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Abstract 

This paper examines the structure of house prices across the city, in this case Sydney, as an aid to 

urban development strategy and in particular to determine the potentially positive effects of public 

transport and negative effects of residential density on property prices. We model median house prices 

in 626 suburbs and achieve a high level of explanation. Distances from the CBD and from the coast 

are dominant factors in explaining house prices in Sydney. Predictably house and lot size are also 

highly significant factors. On the other hand a high propensity for violent crime significantly reduces 

property values. Over the whole city distance to rail station is not a statistically significant variable, 

but in suburb groups that are poorly served by other modes, median house prices fall significantly with 

increased distances to station. We found a similar but weaker result for access to high frequency buses. 

Contrary to expectation we found that higher density is marginally associated with higher median 

prices. However as the density variable is correlated (negatively) with median land area and, to a 

lesser extent, with distance to CBD, we would be cautious about concluding that density has no 

negative effect on house prices.  

 

Key words  House prices, spatial modelling, public transport, urban density   

 

JEL codes R31, R32 

 

Acknowledgements The initial work for this paper was commissioned by NSW Treasury. The authors 

acknowledge the considerable work on preparation of the data by Alistair Robson. We are also 

grateful for comments by Dr. Judy Yates on an earlier draft.  

 

Affiliations  Peter Abelson, University of Sydney; Roselyne Joyeux, Macquarie University; Stéphane 

Mahuteau, NILS Flinders University.  

 

Archived at Flinders University: dspace.flinders.edu.au



    3

1 Introduction 

This paper has two main motivations. First, we want to understand the structure of house prices across 

the city, in this case Sydney. Improved statistical mapping of property information may help determine 

an efficient development strategy. High house prices indicate household location preferences and 

opportunities for housing development or redevelopment.  

Second, again for urban planning purposes, we have specific interests in the effects of residential 

density and public transport on property prices. Many residents of established areas oppose increased 

housing densities because they allegedly lower house prices due to negative externalities (as well as 

overall increased supply). If increased density creates significant negative externality, this social cost 

should be included in any cost-benefit analysis of zoning for higher densities. Another planning issue 

in Sydney and doubtless elsewhere is the impact of transport on housing development. Proponents of 

developing in the urban fringe (as well as households there) tend to argue that transport infrastructure 

is a necessary requirement for extensive urban development. If this is so we would expect to see house 

prices linked to the supply of transport infrastructure. This paper examines the relationships between 

house prices and housing density and transport infrastructure, especially rail and bus services. Of 

course, to do this we need a comprehensive model of house prices, inclusive of access and size 

variables, otherwise the results may exhibit omitted variable bias.  

This study is based on an econometric analysis of median house prices in 626 suburbs in the Greater 

Sydney Region over 12 months (October 2008 to September 2009). Houses are detached houses.  

The layout of this paper is as follows. Section 2 outlines the general theory of intra-city house prices. 

Section 3 describes the estimation models. Section 4 describes the data collected and the main features 

of house prices in Sydney. Section 5 describes the major statistical results and their interpretation. 

Section 6 provides model predictions of house prices. There is a brief concluding section. 

  

2 Theory of Intracity House Prices 

Most models of urban house prices start with the simplifying assumptions that all employment is in the 

CBD, houses are homogeneous, households have similar incomes and preferences and there is a 

uniform environment across the urban area (see Brueckner, 1987; Kulish et al., 2011). The model then 

allows for variations in job locations, the effect of changes in house prices on house size, variations in 

household income and preferences, and variations in housing quality and environment. We follow this 

process in briefly sketching out a model of house prices.   
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Because, in equilibrium, similar households must have equal utility regardless of location and (by 

assumption) all jobs are in the CBD, house prices must fall with increases in commuting costs 

inclusive of fares (or motor vehicle costs) and travel time costs. If travel costs rise non-linearly with 

falling marginal travel cost, then (conversely) house prices fall non-linearly with distance from the 

CBD as shown in Figure 1. 

Now suppose that there is a significant employment centre say 20 km from the CBD. Would this 

increase house prices in the vicinity of this centre?  The answer is no. If wages in this sub-centre were 

the same as in the CBD, anyone living in the direction of the sub-centre but further than 10km from 

the CBD would be better off working in the sub-centre. Household equilibrium could then be achieved 

only with a housing gradient like that in Figure 2. 

Unless this sub-centre is similar in size to the CBD this is an unlikely outcome. Any CBD worker 

living more than 10 km from the CBD would be paying higher house prices and higher commuting 

costs than would CBD workers living close to the CBD. Thus, anyone further than 10km from the 

CBD would compete for work in the sub-centre. This would drive down wages in the sub-centre. This 

would ensure household equilibrium. With a competitive labour market there would be a wage 

gradient with distance from the CBD that complements the house price gradient in Figure 1 and 

ensures household equilibrium across the urban areas.  

