Income and density spillover effects in il
German land prices Estate Research

Stefanie Braun and Gabriel Lee
Department of Real Estate, Faculty of Business, Economics and Real Estate,
University of Regensburg, Regensburg, Germany

Received 24 November 2025
Abstract Revised 29 April 2026
Purpose — This paper aims to investigate the role of county-level income and population density effects in 18 June 2026

explaining spatial variation in German land prices from 2014 to 2018. Motivated by recent evidence that land Accepted 5 August 2026

values account for a growing share of housing price dynamics, our analysis pursues three core objectives. First,
we quantify the direct and indirect effects of county-level agglomeration variables on land prices. Second, we
evaluate the extent to which spillovers in land prices contribute to clustering patterns in major German cities and
their suburban counties. Third, we assess whether these effects differ by land type — comparing residential land
with vacant land designated for development.

Design/methodology/approach — Our main empirical model of interest is the Spatial Durbin Model (SDM),
which allows for both endogenous spatial dependence in the dependent variable (prices) and exogenous
interactions in agglomeration-related covariates (e.g. median income, population density).

Findings — We find that spatial agglomeration effects, especially in income and density, exert significant local
and neighboring effects on land prices. Specifically, a 1% increase in median income leads to a 1.5-2.5%
increase in local land prices and an additional 0.5-0.9% increase in neighboring counties. Similarly, a 1%
increase in population density raises land prices by 2-3% locally and 1.5-2% indirectly. These effects display
greater intensity in suburban counties near large metropolitan areas. Finally, the effects are more pronounced for
residential land than vacant land, consistent with the idea that realized use and regulatory constraints magnify
spatial externalities in housing markets.

Originality/value — We contribute to the literature on agglomeration and housing price dynamics by
explicitly modeling income- and density-induced spatial spillovers in land prices using a spatial panel
framework. This paper thereby provides a link between the literature on spatial housing dynamics,
agglomeration variables and land valuation. Our findings suggest that policy interventions targeting
housing affordability or regional price disparities should account not only for housing demand and supply
but also for the spatial diffusion of land price shocks, especially in high-productivity regions experiencing
density-driven growth.

Keywords Prices, Land, Spatial
Paper type Research article

1. Introduction

This paper examines the role of agglomeration economies — proxied by median income and
population density, in shaping the spatial patterns of land prices across 378 German counties
from 2014 to 2018 [1]. While the spatial interaction of housing prices has been well-
documented in regional science, the contribution of land price spillovers, particularly as
distinct from housing structures, remains under-explored. Our paper addresses this gap by
focusing explicitly on land prices as both a dependent variable and a spatial transmission
channel for housing market dynamics.

The motivation for focusing on land prices is twofold. First, an emerging literature (e.g.
Davis et al., 2021), based on earlier work of Davis and Heathcote (2007), Albouy et al. (2018),
Ahlfeldt and McMillen (2020) and Knoll et al. (2017) highlights that rising house prices in
developed economies are increasingly driven by the appreciation of land values rather than
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JERER construction costs. For exposition purposes, Figure 1, which plots the quarterly time series for
housing prices, imputed land prices and construction cost indexes for Germany, from 2000 to
2025: Q4 shows the increasing importance of land price development for housing markets, in
terms of volatility and movements.

Second, recent evidence from Germany, suggests that the county-level land values are more
volatile than housing structures and explain a growing share of housing wealth - underscoring
their central role in regional real estate cycles [2].

Despite the aforementioned results, most spatial econometric studies in housing economics
continue to focus on price spillovers at the level of housing transactions (e.g. Fingleton, 2008;
Baltagi et al., 2014; Pijnenburg, 2017), neglecting the composition of these prices into land and
structure components. Moreover, while the literature on agglomeration economies (e.g.
Ciccone and Hall, 1996; Ciccone, 2002; Glaeser and Gottlieb, 2009) shows that density and
productivity shape regional development, little is known about how these forces operate
through spatial land price mechanisms.

We contribute to this literature by explicitly modeling income and density induced spatial
spillovers in land prices using a spatial panel framework. Our main empirical model of interest
is the Spatial Durbin Model (SDM) [3], which allows for both endogenous spatial dependence
in the dependent variable (prices) and exogenous interactions in agglomeration-related
covariates (e.g. median income, population density) [4]. Our analysis pursues three core
objectives. First, we quantify the direct and indirect effects of county-level agglomeration
variables on land prices. Second, we evaluate the extent to which spillovers in land prices
contribute to clustering patterns in major German cities and their suburban counties. Third, we
assess whether these effects differ by land type - comparing residential land with vacant land
designated for development.

We find that spatial agglomeration effects, especially in income and density, exert
significant local and neighboring effects on land prices. Specifically, a 1% increase in median
income leads to a 1.94% increase in local land prices and an additional 0.71% increase in
neighboring counties. Similarly, a 1% increase in population density raises land prices by
approximately 2—3% locally and 1-2% indirectly. These effects exhibit greater intensity in
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Figure 1. Housing market decomposition by country - 2000-2025 Q4. Source: The sources are listed in
Table A.1. The imputed land value is calculated according to the corresponding equation with @ = 0.5
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suburban counties adjacent to large metropolitan areas. Finally, the effects are more Journal of
pronounced for residential land than vacant land, consistent with the idea that realized use and European Real
regulatory constraints magnify spatial externalities in housing markets. Estate Research

In doing so, this paper provides a link between the literature on spatial housing dynamics,
agglomeration variables and land valuation. Our findings suggest that policy interventions
targeting housing affordability or regional price disparities should account not only for
housing demand and supply but also for the spatial diffusion of land price shocks, especially in
high-productivity regions experiencing density-driven growth. Moreover, the results highlight
the importance of regional coordination in housing, land use and infrastructure policies, as
changes in economic activity and population density in one county generate significant
spillover effects on neighboring land markets. The findings, thus, suggest that housing
affordability and land-use challenges should be addressed at a regional scale rather than solely
within individual jurisdictions.

For investors, the results indicate that land values are influenced not only by local
fundamentals but also by economic developments in surrounding regions. Consequently,
investment opportunities may arise in counties that benefit from growth spillovers
originating in nearby metropolitan areas, particularly where agglomeration forces remain
strong.

2. Brief summary of previous literature on spatial spillovers in house prices,
agglomeration and land prices

This paper builds on and integrates three strands of research: spatial spillovers in housing
markets, the role of agglomeration economies in regional price formation and the growing
influence of land values in housing wealth.

