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Abstract

A method for the (micro)simulation of location choice by agents in a urban context is
proposed. The method is based in the bid-auction approach for land use modeling, which
assumes that rents can be estimated as the expected maximum bid in an auction. The method
allows for period-wise simulation of location choice where rents are adjusted depending on
the household’s perceptions of the market conditions. The location can be modeled both
as an auction or as a direct choice, depending on the market conditions. This allows for the
simulation of both demand and supply surplus scenarios in a consistent way. A new estimation
methodology for bid-auction choice models is also proposed, where a price indicator is included
in the maximum likelihood process. The method generates estimates that are able to reproduce
both the observed locations and observed prices at the base year of the simulation.
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1 Introduction

Land use models are an increasingly used tool for evaluation and forecasting of the effects of urban
interventions such as real estate developments, modifications to the transport system and changes
in urban policy. Among these, microsimulation models are becoming more relevant due to the
possibility of representing individual agents and their complex interactions in a simple, yet robust
and flexible, way.

Modeling the location choice of the different agents that interact in a city is one of the main
objectives of any land use model. Location choice and real estate prices have been traditionally
modeled under two different paradigms: the choice approach and the bid-auction approach. Under
the choice paradigm, households select the location that maximizes their utility, with prices being
determined exogenously through a hedonic model. The bid-auction approach assumes that real
estate goods are traded in an auction market, where the best bid for a particular location determines
both the located household and the price of the dwelling.

Both bid-auction and choice approaches work under the assumption that prices will be properly
estimated only under equilibrium conditions. In the choice case the hedonic approach for modeling
prices implicitly assumes that the (equilibrium) market values of the attributes of a location are
represented in the parameters of a regression. The bid-auction approach can only determine
prices when all households have interacted in all the possible auctions, achieving a state where no
household can improve his situation by changing its location.

The underlying equilibrium assumption makes hard to implement either approach directly in a
microsimulation context, where equilibrium is never solved but, instead, a dynamic process approx-
imates the equilibrium conditions by simulating all the individual interactions in the market. For
operational reasons, microsimulation models usually favor a choice approach, estimating the hedo-
nic price model for a base modeling period and ignoring the equilibrium assumption. This means
that prices are insensitive to changes in the market conditions (e.g. income distribution across the
population, supply or demand surplus), making the market values of each of the attributes of a
location constant in time.

On the other hand, the bid auction approach can handle the effect of changes in the market
conditions because prices are a function of the preferences of the households, and bids can be
adjusted to react against an increase or decrease of supply/demand. However, this approach has
only been implemented in aggregated, equilibrium based, models.

This paper proposes a method to model location choice and real estate prices simultaneously in a
microsimulation context. The method is based on the bid-auction approach and estimates both
location and prices as a function of the households’ preferences. The proposed approach does not
require solving for equilibrium, but estimates the maximum bid in each period by simulating the
underlying auction process.

Given exogenous supply levels, households adjust their preferences (and their willingness to pay)
as a reaction to the (observed) market conditions. Demand surplus generates a more competi-
tive market from the demand point of view, with households competing for a scarce number of
locations.This triggers an increase in the willingness to pay of all households and, therefore, the
rents of real estate goods. On the opposite case, a supply surplus scenario will generate a more
competitive market from the supply point of view, with developers/owners willing to sell/rent
the dwellings at lower prices, given the reduced demand. This is translated in a reduction of the
willingness to pay of all households and the consequent reduction in rent levels.

The type of auction also depends on the market conditions. In the case of demand surplus the
markets behaves like a classical auction, with several agents bidding for few goods. In this case the
location choice is modeled following a maximum bid probability. When the market interactions
take place under supply surplus conditions the market also clears through an auction, but in this
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case several goods compete to be chosen by few agents. In this case the location choice is modeled
following the classical maximum utility choice probabilities.

In order to implement this model, the estimated parameters of the bid function should be able
to forecast both the location choice distribution and the prices (as the expected outcome of the
auction process) at the base period of the simulation. To achieve this, a novel approach for model
estimation is proposed, where the traditional maximum log-likelihood methodology is modified in
order to account not only for observed location, but also for observed prices at a given base period.
The method is based in the Generalized Random Utility model, originally proposed by Walker and
Ben-Akiva (2002) and integrates an indicator in the log-likelihood function in order to include an
additional measurement relationship in the model.

