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This article examines the spatially varying effect of age on single-family house (SFH) prices. Age has been shown to be
a key driver for house depreciation and is usually associated with a negative price effect. In practice, however, there
exist deviations from this behavior which are referred to as vintage effects. We estimate a spatially varying coefficients
(SVC) model to investigate the spatial structures of vintage effects on SFH pricing. For SFHs in the Canton of Zurich,
Switzerland, we find substantial spatial variation in the age effect. In particular, we find a local, strong vintage effect
primarily in urban areas compared to pure depreciative age effects in rural locations. Using cross validation, we assess
the potential improvement in predictive performance by incorporating spatially varying vintage effects in hedonic
models. We find a substantial improvement in out-of-sample predictive performance of SVC models over classical
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1 Introduction

Hedonic real estate models contain several predictor
variables, and age is a key explanatory variable. The mar-
ginal effect of the building age on house prices has been
well-studied. It has been found that the age effect is non-
linear (Clapp & Giaccotto, 1998; Goodman & Thibodeau,
1995). In particular, Case et al. (2004) report a “plausible
quadratic form” for the building age. This behavior is a
result of two main features of the age as an independ-
ent variable: (1) In general, older buildings depreciate
due to deterioration; (2) “however, beyond some point,
only those houses with the best locations and the highest
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construction quality survive” (Case et al., 2004, p. 171).
The quadratic appearance of the age effect has also been
observed by Fahrldnder (2006) and linked to the build-
ing material and architectural style. Studies investigat-
ing this particular type of behavior, i.e., a deviation from
a pure depreciative effect once a particular age has been
reached, are referencing to it as a vintage effect (Clapp &
Giaccotto, 1998; Goodman & Thibodeau, 1995; Rubin,
1993).

Over the last two decades, there emerged a special
focus on location specific effects due to newly avail-
able modeling methodologies. There are numerous
publications which show a clear indication of spatially
varying covariate effects within hedonic pricing mod-
els. For instance, when applying additive mixed regres-
sion models on rents in Vienna (Austria), Brunauer et al.
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Share of SFH built before 1945

Fig. 1 Share of SFHs built before 1945 by canton, as of 2019. The respective shares are given in percent. Data: Federal Statistical Office FSO (2021)

(2010) find “substantial spatial variation” of covariate
effects between the districts of Vienna.

Existing methods to model such spatially varying coef-
ficients (SVC) are Bayesian processes (Gelfand et al,
2003) and geographically weighted regression (Fothering-
ham et al., 2002). Applications of these methods consist-
ently show the existence of non-stationary coefficients,
e.g., Baton Rouge (LA, United States, see Gelfand et al.,
2003), in Toronto (ON, Canada, see Wheeler et al., 2014),
Singapore (Cao et al,, 2019; van Eggermond et al.,, 2011),
and Shenzhen (China, see Geng et al., 2011).

The goal of this paper is to unify both frameworks, i.e.,
vintage effects and SVC modeling, to investigate a pos-
sible spatially varying vintage effect. In particular, we
want to examine if such non-stationary vintage effect
exists and, in a second step, see if we can improve the
quality of hedonic models in price prediction. Our study
is motivated by previous work on spatially varying rela-
tionships between house prices and age. For instance,
one of the first observations of spatial differences in the
age effects can be found in Malpezzi et al. (1987). They
compared individual hedonic models for 59 metropolitan
areas in the United States and concluded that “[s]everal
metropolitan areas exhibited significant deviations from
the average depreciation patterns” (Malpezzi et al., 1987,
p. 382). More recent evidence for such behavior is pre-
sented in Brunauer et al. (2010) as well as Dambon et al.
(2021a) who found pronounced spatially varying effects
on the rents and the prices of apartments, respectively.

In this paper, we model spatially varying vintage effects
for single-family houses (SFHs) in the Canton of Zurich
(ZH, Switzerland). We select the Canton of Zurich as

our area of analysis for several reasons. Firstly, the Can-
ton of Zurich is sufficiently large and contains urban as
well as rural areas. This is relevant in that our working
hypothesis is that, on average, age has a negative effect on
SFH price, but that spatial deviations in the form of vin-
tage effects might occur in metropolitan and urban areas.
One hypothesis is that such spatial deviations are driven
by unobserved attributes such as architectural style and
build quality of the SFH. New research also suggests that
redevelopment options might also have an impact (Clapp
& Salavei, 2010; Munneke & Womack, 2016). Hence, the
Canton of Zurich with its above average rate of SFHs in
urban areas is of particular interest. Further reasons for
choosing the Canton of Zurich as the area of analysis
are that the age structure of the Canton of Zurich is very
similar to that of Switzerland as a whole and that some
information on the full census of SFH transactions in the
Canton of Zurich in the chosen study period is available.
The latter is valuable in that is allows to check the repre-
sentativity of our data.