A large body of work has established the presence of spatial dependence in house prices
across different levels of geographic aggregation (e.g. Dubin, 1988; Can, 1990, 1992;
Fingleton, 2008). Most empirical models adopt spatial autoregressive specifications, such as
the spatial autoregressive (SAR) model or SDM, to capture endogenous interactions among
neighboring housing markets (e.g. Baltagi et al., 2014, Brady, 2014; Gong et al., 2020). These
models have been applied to cities and counties in the USA, the UK, Germany and China to
study price diffusion, displacement effects and yardstick competition.

In parallel, the agglomeration literature has emphasized how density and productivity
shape regional outcomes. Ciccone and Hall (1996) and Ciccone (2002) provide foundational
evidence for the productivity-density relationship in the USA and Europe, respectively.
Glaeser and Gottlieb (2009) further show that urban productivity and amenities drive both firm
clustering and housing demand. However, few studies have examined how these
agglomeration forces propagate spatially through land values, particularly in European
housing markets.

A third strand has emphasized the centrality of land in explaining variations in house prices.
Davis and Heathcote (2007), Albouy et al. (2018) and Davis et al. (2021) show that land
values, not construction (structure) costs, account for most of the price growth in the US
housing markets over time. Recent studies by Braun and Lee (2021) and Knoll et al. (2017) for
Germany confirm similar trends: rising land shares are a dominant factor in urban housing
appreciation, particularly in high-density regions.

Our paper advances this literature by explicitly analyzing land prices, not just house
prices, as both an outcome and a spatial mechanism. We apply spatial econometric
techniques not only to capture interactions in housing markets but also to decompose the
spatial effects between local agglomeration forces and regional spillovers in land prices. In
doing so, we offer a more complete account of how urban and suburban housing markets
respond to localized productivity and density shocks, and how these effects propagate
across space.
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JERER 3. Baseline model, empirical framework and data

3.1 Baseline model

The main empirical interest lies in the spatial interaction patterns of land prices, both of
endogenous and exogenous, and the clustering patterns in house prices that can contribute to
spatial variations in land prices. Rather than presenting spatial lag models for the empirical
analysis, as lags can be easily added, we present a simple reduced form of the spatial housing
market that captures variables affecting supply and demand functions.

As in Fingleton and Le Gallo (2008), consider an economy with n counties. In this
economy, the determination process of house prices within a region I may not depend only on
the demand and supply factors of that region but also on those of regions within commuting
distance from county i. Consequently, we assume that demand for real estate (q;) reacts to
changes in income (w;) of both region i and surrounding regions to reflect the travel-to-work
patterns that require workers to cross county borders. Moreover, we assume that demand for
real estate depends on natural attributes of a county (E;) such as green coverage as well as two
types of externalities: 1) local externalities formed by agglomeration economies (1;) and 2)
network externalities from cross-county connections (Wl;, where W is a spatial weighting
matrix). A prime example of agglomeration economies is that higher population density
counties can increase the likelihood of enjoyable social contacts and meeting like-minded
peers, especially attracting young single people. Also, so-called higher-order amenities, such
as opera and expensive restaurants that require substantial economies of scale of economies to
be sustained, can mostly be found in higher population density places. We also include the size
of land (Combes et al., 2010) and median income as well as labor productivity as a robustness
check (Ciccone and Hall, 1996; Combes and Gobillon, 2015) to measure the agglomeration
effect.

One can further link the local externality to its agglomeration level in economic activities.
Mechanisms that support this connection are, for example, a shared and larger labor pool that
improves firm-worker matching and knowledge spillovers through shared information during
face-to-face meetings (Glaeseret al., 2001; Gong et al., 2020; O’sullivan, 2007). Switching from
the single county to a network of counties [5], the previously mentioned connection can cause the
same benefits resulting from agglomeration economies within such a network. For example,
higher-order amenities can be used by people from less densely populated nearby counties to
complement their shopping and entertainment facilities. But these amenities also need to be
demanded by those people in order to support and maintain the higher population density
counties’ functionality and local externalities (Gong et al., 2020; Meijers et al., 2016; Meijers
and Burger, 2017) [6]. Finally, while demand in region i is assumed to negatively depend on the
region’s house price p_i, this reduced demand spills over to neighboring regions (displaced
demand effect: aZ;,» W p; _ijp_j). Consequently, the demand function for housing is [7].

q; = Qo +a;w; + ﬁEi;gjnWij Wj —|—a2Ei + a3 li +€12WU li — ap; +ézi¢jn Wij pj + w;

where Wj; spatially links counties with each other. w; is the error term that contains other
unmodelled demand factors.
The corresponding supply function for housing takes the following form

q; =bo+bip; + by Hi —bZip Wyp, + 1

where _ 1); is the unobserved supply error term. The supply of housing is assumed to increase
with the price level of housing in region i. High real estate prices attract real estate developers
and it may be more likely that homeowners are willing to offer their properties for sale.
However, this also means that high property prices in neighboring counties “steal” away the
supply of housing from region i (displaced supply effect: b Z;,» Wj; p;). As in Gong et al.
(2020), supply is assumed to depend on the restrictiveness of housing supply, H;.
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Rewriting the supply function by solving for p;, we have Journal of
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p, = (1/b1)q — bo/bi — (ba/by) Hi + (b/by) Ziy Wijp; — 1,/bs Estate Research

Substituting for q; yields

P =cifao +ar Wi +aZ e Wy Wi+ B+ as i+ a0 Wylj —agp;
+aZjzp Wip + @] —co — e Hi+c3Zjum Wy b~V

Simplifying the equation further gives the empirical form that includes spatial effects as
follows:

pi :d() =+ d1 Wi + aZWij Wj =+ d2 Ei =+ d3 li =+ aZWU lj =+ d4 Hi
J# J#

+ azwij pj +u
#

)]

where u; = c;0; + ;.

Since the focus is on land prices, we modify Equation (1) by including construction costs.
As Davis and Heathcote (2007), Davis and Palumbo (2008) and Glaeser et al. (2006) argue that
the determination of house price is more complex in the sense that the costs of new
construction consist of the cost of putting up the structure in addition to any geographical or
regulatory barriers to housing supply. While the former can be assumed to be supplied highly
elastically, the latter can cause housing supply to be highly inelastic depending on the location.
Following the residual approach in Braun and Lee (2021) [8], we decompose house value into
a physical cost of construction and the land value. Therefore, from the housing supply
perspective, the price of housing will be determined by the cost of new construction, defined
above as the sum of construction cost and land value, in places where demand is sufficiently
large to justify new construction. Incorporating this decomposition into Equation A.1, the land
value is defined as:

lpi :d() —+ d] Wi + HZWU Wj + d2 Ei —+ d3 ]i + HZWU lj -+ d4 Hi
J# J#
+ HZWU pj + ﬂCCi =+ uj
J#

where Ip; is the land value per m? in county i, cc; is a county-specific construction cost factor
that measures the effect of county-specific construction costs on land value.