The paper is organized as follows: Section 2 describes the main theory behind the bid-auction
approach to location choice modeling. Section 3 explains the choice approach and how it can be
consistently used in a bid-auction framework. Section 4 proposes a model that combines the bid
and choice approaches in a microsimulation context. Section 5 describes the proposed estimation
method for location and prices and shows some results for a real city case study. Section 6
describes an experiment with synthetic data to analyze the reaction-capacity of the model to
dynamic changes in the real estate market conditions. Finally, Section 7 concludes the paper and
identifies possible further research.

2 The bid approach

Since Alonso (1964), the real estate market has been understood as an auction market, where
households bid their willingness to pay for a particular good (residential unit) which is assigned
to the best bidder. This process simultaneously defines the price of the good, understood as the
maximum bid in the auction process.

The willingness to pay, from an economic point of view, can be derived from the classical consumer’s
problem of maximum utility, given income constraints:

max U(x, z;) (1)

x,1

st.px+1i <1

In the previous problem, the consumer maximizes his utility by choosing a vector of continuous
goods (x) and a discrete location (i), described by a set of attributes (zi). The budget constraint
states that the total amount spent in goods (with price p) plus the price of the selected location
(ri) must be smaller that the consumer’s available income (I). Solving the problem on x and
assuming equality in the budget constraint, the problem can be re-written as

max Vip, I —1i,zi) (2)

where V is the indirect utility function, conditional on the the location. Conditional on the level

of maximum utility (U), the indirect utility can be inverted in the rent variable:

r=1-V '(Up,z) (3)

Under the auction market assumption, the rent variable can be understood as the willingness to
pay for a particular location, therefore the bid function B can be expressed as:
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Bni = In — Vi, ' (U, p,zi) (4)

In the bid function, the index h has been included to take into account heterogeneity in preferences
within different households. If we assume bids to be random variables, with an extreme value
distributed error term, it is possible to express the probability of a household (h) being the best
bidder for a particular location (i) as follows:

_exp(uBni)
Ph/1 - Zg EXP(HBgi) (5)

Under the auction market assumption, the price or rent of a good will be the maximum bid.
The extreme value distribution assumption allows to express the expected maximum bid for a
particular location as the logsum of the bids

= -Lln (Z exp(uBgi)) (6)
9

n

The bid approach has been traditionally implemented in equilibrium based models like MUSSA
(Martinez, 1996), where rents can only be determined when bids have been adjusted to ensure
that each household is located somewhere and in not more than one location. This means that
the utility level (and therefore the bid level) of each household should be adjusted to ensure that:

Z Pri=1 (7)

The previous condition is only possible when an absolute equality between supply (the number of
location alternatives) and demand (the number of households) holds, meaning that:

> Y Phi=H=S (8)
h i

with H the total number of households and S the total number of locations.

3 The choice approach

The choice approach (McFadden, 1978; Anas, 1982) assumes that households choose the location
that maximize their utility. The utility a household perceives is the indirect utility function (2)
and can be defined as a function of the attributes of the location (Vi = f(zi)). Assuming an
extreme value distribution for the error term of the utility function, the probability of a household
h choosing a location 1i is:

exp(HVhi)

P S expluty] Y

It is possible to demonstrate that, under the assumption of an auction market, the location where
the agent is the highest bidder is also that of the maximum surplus or maximum utility (Martinez,
1992, 2000). This assures that the auction outcome yields an allocation consistent with maximum
utility behavior of consumers. The consumer surplus is defined as the difference between the
willingness to pay for a good and the actual price of the good. If the utility is written in terms of
consumer surplus it will take the following form:
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Vhi = Bhi —Ti (10)

Replacing (10) in (9), the probability of a household h choosing a location 1 is:

P = exp(u(Bri —11)) (11)
2_; exp(p(Bnj —1j))

If prices are the outcome of an auction process and the market clears, the distribution of households

across locations obtained through (11) will be the same as the distribution obtained from (5) when

supply and demand are equilibrated. Otherwise, the choice approach is only valid when there are

more alternatives than decision makers (Martinez, 1992).

4 Bid rent model for microsimulation

Microsimulation of land use requires a representation at the individual level of the location choice
and price formation processes. This means that each household is paired to a location in a sequen-
tial way.