Our analysis is economically relevant as a sizeable por-
tion of the SFHs in the Canton of Zurich and in Swit-
zerland in general are old. More specifically, a quarter
of all SFHs in Switzerland were built before 1945 and a
third were built before 1960. Very similar proportions
are found for the Canton of Zurich (see Fig. 1 below and
Table 6 in the “Appendix”). Given the existence of a vin-
tage effect, accounting for such effects could therefore
yield more accurate predictions for a sizeable portion of
SFH transactions.

To verify our hypothesis on spatially varying vintage
effects, we will use a new methodology introduced by
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Dambon et al. (2021a) to model spatially varying coeffi-
cients using Gaussian processes (GP). In the next section,
we first introduce and then extend the definition on SVC
models and GP-based SVC models. In Sect. 3, we pre-
sent the real estate data and justify the model. The model
results are presented in Sect. 4. In Sect. 5 we assess pre-
dictive performance of the SVC model and compare it to
a standard hedonic model. We conclude with a discus-
sion of our results in Sect. 6.

2 Spatially varying coefficient models

Spatially varying coefficient models are a generalization
of classical linear regression models, where we allow the
regression coefficients to vary over space. That is, the
effect of a covariate V) denoted by the coefficient §; can
depend on a geographic location s, which we assume to
be two-dimensional. SVC models can be applied to spa-
tial points data sets, where for each of the # observations
of the response variable y := (yl,.T..,y,,)T e R" and p
)

covariates  x() := (x?),...,xn eR”, j=1,...,p

every observation has an associated location s;. In sum-
mary, SVC models are defined as

yi = /31(Si)x§1) +---+ ﬁp(si)xgp) + €, (1)

where i = 1,...,n indexes the observations with their
corresponding locations s; and ¢; is a classical N (0, 12) iid
error term with 72 > 0.

If one assumes that not all coefficients should contain
spatial structures, one can define mixed SVC models. Let
q with 1 < g < p be the number of covariates for which
we want to model SVCs. Without loss of generality, we
define the mixed SVC model as

i =B1s)xD + - + By (s

1
+ By TV 4 B e

2)

From now on, we assume that the first coefficient j = 1
always models an intercept. In the special case when
q = 1, we have the classical geostatistical model that is
also used in most hedonic models. The exact assump-
tions for the coefficients /31«(-), j=1,...,q, and how they
are estimated, have yet to be defined. The literature on
how to do so for both the classical geostatistical and SVC
models is extensive. For geostatistical models, see Cressie
(2011) and Heaton et al. (2019) for an overview. For SVC
models, see Dambon et al. (2021a), Wheeler and Calder
(2007), and Wheeler and Waller (2009) for comparisons.

2.1 Gaussian process-based SVC models

We specify the SVC model such that each coefficient
is defined by a Gaussian process (Rasmussen & Wil-
liams, 2006). Gaussian processes are well-studied and
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Table 1 Parametrizations of two Gaussian processes

Mean Range p Variance o
Parametrization 1 2 0.25 1
Parametrization 2 —1 0.10 2

widely used tools to model dependency structures
with applications including—but not limited to—spa-
tial statistics (Banerjee et al, 2008; Datta et al., 2016;
Gelfand & Schliep, 2016), econometrics (Wu et al,
2014), and time series modeling (Roberts et al., 2013).
They are infinite dimensional stochastic processes
that are defined similarly to a finite-dimensional nor-
mal distribution. We assume the GP to be jointly inde-
pendent as well as independent of the error term

€:=(€1,...,€4)" ~N,(0,,72I,). For n observations
s :=(s1,...,5,) ", they are given by