 

Figure 1 House prices and access to the CBD 

$/house 
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So far we have assumed that all houses are of equal size. Actually houses are (crudely) the product of 

house size (m2) and unit price ($ per m2).
   Thus if house size does not change with distance, the unit 

price must fall. This will lead households to substitute housing for other goods and households will 

purchase more housing as they move away from the CBD. Other things being equal, house size will 

increase with distance from the CBD. The observed housing price gradient will be flatter than that 

shown in Figure 1 and house size needs to be included in any model of house prices (see Figure 3). 

 

Figure 2 House prices and sub-centres 

 

 

Figure 3 House prices with size and age 
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Figure 4 House prices and environmental variations 

 

In addition to allowing for changes in house size, allowances need to be made for variations in the 

quality (age) of housing and the environment around the house. If housing age is inversely related to 

distance from the CBD, the housing price gradient could become flatter again as in Figure 3. If the 

correlation between distance and age is low, a direct measure of housing age is desirable in a model of 

house prices.  

There is a great deal of evidence that environment either as a holistic attribute of a neighbourhood or 

as a specific attribute of a house is likely to have significant impacts on house prices (Boardman et al., 

2006; Kuminoff et. al., 2010; McNair and Abelson, 2010). These environmental factors may be 

scattered randomly around an urban area and have little connection with distance from the CBD as in 

Figure 4. On the other hand, they may be associated (positively or negatively) with particular sectors 

of a city and this is examined in this paper.  

Of course, many other factors may influence house prices. In the introduction to this paper we 

identified urban density and access to public transport as being of particular interest. In this paper we 

also examine the impacts of crime rates on house prices. On the other hand, we have not attempted to 

include access to schools or hospitals as determining factors although some studies have shown that 

house prices are affected by access to good schools (Davidoff and Leigh, 2008). Our choice of 

variables of interest was driven by the motivating factors for the study but also constrained by study 

resources.  

Finally it may be observed that we do not include household income or socio-economic variables like 

level of schooling or unemployment as determinants of house prices. Clearly house prices are likely to 

be correlated with socio-economic indicators because high income households seek high housing and 

environmental quality. But house prices are not high because of high income purchasers. 

$/house 

Distance to CBD (km) 
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3 Estimation Methodology 

We develop a multivariate model aimed at isolating the effect of population density and transport 

infrastructure on house prices. After controlling for access to the CBD, house features and spatial 

characteristics which are known to affect individuals’ preferences for houses and hence their 

willingness to pay, we want to examine in particular whether higher population density and transport 

infrastructure are associated with higher or lower house prices.  

Hedonic price models are the standard tool used to analyse house prices. They relate house prices to a 

number of factors susceptible to affect individuals’ satisfaction which conditions their willingness to 

pay for a given house. These factors are related to individual house features (size, number of rooms, 

land size, etc…) but also to location specific and environmental characteristics of the housing as 

described above.  However a hedonic model assumes that the observations in the regression are 

independent of one another. This assumption may not hold when data are spatially correlated. 

We use a model specification which enables us to handle the spatial correlations that are likely to 

occur with geographical data. These correlations can take two forms: spatial dependence and spatial 

autocorrelation. Spatial dependence may occur if the values of properties in one area depend on the 

values in neighbouring areas. This occurs when the property values in one area depend on the property 

values in the neighbouring areas. Spatial autocorrelation occurs when the error terms for neighbouring 

properties are not independent of each other. This is usually due to spatially autocorrelated omitted 

variables, for example omitted neighbourhood attributes.  

If spatial autocorrelation is present, OLS estimates are unbiased but inefficient and the standard errors 

of the estimates are biased. If spatially autocorrelated residuals result from the omission of spatially 

autocorrelated variables, the parameter estimates are also biased. 

Spatial analysis models 

We distinguish between spatial dependence, in the form of a spatially lagged dependent variable, and a 

model with a spatially correlated error term. Following Anselin (1988) we refer to these as spatial lag 

and spatial error models, respectively. We perform the estimation on house prices using these two 

specifications in order to determine which reflects the underlying process generating the sample data 

on median house prices more accurately. 
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Spatial lag model 

The spatial lag model includes the spatially lagged dependent variable on the right hand side of the 

equation. This new variable captures the spatial interaction effect as a weighted average of 

neighbouring suburbs: 

y Wy X u        (1) 

where y is a n×1 vector of observations on the dependent variable (median house price on n suburbs), 

X is a n×k matrix of observations on the explanatory variables, W is a n×n spatial weights matrix, u is 

a n×1 vector of i.i.d. error terms, ρ is the spatial autoregressive coefficient and β is a k×1 vector of 

regression coefficients. 

We specify a spatial weights matrix W whose elements, wij, represent  inverse functions of distance 

between suburbs. The spatial weights are positive and non zero when observations i and j are 

neighbours, and zero otherwise. To avoid the possibility of self neighbours the elements on the 

diagonal of W are zero. In addition the matrix is row-standardized such that 
1

1
n

ij
j

w


 . Wy is referred 

to as a spatially lagged dependent variable. 

The reduced form of the spatial lag model (1) is: 

   1 1y I W X I W u         (2) 

where   1
I W   can be expressed as: 

  1 2 2 ...I W I W W         (3) 

The reduced form expresses median house value in a suburb as a function of this suburb’s own 

characteristics and also the characteristics of neighbouring suburbs, subject to a distance decay 

operator (the powers of the weights matrix W and ρ). Omitted variables are included in the error term. 