The choice approach is straightforward to implement in a microsimulation context because it
provides the individual location probabilities and rents are calculated exogenously (and indepen-
dently) for each dwelling following an hedonic model without requiring any assumption about
equilibrium between supply and demand. However, implementing the choice approach requires
the assumption that supply will always satisfy (or exceed) demand, so the allocation process can
be simulated by drawing a location for each household. The order in which the allocation happens
can only be assumed to be random, drawing the location for each household at a time and making
selected location unavailable for future choices. If a demand surplus scenario happens, a choice
approach will only be able to deal with this by randomly selecting households that will not be
located. The choice approach also presents the drawback of using hedonic prices, which make the
price formation process exogenous to the location choice problem and independent of changes in
the market conditions. An analysis of the disadvantages of using hedonic prices and the differences
between them and maximum bid prices can be found in Hurtubia et al. (2010).

Implementing a bid approach is not straightforward, because prices can only be determined if a
supply-demand equilibrium is achieved and bids are adjusted to this. The complexity comes from
the fact that equality between demand and supply is usually not guaranteed in a microsimula-
tion (because of an independent supply generation process). Also, the bid approach traditionally
assumes that each location “chooses” a household through the auction process, therefore making
hard to simulate scenarios with supply surplus (there is no clear rule to decide which locations are
not used). This difficulties are addressed and partly overcome in Martinez and Hurtubia (2006),
but in an aggregated, quasi-equilibrium context.

We propose a model where, at each period of time, the auction for each good is simulated, therefore
obtaining rent levels that reflect the competition between different bidders for the good. The
adjustment accounts for the effect a supply or a demand surplus will have on the bids. We
solve the allocation problem by proposing a different market clearing solution depending on the
supply/demand surplus conditions of the scenario.

We assume the bid function to be composed of two elements, therefore, for a particular period t:

Bl = bl + bni(z}, B) (12)

where by, is the adjustment component that relates the bid with the utility level of the household
and by,; is the hedonic part of the bid expressing the value a household h gives to the attributes (z;)
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of a location i through a set of parameters . The functional form of (4) implies the assumption
of a quasi-linear underpinning utility function which allows to the additive decomposition and
simplifies the interpretation of each element Martinez and Henriquez (2007). We assume the
preferences of households remain constant in time, therefore the value of the hedonic part of a bid
for a particular pair (bpi) will remain constant in time unless the attributes of the location (z})
change from one period to the next. It is reasonable to expect changes market conditions from one
period to the other (population , income levels, available supply, etc.) making the utility term by
reacts to these changes, therefore having different values in each period.

The adjustment of by, follows the logic of households increasing or decreasing their bids depending
on the conditions of the auction (or, in more general terms, the market). In each auction, if there
is a demand surplus, households will try to outbid other households until reaching an expected
average outcome of winning auctions that allows to locate “somewhere” (although it does not
ensure their location). Similarly, in the presence of supply surplus, households will reduce the
level of their bids because they can reach an expected number of winning auction that allows to
locate somewhere with smaller bids.

In each period, the knowledge of the state of the market comes from the observed rents from
previous periods (r}). We assume that households also observe the available supply (S') and know
the number of households looking for a location in each period (H'). However, we assume they
don't observe the bids of other households (therefore our system represents a sealed-bid auction).
Considering this information, each household estimates the value of b}, required to make the
expected number of winning auctions equal to one.

¢ exp (u(b}, + bni(zl)))
D Phi=) =1 (13)
i iest Z eXP(HBgi )
geH?

Since households can’t observe the bids of other households in t we assume they observe the bids
in the previous period (t — 1). This is equivalent as observing the rents in the previous period
since, following (6), the denominator of (13) can also be expressed as:

> exp(uBl;') =exp(uri ') (14)
geH

The previous expression implies the assumption of myopic households, that, being unable to fore-
cast the future equilibrium rents, use the available historic information of past rents as a proxy.

Clearing b{, from (13) and assuming that only rents from the previous period can be observed, we
obtain:

bt = —In ( 5 expu<bai(zz)—r$‘)) 1e)

iest

The adjustment of (15) is similar to the one proposed by Martinez and Donoso (to appear) with
the difference of considering that only the households looking for a dwelling and the available units
have an effect in the bid level correction. After the adjustment of bpis calculated it’s possible to
calculate the location probabilities and rents in t.

