event, consumers may discount each 

extra metre of elevation with the perception that the chance of getting flooded is high 

anyway, where every extra metre of elevation does not significantly increase the probability 

of avoiding flooding. In non-flooded areas, it is most likely properties were just above the 

flood level line and therefore every extra metre of elevation commanded a possible positive 

premium even after the flood event. Although we cannot say this definitely since the 

associated interaction terms for this interpretation are statistically insignificant.  

The correlation between river and elevation variables and also the lack of variation in the 

data for the elevation explanatory variable is possibly driving this result. Rather than 

consumers seeking higher ground in flood affected areas, they might have assigned a higher 

weighting to decreasing their valuation of living closer to the flood source since it was a 

more effective way of reducing flood damage. This intuition might have indirectly increased 

the valuation by consumers’ for elevation of their property due to correlation between 

these two variables, and therefore the valuation for every extra metre of elevation in flood 

affected areas might be valued negatively in this case. Implicitly, the correlation between 

the River and elevation variable might be driving these negative premium valuations by 
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consumers for an extra metre of elevation in flooded areas after the flood event. Therefore 

the results should be interpreted with care.     

Nevertheless, the changes in consumers valuations for a property’s geographical flood 

related variables in flood affected areas reflects consumer’s decreased perception of risk in 

buying properties in the flood prone areas over time since the flood event, however this risk 

has not yet decreased to the pre-flood event levels. From a risk perception perspective by 

consumers, this result is consistent with the results of the other models in this paper.   

 

6.8.  Did flooding have an effect on property prices?  
 

The baseline hedonic model did not account for specific properties being located in flood 

affected areas and the timing of the property sale transaction with respect to the flooding 

event. The modified baseline hedonic model then implicitly accounted for whether 

properties were sold before or after the actual flooding event. It could not be concluded the 

properties sold after the flood event commanded a premium due to statistical insignificance 

of the   and    binary variables. However, this modified base hedonic model did not 

account for specific properties being located in flood affected areas. The difference-in-

difference model then accounts for these issues, where this model indicated with high 

statistical significance that the flood event had a negative impact on property prices in flood 

affected areas. Due to collinearity issues between the 2011 time dummy variable and the   

dummy variable, a modified difference-in-difference model was then implemented to 

account for these issues. This model also indicated with high statistical significance that the 

flood event impact on properties located in flood affected areas was negative, but this 

negative impact declined on an annual basis since the flooding event. Properties in flooded 

areas still command a positive premium after the flood event, although this is lower than 

the pre-flood event levels. This is different to the findings from Australian literature, where 

(Rambaldi, Fletcher, Collins, & McAllister, 2012) found that properties located in a floodplain 

command a negative premium relative to properties that are not in the floodplain. Also (Bin 

& Polasky, 2004) found that this negative premium for properties located in a floodplain 

increases significantly after a flood event. This paper has produced different results 

compared to the studies analysed in the literature review.  
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The models mentioned so far assumed that the property observations were independent of 

each other, but property observations within a given vicinity of each other might exhibit 

spatial autocorrelation. The spatial modified difference-in-differences hedonic model 

accounted for these issues and produced similar economic interpretations to the modified 

difference-in-differences model. These trends reflect consumer’s decreased perception of 

risk in buying properties in flood prone areas since the flood event, but the risk is still higher 

than the pre-flood event levels. The alternative robustness check model was developed, so 

that consumer’s valuations for the flood related locational variables can change over time, 

where this change can possibly reflect the trend in consumer’s risk perception of buying 

properties in flooded areas over time. This model also produced similar risk perception 

interpretations to the spatial modified difference-in-differences hedonic model.  

Given the econometric models that were implemented and the drawbacks that were 

highlighted, the spatial hedonic model is the preferred model of analysis to account for the 

various issues encountered in OLS estimation. The spatial lag model for the alternative 

robustness check model has the better fit to the dataset compared to the spatial modified 

difference-in-differences model, due to the higher log-likelihood value. The comparison of 

the log-likelihood fit for both models are presented in table 6.8:  

Table 6.8: Log Likelihood fit of Spatial Lag Models 

Spatial Lag Model Log likelihood 

 
spatial modified difference-in-differences 

model (equation 6.1) 

128.980 

 
spatial lag model for the alternative 

robustness check model (Equation 5.14) 
 

134.286 

 
However it must be noted that the two models in table 6.8 analyse the changes in 

consumer’s perception of risk in buying properties in flood affected areas in different ways. 

