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Abstract

Recognizing unexplored retail prospects requires an expert understanding of spatial and
demographic dynamics. This study introduces an integrated geospatial framework for retail
opportunity mapping in Germany, integrating multi-criteria suitability modeling with spatial
autocorrelation analysis and Geographically Weighted Regression (GWR). Using high-resolution
demographic and retail data, we demonstrate pronounced spatial variation in the influence of key
drivers: for example, the local effect of population density on retail suitability peaks in the Hamburg
metropolitan region (notably in Norderstedt and Ahrensburg), while point-of-interest clustering is
most influential near Rotenburg (Wiimme) in Lower Saxony. These findings highlight the regional
variability of retail market determinants as revealed by GWR. The gap analysis discovered 40 "white
spot" grid cells throughout rural and urban areas that exhibit extraordinarily high anticipated
suitability yet lack any retail infrastructure. These priority locations are geographically diverse,
including well-populated municipalities in areas such as the districts of Esslingen and Goppingen
(Baden-Wiirttemberg), northeastern Brandenburg, and southern Bavaria. The spatial logic of these
“white spots” is robust across alternative model specifications and externally validated by
independent studies that document substantial retail supply gaps even in thriving communities.
These insights not only benefit retailers seeking to enter underserved markets but also provide urban
planners with actionable data to balance service provision and enhance infrastructure in high-
demand areas, optimizing both commercial and community outcomes. By pinpointing both
established retail hotspots and emerging underserved markets, this approach provides important
information for retai lers and urban planners alike, and advances the science of data-driven site
selection in geomarketing.

Keywords: Geographically Weighted Regression (GWR); retail site suitability; white spot analysis;
spatial clustering; local indicators of spatial association (LISA); geodemographics; Germany;
geomarketing; spatial decision support; urban and regional planning

1. Introduction

In an increasingly competitive retail landscape, the strategic selection of new store locations has
become a critical determinant of commercial success. .This issue is especially relevant in Germany,
where marked regional differences, shifting relationships between urban and rural areas, and
changing consumer preferences all shape the market landscape. Locations that combine strong
demand and favorable demographic profiles with a lack of existing retail options present significant
opportunities for retailers. At the same time, pinpointing these areas can support urban planners who
are working to ensure fair access to services and guide thoughtful infrastructure development
(Wrigley & Lambiri, 2014; Reynolds & Wood, 2010).
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Recent advances in geographic information systems (GIS) have made it possible to combine
large-scale demographic data with detailed spatial analytics to evaluate retail development potential
at an unprecedented level of detail (Malczewski, 2004; Lovelace et al., 2019; Needham et al., 2019;
Roquel et al., 2021; Zochowska et al., 2022). Suitability analysis makes it possible to combine a range
of spatial data, such as population density, household size, age structure, and other social indicators,
into a single measure that reflects how promising a location might be for new retail (Malczewski,
2004; Lovelace et al., 2019). This kind of approach is useful for weighing different factors all at once.
Still, one drawback is that it tends to overlook the way locations can influence each other. Patterns
like clustering, where similar areas group together across the landscape, often go unrecognized with
standard suitability models.

Spatial autocorrelation techniques help overcome this limitation by measuring how similar
suitability values tend to group together in a region (Moran, 1950; Anselin, 1995; Chojenta et al., 2019;
Jiaxuan et al., 2021; Marteli et al., 2022; Sandar et al., 2023). Moran’s I gives an overall indication of
whether favorable retail conditions are clustered or randomly distributed. Local Indicators of Spatial
Association (LISA) allow for a closer look, making it possible to spot specific areas with unusually
high or low suitability values. These local clusters, often called hotspots and coldspots, can reveal
patterns that broader analyses might miss (Anselin, 1995; Marteli et al., 2022).

In Germany, the need for integrated spatial approaches is especially clear because of the
country’s diverse settlement patterns, i.e., there are high-density urban centers alongside large rural
areas that are often underserved (Arentze et al., 2005). Shop density, which can be measured using
open data from sources like OpenStreetMap, offers a way to gauge market saturation. This
information helps identify so-called “white spots,” places where conditions are promising for retail
but few or no shops are present (Lovelace et al., 2019; Reynolds & Wood, 2010). The issue of
Versorgungsliicken, or supply gaps, has been discussed in national retail studies and also appears in
local planning documents (Berger, 2023). Standard analyses that focus only on big cities or single
types of retail often miss these more subtle opportunities for expansion (Guy et al., 2004; Hamidi,
2020; Newing et al., 2023).