4.1 Allocation process

The location of households is determined through a Monte Carlo simulation, following probability
distributions that will depend on the general conditions of the market, regarding demand or supply
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surplus. The number of located households or used dwellings may differ from the total number of
active households or locations in the market. We denote the set of located households in a period
as Ht C H* and the set of used locations in the same period as St C St

In a period with demand surplus it is impossible to allocate all households because of the insuf-
ficient supply. As explained before, households will increase the level of the bid as a reaction to
this. However, some of the households will be outbid in every auction and remain un-located.
The market conditions make more appropriate to use the bid probabilities (P, /i) to simulate the
allocation of households to dwellings. It makes sense to do this location wise, drawing households
following (5), as if each location was selecting the best bidder from the pool of remaining house-
holds. Under this assumption, the expected number of winning auctions for a particular household
h in period t is given by Z P;‘I/i.

ieSt
In the opposite case, in a period with supply surplus, not all the dwelling will be used. Therefore
a choice probability (P;/n) seems more appropriate to simulate the allocation of dwellings to
households, drawing a dwelling following (11) for each household. In this case, the expected
number of households choosing a particular dwelling 1 is given by Z P;‘/h.

ieHt

In any market, the transactions are usually bounded by structural characteristics of the involved
agents. In the case of the real estate market the constrains are given by the maximum feasible
bid for each household (usually determined by the income level) and the reservation price (or
minimum feasible rent) of each location. For simplicity, these constraints are ignored in the
current formulation of the model, meaning that prices can go has high or low as required by the
adjustment of (21). This means that, in the case of demand surplus, all dwellings will be used
(St = S') while only a fraction of the total households will be located (Ht C H'). Similarly, in the
case of a supply surplus scenario, all households are expected to be located (I—Tt = H") while only
a fraction of the dwellings will be used (?‘ c SY).

Introducing a constrained behavior in the bidding/selling process requires to define thresholds
which trigger the exclusion of a household or a dwelling from the transaction. This would allow
the existence of (more realistic) scenarios where some households are not located while, at the
same time, some dwellings are not occupied. The inclusion of the thresholds should generate a
non-compensatory location probability, which can be modeled using models like the Constrained
Multinomial Logit (Martinez et al., 2009). An example of the use of non-compensatory probabilities
for location choice, but in the context of equilibrium models, can be found in Martinez and
Hurtubia (2006)

5 Estimation

Implementation of the proposed model requires to estimate the parameters of the bid function for
a base period. The estimation should maximize the likelihood of the observed location pattern
but, at the same time, it should ensure that the expected maximum bid (6) of each location is
proportional to the real observed prices. For this we propose a model formulation based on the
latent variable approach for discrete choice (Walker and Ben-Akiva, 2002; Walker and Li, 2007),
where the price is not directly affecting the willingness to pay, but is related as an indicator of
the expected maximum bid (or logsum) through a measurement equation. Figure 1 shows the
structure of the proposed model. Boxes represent observable data like the attributes of households
and locations, transaction prices and observed locations. Circles represent unobservable variables
(or latent constructs) like the willingness to pay (bid) and the expected maximum bid. The
dashed lines represent measurement relationships and the continuous lines describe structural
relationships. The main difference between a traditional Logit model and the proposed model lies
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Figure 1: Model structure
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in the explicit inclusion of the logsum as a latent variable, that has a measurement relationship
with both the choice and an additional indicator (the price).

The Bid function is related to the attributes through the structural equation that defines its
functional form: bn; = f(xn,zi, ). Simultaneously, the measurement relationship between the
Bid and the observed location is defined by the choice probability (5). It is worth noticing that, in
a traditional Logit formulation, the logsum also intervenes in the measurement as the denominator
of the probability.

As described before, the expected maximum bid is related to the observed location through the
choice probability (5) and its structural relation with the observed attributes is given by the logsum
expression of (6). A new measurement relationship is considered in this formulation, assuming
there is a linear relation between the expected maximum bid (r;) and the observed prices (1),
expressed as the following equation:

f=a+yn (16)

Assuming a normal distribution, a probability density function f(fi|r;) with mean zero can be
defined for the measurement relation of (16) as follows:

1 nen

f(filry) = e~ 202 17
27102 (an

The estimation of the proposed model can be done through traditional maximum likelihood but, in
this case, the likelihood function is the product of the choice probability and the density function
for the price for all observations:

L=]] < IT (Prsi- f(ﬁ|ri))y"‘) (18)

ies heC;y

where yni = 1 if household h is the best bidder for location i and zero otherwise. In the context
of the previous equation, S represents the set of available observations for estimation and C; is
the “choice set” for location i, understood as the set of households that participate in the auction
for i. If no choice set generation model is available, it is reasonable to assume that all households
participate in all auctions, therefore making C; = H for all i.
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The outcome of the maximization of (18) will be the set of parameters () from the hedonic
part of the Bid function (bni) and the a, Y and o parameters of the density function for the
price. However, in application, only the choice probability determines the best bidding household,
therefore making the location probabilities independent of the price parameters. The measurement
equation (16) can be used to estimate the prices from the logsum values (6).

