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Abstract: This study examines the anthropogenic determinants of land take using a spatially extended STIRPAT
(Stochastic Impacts by Regression on Population, Affluence, and Technology) framework applied to panel data from
1,600 municipalities in Bavaria, Germany, covering the period from 2014–2022. A Spatial Durbin Error Model is
employed to account for spatial dependence and spillover effects across neighboringmunicipalities. Moreover, liter‑
ature defines affluence typically as income or GDP per capita indicating the level of affluence of private households
or regions. In contrast, the results of this paper demonstrate that (also) public affluence is a suitable indicator for
explaining land take. The results show that population and public affluence exert positive local effects on land take,
while urban density significantly restrains land take. Moreover, a non‑linear Environmental Kuznets Curve relation‑
ship for public affluence is observed, whichmaterializes also through spatial spillover effects. Building permissions
emerge as a key policy‑related driver, generating positive indirect effects that propagate land consumption across
adjacentmunicipalities. These findings highlight that land take is not only shaped by local conditions but evolves as
a spatially interconnected process driven by fiscal capacity and planning decisions. The study underscores the need
for coordinated, multi‑regional land‑use policies and highlights the analytical value of small‑scale spatial STIRPAT
applications in capturing environmentally relevant development dynamics.
Keywords: Land Take; Regional; STIRPAT; Spatial

1. Introduction
Land take is defined as the conversion of natural and semi‑natural areas (e.g., agricultural land) into artificial

land used for industry, housing and infrastructure [1]. It normally goes hand in handwith soil sealing, defined as the
permanent covering of the soil surface by impermeable materials such as concrete and asphalt and therefore puts
enormous pressure on habitats and soil functions including water infiltration, carbon storage, nutrient cycling, and
biodiversity habitat provision. Beyond ecological degradation, land take (or in particular soil sealing) exacerbates
urban heat island effects, increases flood risks, and diminishes the overall resilience of landscapes to climate change
impacts. The phenomenon of land take is closely tied to urban sprawl, exacerbating inefficient land use patterns,
increasing resource consumption, and magnifying ecological footprints.

Given these multifaceted consequences, limiting land take has become a policy priority of the EU, manifested
for example in the Commission’s soil strategy aiming at no net land take (NNLT) by 2050 [2].

In line with this target, land take in Germany must be reduced to net zero by 2050, mainly by higher compact‑
ness of cities, more efficient land uses outside the cities and a stronger focus on renaturation. However, despite
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some remarkable success between the years 2000 and 2015, where land take could have been reduced by about
50% [3], figures are now stagnating at about 58 ha of land a day.

The drivers behind this process are complex and often intertwined, ranging from demographic pressures and
economic growth to governance frameworks and policy incentives. Understanding these drivers is crucial for de‑
signing effective mitigation strategies. However, the literature still faces challenges in capturing the localized, tem‑
poral, and spatial heterogeneity of land take, particularly at administrative levelswhere land use decisions are often
made. Germany, however, offers a compelling observational unit due to its strong tradition of local self‑government,
where municipalities wield substantial authority over land use planning, building permits, and local infrastructure
development.

We take advantage of this fact and employ a STIRPAT model (Stochastic Impacts by Regression on Population,
Affluence, and Technology) to analyze main human anthropogenic drivers of land take caused by human activities
at the level of municipalities. While the STIRPAT framework has been widely applied to investigate factors driv‑
ing CO₂ emissions or air pollution its use in soil sealing research remains limited. Even fewer studies incorporate
spatial dependencies that arise naturally in geographically contiguous units, where spillover effects and spatial au‑
tocorrelation can influence land take dynamics.

This paper contributes to filling these gaps by applying a modified STIRPAT model within a spatial panel data
framework to analyze the anthropogenic drivers of land take across more than 1,600 Bavarian municipalities over
the period 2014 to 2022. The study incorporates key variables including population, public affluence, building
permits, and urban density to capture demographic, economic, policy, and structural influences. It also explicitly
accounts for spatial dependencies, recognizing the interconnected nature of municipal decision‑making and land
use patterns.

For this purpose, the remainder of the paper is organized as follows. Section 2 discusses the drivers of soil
sealing in the literature and reviews the empirical findings in this context. Section 3 presents the STIRPAT model
specification and shows the scarce application in the STIRPAT community so far. Section 4 describes the data and
presents the empirical application with results. Section 5 discusses the results and finally, the paper closes with
concluding remarks and brief policy implications in Section 6.