Bj(s) ~ Ny (Mj 1y, Z(j)), 3)
for j=1,...,4. We assume a constant mean j; and a

covariance matrix X (), which is defined by a covariance
function ¢() and the corresponding observation locations
s. The observation locations are being used to model
the dependency between observations by computing
the distances. In spatial statistics, one usually assumes
that closer observations share higher dependency than
observations which are far apart.! We use the Euclidean
distance denoted by ||-|| which yields pair-wise distances
dy; = |Isx — s;|| between all observations, 1 <k, [ <n.
Here, we assume to have exponential covariance func-
tions ¢() (d) = ojz - exp (—d/,oj), d > 0, parametrized by
variances o > 0 and ranges p; > 0. The former param-
eter defines the extent of variation within an SVC g8 (s)
and the latter defines the decay of spatial dependency
with distance. The covariance function is then applied to
the distances, which yields the following corresponding
covariance matrix

(E(]))k[ = C(]) (dkl) = Uj2 - €Xp (_“Sk - S["/,O])

2.1.1 Example of two sampled Gaussian processes

In this section, we illustrate the interpretation of the
parameters for a GP with the help of two samples. Both
are defined by their corresponding parameters given
in Table 1. Under the assumption of an exponential

! This statement is also referred to as the first law of geography according to
Waldo R. Tobler: “Everything is related to everything else, but near things are
more related than distant things” (Tobler, 1970).
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Fig. 2 Covariance functions. Two exponential covariance functions which are depending on a distance d and parametrized as given in Table 1. One
can clearly see that the variance in Parametrization 1 is lower than in Parametrization 2. On the other hand, Parametrization 1 has a greater range
which leads to slower decay of the covariance function over distance

Parametrization 1 Parametrization 2

1.00+

0.754

> 0.50-

0.254

0.00+
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Fig. 3 Visualization of two sampled Gaussian processes. The parametrization and covariance functions are given in Table 1 and Fig. 2, respectively.
The Gaussian processes values are given at the respected coordinates x and y in the unit square by the color scale

covariance function, these parameters, more specifically, regular 101 x 101 from the unit square. The sampled GPs
the ranges and variances, define the covariance func-  are given in Fig. 3.

tions given in Fig. 2. With the given covariance functions The influence of each of the corresponding 3 param-
as well as the mean parameters, we sample the GPs on a eters, i.e., the mean j, the range p, and the variance o2,
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can be directly seen from the individual visualized sam-
ples in Fig. 3. First, we note that the values of each para-
metrization are scattered around their individual means.
The greater range of parametrization 1 relative to para-
metrization 2 expresses itself by larger color patches in
Fig. 3. The greater variance of parametrization 2 leads to
a wider range of values in the simulation which manifests
itself by a wider color range in the visualization.

2.2 Maximum likelihood estimation of GP-based SVC
models
We give a brief summary of a maximum likelihood esti-
mation (MLE) approach for SVC models as introduced
in Dambon et al. (2021a). Additionally, we extend the
framework such that not only full GP-based SVC models
as given in (1), but also mixed GP-based SVC models as
given in (2) can be estimated. )
With a data matrix X, where the entry (X); := xl(] )
is the ith observation of the jth covariate, a mean vec-
tor u:= (;1,1, . ..,,u,p)T € R?, the element-wise matrix
product, and using the independence assumptions from
above, the distribution of the response is given by

q
Y ~N, XWE:ZUNQAﬂ@ﬁUT+r%n.(@
j=1

The differences between the response’s distribution as
above and as given in Dambon et al. (2021a) are twofold.
The first g entries of the mean vector p are the means of
the GP as defined in (3), while the further entries are the
coefficients B4 1, ..., Bp. For simplicity, we identify them
with pg41,..., 1y, respectively. The second difference
is the sum building the covariance matrix. Since only
covariates j = 1,...,q are defined to have SVCs, only ¢
covariance matrices and the respective covariates enter
the sum.

The model is thus fully parametrized by the covariance
parametersg .= (p1,0%,.... py 02, r2>T € (Rop x Rx0)? x Rsg
and the neRP. We define

T
® = (OT, [LT) as our parameter of interest which we

mean parameters

estimate by maximizing the log-likelihood of (4). Since
there exists no analytical solution, we must turn to
numeric optimization. Once the estimate @ is found, one
can use it to predict the SVCs for (new) locations s’ ‘using
the conditional distribution, i.e., one obtains B; (s’ ),
j=1,...,p. The estimator and predictor are imple-
mented in the statistical software R (R Core Team, 2020)
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and can be used via the package varycoef (Dambon et al.,
2021b).