This study adds to the literature on retail site selection by combining detailed demographic data
and shop density information with both global and local spatial statistics. Moran’s I is used for
assessing overall clustering, while LISA pinpoints local patterns. All analysis is carried out in a
reproducible, open-source workflow. Unlike much of the previous work that centers on limited urban
samples or relies on simple models, this approach covers the entire country and systematically
uncovers where retail opportunities are likely to be missed. To make sure the results hold up, a
thorough sensitivity analysis is included. This helps confirm that the main findings are not tied to a
particular set of model choices.Beyond global and local spatial clustering measures, recent advances
in spatial econometrics such as Geographically Weighted Regression (GWR) enable modeling of
spatially varying relationships between retail suitability and demographic predictors. GWR extends
classical regression by allowing coefficient estimates to adapt locally, capturing regional
heterogeneity in how factors like population density, age structure, and household composition
influence retail potential (Fotheringham et al., 2009; Wheeler, 2019; Zhou et al., 2019; Comber et al.,
2023). Adding GWR to the analysis helps reveal what drives retail demand in specific places, not just
in broad regions. This makes it easier to pick store locations that actually fit with the realities of each
area in Germany, whether urban or rural, affluent or less developed.

All of the analysis uses openly available data and transparent methods, so the findings are not
just for researchers. Retailers and planners can use the same steps to explore new markets or
understand community needs in a practical way.

The structure of the paper is as follows: Section 2 reviews related literature; Section 3 details the
data and methodological approach; Section 4 presents empirical results and spatial opportunity
mapping; Section 5 discusses broader implications, and the final section concludes.
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2. Literature Review

Understanding retail development potential through spatial data is vital for both retailers and
urban planners. GIS and related methods have made it possible to look deeper into how shops,
streets, and customers interact, and how markets evolve. This literature review draws on a range of
studies that show how spatial data and analytics shape retail strategies in the real world.

The spatial arrangement of retail stores is one area that has received close attention. Han et al.
(2019) show that the structure of a city’s roads affects where retailers choose to locate. Their work
highlights the value of point-of-interest (POI) data for revealing supply-side patterns. At the same
time, they point out that understanding consumer demand and how easily people can get to stores is
just as important. Models that account for both factors, ie., like the two-step floating catchment area
approach, can paint a fuller picture of how people choose where to shop. Hao et al. (2021) take this a
step further by using both POI data and consumer surveys to explore commercial areas in
Changchun, China. Their study provides insights for city planners looking to match new retail
development with actual consumer needs.

Spatial data has also become a key tool in helping retailers plan what and how much to stock,
especially for fast-moving consumer goods. Wang et al. (2018) present a grid-based approach for
estimating potential demand, allowing shops to optimize orders, minimize waste, and increase
profits. Insights from this type of analysis help retailers make decisions that fit local demand.
Marinelli et al. (2020) focus on a different part of the retail equation—how the arrangement of
products in vending machines (using planograms) influences what people buy. While their work is
about merchandising, it underscores how even small spatial changes can affect consumer choices.
Houghtaling et al. (2020) provide another angle, looking at how marketing strategies can be adapted
to encourage healthier food purchases among Supplemental Nutrition Assistance Program (SNAP)
participants. They conclude that considering where consumers live and shop allows for more
effective product placement and promotion.

There’s also growing interest in how geographic and cultural context shape retail experience.
Bachmid (2024) draws attention to how shopping convenience matters to retail, with a particular
focus on Islamic communities in Indonesia. Local culture and geography both play into what people
want from retail, shaping shopping habits in ways that go beyond generic consumer models.
Retailers who pay attention to these spatial and cultural factors can better match their purchasing
and store strategies to the communities they serve. Zhuo (2020), on another hand, approaches the
retail problem from a modeling perspective, building a mathematical framework for supply decisions
that can respond to shifts in demand. By taking the location of consumers into account, retailers can
fine-tune orders and pricing, which helps them adapt more effectively to market changes.

The process of retail expansion, especially in emerging markets, relies heavily on understanding
geography. Bai et al. (2020) look at how luxury brands in China assess which local markets to enter.
They find that brands weigh geographic coverage, market size, and how a new shop fits with their
overall strategy. In a related study, Wang et al. (2018b) explore how accessibility and competition
factor into site selection, using a combination of gravity modeling and principal component analysis.
Their findings highlight how spatial variables like accessibility and local demographics shape retail
choices on the ground.