Model (2) is estimated by maximum likelihood. 

The β coefficients for a spatial lag model measure the direct effects of the covariates on median house 

prices. The total effects can be computed after taking into account the neighbouring suburbs’ 

characteristics. A detailed explanation of the interpretation of the coefficients in the spatial lag model 

is provided in Appendix A. 

Spatial error model (SEM) 

We specify the general model: 
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y X         (4) 

and assume that unobserved neighbour effects are shared by spatially close suburbs. It follows that the 

error term  in (1) will be spatially correlated: 

( ') ( ')Var E       (5) 

where   is non diagonal. The elements of   need to be consistently estimated to obtain consistent 

feasible generalized least squares (FGLS) estimates of the regression coefficients. The most common 

specification is the autoregressive model: 

W u         (6) 

where u is i.i.d. with variance-covariance matrix 2I  and λ is the spatial autoregressive coefficient. 

The variance-covariance matrix of  is given by 

 E(’)=    12 'I W I W   
      (7) 

It follows that: 

1( )y X I W u        (8) 

More details can be found in Anselin (2003)2.  

To estimate both the spatial lag and the spatial error models we use the tools for spatial data analysis 

in Stata (ado files spatwmat, spatreg, spatdiag, etc) written by Pisati (2001) version 1.0.  

4 Study Data 

For this study we collected median detached house prices for 626 suburbs in the Greater Sydney 

Region along with data on location and transport, housing features and crime rates. We focus on 

detached houses to minimise residential property heterogeneity. The locational data included detailed 

distances and in-vehicle travel times from each suburb centre to the CBD, to other employment centres 

and to the coast and distances from each suburb centre to the nearest rail station and high frequency 

bus service. These data were based on the 2006 transport network. In addition, we defined a set of 

dummy variables which grouped suburbs around major transport axes represented by motorways. We 

defined a further set of dummy variables for suburbs that are identifiable as belonging to the same real 

estate market groups. These variables pick up sectoral environmental factors that might otherwise be 

                                                      
2 It should be noted that there is disagreement on whether or not spatial estimation results and 
inference are sensitive to the choice of the weights matrix, W. Bell and Bockstael (2000) argue that this 
is the case but Lesage and Pace (2010) provide evidence to the contrary. We checked the robustness of 
our results to the choice of the weights matrix and found little effects. 
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ignored. The housing data includes average and median land area, bedrooms, bathrooms and built car 

spaces in each suburb.   
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Table 1: Variables Names and Description 

Variable names  Description
Median value Median house price ($) (RPdata) (Oct 2008- Sep 2009) 
Dist_CBD Distance from suburb centroid to CBD (km) (TDC) 
Dist_beach Distance from suburb centroid to nearest beach (km) (TDC) 
Dist_station Distance from suburb centroid to nearest railway station (km) (TDC) 
Dist_bus Distance from suburb centroid to nearest high frequency bus stop (km) (TDC) 
Dist_centre Distance from suburb centroid to nearest centre (km) (TDC) 
Time_cbd Vehicle car time from suburb centroid to CBD (min) (TDC) 
Time_beach Vehicle car time from suburb centroid to nearest beach (min) (TDC) 
Time_station Vehicle car time from suburb centroid to nearest railway station (min) (TDC) 
Time_centre Vehicle car time from suburb centroid to nearest centre (min) (TDC) 
Walk_station Walk time from suburb centroid to nearest railway station (min) (TDC) 
Walk_bus Walk time from suburb centroid to nearest high frequency bus stop (min) 

(TDC) 
Ave_land_area Average land area (sqm) (RPdata) (Oct 2008- Sep 2009) 
Med_land_area Median land area (sqm) (RPdata) (Oct 2008- Sep 2009) 
Ave_beds Average number of bedrooms (RPdata) (Oct 2008- Sep 2009) 
Med_beds Median number of bedrooms (RPdata) (Oct 2008- Sep 2009) 
Ave_baths Average number of bathrooms (RPdata) (Oct 2008- Sep 2009) 
Med_baths Median number of bathrooms (RPdata) (Oct 2008- Sep 2009) 
Ave_carspaces Average number of car spaces (RPdata) (Oct 2008- Sep 2009) 
Med_carspaces Median number of car spaces (RPdata) (Oct 2008- Sep 2009) 
South Indicator variable for suburbs around the Princes Highway  
West Indicator variable for suburbs west of Homebush bay and close to Parramatta 

road or the M4 
North Indicator variable for suburbs north of Lindfield and south of Brooklyn close 

to the Pacific Highway  
Westlink Indicator variable for suburbs along the M2 and road 7 
Southwest Indicator variable for suburbs along the M5 
Outer West Indicator variable for suburbs in the outer west 
Gosford-Wyong Indicator variable for suburbs in the Gosford Wyong area 
Eastern_suburbs Indicator variable for eastern suburbs 
Inner and North Sydney Indicator variable for inner Sydney or lower north Sydney suburbs 
Other Indicator variable for suburbs not in the groupings above 
Property offences Number of incidents of property offences per  resident in the area* (2009) 
Violent offences Number of incidents of violent offences per  resident in the area** (2009) 
Break_and_enter_dwelling Number of incidents of break and enter into dwellings offences per  resident in 

the area (2009) 
Break_and enter non-dwelling Number of incidents of break and enter into non dwellings offences per 

resident in the area (2009) 
Motor_vehicle_theft Number of incidents of motor vehicle theft offences per resident in the area 