2. Drivers of Land Take
A growing body of literature investigates the underlying drivers of land take, using different methodological

and disciplinary approaches.
To beginwith, Colsaet et al. [4] present a review of 193 qualitative and quantitative studies published between

1990 and 2016 in this field of research. The authors categorize drivers into four thematic groups: socio‑economic
drivers, policies and institutions, geographical constraints and path dependency or neighboring effects. Their find‑
ings highlight the dominance of economic and population growth as determinants of soil sealing. Moreover, studies
show that infrastructure and transport can be important factors. Finally, neighboring effects should be considered,
and the effects of public policies need more research attention.

Behnisch et al. [5] investigate the drivers of soil sealing of German municipalities for 2006 and 2012 by using
satellite data. The study finds population growth and housing demand as key factors, as well as infrastructure den‑
sity. Their findings highlight the spatial heterogeneity of land take, showing that evenmunicipalities with declining
populations can experience sealing due to legacy planning decisions and infrastructure expansion.

Next, Naumann et al. [6] investigate land use developments between 2000 and 2010 for European cities based
on interviews (e.g., Milan, Vienna or Regensburg) and emphasize the complexity of land take dynamics driven by
urbanization, infrastructural expansion, fragmented governance, and weak enforcement of spatial planning laws.
Thus, they advocate for integrated land use governance and policy instruments like urban growth boundaries and
specific compensation mechanisms.

Getzner et al. [7] use about 2,100 Austrian municipal‑level data for the period from 2001 to 2019 for a panel
regression analysis to explore socio‑economic, political, and fiscal drivers of land use decisions. The study empha‑
sizes the role of Austria’s fiscal equalization system,which incentivizesmunicipalities to expand settlement areas to
increase shared revenues from population and business growth. The analysis also reveals spatial spillovers regard‑
ing land consumption. Ge et al. [8] also find significant spillover effects when analyzing the relationship between
land use and carbon emissions of 107 Chinese cities from 2003 to 2021. Luge et al. [9] find that land use structure

64



Land Management and Utilization | Volume 02 | Issue 01

efficiency has a positive spatial spillover effect across China by analyzing 282 Chinese cities from the period 2012
to 2021.

Bimonte and Stabile [10] analyze Italian regions from2001 to 2012 by applying a panel regression approach to
examine the relationship between economic development, corruption, and soil sealing. The regional analysis shows
an inverted‑U shaped relationship between GDP per capita and soil sealing, implying that regions with wealthier
population may eventually adopt more sustainable land use practices. However, the inclusion of corruption indica‑
tors reveals that poor governance weakens the potential environmental benefits of affluence. In addition, Borruso
et al. [11] find that Italy is in the decreasing phase of the Environmental Kuznets Curve (EKC) by analyzing the
relationship between GDP per capita and land consumption of Italian provinces between 2015 and 2021.

Finally, Lohwasser et al. [12] analyze German districts between 2000 and 2020, linking demographic and
economic determinants to local land transformation and air pollution. The study shows that while population and
affluence significantly drive land take, the effect is moderated by its underlying urban form. For example, compact
cities may mitigate environmental pressures compared to sprawling regions. By quantifying these dynamics in a
multivariate, regionally differentiated model, the study applies the STIRPAT (Stochastic Impacts by Regression on
Population, Affluence, and Technology) framework in this context.

Notably most studies identifying affluence as a potential driver of land take, generally refer to the wealth of
the population rather than the municipalities’ financial resources. One exception is an empirical study by Larsen
and Hertwich [13] on municipal carbon footprints that analyzes potential impacts of available public funds for 429
Norwegianmunicipalities. Accordingly, local carbon footprints clearly increasewith available funds, which could be
explained by higher public spending in CO2 intensive sectors (e.g., the building sector). A similar assumption could
be made for land take, as rich municipalities can spend much more money on extended transport infrastructure,
commercial space or residential area. At the same time, rich municipalities’ land use management might be more
restrictive to protect inner city green spaces and the surrounding nature, which clearly adds to quality of life.

All in all, the existing literature analyzesmany potential influencing factors of land take. However, most studies
do not analyze factors at the administrative level where the decisions on land use are made. Moreover, variables di‑
rectly based on the decision‑making units like public affluence are not considered so far. This paper addresses these
gaps by focusing on the administrative level at which land use decisions occur, explicitly incorporating municipal
fiscal capacity and spatial spillovers within a spatial panel framework.

3. Spatial Enlargement of the STIRPAT Framework
There exist plenty of studies using the STIRPAT framework in order to identify humandrivers of environmental

outcomes. Although it is important to consider spatial dependencies when analyzing environmental phenomena
that exhibit geographic spillovers and localized interactions, only a few STIRPAT studies consider the spatial dimen‑
sion.