3 Data and model

3.1 Data

The analysis is based on transaction data for SFHs in the
Canton of Zurich. The data is provided by Fahrlinder
Partner Raumentwicklung (FPRE), Zurich (Switzerland)
and was collected by Swiss banks and insurance compa-
nies in their day-to-day business. It covers a time span of
6 consecutive quarters ranging from the 3rd quarter of
2018 to 4th quarter of 2019 and consists of 1578 obser-
vations.> Comparing the total number of transactions
between the full census (approximately 3392 observa-
tions) and our data set at hand, we cover approximately
47% of the transactions of SFHs in the Canton of Zurich
for the given period (Statistisches Amt des Kantons
Zirich, 2021a, 2021b). The median transaction price of a
SFH in our dataset is 1,390,000, which is comparable to
the median transaction price in the full survey, which was
1,200,000 in 2018 and 1,250,000 in 2019 (Statistisches
Amt des Kantons Ziirich, 2021a). An overview of the data
alongside some summary statistics is given in Table 2(a)
and (b).

Due to Swiss banking secrecy, the exact geographic
locations of the SFH cannot be disclosed. Here, FPRE
works with a fine grid of cells that divides the Canton of
Zurich into a total of 563 cells. The true SFH locations
in our data are given by representative centroids of the
cells, c.f. Table 2(c) and Fig. 4. The centroid’s location is
provided in the LV03 coordinate reference system (Fed-
eral Office of Topography swisstopo, 1900). The cell’s
resolution is higher in densely populated areas and the
cells were defined by real estate experts to account for
differences on sub-ZIP-code level. The high resolution
of the cells allows us to differentiate between districts
of municipalities, for instance the proximity of a cell to
a lake or city center. The median cell size is 3.576 km?,
with the total range of areas extending from 0.246 to
18.809 km?. In total, we observe data at 268 distinct cells.
Additionally, each cell is labeled with a location type, see
Table 2(c), which will turn out helpful when analyzing
our findings in Sect. 4.

3.2 Model

The model has the natural logarithm of the transaction
price as the response variable. Further, we standardize
the age using the following transformation,

2 A total of two observations were removed from the data set, for which real
estate experts from Fahrldnder Partner Raumentwicklung (FPRE) assume that
they were incorrectly classified as arm’s length transactions.
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Table 2 Description and summary statistics of underlying data set
(a) Continuous variables
Variable Description Min Median Max SD
Price Adjusted transaction price in Swiss Francs excluding parking and special factors 400,000 1,390,000 10,500,000 938,813
Age Age at the time of purchase —1° 36 99° 27
Volume Building volume in m3 (SIA Zrich, 2003) 300 780 3134 297
Plot size Plot size in m2 103 471 3101 343
Renov Need for renovation (difference between actual and theoretical building condition, 0.00 0.00 4.00 0.91
higher meaning better; h.m.b.)

Standard Standard; h.m.b 2.00 3.00 5.00 0.67
Micro Micro-location; h.m.b 2.00 3.50 5.00 0.64
(b) Categorical variables, reference level in italics
Variable Description Levels Observations
Year quarter Transaction year and quarter 20,183: 3rd Quarter of 2018 365

20,184: 4th Quarter of 2018 168

20,191: 1st Quarter of 2019 265

20,192: 2nd Quiarter of 2019 275

20,193: 3rd Quarter of 2019 303

20,194 4th Quarter of 2019 202
SFH type Type of SFH 1: Detached 736

2: Semi-detached 532

3: Row house 310
Energy Energy standard 1: Insulated shell 1538

2: Enhanced energy efficiency 40
(c) Observation locations
Coordinates Description Range

Easting LV03x

Northing LV03y phy swisstopo, 1900) in m

Coordinates in the LV03 coordinate reference system (Federal Office of Topogra-

200 x 10° — 800 x 10°
100 x 103 — 400 x 10°

Variable Description Levels Observations
FPRE type Type of cell 1: Top-locations 446

2: Urban agglomerations 728

3: Other agglomerations 265

4: Rural areas 139

? Negative age values are given if the date of transaction is prior to the year of construction

b The value 99 is given for SFHs with an age of 99 years or older

Z.age = a;ge'
Sage

where s, is the empirical standard deviation of age of all
observations.

The advantage of working with Z.age rather than the
actual age is a numerical stable optimization process
of the maximum likelihood estimation. As mentioned
above, we expect a quadratic effect (Case et al., 2004;
Clapp & Giaccotto, 1998; Fahrlidnder, 2006; Goodman
& Thibodeau, 1995), which is why we also include the
covariate Z.age?. As we expect spatial variation in these

coefficients, we use SVCs for these variables, c.f. first line
in (5). The plotsize as well as the volume enter the model
under a natural logarithm transformation. The rest of
the continuous covariates renov, standard and micro are
included without further transformation. Thus, all con-
tinuous covariates have approximately the same standard
deviations which results in a well-behaved numeric opti-
mization procedure for estimating the model.