The actual impact of the flood event on property prices in flood affected areas cannot be 

extrapolated from the alternative robustness check model. Therefore only the change in 

consumer’s perception of risk in buying properties in flood affected areas can be compared 

in general terms across the two models.  
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The fact that the positive premium valuation for properties in flooded areas has been 

increasing since the flood event on an annual basis can be explained by a number of factors. 

For example the federal government introduced the temporary flood and cyclone 

reconstruction levy (flood levy) that provided additional funds to the reconstruction of 

essential infrastructure such as roads and schools in flood affected regions (Australian 

Taxation Office, 2012). This levy applies to all taxable incomes above $50,000 per annum for 

the 2011-12 financial year (Australian Taxation Office, 2012). The government intervention 

in the rebuilding of flood affected communities may increase confidence levels of 

consumers who are seeking to buy properties in flood prone areas since consumers might 

expect government aid in the future to account for damage in flood affected areas. 

Secondly, hydrologists appointed by the Insurance Council of Australia claim the release of 

water from Wivenhoe Dam was a key contributor to the flooding event which was caused by 

sub-optimal decision making by dam operators (Honert & McAneney, 2011). Therefore 

consumers may perceive this event as a one-off event that may be controlled for in more 

technologically advanced ways for future flood events. These two examples may partly 

explain why the negative impact of the flood event on property prices for properties located 

in flood affected areas is declining on an annual basis.  

However the positive premium for properties located in flood affected areas (relative to 

non-flooded properties) after the flood event is still lower than the pre-flood event positive 

premium levels. It could be explained by a number of factors such as rising insurance 

premiums for flood prone areas (The Courier Mail, 2013) and the gradual reduction in 

systemic fear perception by consumers for the safety of properties in flood prone areas 

after a recent flood event. However these explanations mentioned are intuitive 

explanations for the results of this paper. Further modelling will be required to analyse each 

of these factors separately in order to form stronger conclusions, where this could be an 

avenue for further research.  

The major shortcoming of this study is the sample of number of suburbs selected for 

analysis. Data collection in this area of research is very time consuming and therefore did 

not allow for the analysis of more suburbs in Brisbane. An option for future research is to 

adapt this study to various areas around Australia affected by flooding, to identify if these 

results do hold on an average basis. Another avenue for future research would be to 
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investigate the effects of flooding on property prices by comparing a control group of 

properties originating from non-flooded suburbs. Another issue with this study is that 

property’s assessed condition due to damages from the flood event could not be obtained. 

Whilst the external and internal pictures provided some indication of the condition of the 

property, it was virtually impossible to determine what level of damage was inflicted by the 

flood event itself. By inspection of the house pictures from the Property Pro database 

(Australian Property Monitors, 2013), if there was internal or external damage due to 

flooding at the time of sale, it can be classified as a very low or insignificant level of damage. 

Assessed condition information is practically very difficult to obtain for the Australian 

property market. These limitations outlined could provide future direction to further 

investigate the effects of flooding on Brisbane property markets.  

 

6.9. Policy Implications  
 
The prospect of increasing population density in Brisbane City along with more frequent 

volatile weather conditions expected in the future requires stronger planning schemes that 

can reduce the flood risks faced by urban areas. Given that consumers’ valuation of 

properties in flood affected areas commands a positive premium even after the flood event, 

a stronger set of government infrastructure projects are required to increase protection of 

homes in flood prone areas. Efficient operational management of Wivenhoe Dam 

infrastructure to better account for future rainfall forecasts will mitigate the impact of 

flooding on infrastructure in flood prone areas. Therefore this will increase the confidence 

levels of consumers in buying properties in flood prone areas. Government investment into 

infrastructure projects in flood prone areas for flood effects mitigation can transfer part of 

the risk from consumers to the government. However consumers must remember that the 

risk is never eliminated by buying properties in flood prone areas.  
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7.  CONCLUSION 
 
Previous Australian literature analyse the property’s location in the floodplain without 

incorporating the actual flood event to determine the impact it had on property prices 

(Rambaldi, Fletcher, Collins, & McAllister, 2012). When studies have accounted for the flood 

event and the property’s location in a floodplain, the models do not consider or account for 

possible spatial autocorrelation (Bin & Polasky, 2004). However this thesis paper has 

analysed the impacts of a flood event on property prices over time, whilst also incorporating 

the property’s location with respect to the main source of flooding and accounting for 

spatial autocorrelation by the implementation of spatial hedonic models.  