5.1 Estimation results for a real case study

The model is estimated for the residential market of the city of Brussels. The study area considers
an extended metropolitan region, including 151 communes that contain a total of 4945 zones (i).
Dwelling alternatives are classified in 4 types (v) adding to a total of 1274701 residential units
or location alternatives (vi). The area of study contains a total of 1267998 households, therefore
having an aggregated vacancy rate (supply surplus) of 0.5%. The estimation is done over a sample
of 1007 observations of located households considering the following bid function:

bhvi = Bsurf : Surfvi . ln(Nh) + Bsup ’ Qiup . N;up + Bhouse . )\Lliouse : Nh+

t =0 t 1
Btrans . Yirans .Y%ars + Btransz . Yirans ,.yﬁars> + Bcomm . Yicomm . ln(Nh)—i—

E’off 'Yi?ff ’Wh+ Bgreen .Yigreen 'Wh (19)

where:

e surf,; is the average surface of a residential unit in buildings type v in zone i (calculated from
the census). The building types consider 3 types of house (fully-detached, semi-detached and
attached) and apartments.

e Ny, is the size (number of individuals) of a household.
e Wy is number of active individuals (workers) in a household

e N;"P is number of persons in the household who achieved a university degree as their max-
imum education level.

° qup is percentage of the population in zone i with a superior level education-degree.
e YITAnS i5 a measurement of the quality of public transport (accessibility)

e Yfomm yoff 'y9T€e™ are measurement of the presence of commerce, offices and public green
areas respectively

The measurement equation for prices is defined following (16) and using the explicit definition of
the maximum expected bid given by (6):

ﬁ, _ aer.anexp(bhvi) (20)
h

For the estimation process, the scale parameter p is assumed to be one and the adjustment term
(by,) of the bid function is assumed to be zero for all h. For the case study, the observed prices are
only available as average transaction prices (in € 100°000) at the commune level for 2 aggregated
types of residential units (houses and apartments). Despite this, the available observed prices still
provide useful information for the estimation process.
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Table 1: BEstimation results for Brussels

Standard Logit Logit with price indicator
Parameter Value | Std err | t-test | Value Std err | t-test
Bsurs 0.00698 | 0.00256 2.73 | 0.000225 | 0.000162 | 1.39*
Bsup 0.522 0.104 5.04 0.659 0.0721 9.14
Btranso 0.317 0.135 2.35 0.637 0.0744 8.56
Btrans2 -0.438 0.151 -2.9 -0.428 0.0854 -5.02
Phouse 0.439 0.0599 7.32 0.0459 0.00599 7.67
Beomm -1.32 0.273 -4.82 | -0.0118 0.0235 -0.5%
Bgreen -0.336 0.0718 -4.68 0.152 0.0188 8.09
Boff -0.16 0.0885 | -1.81* 0.0738 0.0331 2.23
a - - - -32.3 4.24 -7.61
Y - - - 2.3 0.301 7.66
o - - - -2.12 0.0223 -94.88
Final Log-Likelihood -7011.03 -6387.76 (7091.13**)
Likelihood ratio-test 232.44 1478.97 (72.23*%)

*parameters not significant at the 95% level
** log-likelihood considering only the choice probabilities

The model was first estimated for a standard Logit specification and, once good estimates were
obtained, it was re-estimated including the measurement equation (indicator) for the observed
prices and using the likelihood function of (18). The estimation in both cases was done using
an extended version of the software package BIOGEME (Bierlaire, 2003; Bierlaire and Fetiarison,
2009); results are shown in Table 1.