Huang et al. [14] study PM2.5 concentration factors in 31 Chinese provinces over the period 1998 to 2012. Liu
and Nie [15] examine the food nitrogen footprint drivers across 30 Chinese provinces from 2000 to 2018. Li and
Li [16] investigate the relationship between CO₂ emissions and economic growth across 30 Chinese provinces from
2016 to 2020. You and Lv [17] explore globalization effects on CO₂ emissions across 83 countries between 1985
and 2013. McGee et al. [18] analyze the impact of technology on CO₂ emissions for 173 countries at a single point
in time. Last, Montero et al. [19] analyze drivers of NOₓ concentration for 179 municipalities in the Madrid region
between 2000 and 2009.

All studies focuson large spatial units—countries or sizable (Chinese)provinces—except forMonteroet al. [19],
who analyze a relatively small number ofmunicipalities in Spain. Thus, there exists a gap in STIRPAT studies dealing
with real small‑scale spatial units over time.

TheSTIRPATmodel hasbeenwidely employedacrossdiverse research contexts toquantitatively assesshuman‑
induced environmental impacts. STIRPAT models are used to explain various environmental outcomes like CO2‑
emissions, air pollution or energy consumption (see Vélez‑Henao et al. [20] for an overview).

This methodological framework offers a powerful and adaptable approach for disentangling the contributions
of demographic, economic, and technological factors to environmental change. Land take constitutes a critical indi‑
cator of environmental degradation. It is, therefore, noteworthy and somewhat unexpected that the application of
the STIRPAT model to investigate land take dynamics remains scarce in existing literature.
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Therefore, this study applies a spatially extended STIRPAT framework for 1,600 Bavarian municipalities be‑
tween 2014 and 2023. This local‑based approach is particularly appropriate for Germany, wheremunicipal author‑
ities have autonomy in land use decisions and thus make them the most relevant spatial units for analysis.

By integrating spatial panel regression within the STIRPAT model, this study not only demonstrates the ade‑
quacy of STIRPAT for land take analysis but also reveals the added value of working with small administrative units.
This approach improves the understanding of spatial dependencies, spillover effects, and local policy impacts that
can typically not be identified in analyses at higher aggregation levels.

Startingwith the familiar, Ehrlich andHoldren [21] suggest a conceptual framework for calculating factors that
contribute to environmental impacts. The so‑called IPAT approach assumes that environmental impacts (I) are the
product of population (P), affluence (A) and technology (T) [21,22]:

𝐼 = 𝑃 ⋅ 𝐴 ⋅ 𝑇. (1)

Some time later, Dietz and Rosa [23] suggest to transform the IPAT equation into the so‑called STIRPATmodel
that explains STochastic Impacts on the environment by Regression on Population, Affluence and Technology and
provides the framework for empirical analysis. This development is due to the demand for estimating driving fac‑
tors stochastically. The STIRPAT model can be expressed as follows:

𝐼𝑖,𝑡 = 𝑐𝑡 ⋅ 𝑃𝛼𝑖,𝑡 ⋅ 𝐴𝛽𝑖,𝑡 ⋅ 𝑇𝛾𝑖,𝑡 ⋅ 𝑒𝑖,𝑡 , (2)

where Ii,t is the environmental impact of country i at time t, Pi,t is population, Ai,t is affluence, Ti,t is technology, 𝑐𝑡 is
the constant and ei,t is the residual error term. α, β and γ are the environmental outcome elasticities with respect to
population, affluence or technology, respectively. The logarithmic form of Equation (2) dampens the skewed distri‑
bution of the variables and gives a tractable regression equation. So, the model is set up according to Equation (3):

ln 𝐼𝑖,𝑡 = ln 𝑐𝑡 + 𝛼 ⋅ ln𝑃𝑖,𝑡 + 𝛽 ⋅ ln𝐴𝑖,𝑡 + 𝛾 ⋅ ln𝑇𝑖,𝑡 + ln 𝑒𝑖,𝑡 , (3)

By following most STIRPAT studies technology (𝑇𝑖,𝑡) is assumed to be part of the error term and caught up by
time‑fixed effects.