It can be concluded that after controlling for the relevant property characteristics, the flood 

event of 2011 produced a negative impact on property prices in flood affected areas. This 

negative impact has declined on an annual basis in the two year time period since the flood 

event. This thesis paper finds that flood affected properties still command a positive 

premium relative to non-flooded properties over time, where this positive premium is lower 

than the pre-flood event positive premium level. This is different to the findings from 

Australian literature, where (Rambaldi, Fletcher, Collins, & McAllister, 2012) found that 

properties located in a floodplain command a negative premium relative to properties that 

are not in the floodplain. (Bin & Polasky, 2004) found that this negative premium for 

properties located in a floodplain increases significantly after a flood event. This thesis 

paper has produced different results compared to the literature in this area of research. The 

overall trends in this thesis paper reflect consumer’s decreased perception of risk in buying 

properties in flood prone areas since the flood event, but the risk is still higher than the pre-

flood event risk levels. 
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APPENDICES  
 

APPENDIX A - SECTION 3   

 

Appendix A.3.1: Extra demographic summary statistics for sample of suburbs  

 Windsor  Graceville Yeronga  

Born in Australia 
(%) 

74.14% 79.56%  76.15% 

Median Age 33 37 34 

Type of dwelling Occupied separate house: 
54.17% 
Occupied flat, unit or 
apartment: 30.86% 
Unoccupied Private 
dwellings: 9.11% 
Occupied semi-detached, 
terrace house or 
townhouse: 5.58% 
Occupied other types of 
dwelling not stated: 
0.28%  

Occupied separate house: 
80.91% 
Occupied flat, unit or 
apartment: 3.29% 
Unoccupied Private 
dwellings: 10.18% 
Occupied semi-detached, 
terrace house or 
townhouse: 5.44% 
Occupied other types of 
dwelling not stated: 0.19%  

Occupied separate 
house: 50.31% 
Occupied flat, unit or 
apartment: 28.41% 
Unoccupied Private 
dwellings: 7.68% 
Occupied semi-detached, 
terrace house or 
townhouse: 13.60% 
Occupied other types of 
dwelling not stated: 
0.00%  

Religion Statistics Christianity: 56.76% 
Others or no religion: 
6.92% 
Hinduism: 2.69% 
Buddhism: 2.50% 
Islam: 0.95% 
Judaism: 0.20% 

Christianity: 64.26% 
Others or no religion: 
5.48% 
Hinduism: 0.76% 
Buddhism: 1.92% 
Islam: 0.21% 
Judaism: 0.17% 

Christianity: 61.04% 
Others or no religion: 
7.19% 
Hinduism: 1.08% 
Buddhism: 1.52% 
Islam: 1.90% 
Judaism: 0.05% 
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APPENDIX B- SECTION 4 
 

Appendix B.4.1: Full sample summary statistics 

 

Variable Mean Standard 

deviation 

Price 754,373.9 510,745.6 

Deflateprice 741,829.6 500,004.6 

Land 615.947 391.524 

Bedrooms 3.430 0.918 

Bathrooms 1.750 0.788 

Garages 1.709 0.865 

Levels 1.631 0.517 

Airconditioning 0.662 0.474 

Exteriorspace 0.747 0.435 

Luxury 0.182 0.386 

City 5.646 1.362 

Station 0.749 0 .375 

River 0.639 0.528 

Elevation 17.987 8.943 

Brick 0.249 0.433 

F 0.304 0.461 

A1 0.167 0.373 

A2 0.257 0.437 

A 0.423 0.494 

Windsor 0.346 0.476 

Graceville 0.393 0.489 
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Appendix B.4.2: Summary statistics based on suburb 

 

 Windsor 
(N=224) 

Graceville 
(N=254) 

Yeronga 
(N=169) 