The categorical variables yearquarter,energy and
SFHtype and the error term complete our model which
can be formulated as:
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Fig. 4 Spatial distribution of observations and classification of locations within the Canton of Zurich. The Canton of Zurich is divided into 563 cells
which are classified into types of location, depicted by the orange symbols. The number of observations within each cell is color-coded. The data
set contains observations from 268 cells, where cells without any observations are colored grey

yi = log price; = Bi(si) + Pa(si) - Z.age; + B3(si) - Z.age}
+ Ba - log volume; + Bs - log plotsize; + B¢ - renov;
+ B7 - standard; + Bs - micro;
+ Bo - yearquarter; + P1o - SFHtype; + P11 - energy; + €;.
(5)
Comparing the general mixed SVC model (2) and our
explicit hedonic model (5) we note that we have g = 3
and p = 16 including the intercept and all factor levels
deviating from the reference levels. The model is there-
fore fully parametrized by

w = (OT, /LT)T

T
2 2 2 2 23
Z(IoI:Ul:IOZ:Uz:pB:Ug;T $M17---7M16> e R,

We will use a numeric optimization over the profile
likelihood. Thus, we must optimize over the covariance
parameters 6 and the mean parameters u are determined
implicitly by calculating the generalized least square
estimate.

3.3 Observation locations

As the LV03 coordinates for the centroid’s locations
s; = (LVOSx,',LV03y,')T cover a fairly large range, we
standardized them to kilometers using the following
formula:

ZLVO03x; \ 1073 . LV03x; \ (600000
ZLVO03y; ) LV 03y; 200000
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Table 3 Mean and covariance estimates @ of the SVC model (5)

Covariates Mean i Sign. level Range p; Variance 6,/2 and 72 Sign. level
Intercept 9.1555 (0.1571) Hex 13.5511 (4.1157) 0.0413 (0.0116) e

Z.age —0.1495 (0.0254) Frx 18.9370 (41.6414) 0.0009 (n.a.) n.a

Z.age’ 0.0114 (0.0062) 1.7153 (0.8673) 0.0003 (0.0003) ns

log (volume) 0.5132(0.0222) xxx

log (plotsize) 1720 (0.0129) Frx

renov 0.0274 (0.0059) i

standard 0.0911 (0.0082) i

micro 0.0385 (0.0075) *Hx

yearquarter20184 0.0040 (0.0160) n.s

yearquarter20191 0.0235 (0.0137)

yearquarter20192 0.0327 (0.0135) *

yearquarter20193 0.0357 (0.0135) **

yearquarter20194 0.0279 (0.0149)

SFHtype 2 —0.0062 (0.0120) n.s

SFHtype3 —0.0274 (0.0165)

energy?2 0.0119(0.0281) n.s

Error term 0.0242 (0.0010)

The corresponding estimates’ standard errors are given in parenthesis. In most cases, the standard errors can be approximated and computed by the Hessian from the
numeric optimization. For the mean and the variance estimates, we use a two-sided Z- and a Wald-test to test whether /l/ # Oand r}jz > 0, respectively. This is only

possible if the standard error is available.

Significance levels:”p < 0.1;"*' p < 0.05; ** p < 0.01;"***'p < 0.001; 'n.s. not statistically significant, 'n.a! not available

Again, this ensures a well-behaved numeric optimiza-
tion while remaining interpretable as the ranges p; now
act as a scaling factor on the kilometer distances.

4 Results

4.1 Parameter estimates

We first look at the ML estimates @azg, which are given
in Table 3. Here, we find that the mean estimates match
our expectations. In particular, the vintage-related covar-
iates, i.e., Z.age and Z .agez, show the following:

1. The mean effect for Z.age is negative, as one would
expect, and statistically significant at the 0.1% level.
This can be interpreted in the sense that on average
the value of a single-family home typically decreases
with age.

2. The quadratic effect for Z.age* shows a relatively
small, positive mean effect, which is statistically sig-
nificant at the 10% level. A larger quadratic mean age
effect would correspond to an emphasized vintage
effect.