3.2 Empirical method
We are interested in two types of spatial spillover effects on land prices: exogenous interaction
effects among the explanatory variables and endogenous interaction effects within the
dependent variable. Our empirical framework is, thus, based on regional housing markets,
agglomeration and land economies.

As in Anselin (1988) and LeSage and Pace (2009), we use one specification, the SDM,
shown in Equation (2), to accommodate a vast number of applied situations. It includes a
spatial lag of the dependent variable (In(P)) as well as agglomeration variables in (X):

Downloaded from ftp.nowpublishers.com/jerer/article-pdf/doi/10.1108/JERER-11-2025-0095/11817871/jerer-11-2025-0095en.pdf by guest on 11 September 2026



JERER In(P) = pMin(P) 4+ aol + Xp + WI0 + €, ~N(0,6°) )

where, P, is the vector of land prices, X, «, incorporates the county-specific characteristics
and agglomeration economies and W1, represents the network (spatial) externalities. In the
empirical analysis, we use the same weight matrix for M,,,, and W,,»,,. W and M are the spatial
weight matrices that define how counties are spatially connected. For example, matrix W
allows for local externalities 1 to spill over between spatially linked counties and hence
spillover effects can be modeled as WL

In addition to Equation (2), for comparison purposes, we also estimate three other models.
We first start with a panel fixed effects (FE) model (no spatial effects) (p = 6%, = 0), and then
add two other spatial lagged models, namely the spatial autoregressive model (SAR: § = 0)
and the spatial lag of X model (SLX: p = 0) [9].

We focus on the SDM as the main model of interest as the likelihood of displacement effects
in land prices causing cross-county spillovers being present in the process of land price
determination is pretty high. For example, high land prices in one region cause demand for
housing to decrease. However, this demand is likely to be displaced to nearby regions. Another
mechanism that can explain this type of spillover effect is “yardstick competition”. For
example, house sellers and buyers might take into account price signals from house price
transactions in a neighboring county, spatially linking house prices with each other (Brady,
2014; Gong et al., 2020) [10].

To identify these spillover effects, we report both direct and indirect spatial effects, where
the direct effect represents the effect of a change in a county-specific variable on that county’s
land value. The indirect effect represents the cross-county spillovers where a change in a
county-specific variable affects the land values of other counties [11].

3.3 Data
We use the annual (2014-2018) land value per square meter of lot size estimates for German
counties and county-free cities from Braun and Lee (2021) as a measure of residential land price.
Since one of the main focuses of this paper rests on land prices, the data from Braun and Lee
(2021) are briefly summarized here. They estimate the changes in the value and price of
residential land for the 379 German counties (“Landkreise”) from 2014 to 2018 by combining
data from several publicly available sources for academic researchers. For example, the raw
initial total Immoscout dataset consists of 292,583 observations, which are classified as new
single- and double-family houses between 2014 and 2018. After sorting out the missing data/
information on these 292,583 observations, Braun and Lee (2021) use 42,647 listings of new
single - and double-family houses over 379 German counties. Using the 42,647 dataset along
with the construction costs that were estimated using the cost information from the German
Chambers of Architects association (BKI, n.d., which stands for Baukosteninformationszentrum
Deutscher Architektenkammern), a database of 1,895 for the cost of housing structures and
residential land values at the county level is built for 2014 to 2018. The framework of the
approach used is that of Davis and Heathcote (2007), who decompose house value into the value
of the structure and land value on the aggregate level for the USA. Some of the results from
Braun and Lee (2021) lend support to this paper’s spatial analysis. For example, residential land
prices have become relatively more expensive in most German counties. Moreover, the counties
around urban centers such as Munich, Stuttgart, Berlin, Hamburg, Dresden and the Ruhr area
cities experienced the highest land price increases. However, we also note that, in general, an
upward shift in home values, land values and residential land share occurred in almost
every state.

For our dataset, we control for several county-level characteristics in different model
specifications. First, we use the following variables to measure the agglomeration economies
of each county that are known to generate local and network externalities: the counties’ land
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area in km?, its median income and population density (Gong et al., 2020). The latter is Journal of
calculated by dividing the county’s population by its land area in km? in a given year. That is, European Real
population density is equal to 100 in a county with 100 individuals per km? [12]. Second, we ~ Estate Research
include county-specific land and economic characteristics in different model specifications.
As an indicator of the environmental amenities of a city, we include the green residential area
that is used for recreational purposes divided by a county’s land area in km? (green coverage).
We measure the amenities of a county in terms of history and culture with the number of
available accommodation facilities in that county (e.g. hotels, etc.). Moreover, we include the
arable land per km? of land area to measure the restrictiveness of housing supply (Gyourko
et al., 2013; Gong et al., 2020). Finally, we use the construction cost, income and
unemployment rate as measures for a county’s economic situation as control variables. The
data and sources are described in detail in the Appendix in Table A.1. Descriptive statistics are
provided in Table 1.

4. Estimation results

We focus on the first-order contiguity matrix [13] estimation for land prices as our spatial
regressions. We estimate the models outlined in Section 3 for a total of 378 counties, 314
counties in the old Federal States, 64 counties in the new Federal States and the Big 7 German
cities, including their surrounding counties. For expositional purposes, we present Figure 2,
which shows the counties assigned to each Tier and Table 2, which presents the number of total
counties within Tiers 1-3 [14].

Our non-spatial and spatial regression results for German land prices from 20142018 are
displayed in Table 3. Table 4 compares the SDM results for West — former East Germany and
the Big 7 agglomerations.