In addition, neighboring regions may exert an (additional) impulse through changes in (their) explanatory
variables or due to other non‑specified variables captured in the residuals. This especially holds for local trends
such as land use, where decisions aremade at themunicipality level andmunicipalities in turn are exchanging with
each other (e.g., official networks or natural exchange). Accordingly, the spatial panel model could be defined as a
spatial Durbin model (SDM) (Equation (4a)) or spatial Durbin error model (SDEM) (Equation (4b)):

𝑦 = 𝜌𝑊𝑦 + 𝑋𝛽 +𝑊𝑋𝛾 + 𝜀 (4a)

𝑦 = 𝑋𝛽 +𝑊𝑋𝛾 + 𝑢, 𝑢 = 𝜆𝑊𝑢 + 𝜀 (4b)
where y is the vector of the dependent variables (impact I) fornmunicipalities, X then× kmatrix of explanatory vari‑
ables, 𝛽 the vector of elasticities,W the weightmatrix (representing the spatial interaction effects of the dependent
variable with the dependent variable in neighboring municipalities), 𝜌 the spatial autoregressive coefficient (mea‑
suring the effect of the spatial correlation between one municipality and other neighboring municipalities), 𝛾 the
exogenous spatial lag parameter, u denotes errors, 𝜀 residuals and 𝜆 is the parameter reflecting spatial correlation
among errors.

4. Empirical Application
4.1. Data Description

For the empirical application, a balanced cross‑regional panel dataset of 1,600 Bavarian municipalities be‑
tween 2014 and 2022 is analyzed. Our dependent variable is land take, defined by the sum of residential buildings,
transport as well as industrial and commercial area.

Turning to the explanatory variables, land take can first be assumed to rise with population, defined as in‑
creases in total number of residents. Obviously, the soil of the settlement and transport area is not completely
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sealed. In Germany, the share of sealed soil of the settlement and transport area is estimated at least to be about
45% [24]. Nevertheless, the settlement and transport area is the most intensive form of soil sealing with respect to
other forms of land use. The second classical driver in the STIRPAT framework is affluence, which can be conceptu‑
alized in differentways depending on the context. While affluence is oftenmeasured as private affluence, commonly
proxied by gross domestic product (GDP) per capita, we emphasize public affluence, defined here as the available
public budget per capita. This distinction is crucial in the context of land use change because decisions regarding
land allocation and development are predominantly made at the municipal level by public authorities rather than
private households.

To operationalize public affluence, weutilize sales tax revenues per capita as an indicator ofmunicipal financial
capacity. This measurement captures the fiscal resources available to local governments, which directly influence
their ability to invest in infrastructure, settlement expansion, and other land‑intensive activities. This approach
alignswith Larsen andHertwich [13], who argue thatwealthiermunicipalities are better positioned to expand built
environments to accommodate population growth and economic development, thereby driving land take. Further‑
more, Diezmartı́nez and Short Gianotti [25] highlight the role of public spending in shaping environmental policies.
The incorporation of public affluence thus enhances the explanatory power of the STIRPAT framework in under‑
standing land take within the complex socio‑political context of municipal governance.

However, the relationship between public affluence and land take is potentially non‑linear, reflecting the En‑
vironmental Kuznets Curve (EKC) hypothesis within the governance context. Specifically, municipalities with very
high public affluence may prioritize environmental conservation and sustainable land management, leading to a
deceleration or reversal of land take trends over time. This dynamic suggests that after a certain public income
threshold, increased affluence fosters investments in environmental quality, green space preservation, and stricter
land use regulations, which could mitigate land conversion.

To capture this non‑linear relationship and potential EKC effects empirically, we include a squared term of
public affluence in the model. This specification allows us to test the hypothesis that the impact of public affluence
on land take changes direction at higher levels of municipal wealth, reflecting a transition from expansion‑driven
land use to environmentally conscious land preservation.

Another variable directly representing a municipal characteristic is building permissions (measured by the
number of building permissions issued of one municipality compared to all building permissions of all municipali‑
ties for a specific year). The variable is supposed to indicate a municipalities openness regarding building projects.

Finally, land take is assumed to slow down with increasing urban density. This is simply due to the fact that
high density areas are characterized by an already high share of built‑up areas and scarce unsealed land. This is
in contrast to cities’ peripheries, where shares of unsealed land are high and land take is driven by low density
suburban development (EC. Urban Sprawl in Europe).

With regard to the spatial enlargement of the model, the weighting matrix is defined as inverse distance ma‑
trix, i.e., the matrix represents the reciprocal of the distance between spatial units with closer units having higher
weights. The matrix based on inverse distances seems to be preferred over a contiguity matrix (i.e., direct neigh‑
bors are considered with respect to shared borders) on municipality level due to the independency of short inter‑
municipal distances on shared borders or communal networks at district (across municipalities) levels (so the
neighboring effect does not “stop” after the second border; nevertheless, the contiguity matrix is also used for
robustness reasons).