All other mean effects have plausible signs, too.
Namely, all other coefficients of continuous covariates
are positive and statistically significant at reference levels.
As for the categorical covariates, we observe some tem-
poral price volatility for the transaction year and quarter,

a premium for stand-alone, detached SFHs compared to
other SFHs for the type of SFH and a premium for houses
with enhanced energy efficiency for the energy standard.

The estimates for ranges of the Gaussian processes
show that the range for the intercept and Z.age are con-
siderably larger than the one for Z.age?. This will be
expressed in larger spatial structures for the SVCs mod-
eling the intercept and the linear age effect compared
to the SVC modeling the quadratic age effect. The small
range of Z.age? on the other hand indicates that the SVCs
corresponding to the quadratic age effect will behave
much more selective in their deviations from the mean.
Finally, we analyze the estimated variances of the spatially
varying coefficients. The intercept’s variance is the largest
and highly statistically significant. As for the linear and
quadratic age effects, the range of the coefficients’ values
is smaller, see Table 3 and Fig. 5.

4.2 Visualization and interpretation of SVCs

In Fig. 5 we visualize fitted and predicted SVCs. Specifi-
cally, the figure shows the estimated SVCs for the obser-
vation locations the model has been trained on as well
as for the spatial predictions for all other cell’s centroid
where we did not have any observations. The quality of
these coincides with the previous parameter estimates’
interpretations from Sect. 4.1 and real estate experts’
knowledge.
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Fig. 5 Estimated and spatially predicted SVCs of model (5). Note that the coefficients’value spans are according to their variance estimates a/z, ie.,

For the intercept’s SVC, c.f. Fig. 5a, which also can be
interpreted as a mean price level, we can see that the
highest values are achieved close to the city of Zurich and
Lake Zurich, with a local peak in the city of Winterthur.
As expected, the lowest values can be found towards
the northern and eastern borders of ZH, which are rural
areas.

A similar pattern as for the intercepts’ SVC can
be observed for the Z.age SVC, cf Fig. 5b. In

absolute values, the linear age effect is smallest in the city
of Zurich and in the area surrounding Lake Zurich, while
it increases towards the northern and eastern regions
of the Canton of Zurich. This indicates that the depre-
ciation of SFH prices by age is higher in rural areas. For
the Z.r,zge2 SVC, c.f. Fig. 5¢c, small scale deviations from
the mean effect can be observed around Lake Zurich
and the city of Winterthur. This hints at the presence of
a vintage effect in the metropolitan areas of Zurich and



Dambon et al. Swiss Journal of Economics and Statistics (2022) 158:2

Table 4 Summary statistics of SVCs

Intercept A () Zage B() Z.age? Bs()

(a) Estimated

Minimum 8.894 —0.172 —0.024
Mean 9.315 —0.139 0.013
Maximum 9.905 —0.107 0.067

(b) Spatially predicted

Minimum 8919 —0.172 —0.003
Mean 9.257 —0.142 0.012
Maximum 9.897 —0.108 0.044

Winterthur. The resulting coefficient values for the three
SVCs are summarized in Table 4.

The individual interpretation of both panels b and c in
Fig. 5 is cumbersome and inadequate as the fitted SVCs
originate from the same covariate. As we are simultane-
ously modeling a linear and quadratic effect, one could
therefore interpret the results as spatially varying parabo-
loids. Using the SVCs ﬁ2(~) and B3(-) for all observation
locations sS4, within the training data, we back-trans-
form the estimated effects to receive the marginal effect
me (stmi,,, age) for the age € [—1,99]

2

A age A age
me(straimage) = ﬁZ(stmin) : & +ﬁ3(stmin) . ( £ ) .
Sage age

(6)
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This is what we visualize in Fig. 6. The grey lines are
the marginal effects me(syaqin, age), grouped in panels
by FPRE type of location and filtered such that (i) there
are at least 5 observations per location sy, and (ii)
cropped to the span of observed years of construction
at the corresponding location. This is to ensure that we
have sufficient data backing up the results and that we
do not extrapolate to unobserved building age. The red
line is obtained by aggregating all marginal effects by
type of location, i.e.,

1
mey (age) = 1o D me(s,age), ()

SES,

where S,k € {1,2,3,4} are the sets of all observations
s in respective type of location and age € [—1,99]. We
observe a pure depreciation for a majority of SFHs with
age < 25. This holds not only for the aggregated age
effects, but also for most individual age effects per cell.
It is at this point (age > 25) that the marginal age effects
start to differ. Aggregated on the type of location, we see
a strong vintage effect for top locations while all other
types of locations have aggregated marginal age effects of
pure depreciative nature.