For the standard Logit model all parameters are significant with a 95% confidence (with the
exception of Borr which is significant with a 90% confidence). The signs of the parameters show
that the willingness to pay increases with the surface of the dwelling and the size of the household,
and that households with members having university degrees prefer to locate in neighborhoods
with a high presence of people with a university degree (this, we assume, is correlated with the
income level). Households without a car give a positive value to the presence of public transport
facilities while households with more than one car actually prefer to locate in regions with low
accessibility for public transport. An interesting result is the effect of the presence of commerce,
public green areas and office space, with a negative parameter for all of them and decreasing
with the size of the household or the number of workers, depending on the case. These negative
estimates were originally interpreted as households preferring to locate in peripheral areas of the
city, where the density of commerce, public areas and offices is lower. However, this eventually
turned out to be an endogeneity problem (Guevara and Ben-Akiva, 2006) as it will be shown next.

When adding the price indicator to the estimation process some of the parameters become in-
significant and some change their sign. For example the relevance of the surface of the dwelling is
smaller and its parameter is significant only with an 84% confidence. Other estimates like grcen
and Porf, that were originally negative, came out positive in the estimation with the price indi-
cator. The change in the values of the estimates can be explained as an endogeneity effect in the
Standard Logit formulation that happens due to the lack of information. The data for estimation
shows that bigger households prefer to locate in the outskirts of the urban area, but this is also
explained by the lower prices for bigger dwellings in these regions. Therefore, by not accounting
for the price, it appears as if households would bid less for places with access to green areas and
services (correlated with the presence o office space). When the price indicator is considered, the
estimation generates positive parameters for green areas and offices because these attributes are
likely to increase the average price in a neighborhood

10
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Figure 2: Number of people by commune
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Figure 3: Number of people with university degree by commune
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It is not straightforward to evaluate and compare the quality of each model; the different expres-
sions for the likelihood functions make the direct comparison of final log-likelihoods unfair. The
ratio test for the “choice” log-likelihood (calculated as the logarithm of sum of the probabilities of
the chosen alternatives) is a valid indicator because it considers the same specification for the bid
function in both models. This statistic suggests that the Standard Logit performs better than the
model with the price indicator. However, this is only valid for the data used in estimation and an
expected result because the standard Logit models attempts to fit only to this data set, while the
model with a price indicator attempts to fit simultaneously a different set of observations.

A valid comparison is to simulate the location distribution for all the locations in the city with
each model, and compare the results with observed statistics. This analysis is performed for two
variables: number of individuals in the household and number of individual with university degree.
Results are shown in Figures 2 and 3.

Figure 2 shows the results for total number of people, aggregated by commune, obtained with
each of the models and compares them with the official statistics coming from the 2001 Belgium
National Census. Data is ordered increasingly with the census values. Both models provide
reasonable results, with only small deviations from the true values. However, when calculating the
fit of each results, the model with price indicator shows a slightly better result with a R? of 0.994
(against the census data) versus a R? of 0.979 for the standard Logit model.

Figure 3 shows the number of people with university degree by commune. In this case the stan-
dard Logit model clearly underestimates the number of persons with university degree for large
communes, while the model with price indicator generates estimates which are closer to the real

11
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Figure 4: Logsum vs Prices, Standard Logit
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Figure 5: Logsum vs Prices, Model with price indicator
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values. The R? for the standard Logit in this case is 0.895, while the model with price indicator
has a better fit with R? =0.925.

A third variable worth analyzing is the predicted price by residential unit. Figure 4 shows the best
possible fit between the logsum, obtained with the standard Logit model, for each of the residential
units in the area of study. It is possible to see that the logsum does not follow at all the trend of
the observed prices.

Figure 5 shows the price estimation results for the choice model estimated with price indicators.
The estimated prices (P(logsum)) are calculated following equation (20) and considering the values
of Table 1 for the a and y parameters. The predicted prices, calculated as a function of the
resulting logsum, follow the trend of the observed average prices. The noise in the prediction can
be explained due to the heterogeneity between the different residential units. While the average
price is calculated by house or apartment by commune, the forecast price is calculated for 3 types
of houses and apartments and at the zone level, where additional heterogeneity is observed among
the dwelling and the zones attributes. A more disaggregated price indicator should allow for a
better fit between the logsum and the prices.