We begin by presenting the results of the non-spatial baseline model, estimated using
FE, as shown in Column (1) of Table 3 [15]. With the exception of open accommodation
facilities and housing starts, all control variables are statistically significant at the 1% or 5%
level and display the expected signs. An exception is the coefficient on green coverage,
which appears with an unexpected sign. While green coverage is typically interpreted as a

Table 1. Descriptive statistics

Variable Mean Std. Dev.  Min Max
House price index (vdpResearch, n.d.) 117.5 14.33 88.64 189.5
Land value per m2 (Braun and Lee (2021)) 2724 257.8 1 2205.5
Land value per m2 (Vacant land ready for construction) 178.0 242.8 8.960 2737.8
Population density (person per km2) 516.0 702.0 35.78 4736.1
Median income® 3012.5 455.1 1961.8 4896.9
Unemployment rate 5.605 2.629 1.300 15.40
Housing starts® 310.1 255.2 10 2708
Open accommodation facilities 131.3 152.0 5 1,398
Green coverage (% of green recreation area within residential ~ 0.0150 0.0207 0 0.121
areas)

Land area (km2) 931.5 722.4 40.02 5495.6
Arable land per capita (km2 per capita) 0.00305 0.00294  0.00000987 0.0190
Construction cost index (county level) 100.5 10.42 64.03 157.3
Construction cost index (Germany) 102.5 3.294 98.70 107.8
Labor productivity (GDP/emp) 94.51 14.93 63.99 187.2
Labor productivity (value added/emp) 85.09 13.44 57.60 168.7

Note(s): “Median of gross financial wages of full-time workers with compulsory social insurance
®Construction permits of new residential buildings and apartments in residential buildings, annual sum
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Figure 2. Top 7 agglomerations and surrounding counties

Table 2. Sum of counties in Tier 1-3 for each of the Big 7 cities

No. of
City counties
Berlin 21
Munich 19
Hamburg 19
Cologne/Diisseldorf 28
Frankfurt am Main 22
Leipzig 18
Stuttgart 15

proxy for local amenities, implying a positive association with land values, it may
alternatively reflect constraints on available land for development, which could exert
downward pressure on land prices. Similarly, while one might expect the unemployment
rate to negatively influence land prices due to its role as an indicator of adverse economic
conditions, higher unemployment may be observed in larger urban areas with more
dynamic labor markets and higher transitional employment. Cities with higher median
income and population density tend to exhibit higher land values, holding other factors
constant. In addition to these agglomeration variables, land area per km 2— another measure
of economic density — shows a statistically significant positive effect on land prices, as
reported in Table 3. The FE model yields the following marginal effects: a 1% increase in
population density raises land values per m 2 by 2.69%, ceteris paribus. A 1% increase
in land area per km 2 leads to a 4.22% increase in land values. In contrast, a 1% increase in
arable land per capita results in a 0.44% decrease in land prices per m 2, indicating that a
more elastic housing supply is associated with lower land values [16].

Despite the SDM model being the main model of interest, we also present two other types of
spillover effects. First, agglomeration effects are discussed in light of the SLX model, followed
by endogenous spillover effects in SAR model.
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Table 3. FE and spatial estimation results Journal of
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FE SLX SAR SDM Estate Research
log(median income) 2.69%** 2.07%%* 1.75%** 1.94%**
(17.58) (10.08) (11.02) (10.01)
log(Lag Population density (person per km?)) 3.2k 2.38%%* 2.74%%* 2.65%%*
(10.19) (6.16) (9.26) (7.24)
log(land area (km?)) 4.22%x* 2.81%* 2.96%* 2.95%*
(3.34) (2.21) (2.50) (2.45)
log(arable land (sqkm) per capita) —0.44%%* —0.46%** —0.34%* —0.32%*
(—2.95) (=3.13) (—2.43) (=2.30)
Green Coverage —5.21%%* —5.50%** —4.70%** —4.61%***
(—6.12) (—6.57) (—5.92) (—5.80)
log(open accomodation facilities) —0.05 —0.02 —0.02 —0.02
(—1.08) (—0.36) (—0.39) (—0.50)
Unemployment Rate 0.02** 0.01 —0.00 —0.01
(2.25) (1.13) (—0.55) (—0.76)
log(Housing Starts) —0.02 —0.03** —0.01 —0.01
(-1.37) (=2.17) (-1.27) (-1.10)
log(construction cost index county) —0.60%** —0.64%%* —0.71%%* —0.70%%*
(—6.93) (—7.48) (—8.67) (—8.66)
Constant —61.22%%*
(=7.34)
wi
log(median income) 0.10%** —0.05*
(3.09) (-1.71)
log(Lag Population density (person per km?)) 0.30%** 0.02
(3.70) (0.20)
log(land value (Braun and Lee (2021))) 0.07*** 0.07%**
(13.53) (11.91)
Direct
log(median income) 2.07%%* 1.75%%* 1.94%%*
(10.08) (11.02) (10.10)
log(Lag Population density (person per km?)) 2.38H** 274 2.65%**
(6.16) (9.26) (7.24)
Indirect
log(median income) 6 0.10%** 0.94%%* 0.771%%*
(3.09) (8.93) (3.48)
log(Lag Population density (person per km?)) 0.30%** 1.47%%* 1.74%%*
(3.70) (6.36) (3.11)
N 1890 1890 1890 1890
R2 0.48 0.02 0.59 0.59
AIC —4283.88 —3124.06 —3210.35 —3209.33
BIC —4228.44 —3057.53 —3056.03 —3044.37
Log-Likelihood 1574.03 1634.17 1635.67

Note(s): t statistics in parentheses

dependent variable: log(land value (Braun and Lee (2021)))
spatial weight matrix: first order contiguity

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

Our SLX results, reported in Column (2) of Table 3, provide empirical evidence for both
local agglomeration effects and network externalities. The coefficient on the spatial lag of
population density is positive and statistically significant, indicating that a 1% increase in the
population density of a neighboring county raises house prices in the county of interest by
approximately 0.30%, ceteris paribus. Similarly, the spatial lag of the log of median income is
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Table 4. Spatial Durbin Model - Baseline estimation results for Top 7 cities as well as West and East Germany, 2014-2018, construction co