(2009) 
Density  No of residents/ area (sq. km) (Census 2006) 
*Property offences include: break and enter dwelling, motor vehicle theft, steal from motor vehicle, steal from 
retail store, dwelling or person, stock theft and other theft and fraud. 
**Violent offences include: murder, assault - domestic and non-domestic violence related, assault police, 
robbery, sexual and indecent assault and other sexual offences. 

 

Archived at Flinders University: dspace.flinders.edu.au



    12 

Table 1 shows the variables used in the analysis along with the main sources (NSW Transport Data 

Centre, TDC, for the location data and RP Data for the housing data). Although these variables are 

quite comprehensive, some potentially significant variables such as access to schools or hospitals (see 

Hill and Melser, 2007) are not included due to the time constraints of the study. However, we achieve 

high explanatory values with our model and believe that there are no significant biases due to omitted 

variables.   

Table 2 presents the descriptive statistics for some major variables shown in Table 1. 

Table 2: Basic descriptive statistics 

  Mean Median Std.Dev. 
Median house value 635,960 507,000 418,390 
Distance to CBD (km) 40 30 30 
Distance to beach (km) 25 16 23 
Distance to station (km) 5 3 5 
Distance to bus stop (km) 2 1 4 
Distance to centre (km) 8 5 9 
Time_cbd (min) 39 34 24 
Time_beach (min) 27 22 21 
Time_station (min) 6 4 7 
Time_centre (min) 10 7 11 
Walk_station (min) 66 41 74 
Walk_bus (min) 29 9 62 
Median_land_area (sq m) 587 588 182 
Mean_beds / house 3.32 3.30 0.33 
Mean_baths / house 1.64 1.54 0.35 
Mean_carspaces / house 1.65 1.61 0.22 
Sales 85 66 74 
Property offences 4% 3% 2% 
Violent offences 1% 1% 1% 
Break_and_enter_dwelling 1% 1% 0% 
Break_and_enter_non-dwelling 0% 0% 0% 
Motor_vehicle_theft 0% 0% 0% 
Density (residents per sq km) 2358 2046 1857 

 

To provide an understanding of the Sydney data and geography, we present some key figures and 

tables below. Figure 5 shows the suburbs colour coded according to their median house value. This 

shows very clearly the strength of house prices in the Northern, inner and Eastern suburbs especially 

in suburbs close to the coast. Conversely house prices are weakest in the West and South-West and in 

suburbs a long way from the CBD including the Central Coast and far West and North-West. 
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Figure 5: Median house prices (all suburbs) 

 

 

Figure 6 shows the distribution of median house prices versus distance from CBD. Average suburb 

house prices are higher within 10 km from the CBD and generally decrease as distance from the CBD 

increases. One exception is Palm Beach which stands out as an outlier in Figure 6. Also, house prices 

fall very close to the CBD presumably because of the greater age and smaller size of many of the 

houses in the inner areas (although we do not have data on age in our model).  

Figure 7 shows the distribution of median house values versus population density. Evidently, there is 

no simple relationship between suburbs house prices and population density. This of course may 

simply reflect the confounding influence of other factors.  

Figure 8 presents the map with the suburbs colour coded according to their distance from a train 

station.  
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Figure 6: Median house prices versus distance from CBD  

 
 

Figure 7: Median house prices versus population density  
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Figure 8: Distance from train station  

 
 

5 Summary of Statistical Results  

Test of Spatial Dependence and Spatial Autocorrelation 

In order to determine the appropriate specification for the model of median house prices, we test 

whether our sample data exhibit spatial dependence or spatial auto-correlation, or so-called spatial lag 

and spatial error respectively. Table 3 summarizes the results obtained with the Moran’s I-test and the 

LM test associated with each of these. The first LM statistic tests the null hypothesis of no 

significant spatial error autocorrelation, while the second tests the null hypothesis of no spatial 

autocorrelation in the dependent variable. The robust LM tests (see Florax and Nijkamp, 2005) are 

also included.3  

We reject the null of no spatial autocorrelation in all cases. The actual values of the statistics are 

very similar for the spatial error and the spatial lag cases, which explains why the estimation 

results are very close with each specification. 
                                                      

3 The robust LM tests correct for the presence of local spatial dependence. 
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Table 3: Tests of spatial dependence 

Tests Statistic p-value
Spatial error:   
Moran’s I 15.612 0
LM 91.439 0
Robust LM 45.592 0
Spatial lag:   
LM 100.925 0
Robust LM 55.079 0

Estimation results 

We mainly discuss the results obtained with the spatial lag specification of the model. The model is 

specified with log of median house value as the dependent variable. We have included the logs of the 

distances from the CBD, train station and high frequency bus stop. Since it can be expected that the 

bus stop and train station distances variables are not as important for suburbs that are very close to the 

CBD or with very good road access to the CBD as for other suburbs, we also take into consideration 

possible interaction effects between the suburbs and the transport infrastructure. In Table 4 we present 

the estimation results for the three specifications used: OLS, spatial error and spatial lag. 

