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Abstract

This paper deals with unobserved heterogeneity in hedonic price models,
arising from missing property and locational characteristics. In specific,
commercial real estate is very heterogeneous, and data on detailed property
characteristics are often lacking. We show that adding mutually independent
property random effects to a hedonic price model results in more precise out-
of-sample price predictions, both for commercial multifamily housing in Los
Angeles and owner-occupied single family housing in Heemstede, the Nether-
lands. The standard hedonic price model does not take advantage of the fact
that some properties sell more than once. We subsequently show that adding
spatial random effects leads to an additional increase in prediction accuracy.
The increase is highest for properties without prior sales.
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specific radius from the subject property. The second specification is a spatial
random walk, a restricted Besag model, where neighbors are defined by the
preceding and subsequent property on the TSP-route, so having at most 2
neighbors. The out-of-sample prediction results for both models are compa-
rable, so the reduction of a two-dimensional plane to a one-dimensional line
does not lead to a lower performance in our applications, and the correlations
between the estimated spatial effects in both models are high. Moreover, the
spatial random walk model is computationally much more efficient.

Note that we use a simple time series structure, a random walk, to model
the spatial effects. More complex structural time series models, taking into
account distances between properties, could also be applied, possibly improv-
ing model fit, but we leave this for future research.
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Figure A.1: Annual number of sales.
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(b) Heemstede.

Figure A.231T'SP route.
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Figure A.3: Spatial effect:)520 values over TSP route.



¢
6 o
Value
| High
o -
O Average
o -
B Low
(a) Besag (Hybrid).
@
L]
L]
°
e d
L

Value
High

Average

pEoooe

Low

(¢) SRW (Hybrid).

EooOoOm

Value

High
Average

Low

Value
High

Average

Low

2
‘ o
°¢~e0
(b) Besag (RE).
od
.

Figure A.4: Heat map of spatial effects for Los Angeles.
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Figure A.5: Heat map of spatial effects for Heemstede.
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