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Abstract: This paper extends work in the field of Constant Quality Price Indexing by using Neural
Networks to estimate the model.  A series of housing data sets is used to develop constant quality price
indices using traditional econometric techniques and using neural networks incorporating genetic algorithms.
The analysis indicates that neural networks are a real alternative to the econometric methods.

Introduction
In a previous study the Local Government areas of Port Pirie, Stirling and Unley were used for some basic
Constant Quality Indexing using an adjusted time series approach.  In this paper the same locations are
chosen for study.  Cross sectional data are used involving all probable market transactions from July 1980
to June 1998.  This data is analysed using a standard hedonic method utilising dummy variables to indicate
time periods and also using a Neural Network model.  The neural network model uses the same data, in the
same format and uses Genetic Algorithms to optimize the model structure.  The aim of this research is to
determine is neural networks are a useful inclusion to the tools used for property price indexing.

Literature Review

The analysis of property data over time has always been fraught with difficulty.  Invariably the market
evidence (from transactions) involves the sale of different properties for each time period.  This has always
made analysis difficult because the sample of properties varies for each time period.  Early analysis was
based on simple statistics such as the mean or median.  However this was improved with the consideration
of methods to adjust for the variations in quality.  Works by Bailey et al.(1963), Goodman (1978), Palmquist
(1980), Nourse (1982) and Hendershott & Thibodeau (1990) helped to develop a body of methodology to
consider constant quality indexes.

This came to a head at the start of the 1990’s with a paper by Mankiw & Weil.(1989).  In this paper the
authors challenged estimates on future housing estimates by using constant quality methodologies.  This
brought about a flood of papers in response. Works such as those by Case et.al.(1991) Engelhardt &
Poterba. (1991), Hamilton (1991), Hendershott (1991), Holland (1991) Meese & Wallace (1991). Woodward
(1991) helped to develop the methodological arguments.  Various studies have investigated the use of
constant quality price index methodologies in the Australasian region.  Research by Rossini, et al (1995),
Costello & Schwann (1996) Rossini (1996a), Rossini (1996b) and Schwann (1997) have all contributed to
the regional knowledge.

The opportunity for the use of Artificial Neural Networks (ANN) to estimate price indices has been
investigated in recent years.

For example Borst (1991) reported the use of ANN to data sets of family residences in New England. Tay
and Ho (1992, 1994) examined sets in Singapore using 833 residential apartment properties for training and
tested this against 222 case set of similar apartment properties.  Do and Grudnitiski (1992) used data from a



multiple listing service in California while Evans (1993) worked with residential housing in the United
Kingdom.  The most recent work comes from Worzala (1995), Borst (1995, 1996), McCluskey (1996a,
1996b) and Rossini (1997a, 1997b, 1997c).  Rossini’s research was based on data from South Australia and
demonstrated that the results from artificial neural networks could potentially produce superior results to
more traditional econometric models in certain circumstances.

Methodology

The research used three regions (at the local government area level) to compare the results of constant
quality indexing using ordinary least squares and neural networks.  The three locations chosen were those
used by Rossini (1996a) which would allow for some checks of consistency of results.  The three areas
chosen exhibit some significant differences which makes their use attractive.  Broadly they can be described
as

1. Port Pirie LGA – this is the centre of Australia’s major lead smelter and has been the target of a major
lead decontamination project over the last decade.  It also stands out as a location where there have
been dramatic changes to house quality over time and a substantial amount of new housing.  (This is
highlighted in studies by Rossini (1996a, 1996b) and Rossini et al.(1995).  Port Pirie is a regional centre
of some ten thousand people.

2. Unley LGA - this is an inner city local government area bordering the City of Adelaide to the South.
There is a wide variety of detached housing from small single fronted cottages to mansions on large
allotments.  There was a perception that parts of this area have been highly gentrified and that much of
the smaller old houses, close to Adelaide’s CBD, have been upgraded, renovated and extended.  Any
new development is limited to redevelopment and minor in-filling.  The 1996 study (Rossini 1996a)
showed that over time there had been minor changes to housing over the last decade and a half.  This
was evidenced by increases in both the average building area and building condition.

3. Stirling LGA - this location takes in parts of the Adelaide Hills.  Development in this area has been
limited due to water catchment and other regulations, although a substantial amount of vacant land has
been built on, over the last decade.  There is been very limited redevelopment and renovation in this
area, and the perception of local real estate agents is that prices have “stood still or got worse” over the
last few years.  The past studies (Rossini 1996a) show that while Port Pirie has had a dramatic increase
in house quality that Unley a smaller (but significant) change, housing quality in Stirling  has remained
much the same.

For each location all sales occurring in the locations from January 1985 to December 1998 which were
recorded by the Lands Title Office in conjunction with the Department of Environment and Natural
Resources (DENR) were examined.  In each location the following sales were removed from the sample to
minimise the affect of non-market transactions.