Table 1 presents a descriptive overview of all variables which all stem from the Bavarian Statistical Office [26].

Table 1. Summary statistics.
Variables Units Mean Standard Deviation Minimum Maximum

Land take (settlement and transport area) total ha 212.60 158.79 34.20 1,411.49
Population total number 5,214.12 5,447.49 587 61,440
Public affluence (sales tax per inhabitant) €/capita 48.22 72.25 2.87 1,260.04
Building permissions % of building permissions (from all

municipalities)
0.00050 0.00050 0.000033 0.0079

Density inhabitants/ha 1.90 2.49 0.12 31.51
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4.2. Model Setup and Results
Starting with the Moran test for spatial autocorrelation, findings indicate a spatial dependency among residu‑

als. Furthermore, the Breusch‑Pagan test shows that there is spatial heterogeneity in the residuals (Table 2). Thus,
following regression Equation (4b), the SDEM is estimated. The SDEM is used due to the dependency among resid‑
uals and the assumption that the explanatory variables influence the explained variable in one region and another
region. Concretely, we explain land take (y) by population, public affluence, public affluence squared, building
permission and population density (X). Moreover, land take is explained by the development of these factors in
neighboring regions.

Table 2. Moran (Chi2) and Breusch‑Pagan (BP) test statistics.

Year Chi2/BP Year Chi2/BP Year Chi2/BP

2014 437.96***/6.89*** 2017 443.24***/6.76*** 2020 434.45***/7.89***
2015 437.78***/7.34*** 2018 446.95***/6.97*** 2021 426.39***/7.48***
2016 443.48***/6.35*** 2019 435.66***/8.43*** 2022 431.26***/6.99***

Note: *** p < 0.01.

The SDEM is estimated with both, random‑ and fixed‑effects as well as two types of matrices (i.e., inverse dis‑
tance and contiguity) to control for the robustness of results (Table 3). Note, that the postestimation test statistics
are inconclusive regarding a decision for the fixed‑ or random‑effectsmodel. For example, Pseudo R2 andWald Chi2
test statistics indicate that the random‑effects model is preferred over the fixed‑effects model. However, focusing
on the Hausman test statistic, BIC/AIC criteria or log likelihood indicates that the fixed‑effects would be preferred
over the random‑effects model.

Table 3. Impacts on land take (SDEMModel).

Land Take (Total) (1)
Fixed‑Effects

(2)
Random‑Effects

(3)
Fixed‑Effects

(4)
Random‑Effects

Population 0.33***
(0.02)

0.84***
(0.01)

0.34***
(0.02)

0.81***
(0.01)

Public Affluence 0.01***
(0.01)

0.02***
(0.01)

0.02***
(0.01)

0.02***
(0.01)

Public Affluence squared −0.01
(0.01)

−0.01*
(0.01)

−0.02**
(0.01)

−0.02**
(0.01)

Building permission 0.01
(0.01)

0.01***
(0.01)

0.01*
(0.01)

0.01***
(0.01)

Urban density −0.17***
(0.02)

−0.34***
(0.01)

−0.17***
(0.02)

−0.37***
(0.01)

Constant No constant −1.53***
(0.09)

No constant −1.59***
(0.08)

W times population 0.08
(0.96)

−0.04
(0.04)

−0.01
(0.07)

0.02***
(0.01)

W times public affluence 0.92***
(0.14)

0.42***
(0.16)

0.01
(0.01)

−0.01
(0.01)

W times public affluence squared −0.11***
(0.02)

−0.06***
(0.02)

−0.01
(0.01)

0.01
(0.01)

W times building permission 0.02**
(0.01)

0.07***
(0.01)

0.01
(0.01)

0.02**
(0.01)

W times urban density −0.13
(0.91)

−0.07
(0.08)

0.03
(0.07)

0.44***
(0.01)

𝜆 4.62***
(0.05)

3.38***
(0.01)

0.44***
(0.01)

0.44***
(0.01)

Type of matrixW Inverse distance Inverse distance contiguity Contiguity
Pseudo R2 0.22 0.90 0.56 0.89
AIC Criterion −63,188.91 −58,896.24 −63,365.90 −59,004.66
BIC Criterion −63,037.41 −58,729.59 −63,214.40 −58,838.01
Wald Chi2 157,034.90*** 71,055.80*** 6,098.77*** 13,792.43***
Log likelihood 31,614.45 29,470.12 31,702.95 29,524.33
Hausmann Chi2 2,331.63*** 2,331.63*** 845.82*** 845.82***

Note: ***p < 0.01, **p < 0.05, *p < 0.1; Standard errors in parentheses; Year fixed‑effects are included; All variables logarithmized; Number of communities: 1,600;
Number of Observations: 14,400.