Variable Mean Standard 
deviation 

Mean Standard 
deviation 

Mean Standard 
deviation 

Bedrooms 3.406 0.952 3.504 0.870 3.349 0.940 

Bathrooms 1.661 0.758 1.890 0.812 1.657 0.764 

Garages 1.679 0.906 1.756 0.878 1.680 0.790 

Levels 1.679 0.514 1.575 0.495 1.651 0.548 

Airconditioning 0.576 0.495 0.717 0.452 0.692 0.463 

Exteriorspace 0.705 0.457 0.768 0.423 0.769 0.423 

Luxury 0.143 0.351 0.209 0.407 0.195 0.398 

Station 0.627 0.272 0.726 0.346 0.944 0.452 

Brick 0.134 0.341 0.315 0.465 0.302 0.460 
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APPENDIX C- SECTION 5  

 

Appendix C.5.1: Brisbane House Price Index 

 

Year Average Annual Index Value 

2002 67.05 

2003 88.525 

2004 103.175 

2005 105.925 

2006 111.95 

2007 131.025 

2008 142.5 

2009 144.775 

2010 153 

2011 146 

2012 144.3 

 

To calculate the property sale transaction value deflated to a base year, the following 

formula is employed:  
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APPENDIX D- SECTION 6  

 
 

Appendix D.6.1: Estimates of baseline hedonic model  

 

 Equation 5.1 Equation 5.2 

Variable 
 

Coefficient Standard Error Coefficient Standard Error 

Year 2009 -0.0817 
** 

0.0351 -0.0880 
** 

0.0349 

Year 2010 -0.0249 
 

0.0350 -0.0242 
 

0.0353 

Year 2011 -0.0825 
** 

0.0370 -0.0950 
** 

0.0372 

Year 2012 -0.0712 
* 

0.0370 -0.0837 
** 

0.0375 

Note significance levels below coefficient estimates: 3 stars=1% significance level 

2 stars= 5% significance level  

1 star= 10% significance level 
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Appendix D.6.2: Estimates of straight difference-in-differences model 

 

 

 Equation 5.5 Equation 5.6 

Variable 
 

Coefficient Standard Error Coefficient Standard Error 

Year 2009 -0.0835 
** 

0.0343 -0.0883 
** 

0.0344 

Year 2010 -0.0286 
 

0.0345 -0.0261 
 

0.0349 

Year 2011 (omitted)- 
 

(omitted)- (omitted)- 
 

(omitted)- 

Year 2012 0.0102 
 

0.0278 0.0121 
 

0.0278 

Note significance levels below coefficient estimates:    3 stars=1% significance level 

2 stars= 5% significance level  

1 star= 10% significance level 

 

-Note that year 2011 dummy variable was automatically dropped by STATA 12.0 software when 
executing the regression due to collinearity issues 
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Appendix D.6.3: Sensitivity robustness test  

 

As a sensitivity check, we allow for changes in valuation for the property’s distance to river 

and elevation over time and then the interaction coefficients are compared to equation 6.1 

estimates. The valuations by consumers for the property’s distance to Brisbane River and 

Elevation may intuitively change over time. The following model as presented in equation 

(A.1) was then implemented:  

 
                 

                                                          

                                                              

                                                             

                                                              

                                                             

                       

 
          

(A.1) 
 

Equation (A.1) was then tested for spatial dependency and it revealed significant presence 

of spatial autocorrelation, which was then best accounted for by the spatial lag model. The 

spatial diagnostic test results are presented in the table below.  

Equation A.1: spatial diagnostic test results 

What it is it 
testing for 

Test Name Statistic Degrees of 
Freedom 

Spatial 
Correlation 

Moran’s I test 
Statistic 

9.515 
*** 

1 

Spatial Error Lagrange Multiplier 62.268 
*** 

1 

Robust Langrage 
Multiplier 

3.192 
* 

1 

Spatial Lag Lagrange Multiplier 114.715 
*** 

1 

Robust Langrage 
Multiplier 

55.638 
*** 

1 

Note significance levels below coefficient estimates: 3 stars=1% significance level 

  2 stars= 5% significance level  
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  1 star= 10% significance level 

 

The results for the spatial lag estimation of equation A.1 alongside with the estimation of 

equation 6.1 are presented in the table below: 