44w

Cologne/
West East Berlin Munich Hamburg  Diisseldorf  Frankfurt Leipzig Stuttgart
log(median income) 2.26%%* 0.35 0.20 2.09%** 2.42%%* 2.39%%* 2.42%%* 1.30%** 2.58%%*
(16.51) (0.50) (0.52) (7.97) (4.14) (8.27) (8.65) (3.19) (6.69)
log(Lag Population density (person per km?))  1.59%%* 3.49%** 2.66%** 1.60%** —1.04 —0.17 1.36* 0.81 —2.99
(5.73) (2.85) (3.81) (2.89) (—0.81) (—0.23) (1.92) (0.71) (-1.37)
log(land area (km?)) 1.82%** —-0.37 —16.02 —115.80**  6.85 2.03 30.95 —17.18* 1.61
(2.34) (—0.03) (-1.16) (=2.34) (1.08) (0.20) (1.04) (~1.70) (1.42)
log(arable land (sqkm) per capita) —0.21* —0.35 —0.47 —0.35%* —1.62%%*  —0.20 —1.69%* —0.37 —3.03
(—1.95) (—0.72) (—0.81) (—2.07) (—4.06) (—0.78) (—2.29) (—0.54) (—1.36)
Green Coverage —0.88 —5.38%* 2.26 —3.74 2.88 —-1.71 —37.54%F* D 3]** —13.60
(—1.08) (—2.57) (0.41) (-1.13) (0.47) (—1.06) (—4.02) (=2.11) (—1.20)
log(open accomodation facilities) 0.02 —0.14 0.03 —0.09 0.16 —0.12 —0.15 0.15 —0.06
(0.73) (—0.59) (0.25) (~1.57) (1.21) (~1.52) (—1.49) (1.24) (—0.59)
Unemployment Rate —0.04***  —0.08**%*  —0.06***  —0.06*** 0.03 —0.03*** —0.03** 0.00 —0.02
(=7.31) (—2.85) (—4.63) (~2.78) (1.58) (~2.82) (~2.03) (0.15) (~1.29)
log(Housing Starts) —0.00 —0.08 —0.09***  0.00 —0.08* 0.01 0.03 —0.06 0.00
(—0.25) (-1.22) (—3.24) (0.17) (—1.95) (1.19) (1.57) (—1.50) (0.00)
log(construction cost index county) —0.66*** 2. 12%k*x  _(93*¥*k  _(.38%** —1.13%*%*  —0.25%* —0.73%%* —1.04%**  —(0.39%**
(—11.70) (=5.76) (=5.71) (—3.06) (—6.45) (-1.97) (—4.05) (=5.37) (=2.79)
wi
log(median income) 0.01 0.01 —0.06 —0.14 0.69%** —0.21%** 0.11 0.11 0.22
(0.21) (0.09) (—0.72) (—1.42) (3.45) (—2.82) (0.95) (1.59) (1.46)
log(Lag Population density (person per km?)) ~ —0.07 —0.44 0.05 —0.19 0.04 —0.07 —0.34* 0.34 —0.28%*
(~1.18) (—0.99) (0.29) (~1.14) (0.11) (—0.50) (~1.86) (0.91) (—2.42)
log(land value (Braun and Lee (2021))) 0.05%** 0.05%** 0.09%** 0.11%** —0.10%* 0.10%** 0.03 0.03 0.00
(7.36) (2.81) (3.13) (4.32) (—2.54) (5.43) (0.94) (0.84) (0.11)
Direct
log(median income) 2,264k 0.35 0.20 2.09%** 2.42%%% 2,394k 2.42%%% 1.30%** 2.58%**
(16.51) (0.50) (0.52) (7.97) 4.14) (8.27) (8.65) (3.19) (6.69)
(continued)
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Table 4. Continued

Cologne/
West East Berlin Munich Hamburg Diisseldorf ~ Frankfurt Leipzig Stuttgart
log(Lag Population density (person per km?)) ~ 1.59%** 3.49%** 2.66%** 1.60%** —1.04 —0.17 1.36%* 0.81 —2.99
(5.73) (2.85) (3.81) (2.89) (—0.81) (—0.23) (1.92) (0.71) (—1.37)
Indirect
log(median income) 0.877%** 0.17 —0.39 0.69 1.44%* 0.26 0.97%* 0.69%* 1.00%%*
(6.00) (0.33) (—0.64) (0.95) (2.13) (0.52) (2.40) (2.02) (3.98)
log(Lag Population density (person per km?))  0.05 —1.58 2.10 —0.20 0.55 —-1.07 —1.67** 1.53 —1.30
(0.13) (—0.65) (1.23) (—0.16) (0.38) (—0.74) (-1.72) (0.91) (—-1.52)
N 1570 320 105 95 95 140 110 90 75
R2 0.83 0.26 0.83 0.97 0.87 0.92 0.94 0.72 0.98
Log-Likelihood 1959.89 136.09 161.40 185.68 130.64 244.65 179.63 139.55 157.64

Note(s): t-statistics in parentheses

Dependent variable: log(land value (Braun and Lee (2021))
spatial weight matrix: first order contiguity

*p <0.1,** p <0.05 ***p <0.01
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JERER also positive and significant, further supporting the presence of externalities across regional
borders.

Notably, the direct agglomeration variable effects in the SLX model are smaller than those
estimated in the FE specification shown in Table 3. Specifically, the coefficients for median
income and population density decline by 0.59 and 0.83, respectively, suggesting that part of
the effect captured in the non-spatial model may actually reflect spatial interactions.

Moreover, the magnitude of other explanatory variables also changes relative to the non-
spatial specification, underscoring the importance of accounting for spatial dependence in
model estimation. While the SLX model captures statistically significant spatial lags, the
observed spatial dependence may not exclusively stem from externalities in agglomeration
variables. Instead, it may also reflect pure spatial spillovers in land values themselves. That is,
if spatial dependence is still present after accounting for network externalities, it can be
attributed to pure land value spillovers or common shocks. Consequently, if pure land value
spillovers cause the remaining spatial dependence, the SDM would be a more valid
specification. To disentangle these mechanisms, we compare the SLX results with those from
the SAR and SDM models below.

Columns (3) and (4) in Table 3 show the quasi-maximum likelihood estimation (QMLE)
estimates of the SAR and the SDM models for the first order contiguity matrix. The estimated
coefficient (0.07 for both SAR and SDM) on W/, for land value, which is statistically different
from zero on the 1% significance level in both columns (3) and (4), supports pure land value
spillovers.

Compared to FE, most coefficients in the SAR and SDM are robust in terms of size and
significance level. As discussed in Section 3, the interpretation of the spatial spillover
coefficients for population density and median income may be misleading in the SDM as there
might be some other network effects that are present. Compared to columns (2) and (3), we
find the SDM to be slightly superior [17].

We apply the partial derivative approach outlined in the previous section to compute the
direct and indirect spatial effects reported in Table 3. The results provide evidence for both
types of effects with respect to population density and median income: these variables
influence land values not only within a county but also in neighboring counties across all
spatial model specifications in Columns (2)—(4) [18].