The findings confirm that land take positively and significantly relates to a region’s growth in population and
public affluence. This holds for the results based on the inverse distance (Table 3), columns (1) and (2)) as well as
based on the contiguity matrix (Table 3), columns (3) and (4)).
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Furthermore, we observe a positive impact of building permissions, which is only insignificant in the fixed‑
effectsmodel when the inverse distancematrix is used. Similarly, we find a negative and significant impact of public
affluence squared for all models but for the fixed‑effects model with the inverse matrix. Note that the EKC dynamic
and thus the role of public affluence on land take is also confirmed when public affluence is defined as income tax
(instead of sales tax) revenues (see Appendix A, Table A1).

In contrast, urban density negatively (and significantly) affects land take in both models and both types of
matrices.

Further, the positive and significant coefficients for 𝜆 strengthens the assumption of positive spillover effects.
Reflecting the spatial correlation among errors, the results indicate that the spatial interdependence in terms of
land take goes beyond the drivers observed by the model.

Due to spillover and feedback effects between neighboring regions, the coefficients for the explanatory vari‑
ables based on the estimation of Equation (4b) do not directly reflect the marginal effects of the explanatory vari‑
ables on land take due to its spillover effects. Any factor may not only affect the region itself but also its neighbors
and their neighbors (including potential feedback effects on the region itself). Therefore, most studies differentiate
between direct, indirect and total effects for an adequate interpretation of the explanatory variables [27].

To beginwith, direct effects largely coincidewith the respective coefficient estimates associatedwith land take.
In addition, it includes feedback effects that originate in region i, run through the other municipalities and come
back to the region itself. Indirect effect, in contrast, reflects all spillover effects on land take originating from all
other regions. Finally, total effects are defined as the sum of direct and indirect effects. The results, given by Ta‑
ble 4, confirm the positive direct impacts of population and public affluence as well as the negative impact of urban
density (i.e., coefficients based on both, fixed‑ and random effects model, are significant). Furthermore, we observe
positive and significant indirect effects on land take from increasing public affluence and building permissions in
other regions. Moreover, indirect effects of squared public affluence are significant and negative confirming the EKC
theory in this context. So, after passing a specific threshold, rising affluence in neighboring municipalities leads to
less land take (also) in the considered region. Positive indirect effects related to population and negative spillovers
of urban density are not significant. Note that there are similar results of the direct, indirect and total effects when
the contiguity matrix is used for estimation (see Table A2).

Table 4. Direct, indirect and total effects (fixed‑effects/random‑effects) (based on inverse matrix) and SDEM.

Variable (1)
Direct Effects

(2)
Indirect Effects

(3)
Total Effects

Population 0.34***/0.84*** 0.08/−0.04 0.42/0.79***
Public Affluence 0.02***/0.02*** 0.90***/0.41*** 0.91***/0.43***
Public Affluence squared −0.01/−0.01* −0.11***/−0.06*** −0.11***/−0.06***
Building permission 0.01/0.01*** 0.02**/0.01*** 0.02**/0.07***
Urban density −0.17***/−0.34*** −0.13/−0.07 −0.30/−0.41***

Note: *** p < 0.01, ** p < 0.05, * p < 0.1; All variables logarithmized.

5. Discussion of Results
The findings indicate that increasing land take is positively related to population growth, economic develop‑

ment and building permissions. Moreover, they confirm that land take is very much a local topic, largely affected
by municipal trends and political decision‑making.

To begin with, public affluence shows positive impacts on land take and thus existing findings are confirmed.
However, literature defines affluence typically as incomeorGDPper capita indicating the level of affluence of private
households or regions. In contrast, the results of this paper demonstrate that (also) public affluence (i.e., revenue
from sales tax) is a suitable indicator for explaining land take. Most likely, wealthier municipalities have higher
financial capabilities, which in turn allows for more intensive land use decisions (development of residential, com‑
mercial and infrastructural area). Of course, land consumption due to private buildings also depends on private
investments. Nevertheless, municipalities hold control over spatial planning and land use development must be
consistent with the local zoning plan.