Sensitivity check comparison  

 Equation A.1 

 
Log likelihood= 129.9226 

Equation 6.1  

 
Log Likelihood=128.980 

Variable Coefficient Standard Error Coefficient Standard Error 

Bedrooms 0.0487*** 0.0140 0.0492*** 0.0140 

Bathrooms 0.1182*** 0.0185 0.1183*** 0.0183 

Garages 0.0122 0.0101 0.0120 0.0101 

Levels 0.0126 0.0202 0.0118 0.0199 

           0.0868** 0.0376 0.0859** 0.0374 

Land 0.0003*** 0.0001 0.0003*** 0.0000 

Airconditioning 0.0389** 0.0178 0.0391** 0.0179 

Exteriorspace 0.0715*** 0.0197 0.0721*** 0.0198 

Luxury 0.1783*** 0.0232 0.1799*** 0.0230 

City 0.0039 0.0100 0.0041 0.0099 

        -0.0330** 0.0166 -0.0338** 0.0169 

Station -0.0508* 0.0300 -0.0498* 0.0286 

River -0.0008 0.0303 0.0102 0.0294 

          -0.1520** 0.0762 -0.1528** 0.0676 

          -0.0092 0.0626 - - 

           0.0455 0.0455 - - 

Elevation 0.0044** 0.0022 0.0034** 0.0017 

            -0.0010 0.0080 - - 

             -0.0002 0.0031 - - 

             -0.0032 0.0030 - - 

Brick 0.0033 0.0209 0.0033 0.0206 

  0.1956 0.1602 0.1848 0.1369 

   0.0252 0.0583 0.0130 0.0277 

   0.0663 0.0579 0.0317 0.0227 

     -0.1253** 0.0527 -0.1203** 0.0485 

     -0.1170** 0.0492 -0.1026** 0.0426 

Constant 5.8197*** 0.8889 5.8413*** 0.8787 

        Note significance levels next to coefficient estimates: 3 stars=1% significance level 

    2 stars= 5% significance level  

    1 star= 10% significance level 

The interaction terms        and        possess very similar coefficient magnitudes 

and statistical significance levels across both equation A.1 and 6.1. The structural and 

locational explanatory variable coefficients also possess similar statistical significance levels 
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and magnitudes across both equation estimates. By allowing for consumer’s valuations for 

river and elevation to change before and after the flood event, this does not bias the 

estimate of the treatment effect of the flood event impact on property prices.  
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Appendix D.6.4: Equation 5.14 spatial diagnostic test results 

 

What it is it 
testing for 

Test Name Statistic Degrees of 
Freedom 

Spatial 
Correlation 

Moran’s I test 
Statistic 

9.702 
*** 

1 

Spatial Error Lagrange Multiplier 64.986 
*** 

1 

Robust Langrage 
Multiplier 

4.333 
* 

1 

Spatial Lag Lagrange Multiplier 113.686 
*** 

1 

Robust Langrage 
Multiplier 

53.032 
*** 

1 

Note significance levels below coefficient estimates: 3 stars=1% significance level 

  2 stars= 5% significance level  

  1 star= 10% significance level 
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Appendix D.6.5: Correlation Matrix 

 

 

 City Station River elevatio
n 

F bedroom bathrooms garage
s 

Level
s 

Land Airconditi-
oning 

Exteri
or-

space 

Luxury 

City 1.000             

Station 0.013 1.000            

River -0.621 -0.241 1.000           

elevation -0.154 -0.127 0.540 1.000          

F 0.043 0.350 -0.321 -0.566 1.000         

bedrooms 0.087 -0.027 -0.018 0.093 -0.076 1.000        

bathrooms 0.169 -0.044 -0.062 0.124 -0.088 0.643 1.000       

garages 0.070 -0.038 -0.011 0.120 -0.081 0.374 0.390 1.000      

Levels -0.095 -0.075 0.038 0.067 -0.008 0.397 0.434 0.317 1.000     

Land 0.013 0.022 -0.112 0.029 0.026 0.221 0.241 0.311 0.089 1.000    

airconditioning 0.109 0.054 -0.103 0.029 -0.024 0.210 0.308 0.221 0.171 0.017 1.000   

Exteriorspace 0.050 -0.011 -0.060 0.064 -0.031 0.277 0.352 0.277 0.354 0.028 0.319 1.000  

Luxury 0.077 0.013 -0.094 0.056 -0.017 0.259 0.348 0.196 0.229 0.231 0.211 0.174 1.000 
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