For instance, in the SLX model, a 1 % increase in population density in neighboring counties
leads to a 0.30% increase in land values in the local county, holding other factors constant. The
total effect (i.e. the sum of direct and indirect effects) of a 1% increase in population density
yields an approximately estimated 2 fo 3% increase in land values. The total spatial effect for
the SDM, on the other hand, is greater than those of both the SLX and SAR models.
Specifically, a 1% increase in median income leads to a 1.5-2.5% increase in local land prices
and an additional 0.5-0.9% increase in neighboring counties. Similarly, a 1% increase in
population density raises land prices by approximately 2—3% locally and 1.5-1.9% indirectly.

Moreover, the direct effects of population density and median income are notably larger in
the non-spatial fixed-effects model compared to the spatial models. This discrepancy suggests
that omitting spatial interaction terms may result in upward-biased estimates in the non-spatial
specification. Since we find statistically significant spillovers in both median income and
population density across all three spatial models, the presence of spatial dependence is robust.

The strength of spillover effects varies across model types. Cross-county spillovers for
population density are markedly larger in the SAR and SDM models than in the SL.X model,
indicating that pure spatial interaction effects, beyond network externalities, play an important
role in land price determination. Interestingly, the indirect effects in the SDM are smaller than
in the SAR model, which implies that spatial dependence in land values may be driven more by
direct price spillovers than by agglomeration-related interactions.

Taken together, the results across all models indicate that spatial dependence in land values
stems not only from network agglomeration spillovers but also from direct land value spillover
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mechanisms. This highlights the dual nature of spatial interdependence in regional land Journal of
markets [19]. European Real
Estate Research

4.1 City comparison and West-East disparities
Figure 3 shows the growth in house prices from 2008 to 2018 in German counties. If we
informally define a booming housing market as one in which annual growth in house prices is
more than 5%, the two darkest blue tones reflect the spread of booming housing markets
throughout West German counties and, especially, around large German agglomerations and
their neighboring counties [20]. Figure 3 informally suggests that the timing of regional
housing booms was spatially correlated with and around large agglomerations and West
German counties. This descriptive finding could lead to two stylized facts: First,
agglomeration and spatial spillover effects might be larger in those regions. Second, booms
and, hence, the largest growth in house and land prices are found in counties with previously
high levels of house prices, labor productivity and population density. For this reason, this
section discusses the SDM estimation results for 314 counties in the old Federal States, 64
counties in the new Federal States and the Big 7 German cities, including their surrounding
counties.

Table 4 presents two central findings. First, we observe clear evidence of direct median
income effects on land values in West German counties, whereas no such effect is detectable in

House Price Growth 2009

House Price Growth 2010 House Price Growth 2011

House Price Growth 2012 House Price Growth 2013 House Price Growth 2014

o D O

Figure 3. House price growth
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Figure 3. (continued)

East Germany. Conversely, the direct population density effect on land values is more
pronounced in East German counties than in their West German counterparts. This pattern is
further confirmed by results from the Top 7 metropolitan areas. West German cities exhibit a
positive direct effect of median income on land values, while such effects are absent in East
German cities, including Berlin [21] and Leipzig. With the exception of Berlin, Frankfurt and
Munich, we find no significant direct agglomeration effects of population density on land
values across the Top 7 cities. The estimated effects for Berlin are likely influenced by its
proximity to surrounding East German counties.

Second, the evidence for network externalities (indirect effect) is not robust in all areas. We
find only modest but statistically significant empirical support for positive spillover effects of
median income on neighboring counties’ land values in West Germany. These income-based
spillover effects are also present in three out of five West German metropolitan areas and in
Leipzig. By contrast, we find no evidence, or in some cases negative indirect effects, of
spillovers from high-population-density counties on neighboring land values. This may be
attributable to the relatively low spatial correlation between land values and population density
in those areas.

4.2 Vacant land vs. ready for construction
To provide further robustness to our land prices results, we compare the spatial analysis for the
land values from Braun and Lee (2021), the House Price Index from vdpResearch and the land
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values based on vacant land sales of land ready for construction from the Statistical Offices of Journal of

the Federal Government and the German States. Table 5 shows the SDM results. European Real
The primary methodological distinction between residential and vacant land price  Estate Research

measures lies in their construction. Braun and Lee (2021) estimate residential land prices using

a two-step residual approach based on listing data from the ImmobilienScout24 platform,

focusing on single- and double-family houses. In contrast, the vacant land price measure

Table 5. Estimation results - Germany - Vacant vs. residential land values

log land
value log land value
Braun and Undeveloped
log(HPI) Lee (2021) land
log(median income) 1.17%%* 1.97%%* 1.35%**
(19.37) (7.91) (2.59)
log(Lag Population density (person per km?)) 1.82%%* 3.68%** 1.16
(15.04) (7.36) (1.11)
log(land area (km?)) 4.9 5.09 12.18
(3.07) (0.88) (1.01)
log(arable land (sqkm) per capita) —0.04 —0.02 —0.94**
(—0.88) (—0.09) (—2.30)
Green Coverage 0.22 —2.50%* 1.42
(0.90) (—2.46) (0.67)
log(open accomodation facilities) 0.03* 0.02 —0.05
(1.81) (0.40) (—0.41)
Unemployment Rate —0.02%4* —0.02%4* —0.02
(—6.73) (—2.63) (—1.03)
log(Housing Starts) 0.01 %%k 0.04%* —0.03
(3.13) (2.11) (—0.80)
log(construction cost index county) 0.07** —0.94#%* 0.32
(2.42) (—7.89) (1.30)
wi
log(median income) —0.45%%* —0.49%%* —0.66%***
(—46.38) (—12.35) (=7.92)
log(Lagged population density (person per km?)) —0.66%** —1.02%%* —0.74%%*
(—23.86) (—9.02) (—3.10)
log(dependent variable) 0.30%** 0.30%** 0.30%**
(576.73) (509.52) (509.10)
Direct
log(median income) 1.17%%* 1.97%** 1.35%**
(19.37) (7.91) (2.59)
log(Lagged population density (person per km?2)) 1.82%%* 3.68%** 1.16
(15.04) (7.36) (1.11)
Indirect
log(median income) —-1.17 1.46 —4.18
(—1.31) (0.43) (—0.58)
log(Lagged Population density (person per km?)) —-1.34 1.09 —6.45
(—1.11) (0.27) (—0.32)
N 1,300 1,300 1,300
R2 0.19 0.00 0.02
AIC —4492.04 —1547.17 —14.73
BIC —4338.69 —1393.81 138.63
Log-Likelihood 2277.02 804.58 38.36

Note(s): t-statistics in parentheses
spatial weight matrix: first order contiguity
*p < 0.1, **p <0.05, *** p <0.01
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JERER reflects the average price per m 2 of transacted plots designated as ready for construction, as
reported by official transaction statistics (Statistisches Bundesamt, 2012).