Interestingly, the findings show an ambiguous effect of public affluence on land take. The effect on land con‑
sumption turns negative at a specific level of public affluence. Thus, in line with the EKC hypothesis the relation‑
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ship between affluence and environmental degradation follows an inverted U‑shape. Once a municipality reaches
a certain limit of wealth, decisions on land take may be taken more carefully as environmental issues may gain in
importance versus (further) economic growth. While this effect is mostly discussed for the relationship between
income and GHG emissions (e.g., Naveed et al., Bibi and Jamil [28,29]), related research on land take shows that the
hypothesis is also valid for land take (e.g., Borruso et al. [11] for land take in Italian municipalities).

Additionally, findings indicate that the decreasing effect of public affluence on land take is especially transmit‑
ted by indirect effects (Table 4, column (2)). One reason could be that a higher land consumption of neighboring
areas can serve as a deterrent example for one's own area.

Further, the findings show that the share of building permissions of onemunicipality (comparedwith all other
municipalities) positively affects land take. Obviously, the number of building permissions increases land take. But
the variable can also be interpreted as the strictness of a municipality regarding the decisions on building per‑
missions. The higher the share, the lower the strictness and the more permissive the decisions regarding building
permissions aremade. Further, the effect of buildings transmissions is also transmitted by indirect effects. Building
permissions can act like a signal for development diffusion and thus increase land take in neighboring areas.

The results demonstrate significant spatial dependence in land take, thereby corroborating previous findings
that factors such as public affluence, Environmental Kuznets Curve (EKC) effects, and building permission policies
in one municipality exert measurable influences on the land take patterns of neighboring municipalities. This ob‑
servation aligns with empirical evidence indicating that residential and commercial development is more likely to
occur in municipalities adjacent to areas experiencing similar growth dynamics [30].

Several underlying mechanisms may explain why land take in one municipality affects that of neighboring
jurisdictions, as indicated by the spatial dependence detected in the model’s error terms. Among these are the
presence of intermunicipal governance networks and collaborative authorities—such as intercommunal planning
projects or district administrative bodies—which facilitate coordinated or mutually influential land use decisions
across municipal boundaries. Additionally, more informal yet impactful factors such as the “visibility effect” may
play a role, whereby land use changes in one municipality signal developmental trends or pressures to adjacent
municipalities, influencing their strategic planning or investment decisions.

Notably, the negative coefficient on the squared term of public affluence (reflecting EKC dynamics) emerged
predominantly through indirect spatial effects. This suggests that the EKC phenomenon for land take operates not
only at the local scale but also propagates through spatial interactions, effectively generating regional “development
restraint” signals. These signals appear to reduce land take in neighboring municipalities, indicating a diffusion of
environmentally motivated behavioral or policy responses across adjacent areas.

This nuanced understanding of spatial spillovers underscores the importance of adopting a regional perspec‑
tive when designing land use policies, as municipal land take decisions are interlinked and capable of producing
cascading effects beyond their administrative borders.

We acknowledge that our model may be subject to omitted variable bias due to the exclusion of several po‑
tentially significant determinants of land take. While we have focused on key socio‑economic, fiscal, and spatial
variables at the municipal level, other factors known to influence land consumption and urban expansion were
not incorporated. These include transport accessibility, industrial structure, zoning regulations, housing market
dynamics, regional economic conditions, land availability, topographic constraints, the presence of protected or
conservation areas, and commuting behavior.

Transport accessibility, for example, often plays a pivotal role in shaping development patterns by increasing
the attractiveness and feasibility of land conversion in peripheral or previously less accessible locations. Industrial
structure may influence land demand differently depending on the intensity and spatial requirements of economic
activities. Zoning restrictions serve as direct regulatory instruments that can either limit or promote land take,
while housing prices may proxy underlying residential demand pressures driving urban sprawl. Topography and
the presence of protected natural areas set physical boundaries that limit land development, and commuting pat‑
terns reflect spatial interactions and demand for residential proximity to employment centers.

Our exclusion of these variables primarily results from data limitations and the deliberate scope of this study,
whichprioritizes aparsimoniousmodeling approach centeredonmunicipal fiscal capacity andbroad socio‑economic
drivers.

Future research is encouraged to address these gaps by incorporatingmulti‑dimensional datasets and employ‑
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ing more granular spatial and regulatory information. Integrating these additional determinants can advance the
understanding of the multifaceted and context‑dependent drivers of land take, improving model robustness and
policy relevance.

6. Conclusions
Land take is a primary driver of local biodiversity loss, weakened climate regulation, and soil erosion, with

its patterns closely intertwined with trends in neighboring regions. Consequently, addressing land take at the mu‑
nicipal level makes a significant contribution to environmental policy. Utilizing the STIRPAT framework and the
Spatial Durbin Error Model (SDEM), this study analyzes the anthropogenic drivers of land take across 1,600munic‑
ipalities in Bavaria, Germany, from 2014 to 2022. Unlike existing literature, this research incorporates the spatial
dependence of small‑scalemunicipalities where actual decision‑making occurs. The findings reveal the presence of
spatial dependence in land take within these small jurisdictions, demonstrating that factors influencing land take
also exert significant spatial spillover effects.