Spatial lag estimation results 

The R-squared is 92% and coefficients are of the expected signs. The spatial autoregressive 

coefficient, ρ, is significant at the 1% significance level and is estimated to be equal to 0.547. 

The estimated coefficients of the spatial lag specification must be interpreted with caution as they 

represent the estimated direct effect of the variables on the median house prices. The total effect 

should include the neighbouring suburbs effects as shown in Appendix A. For example, if we look at 

the effect on house values of a 1% increase in the distance of a suburb from the CBD we need to take 

into account that the distances of the neighbouring suburbs have also increased approximately by 1%. 

The total effect of an increase of the suburb distance from the CBD of 1% is the estimated direct 

effect, -0.2291, divided by 1 minus the estimate of the lag coefficient ρ (0.547): -0.506. The total 

effects for the different variables are presented in Table 5.  
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Table 4: Models of suburb house prices: dependent variable is the log of median house price 

Variables OLS Spatial Error  Spatial Lag 

Distance to CBD (log) -0.4391*** -0.3285*** -0.2291*** 

 (0.03004) (0.03404) (0.03600) 

Distance to the beach (logs) -0.1295*** -0.1052*** -0.07178*** 

 (0.01306) (0.01131) (0.01737) 

Distance to centre (logs) 0.03219*** 0.01690 0.02877*** 

 (0.01191) (0.01266) (0.01071) 

Distance to station (logs) 0.04721 0.04133* 0.04012 

 (0.03611) (0.02141) (0.03115) 

Distance to bus stop (logs) 0.02003 0.01645 0.01892 

 (0.01864) (0.01513) (0.01558) 

Median land area (logs) 0.1783*** 0.09506*** 0.07254* 

 (0.04904) (0.03435) (0.04375) 

Average number of bedrooms 0.3596*** 0.4043*** 0.3627*** 

 (0.04950) (0.03969) (0.04521) 

Average number of car spaces 0.4355*** 0.3498*** 0.3842*** 

 (0.07428) (0.05122) (0.07411) 

South -0.1781*** -0.09541* -0.1502*** 

 (0.06214) (0.05284) (0.05490) 

West -0.001304 0.02396 0.006205 

 (0.06618) (0.05733) (0.05373) 

North 0.03495 -0.02850 -0.09435* 

 (0.06054) (0.05754) (0.05552) 

Westlink -0.05646 -0.08484 -0.1219** 

 (0.06448) (0.06283) (0.05109) 

Southwest -0.1592** -0.09187 -0.1587*** 

 (0.06295) (0.07360) (0.05541) 

Outerwest 0.1733*** 0.1590** 0.1634*** 

 (0.06533) (0.07814) (0.05723) 

Gosford -0.07075 -0.4630*** -0.05730 

 (0.08473) (0.1594) (0.07844) 

eastern_suburbs 0.2254** 0.2479*** 0.2583** 

 (0.1133) (0.09577) (0.1196) 

Other -0.1734*** -0.1253*** -0.1552*** 

 (0.05508) (0.04429) (0.04948) 

lsouth_stationkm -0.03223 -0.02324 -0.02500 

 (0.04310) (0.03141) (0.03866) 

lwest_stationkm -0.07883* -0.06187* -0.05923* 

 (0.04409) (0.03204) (0.03509) 

lnorth_stationkm -0.1174*** -0.1168*** -0.1256*** 

 (0.04083) (0.03877) (0.03597) 

lwestlink_stationkm -0.08891** -0.07176* -0.06117* 

 (0.04443) (0.04038) (0.03566) 

lsouthwest_stationkm -0.07311* -0.08264* -0.04353 

 (0.04149) (0.04671) (0.03611) 
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louterwest_stationkm -0.1420*** -0.09343*** -0.1200*** 

 (0.03896) (0.03442) (0.03352) 

lgosford_stationkm -0.08111* -0.05317* -0.04348 

 (0.04442) (0.03007) (0.03765) 

leastern_stationkm -0.08336 -0.04957 -0.07542 

 (0.07395) (0.04079) (0.06312) 

lother_stationkm -0.01916 -0.03110 -0.02912 

 (0.03648) (0.02329) (0.03215) 

lsouth_busstopkm -0.009977 -0.007915 -0.009822 

 (0.02412) (0.02171) (0.02063) 

lwest_busstopkm -0.06371* -0.04384 -0.04596* 

 (0.03585) (0.02880) (0.02539) 

lnorth_busstopkm 0.01969 -0.007893 -0.005090 

 (0.03853) (0.03868) (0.03629) 

lwestlink_busstopkm -0.03407 -0.04624 -0.06238** 

 (0.02721) (0.03762) (0.02583) 

lsouthwest_busstopkm -0.01268 -0.004564 -0.01227 

 (0.02631) (0.03457) (0.02208) 

louterwest_busstopkm 0.006118 -0.003582 -3.341e-04 

 (0.01963) (0.02314) (0.01605) 

lgosford_busstopkm -0.03663 -0.006471 -0.02902 

 (0.02634) (0.02207) (0.02301) 

leastern_busstopkm 0.06074 0.05822 0.06233 

 (0.05495) (0.04065) (0.06821) 

lother_busstopkm -0.03238 -0.02506 -0.02559 

 (0.01973) (0.01732) (0.01717) 