Looking at the individual cell's marginal age effects, one
can observe some variety within each location type. Over-
all, it motivates the usage of spatially varying random
effects, since the type locations cannot account for the geo-
graphical variety. At top locations a vintage effect is present
such that some of the oldest SFHs have the same marginal

0.5+

Fluntern

Top-Locations Urban Agglomerations Other Agglomerations

0.0 T

marginal effect

-0.57 Bonstetten

Guggenbuhl

Feuerthalen

0 25 50 75 100 0 25 50 75

bordering the city of Schaffhausen)

100 0 25 50 75

100 0 25 50 75 100
age

Fig. 6 Back-transformed, aggregated effect of age. The grey curves correspond to the marginal effects as defined in (6) and the red lines are the
aggregated marginal effects as defined in (7). The most extreme effects are displayed with their respective cell names, i.e,, Fluntern (a district of the
city of Zurich), Bonstetten (a suburb to the West of the city of Zurich), Guggenbuihl (a district of the city of Winterthur) and Feuerthalen (a district
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effect for age as just recently built SFHs. Here, one location
(Fluntern, a district of Zurich) stands out as it gives a pre-
mium of 0.3 log-points for a SFH built in the 1920s com-
pared to a recently built SFH, ceteris paribus. A variety
of different marginal age effects per cell is also present in
urban and other agglomerations. Here we see various rates
of price depreciation and in some cases also a vintage effect.
For instance, Guggenbiihl, a district of Winterthur, shows a
rather constant age effect while Feuerthalen and Bonstetten
show a steep depreciation with age. Upon further investi-
gation of the latter two, we note that the estimates in Bon-
stetten are primarily driven by two observations of very old
SFHs with low transaction prices. Regarding the district of
Feuerthalen it is worth mentioning that that Feuerthalen is
located in the very north of the Canton of Zurich border-
ing the city of Schafthausen. Since we do not have data on
the city of Schaffhausen in our dataset, margin effects could
come into play here, and therefore also the estimated mar-
ginal effects for Feuerthalen should be treated with caution.
An in-depth analysis for all of these individual age effects is
out of scope for this work. However, these insights under-
line the broad variety location-specific effects that is hard
to account for by regular fixed effects, say, like interactions
between the covariates of age and regionalization factors.

We conclude this section by noting that we observe
spatially varying age effects which clearly deviate from a
pure depreciation. These effects are locally pronounced
and mostly appear at top locations, which backs our
hypothesis of spatially varying vintage effects and is
in line with both initial citations taken from Case et al.
(2004) and Malpezzi et al. (1987).

5 Predictive performance

We now assess the implications of our findings on predic-
tive performance. As suggested in Sect. 4, there appears
to be a spatially varying age effect that deviates from a lin-
ear depreciation with age. Now, we investigate if one can
exploit this to enhance classical hedonic models to increase
predictive performance.

We validate and compare our findings to a classical
hedonic model with only the mean price, i.e., the intercept
depending on spatial location s. Thus, we use a geostatis-
tical model similarly defined as the SVC model in (5) but
withg =1

= log price; = B1(si) + B2 - Z.age; + B3 ~Z.zzge,-2
+ Ba - log volume; + Bs - log plotsize;

+ B¢ - renov; + By - standard; + Bg - micro;
+ Bo - yearquarter; + P10 - SFHtype; + P11 - energy; + €;.
(8)
To compare the two models (5) and (8), we conducted
a tenfold cross validation that accounts for the temporal
structure of the data. The first 5 quarters of transaction

Page 11 of 14

Table 5 Summary of tenfold cross-validation

Type Median RMSE(m, f) Improvement
(%)
Geostatistical SVC model (5)
model (8)
In-sample 0.157 0.145 7.7
Out-of-sample 0.208 0.179 139

Median in-sample (9) and out-of-sample (10) RMSE of the geostatistical model
(8) and SVC model (5) with their respective percentage improvement

data were exclusively used as training data. We randomly
divided the observations from the last quarter, i.e., the
4th quarter of 2019, into 10 sets Vy,f =1,...,10, of 20
or 21 observations each. In each fold f, the observations
Vr were withheld from training to provide a validation
set. Therefore, for all folds f the training data denoted
Tr ={1,...,1578}\V; consists of 1557 or 1558 observa-
tions while the validation set V; consists of 21 or 20 obser-
vations from the 4th quarter of 2019. In such a way, we
account for the temporal structure of the data.