These results indicate that the estimation of the choice model including a price indicator allows
to better forecast of both the location distribution of agents and the prices.
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Table 2: Location in base period

| zone | poor hh (P) | rich hh (R) | total supply | rent (r;) |
1 (z1 =0.5) 281 219 500 1.25
2 (z1 =1.0) 219 281 500 2.00
total demand 500 500 1000

5.2 Bid-adjustment component

In the base year, both the utility level (b ) and the hedonic part (b?;) of the bid function should be
estimated as if a full equilibrium was taking place between the observed households and dwellings.
The process then requires to first estimate the parameters of the hedonic part through maximum
log likelihood (as described in the previous section) and to adjust the value of b% following:

b =—In Z exp p (bp;(z1) —17) 2y

ieso

The solution of the previous equation implies a fixed point problem because the rents (T‘?) depend
on bﬂ, as defined by equation (6). However, little variation is expected if the estimation of the
hedonic component of the bid function is properly estimated. Therefore, for the first simulation
period, the value of the adjustment components (by) should be relatively low (and probably
irrelevant) with respect to the value of the hedonic component (by;). Despite this, it is important
to consider the total number of households and available dwellings at the base period in order
to introduce the effect of the structural vacancy rate in the rent during the estimation process
described in the previous section.

Once the equilibrium bids and rents have been obtained, they are used as the input for the
simulation of the first period.

6 Simplified experiment

A simple experiment is conducted to test the properties of the proposed models regarding proper
reaction to changes in the market conditions. For this a very simple synthetic city is built consid-
ering only two possible zones for location and only two types of households. The zones have only
one attribute that characterize them, having a zone with a low value (z; = 0.5) and a zone with
a high value (z; = 1.0) of the attribute. Households show either a high marginal willingness to
pay for the attribute (rich households, with g = 2) or a low willingness to pay (poor households,
with Bp = 1). For simplicity, and in order to allow a better analysis of the reaction to general
market conditions of the model, the attributes of the zones remain constant in time. This can be
interpreted as not accounting for location externalities in the model.

In the base period the city is perfectly equilibrated, with 500 dwellings in each zone and 500
households of each type. Table 2 shows the location and rents after the equilibrium.

The simulations are done for 20 periods after the base one. Two different scenarios are simulated:
one with a supply surplus and one showing demand surplus.

6.1 Supply surplus scenario

In the supply surplus scenario real estate developers predict accurately the total future demand
for every period but the first one, where an (arbitrary) overproduction of dwellings take place.
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Figure 6: Rents for the supply surplus scenario
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Figure 7: Rents for the demand surplus scenario
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Demand grows at a constant rate while supply slowly adjusts to match it. Figure 6 show the
resulting rents when applying the proposed model. As expected, rents are higher for dwellings in
the zone with higher values for the attributes. In the first period, the excess of supply triggers
a reduction in the rents that continues for several periods until supply matches demand again
(around period 5). After this point, and given the equality between supply and demand, rents
increase until they reach the original (equilibrium) levels.

6.2 Demand surplus scenario

The demand surplus scenario is generated by producing a shock in the growth for rich households
in the first period. Supply is unable to react immediately to this and does so in a slow manner.

Figure 7 shows the rents for this scenario. The excess of demand generates an increase in the rent
which decreases slowly as supply approaches the levels required to satisfy demand. After several
periods rents return to the original equilibrium levels

7 Conclusions

The proposed model is able to account for the auctioning process that takes place in each period
of a simulation. The advantage of the model lies in the fact that is able to account for changes in
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the general conditions of the market, like a growth or a reduction of the ratio between demand and
available supply. The method is based on a bid approach for location choice modeling. However
it simulates the location process of individuals as the outcome of a bid (dwellings selecting the
best bidder /household) only when a demand surplus situation is observed. In the case of a supply
surplus scenario, the model simulates the location as a choice (households selecting the location
that maximizes their utility).

A estimation method that accounts for observed prices was also proposed. Results show that
including a measurement relationship between the logsums and the observed prices in the log-
likelihood maximization process allows to obtain better estimates of the bid function parameters.
The proposed model is able to better forecast the location choice distribution of agents in the city
while, simultaneously, generates reasonable forecasts of the prices as a function of the expected
maximum bid of the auction process. The differences observed between forecasted and observed
prices can be explained by the aggregated nature of the price indicator. A more disaggregated
indicator should allow for a better estimation and, consequently, a better fit.

Future work will consist in the implementation of a simulation accounting for location externalities
and increasing the heterogeneity in both supply and demand agents. Application to real data and
validation will be done in the context of the SustainCity project (www.sustaincity.org), specifically
to the city of Brussels.
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