Violent offences -9.0291*** -6.8067*** -5.5235*** 

 (1.7369) (1.0239) (1.0467) 

Density 5.363e-06 7.009e-06 1.239e-05* 

 (7.884e-06) (5.696e-06) (6.603e-06) 

Constant 12.097*** 12.121*** 4.7037*** 

 (0.2811) (0.2907) (1.0669) 

  0.9679***  

  (0.02355)  

  0.1500*** 0.1521*** 

  (0.004287) (0.007475) 

   0.5470*** 

   (0.07791) 

Observations 619 619 619 

R-squared 0.901 0.8377 0.9155 

Ll_0 -477.40 239.24 239.24 

Ll 239.24 283.58 285.22 

chi2 88.689 915.36 

Wald  1689.9 49.290 

varRatio 0.7734 0.9141 
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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     Table 5: Spatial Lag Estimates: Direct, Total Effects 

Variable Direct Effect Total Effect 
Distance to CBD (log) -0.229*** -0.506 

Distance to the beach (logs) -0.072*** -0.158 

Distance to suburban centre (logs)  0.029*** 0.064 

Distance to railway station (logs) 0.040 0.089 

Distance to bus stop (logs) 0.019 0.042 

Median land area (logs) 0.073* 0.160 

Average number of bedrooms 0.363*** 0.801 

Average number of car spaces 0.384*** 0.848 

lsouth_stationkm -0.025 -0.055 

lwest_stationkm -0.059* -0.131 

lnorth_stationkm -0.126*** -0.277 

lwestlink_stationkm -0.061* -0.135 

lsouthwest_stationkm -0.044 -0.096 

louterwest_stationkm -0.120*** -0.265 

lgosford_stationkm -0.043 -0.096 

leastern_stationkm -0.075 -0.166 

lother_stationkm -0.029 -0.064 

lsouth_busstopkm -0.010 -0.022 

lwest_busstopkm -0.046* -0.101 

lnorth_busstopkm -0.005 -0.011 

lwestlink_busstopkm -0.062** -0.138 

lsouthwest_busstopkm -0.012 -0.027 

louterwest_busstopkm 0.000 -0.001 

lgosford_busstopkm -0.029 -0.064 

leastern_busstopkm 0.062 0.138 

lother_busstopkm -0.026 -0.056 

Violent offences -5.524*** -12.193 

Density 1.239E-05* 2.735E-05 

*** p<0.01, ** p<0.05, * p<0.1 

In this review of results, we first discuss the significant variables. These include proximity to CBD and 

coast, house and land size, suburban sector as generic environmental factor and crime). We then 

identify some variables of minor or no significance. These include overall suburb density, access to 

rail and bus services and access to suburban employment centres. 

Significant variables 

As would be expected the dominant explanatory variable is proximity to (or distance from) the CBD. 

This has a very large and highly significant impact on house prices. This is evidenced by the negative 

estimated coefficient for distance to the CBD. The estimated direct magnitude is –0.229. But the 

estimated total effect is –0.506. This means that controlling for all other variables the total effect of an 
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increase by 1% of the distance of the suburb from the CBD beach decreases house prices by 0.51% on 

average. This implies that as distance to the CBD increases from 10km to 20km house prices fall by 

just over 50%. As the distance increase from 20km to 30km, house prices fall by another 25%. This 

will not surprise readers who are familiar with Sydney. This reflects both the high environmental 

quality of areas close to the CBD (for example access to Sydney Harbour) and the high travel time 

costs of access to the CBD.4   

Another prime feature in Sydney is access to world class urban beaches. This is evidenced by the 

negative estimated coefficient for the distance to the beach variable. The estimated direct magnitude is 

–0.072 and the estimated total effect is –0.158. Thus controlling for all other variables a 1% increase 

in distance of suburb from the beach decreases house prices by 0.16% on average. This implies that as 

distance to the coast increases from 10km to 20km house prices fall by about 16%.   

These results are consistent with Kulish et al. (2011) who found that distance to the CBD and water 

explains between 40% and 70% of the variation in median prices in the five largest cities in Australia 

with Sydney at the high end of the range (with distance from any waterway included in this analysis). 

We find that distance from the CBD and from the coast are dominant factors in explaining house 

prices in Sydney. 