The root mean square error (RMSE) is chosen as a
measure of comparison and computed for in-sample esti-
mates and out-of-sample predictions. Let j; (1, ) denote
the estimate or prediction of y; by model m in fold f,
ie, if i € Vy we have an out-of-sample prediction and if
i € Ty we have an in-sample estimate. For each model m
and fold f, we define the RMSE of in-sample estimates
and out- of-sample predictions as:

RMSE (1, ) = Z -5(mf)% ()
zeTf

RMSE (m,f) = Z -5(mN)% (10
zer

respectively. We report the respective medians over all
folds as well as the percentage improvement in Table 5.
The in-sample performance of the geostatistical model
is improved by 7.7% by using the SVC model. This is to
be expected, as the SVC model (5) offers more flexibil-
ity and the geostatistical model (8) is a true sub-model
of the SVC model. For the out-of-sample predictions we
find that the absolute error values are higher compared
to their in-sample counterparts, which again is to be
expected. In addition, we observe an 13.9% improvement
in price prediction. We thus conclude that accounting
for spatially varying age effects using SVC models as dis-
cussed in the previous section, translates into more accu-
rate out-of-sample predictions.
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Table 6 Share of SFHs built before a specified date by canton, as of 2019. Data: Federal Statistical Office FSO (2021)

Area (country; canton) Canton code

Before 1945

Before 1960 Before 1970

Switzerland -
Aargau AG
Appenzell Ausserrhoden AR
Appenzell Innerrhoden Al
Basel Landschaft BL
Basel Stadt BS
Bern BE
Fribourg FR
Geneva GE
Glarus GL
Graubtnden GR
Jura JU
Lucerne LU
Neuchatel NE
Nidwalden NW
Obwalden ow
Schaffhausen SH
Schwyz SZ
Solothurn SO
St. Gallen SG
Thurgau TG
Ticino Tl
Uri UR
Valais VS
Vaud VD
Zug /G
Zurich ZH

23
17
42
36
16
61
22
14
23
49
35
24
13
26
17
26
32
14
19
23
21
40
26
19
24
15
25

34 44
29 38
49 59
42 51
28 40
81 86
35 46
20 27
32 42
59 66
43 53
36 47
20 28
38 47
27 39
35 48
41 46
22 32
32 42
32 43
29 36
57 65
36 45
27 37
33 43
23 32
36 44

The respective shares are given in percent

6 Conclusion

To the best of our knowledge, the presented work is
the first of its kind to investigate a spatially varying age
effect for SFHs. While we find a purely depreciative age
effect for some locations in the Canton of Zurich, there
appears to be a substantial price premium for older
SFHs, primarily at top locations. The existence of a not
purely depreciative age effect is in line with the scientific
literature and the assumptions of real estate experts. Fur-
ther, even if there is no vintage effect present, we observe
various grades of age depreciation by location. In this
context, we consider it likely that age acts as a proxy
for unmeasured covariates that directly have an impact
on prices, such as quality of built or architectural style
(e.g., room height, architectural details) of the object as
has been suggested by the existing literature (Case et al.,
2004; Goodman & Thibodeau, 1995). Our findings are
also in line with a relatively new concept of redevelop-
ment options as suggested by Clapp and Salavei (2010),

where further analyses by Munneke and Womack (2016)
also showed substantial spatial variation of such redevel-
opment options. However, both referenced works ana-
lyze data from the United States. It would be interesting
to see if these concepts transfer to hedonic models based
on Swiss SFHs. However, it is out of scope for this work.

Finally, our assessment of the predictive performance
in a cross validation yields more accurate predictions
from an SVC model with spatially varying age coeffi-
cients than a classical geostatistical model.

Overall, our analysis suggests a spatially varying vintage
or at least location specific age effect. Further research on
the topic based on data from different regions or with
higher resolution would be desirable.

Appendix
Table 6 provides a summary of the SFHs’ age structure
mentioned in the Introduction.
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Abbreviations

FPRE: Fahrlander Partner Raumentwicklung; GP: Gaussian process; h.m.b.:
Higher meaning better; ML(E): Maximum likelihood (estimation); RMSE: Root
mean square error; SFH: Single-family house; SVC: Spatially varying coefficient;
ZH: Canton of Zurich.
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