By accounting for spatial dependence through inverse‑distance and contiguity weighting, this study offers
novel insights into how public affluence and building permission interact to drive land take across local jurisdic‑
tions. While positive impacts of population growth and negative effects of urban density on land take are largely
attributable to inner region development, public affluence drives land take locally and in the form of spillovers from
neighboring areas. Interestingly, the negative effect of the squared term of public affluence (confirming the EKC hy‑
pothesis) and the positive effect of building permission were also identified as spillover effects. This suggests that
the EKC for land take manifests mainly through spatial transition effects, generating signals for regional develop‑
ment restraint that reduce land take in adjacent municipalities. Conversely, building permission acts as a signal
for development diffusion, catalyzing land take in neighboring areas. Theoretically, this study underscores that the
relationship between space‑intensive environmental variables—such as land take—and policies like decisions on
building permissions is a spatial phenomenon emerging through interactions between adjacent regions.

Although these results should be interpreted within the specific context of the study area rather than as broad
generalizations, they emphasize the necessity of multi‑regional land take reduction policies. Land take is not de‑
termined solely by a municipality’s internal demographic, economic, and political factors; this may be explained by
close interrelations of municipalities due to urban sprawl, trade or daily commuting. Thus, the reduction of land
consumption is difficult to achieve through isolated municipal actions.

Land take reduction should reflect on fostering the diffusion of environmental preferences across regions and
strengthening land management. For instance, incentives could be provided when fiscal increases in core affluent
areas are utilized for non‑diffusive development, such as intensive (compact) development in peripheral neighbor‑
hoods. In Bavaria, there should be more exchange across the municipal buildings committees or even one common
committee for each district could be established. Additionally, stricter building permission standards should be
implemented to suppress additional land take between adjacent areas, spreading land restraint as a chain effect
across the region. Finally, increasing the costs associated with building permission across adjacent areas could
serve as a practical mechanism.
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Appendix A

Table A1. Impacts on soil sealing (based on inverse distance matrix (I), public affluence is defined as income tax
revenues).

Soil Sealing (Total) (1)
Fixed‑Effects

(2)
Random‑Effects

Population 0.34***
(0.03)

0.88***
(0.01)

Public Affluence 0.20***
(0.05)

0.31***
(0.05)

Public Affluence squared −0.02***
(0.01)

−0.02***
(0.01)

Building permission 0.01
(0.01)

0.02***
(0.01)

Urban density −0.18***
(0.02)

−0.30***
(0.01)

Constant No constant −3.20***
(0.23)

I * population 0.47
(1.02)

0.06
(0.10)

I * public affluence 3.14***
(0.95)

−0.12
(0.18)

I * public affluence squared −0.18***
(0.06)

0.01
(0.02)

I * building permission 0.03*
(0.02)

0.05***
(0.01)

I * urban density 0.01
(0.94)

−0.43***
(0.10)

𝜆 3.62***
(0.05)

3.44***
(0.01)

Pseudo R2 0.01 0.91
AIC Criterion −48,787.05 −45,312.84
BIC Criterion −48,655.22 −45,166.36
Wald Chi2 42,306.86*** 46,568.92***
Log likelihood 24,411.52 22,676.42
Hausmann Chi2 2,456.73*** 2,456.73***

Note: ***p < 0.01, **p < 0.05, *p < 0.1; Standard errors in parentheses; Year fixed‑effects are included;

All variables logarithmized; Number of communities: 1,600; Number of observations: 11,200.

Table A2. Direct, indirect and total effects (fixed‑effects) (based on contiguity matrix) and SDEM.

Variable (1)
Direct Effects

(2)
Indirect Effects

(3)
Total Effects

Population 0.34***/0.83*** −0.01/−0.06* 0.33***/0.78***
Public Affluence 0.02***/0.03*** 0.01/0.49*** 0.02*/0.52***
Public Affluence squared −0.02**/−0.01*** −0.01/−0.07*** −0.01/−0.07***
Building permission 0.02**/0.01*** 0.01/0.04*** 0.02*/0.04***
Urban density −0.17***/−0.35*** 0.02/−0.30*** −0.14**/−0.64***

Note: ***p < 0.01, **p < 0.05, *p < 0.1; all variables logarithmized.
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