As expected, everything else held constant, some suburb groupings are more attractive than others 

even after controlling for houses characteristics, distance to CBD and transport infrastructure. South, 

North, Westlink, South West, Outer West and Others all have negative significant coefficients 

compared with the reference group Inner and Lower North Sydney. For instance, prices in the South 

are on average 15% lower. Only the Eastern Suburbs coefficient, 0.26, is positive and significant. This 

means that controlling for all other variables house prices in the Eastern suburbs are on average 26% 

higher than in Inner and Lower North Sydney, which are in turn more attractive that the other suburb 

groupings.  

Predictably average house and lot characteristics are also significant. The coefficient for the number of 

bedrooms and the number of car spaces are significant at the 1% level. The magnitude of the estimated 

coefficient for bedrooms is 0.363. This means that, controlling for all other variables, an extra 

bedroom per house will result in a 36.3% increase in house value on average. One has to be careful 

with such an interpretation. The sample mean for the average number of bedrooms variable is 3.32 

bedrooms with a standard deviation equal to 0.33. Therefore, an increase in the number of bedrooms 

from the mean by one standard deviation (from 3.32 to 3.65) will increase house value by 12% on 

average.  

                                                      
4 Given the correlation between distance and travel time, we did not employ travel time as an 
additional explanatory variable. 
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As regards car spaces, an extra car space results in an estimated increase of 38.4% in house value on 

average. However similar caution must be applied in the interpretation of this result as for the number 

of bedrooms. The average number of car spaces is 1.65 per house with a standard deviation of 0.22. 

Thus a one standard deviation increase in the number of car spaces would increase median house 

prices by 8.5%. 

Mean lot size also affects house prices although the result is sensitive to model specification. In the 

traditional OLS model, the coefficient is highly significant and the elasticity of house price to land size 

is 0.178. In the spatial lag model the coefficient is marginally significant only at the 10% level but the 

estimated direct effect is 0.073 and the estimated total effect is 0.16. This represents an elasticity of 

0.16, which is similar to the OLS result. This implies that holding other factors constant, a 50% larger 

lot size increases house prices by about 8%.     

Finally, we controlled for the rate of violent offences recorded per suburb which would be expected to 

reduce people’s willingness to pay for housing. Violent offences are correlated only partially with 

socio-economic indicators of the suburbs because some high density and beach areas record large 

violent offence rates, being centres of attraction for weekend night life. The coefficient for violent 

offences is negative and highly significant at the 1% level and is evaluated at –5.52%. This coefficient 

must also be read with caution because it represents the effect of an absolute 1% increase in the rate of 

violent offences which averages only 1.1% for the Greater Sydney area (with a standard deviation of 

0.82%). This means that as violent crime rate nearly doubles from 1.1% to 2.1%, house prices will fall 

by about 5.5%.   

Less significant variables  

Turning to the influence of transport infrastructure on median house prices, our results show some 

heterogeneity among suburb groups. Looking at the distance to station variable, the estimated 

coefficient is of negligible magnitude (0.04) and is not statistically significant.5 However, we 

interacted this variable with suburb groups as defined earlier in order to see whether being close to a 

station is more important for some suburb groups than for others. Some suburbs combine access to a 

rail station with good access to high frequency bus stops and major road axes, while others have more 

restricted mode choices available.  

We would expect distance to station to have more effect on median house prices when there are fewer 

mode alternatives. Our results confirm this assumption with suburb groupings such as West, Westlink, 

Outerwest and North having significantly lower median prices with increased distances to station. 

Suburbs in the Outerwest and North have the largest negative estimated coefficient for the distance to 
                                                      
5 It is of the same magnitude and significant at the 10% level with the spatial error model. 
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station at around -0.12% (considering that distance to station is not significant in the spatial lag 

specification, only the interaction term is taken into account).  

We obtain similar results when examining the distance to high frequency buses where the variable 

itself is not statistically significant. However, the interactions with Westlink and West suburb 

groupings are significant and negative, yet of smaller magnitude than for the distance to station. These 

results suggest that train stations are more important than bus stops in influencing house prices. 

These relatively weak results are not inconsistent with those in other housing studies. Du and Mulley 

(2011) report that in over 100 studies there are many positive and negative findings for the impact of 

rail transit on house prices. In their own study of rail and house prices in the Newcastle upon Tyne 

District in the United Kingdom they found that house prices increased with access to rail in some areas 

and fell in others. Heintzelman (2010) found that house prices in Massachusetts (United States) 

increased with distance to both rail and roads, which he attributed to the disamenities of proximity to 

rail and road.   

Another important assumption that we tested in our model is the effect of population density on house 

prices. Although a high density could be expected to indicate a sought after location and high house 

prices, other things being equal a higher density suburb would be expected to have lower amenity and 

hence lower house prices than a lower density suburb. Our results show that after controlling for 

individual characteristics of houses along with proximity to CBD and availability of transport, higher 

density is actually marginally associated with higher median prices. The coefficient for density is 

positive and significant, though only at the 10% level. Thus prima facie there need be no concern that 

higher densities would reduce house prices. However the density variable is highly negatively 

correlated with median land area and, to a lesser extent, with distance to CBD. We have observed that 

the estimated total elasticity of house price with respect to land area is about 0.16. There is therefore a 

risk that the effect of density is picked up by the median land area variable. In his hedonic study house 

prices in Massachusetts Heintzelman (2010) found that house prices were higher in lower density 

areas. 