Table 5 presents two key findings. First, the estimated direct effects of agglomeration
variables are larger and more statistically significant for residential land prices than for vacant
land prices. For instance, in the SDM, a 1% increase in median income is associated with a
1.97% increase in residential land prices, compared to a 1.35% increase for vacant land prices,
ceteris paribus. Similarly, a 1% increase in population density leads to a 3.68% increase in
residential land prices. In contrast, we find no significant indirect (spillover) effects for either
median income or population density in the vacant land specifications. Across all models
estimated on the smaller sample, spatial spillovers are absent for vacant land prices.

This discrepancy likely arises because residential land price estimates, derived from the
residual method, capture the full land component in the housing bundle, excluding only the
structure’s replacement cost. As such, these prices more directly reflect the influence of
agglomeration economies and local amenities.

Conversely, vacant land transactions are typically concentrated in peripheral or newly
developed areas, which may be less affected by agglomeration forces. Second, the
construction cost index, by design, should have a significantly negative impact on residual-
based residential land prices. As expected, we observe a statistically significant positive
association between construction costs and house prices, while the relationship between
construction costs and vacant land prices is positive but statistically insignificant.

5. Concluding remarks with some afterthoughts

This paper provides new evidence on the role of agglomeration-driven spatial spillovers in
shaping land price variation across German regions. Using a panel of 378 counties from 2014
to 2018, we show that both local and neighboring values of income and population density
significantly influence land prices. The estimated effects are economically large: a 1%
increase in a county’s population density raises its land price by approximately 2—-3% and by an
additional 1-2% via spatial spillovers. Median income exhibits similar patterns, with
approximately 1-2% local and 0.5-0.9% neighboring effects.

We find that these spatial effects for land markets are strongest in suburban counties
surrounding Germany’s largest agglomerations. Our analysis also shows that land price
spillovers are a major channel through which spatial housing dynamics unfold, and that
residential land is more responsive to these forces than vacant development land.

One of the criticisms of our current analysis is the outdated dataset that avoids the COVID-
19 effect. We agree that extending the dataset beyond 2018 to examine the effects of COVID-
19 and the rise of working from home (WFH) on land prices would be an interesting avenue for
future research. However, such an extension lies beyond the primary objective and empirical
framework of the present paper.

The main contribution of this study is to identify and quantify the spatial spillover effects of
agglomeration economies, which are proxied by median income and population density, on
residential land prices across German counties. To achieve this objective, we use a SDM to
estimate both direct and indirect (spillover) effects of local economic fundamentals on land
prices. The focus is therefore on spatial dependence and interregional transmission
mechanisms rather than on the causal identification of a specific exogenous shock.

By contrast, analyzing the impact of COVID-19 or working-from-home arrangements would
require a different empirical strategy. For example, Alipour and Krause (2025) identify the effects
of WFH on housing prices using a difference-in-differences framework that exploits cross-
sectional variation in local WFH potential before and after the pandemic. Such an approach is
designed to estimate the causal effects of a discrete shock, whereas the objective of our paper is to
examine the spatial determinants and spillover effects of land prices through spatial econometric
techniques. Consequently, incorporating a COVID analysis would effectively constitute a
separate research question requiring a different identification strategy and empirical design.

Downloaded from ftp.nowpublishers.com/jerer/article-pdf/doi/10.1108/JERER-11-2025-0095/11817871/jerer-11-2025-0095en.pdf by guest on 11 September 2026



Moreover, recent evidence suggests that our core findings on spatial land-price spillovers Journal of
are unlikely to be materially affected by the pandemic. Beze and Thiel (2025) find little European Real
evidence of the pronounced “donut effect” observed in the United States and conclude that the ~ Estate Research
German housing market experienced only minor adjustments in bid-rent gradients and spatial
housing market structure during the pandemic. Their results indicate that COVID-19 did not
generate substantial population relocations or major changes in the spatial distribution of
housing demand in Germany.

Similarly, Alipour and Krause (2025) find that while WFH contributed to some flattening
of urban housing price gradients, the magnitude of these effects in Germany was considerably
smaller than in the United States. The authors emphasize that the observed adjustments
primarily reflect modest intra-urban reallocations of housing demand rather than fundamental
changes in regional housing market dynamics. Alipour and Krause (2025) further provide
additional support for the view that the omission of the COVID period is unlikely to affect the
main conclusions of the present study. Figure 4, which is taken from Alipour and Krause
(2025) documents a flattening of urban housing price and rent gradients in Germany between
2019 and 2023 but the magnitude of these adjustments is modest compared to the United
States.

More importantly, the observed changes are concentrated within metropolitan areas,
reflecting relative adjustments between central and peripheral locations rather than a
fundamental restructuring of regional housing markets. In other words, the pandemic appears
to have generated limited intra-urban reallocation of housing demand without substantially
altering the broader spatial mechanisms governing land markets. This distinction is
particularly relevant because our analysis focuses on county-level agglomeration effects
and interregional spillovers. Therefore, although extending the sample to include the COVID-
19 period would be essential, the available evidence suggests that the pandemic primarily
affected relative housing demand within urban areas while leaving the broader regional
structure of German land markets largely intact. We, therefore have little reason to expect that
the estimated agglomeration and spillover effects identified through our spatial econometric
framework would be materially altered by the inclusion of the COVID-19 period.

Taken together, these studies suggest that the German housing market remained relatively
resilient to COVID-induced spatial restructuring. Consequently, we do not expect the
pandemic to substantially alter the central conclusions of our paper regarding the role of
agglomeration economies and spatial spillovers in land price determination.

Therefore, while extending the analysis to cover the COVID period would be a valuable
direction for future research, it would address a distinct research question and require a
different empirical framework. Given the objectives of the present study, the use of spatial

Panel A. Sale Prices Panel B. Rents

1207
120+

100)
100)

110

1007 \

90

110

100

"\M/

Price Index (02/2020
Price Index (02/2020

90

80- | : 80- |
"2017 " 2018 ' 2019 ' 2020 ' 2021 ' 2022 ' 2023 ' "2017 " 2018 ' 2019 ' 2020 ' 2021 ' 2022 ' 2023 '
— CBD High Density Mid Density = Low Density — CBD High Density Mid Density = Low Density

Figure 4. “Donut effect of urban housing prices”. Source: Alipour and Krause (2025), Figure C7
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JERER econometric methods rather than a causal difference-in-differences design and the available
evidence indicating limited COVID-induced spatial restructuring in Germany, we believe that
such an extension would not materially alter the paper’s main conclusions regarding the spatial
determinants and spillover effects of land prices.