• all sales which included other land, other items with sale or were conditional transfers. (as indicated
by the DENR records)

• all sales tagged as Not considered to be Market Value by DENR

• sales involving an apparent family transaction

• sales involving a Government Department or Instrumentality where an apparent non-market
consideration is paid.

As a result of this analysis the following samples were obtained

Location Total Sample Average per quarter

Port Pirie LGA 2717 50.3

Unley LGA 7941 147.1

Stirling LGA 3927 72.7

The data was collected as individual property transactions to allow for cross sectional analysis and was then
aggregated as quarterly time series.  In each case the following information was collected for each quarter

• Mean and Median Price (transaction price in dollars)

• Mean Condition Code (Code 0 poor - 9 good)

• Mean Equivalent Area (weighted building area estimate)

The choice of condition code and equivalent was based results of models across a broad number of
Adelaide suburbs which showed that these were consistently good hedonic indicators (Rossini,1997c).



Model Specifications

Hedonic Estimate using Dummy Variables
This is a standard hedonic approach to constant quality price indexing. The model is based on cross
sectional data.  The model estimates log of price as the dependent variable against an array of dummy
variables for each quarter and an array of property attributes.

The property attributes used are listed in Table 1.

Table 1  - Property Characteristics used in Models

Variable Description Code
Land Area Area in Hectares Continuous

Equivalent Building Area Calculated Equivalent Area of Buildings based on weighted average formula for main buildings and
other buildings

Continuous

Condition Scaled code from 1 - demolition to 9 - high quality new condition Scale

Year built Date of Construction of the Main Building Continuous

Zone - Dummies Series of Interactive dummy variables based on the Government Code for Zone which determines
Development Controls  - zero if not in the zone and land area if in the zone

Dummy

Wall Type - Dummies Series of Interactive dummy variables - based on the external wall cladding - zero if not the wall type and
building area if it is

Dummy

Building Style - Dummies Series of Interactive dummy variables - based on building style - zero if not that style and building area if
it is

Dummy

The model allows the estimate of the quarterly dummies while holding the property characteristics constant.

The regression model is estimated using ordinary least squares.  The neural network model is estimated
using a three layer model.  The input layer uses the variables, which were found to be significant in the OLS
model.  The hidden lay uses one node for each input node.  This proved to produce reasonably consistent
results.  The use of genetic algorithms to develop the network structure is also considered possible.

Adjusted Mean Price based on Time Series Model
This model uses the price adjustment method adopted by Rossini (1996a).  The method is based on the
Grid Adjustment approach commonly used in real estate valuation.  The model used is from the basic
trends shown above.  However in this case rather than estimate the trend, the original mean price is
adjusted for differences in building area and condition producing an adjusted mean value.  This ensures that
the error term is incorporated into the final estimate and only the systematic component is removed.

Basic Trends
These are simple time series trends.  In each case the dependent variable is Log of mean price with the
independent variables, time, mean building area and mean condition.  The model is estimated using
ordinary least Squares regression and using neural networks with 5 layers, 3 nodes per hidden layer.
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Results

The unadjusted mean and median for each of the three study areas consistently over estimate the change
in property values over time and have larger inter period fluctuations.  This is the expected result because
no account is taken of changes in building size and condition in particular.  This is most clearly
demonstrated in the Port Pirie data where considerable improvement to the housing stock has taken place
over the period of study.  This is fully described in Rossini et al. (1995).

The hedonic regression and the hedonic Neural Network analyses produce similar results in the three study
areas but with a wider divergence in the Port Pirie study area where there is greater inter temporal variation
in property characteristics and a smaller sample size.  The inter period fluctuations are less extreme and the
results indicate the superiority of the hedonic approach over the unadjusted method in removing the
variation attributable to inconsistent quality attributes.

The grid adjusted mean price analyses using the regression and neural network approaches produce similar
results across the three study areas.  In each case the neural network approach indicates a lower indexed
price.  The regression method utilises a linear adjustment whilst the neural network method uses a non-
linear adjustment which produces a larger adjustment and therefore a lower indexed price.

The Basic Trend analyses produces contrasting results.  The regression trend shows the typical logarithmic
curve whilst the neural network trend line is more undulating.  This disparity is accentuated by the use of a
single order relationship in the regression trend and a multi-order trend with the neural network approach.
The neural network results for the Stirling LGA, where the trend line appears unrepresentative, graphically
illustrates one of the inherent difficulties in using neural networks, that of over training and confirms the
conclusions reached by Worzala et al. (1995).

Conclusions

The results clearly indicate the superiority of the hedonic models over the unadjusted and adjusted models.
In addition it has been demonstrated that, for the chosen data sets at least, neural network analysis of
hedonic models shows no significant advance on the results obtainable from hedonic regression models.

Implementation of the neural network trend using time series data provides a satisfactory proxy for the
hedonic models which use cross sectional data thus reducing the data requirements and processing
complexity considerably.  In the case of the Unley LGA study the data requirements are reduced from 3927
cases to 52.  These results justify further work being carried out on additional datasets to verify that this
conclusion may be extrapolated to a general case.
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