Finally our results confirmed the basic urban model which posits that house prices do not rise close to 

employment sub-centres. Rather, the estimated coefficient for the distance to sub-centres is positive 

and significant. The magnitude of the coefficient is small: 0.029. This means that controlling for all 

other variables the direct effect of an increase by 1% of the distance of the suburb from a centre 

increases house prices by 0.029% on average. As postulated by the urban model, household equilibria 

are established by wages falling with access to major centres and generally with distance from the 

CBD and hence house prices cannot rise close to specific centres. It should be noted that our model 

was run on employment data provided by TDC for 27 major centres and sub-centres. It is possible that 
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different results could emerge if we were to re-run the model with distance of suburbs from only a 

small subset of these centres. However, we have not done this and we doubt that the result would be 

significant as it would be inconsistent with the principles of household location as described in section 

2.  

6 Predictions of Median House Prices  
 

Finally, the parameters of the model are used in order to compute the predicted median house prices 

corrected for spatial autocorrelation. The predictions are illustrated in Figures 9 and 10. The latter 

graph restricts suburbs to be within a 30 kilometres radius of Sydney CBD in order to provide a clearer 

picture of the prediction for these suburbs. The general pattern follows the theoretical predictions with 

prices decreasing with distance from CBD following concentric circles. However, it is also apparent 

that the communication axes introduce irregularities in this pattern. The highest prices are observed, in 

red, mainly for eastern and northern suburbs which combine proximity to the CBD and the beach. 

Moreover, the predictions show that for a given distance from CBD and the beach suburbs situated 

north have higher median prices. Suburbs along major road axis represented by M4 heading towards 

the West and M5 heading towards the South West are clearly identifiable, with significantly lower 

median prices than surrounding suburbs.  

 

Figure 9: Predicted median house prices, model with correction for spatial autocorrelation (lag) 

 

 

(785603.8,2649463]
(517220.3,785603.8]
(356970.1,517220.3]
[227445.8,356970.1]
No data
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Figure 10: Predicted median house prices, model with correction for spatial autocorrelation 
(lag) 30 km around Sydney 

 

 

7 Conclusions 
 
In this paper we set out to understand the structure of house prices across the city, in this case Sydney, 

as an aid to urban development strategy and specifically to examine the potentially positive effects of 

public transport and negative effects of residential density on property prices. We adopted a spatial lag 

hedonic model of median house prices in 626 suburbs to develop detailed results and avoid spatial 

biases. A high level of explanation (R2 = 0.92) was achieved.  

We find that distances from the CBD and from the coast are dominant factors in explaining house 

prices in Sydney. Consistent with urban theory, house prices were not influenced by access to sub-

centres. Predictably house and lot size are also highly significant factors. On the other hand a high 

propensity for violent crime significantly reduces property values. 

The impact of public transport on house prices is more complex. Over the whole city distance to rail 

station is not a statistically significant variable. However, in suburb groups that are relatively poorly 

served by other modes, median house prices fall significantly with increased distances to station. We 

(970561,2649463]
(701579.9,970561]
(534267.1,701579.9]
[285800,534267.1]
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found a similar but weaker result for access to high frequency buses, with median house prices falling 

with distance to the bus services in two suburb groups.  

After controlling for these other factors, we found that higher density is actually marginally associated 

with higher median prices. Thus prima facie there need be no concern that higher densities would 

reduce house prices. However the density variable is correlated (negatively) with median land area 

and, to a lesser extent, with distance to CBD. Thus we would be cautious about concluding that 

density has no negative effect on house prices.  
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Appendix A 

Denote by xj the n×1 column vector of jth characteristic, for example log of distance from CBD. 

Equation (2) can be re-written as: 
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Let us assume that we change all the elements of xj by one unit, for example we increase the distance 

from the CBD by one unit for all suburbs keeping the other explanatory variables unchanged, then the 

effect on suburb 1 will be: 
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Since   1 A I W  the first row of A is the first row of  2 2 ...  I W W     

If we denote by i the n×1 column of 1s: 
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since the matrix W is row-standardized such that 
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  and therefore Wi = i. 

Since   1 A I W  the sums of the elements of the rows of A are the rows of 
1
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i  and therefore 

the total impact of a one unit increase in distance from CBD for all suburbs is: 
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One should note that this result only holds if we can change all the elements of xj by one unit and ρ<1. 

If this is not the case then using the total effect as computed above will be an over estimate. 

To summarise in a spatial lag model the ith suburbs median house value is not only affected by a 

marginal change of the characteristic (say distance from CBD) of suburb ‘‘ i ’’ but is also affected by 

marginal changes of characteristics in the neighbouring suburbs. The total impact of a change in 

distance from CBD for suburb i is the sum of the direct impact βi plus the indirect impacts from the 

neighbouring suburbs.  
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