These findings have several implications. First, they reinforce the idea that land markets are
central to understanding regional housing cycles and price divergence. Second, they highlight
the importance of spatial structure, both in terms of economic geography and policy
interdependence, when analyzing housing affordability and land use regulation. Finally, they
suggest that spatial spillovers in land values should be explicitly incorporated into housing
policy and planning models, particularly in rapidly growing urban regions.

Notes

1. The official number of administrative counties in Germany is 401 as of 2019. Given the territorial
boundaries from 2016, we use 378 counties due to the lack of data for the rest.

2. The robust growth in house and land prices also carries over to the seven biggest German cities and
the surrounding areas. We use the Big 8 cities that are also chosen by as the biggest residential
markets. But, given their spatial proximity, we combine Cologne and Diisseldorf to represent the
biggest German agglomeration. Consequently, we refer to the Top 7 cities for agglomeration effects
in this paper. The surrounding areas for these seven cities have also experienced a similar growth
pattern in house and land prices from 2014 to 2018. For example, the average real house price
appreciation for these German cities’ first contiguous surrounding areas ranges between 11% and
34%. For the same surroundings, the land prices appreciated between 12% to 31%, whereby both the
house and land prices for Munich had the highest and Leipzig had the lowest growth.

3. We further complement our analysis with estimations from the Spatial Autoregressive (SAR) and
Spatial Lag of X (SLX) models to evaluate the robustness of our findings and to better identify spatial
transmission channels. Owing to space constraints, we report SAR and SLX results only for the
baseline specification presented in Table 3; additional robustness checks using these models are
provided in the Appendix.

4. Moran correlations for these variables are all positive and large (ranging from 0.55 to 0.6 for German
counties, 2014-20,218)

5. We focus on network connections between counties located in geographical proximity to each other.
As mentioned in Camagni et al. (2017), network externalities can, however, also emerge between
regions located far from each other but linked through a horizontal, non-hierarchical network given a
similar size.

6. The productivity of counties with smaller urban cores can be increased given the so-called “borrowed
size” effect, when located next to counties with major urban cores, by borrowing their technological
externalities. Moreover, proximity to larger consumer and supplier markets increases productivity by
saving transportation costs and often correlates with higher wage levels (Gong et al., 2020).

7. Inthe empirical analysis, we also include unemployment, and open accommodation as control variables.

8. The two-step residual approach has been used in Davis and Heathcote (2007), Davis and Palumbo
(2008) and Braun and Lee (2021).

9. The latter is seen as more appropriate for applied studies and superior to SAR-type specifications as it
does not suffer from identification problems (Halleck, Vega and Elhorst, 2015; Gibbons and
Overman, 2012; Gong et al., 2020). Also, next to the SDM, this model provides a flexible way to
model exogenous interaction effects among the explanatory variables.

10. Note that a significant estimate of p could either be attributed to pure spatial spillover effects in house
prices or reflect information picked up from omitted variables such as network externalities (Corrado
and Fingleton, 2012; Gibbons and Overman, 2012; Gong et al., 2020). However, one can statistically
justify estimating Equation ([2]) by evaluating the role of network externalities when testing the
SDM model against the SAR model with the restriction § = 0. For more details on the spatial
econometric models outlined in this section, the reader may refer, for example, to Anselin (1988) and
LeSage and Pace (2009).
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We briefly outline the direct and indirect spatial effects as follows. Since Equation (2) can be written
as

In(P) = (I—pM)™" (XB + WI6 + R),
where Rincludes intercept and the error terms, the marginal effect of agglomeration on the land prices
can be clearly seen by taking the derivatives of /n(P) with respect to the r th [:

ah:'a(li)m = (I=pM) ™ (LixiBrser + Wosin L1 01,
For the SDM, the diagonal elements of (I — pM )_1 (LusciBysey £ Waxcn Luxcit 01x,) represent direct effect
and the off-diagonal elements are the indirect effects. For the SLX, B, and 8,, are the direct and
indirect effects, respectively. Lastly, for the SAR, the diagonal elements of (I — pM)_1 (Lux1Bix,)
represent direct effect and the off-diagonal elements are the indirect effects.

As land values (/house prices) and population are usually determined simultaneously, population density
could cause endogeneity. To circumvent this problem, we use one-year lagged population density.

. To construct spatial weight matrices and maps in this paper, the shape files with coordinates on

German states and counties from are used.

The states highlighted in red in the map in the upper right corner of Figure 2 denote former East
Germany.

We account only for the country-fixed effects in the estimation as we do not find any statistically significant
time variation in our data set. We also reject random effect estimation using the Hausmann test. Moreover,
to circumvent minor serial autocorrelation issues for short panels, we use the transformation approach
maximum likelihood (ML) estimation with county fixed effects as in Lee and Yu (2010).

In our empirical specification, we employ land prices in levels as the dependent variable rather than
the logarithm of land price growth. This decision is motivated by the fact that several counties in the
sample exhibit negative growth rates over the study period, rendering the logarithmic transformation
undefined. Imposing a balanced panel under the logarithmic specification would reduce the sample
from 378 to 284 counties. Such a contraction in the cross-sectional dimension risks introducing bias
and attenuating the reliability of estimated spatial effects in housing market dynamics. To preserve
sample representativeness and avoid misleading inference, our analysis is therefore based on land
prices expressed in levels.

For example, the Likelihood Ratio (LR) tests, where the SDM is defined as the unrestrictive model,
clearly reject the null hypothesis that both the SLX and SAR are significantly preferred to the SDM: the
likelihood ratio test of LR = 2in (%) for SLX vs. SDM gives LR = 2(1635.67 — 1574.03) = 122
with the critical x5, = 0.103

For consistency in our estimations, we tested for the Normality, spatial autocorrelations using
Moran’s I statistics, and hetroskedasticity in the spatial models’ residuals.

In Appendix, we include various robustness analysis addressing endogeneity problems, including
other sets of explanatory variables, and using alternate spatial weighting matrix, namely, the inverse
distance matrix.

Based on transaction data, we use annual house price indexes for single- and double-family houses
from vdpResearch at the county and independent city level available from 2008 to 2018. We use the
political boundary classification of counties for Germany rather than data on labor market region
level given that house- and land prices are only available on county level.

Berlin is classified as West German in this analysis, although parts of the city were formerly located in
East Germany prior to 1990.

Supplementary material
The supplementary material for this article can be found online
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