GIS has found its place in the toolkit for retail planning. Murad (2011) shows that GIS can blend
different spatial data layers with consumer insights, creating digital maps that guide decisions on
where to locate new stores. In the German context, Lovelace et al. (2019) put geomarketing methods
to use in analyzing where bike shops might best succeed. Their work is grounded in census data and
shop listings from OpenStreetMap, using variables such as population density and household size.
Even with a relatively simple weighting scheme, the study demonstrates the value of combining
demographic and spatial information for practical location analysis.

Spatial data is not limited to commercial aims. Astuti et al. (2019) use GIS to map the presence of
cigarette retailers around schools in Bali, which feeds directly into policy debates on public health.
These kinds of studies show how spatial methods can support regulation and inform strategies that
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serve broader community interests. Meanwhile, Manioudis (2023) steps back and examines how the
evolution of retail in Greece has unfolded over time, shaped by both spatial and social dynamics.
Long-term historical changes continue to inform how retailers think about market development.
Singleton et al. (2016) offer another angle, looking at how the rise of e-commerce puts new pressures
on traditional retail centers. Their framework for measuring “spatial vulnerability” points out that
the retail environment is never static, and retailers must adapt to changing patterns of consumption
and competition.

Across these different strands of research, it’s clear that spatial analysis is central to how retailers
and planners think about opportunity and risk. Whether it’s picking a new site, adjusting the mix of
goods on offer, or responding to health policy, spatial data offers a way to make sense of complex
and changing environments. The ability to integrate different datasets and analytical methods has
become essential for capturing the real-world variation in retail landscapes.

Despite these advances, there remain challenges in identifying the fine-grained spatial

mismatches between retail supply and local demand, especially in regions with mixed urban and
rural character. This study builds on that foundation. Here, the analysis uses a layered modeling
approach that moves beyond traditional suitability assessments. Where earlier research might have
used simple models or focused just on cities, this work brings together Local Indicators of Spatial
Association (LISA), shop density, and multi-criteria suitability scores to capture subtler patterns. By
applying Moran’s I and LISA, it becomes possible to detect clusters where there is both high
suitability and a lack of retail presence, i.e., areas that may represent untapped opportunities.
A further step is taken with Geographically Weighted Regression (GWR). This method allows for
relationships between factors like population density, age, and household size to change across
different locations, rather than assuming they work the same way everywhere. In a country as varied
as Germany, with its mix of urban centers and rural regions, this approach is especially useful. The
model can pick up on local differences, making the findings relevant not only for big cities but also
for smaller towns and less populated areas. Adjusting the weights given to different demographic
and socio-economic variables allows for even more precision, so that site suitability matches the
specific market context.

What emerges is a framework (see Figure 1) that is both practical and adaptable. By bringing
together suitability modeling, spatial autocorrelation analysis, and GWR, the approach offers a way
to identify market opportunities and guide development in a range of geographic settings. The focus
is on methods that can be used by others—replicable, open-source, and built to support evidence-
based decisions in retail planning.
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Figure 1. Integrated Geospatial Analytical Framework for Retail Optimization: A Multi-stage Methodology
Combining Multi-Criteria Suitability Assessment, Spatial Autocorrelation Techniques (Moran's I and LISA), and
Geographically Weighted Regression (GWR).

Note: The figure represents the methodological workflow implemented through advanced
geospatial programming using R language within the RStudio environment (Version 2024.04.2+764).
The code for generating this flowchart was developed on the Overleaf platform using LaTeX and
TikZ coding. Spatial data sources include the 2011 German Census and OpenStreetMap (OSM),
spatially harmonized to EPSG:3035 (ETRS89-extended/LAEA Europe). Source: Compiled by authors.

3. Materials and Methods

The All analyses for this study were carried out in R (RStudio Version 2024.04.2+764). The

workflow starts with assembling and cleaning spatial data on demographics, infrastructure, and shop
locations from open sources. To assess where retail could grow, the study uses a multi-criteria
suitability model, i.e., combining variables like population density, age, and points of interest.
Next, spatial autocorrelation methods, including Moran’s I and Local Indicators of Spatial
Association (LISA), are used to check for clustering and to better understand how retail suitability
and shop density are distributed across Germany. To dig deeper into local patterns, the analysis
applies Geographically Weighted Regression (GWR), which lets us see how the influence of different
factors changes from one region to another.
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By bringing these methods together, the study can pinpoint not just established shopping areas, but
also “white spots”, i.e., locations that have the right demographic and spatial features for retail, but
where shops are missing. This practical approach aims to give retailers, planners, and policymakers
a clear map of both current strengths and untapped opportunities in Germany’s retail landscape.

3.1. Data

For this study, demographic data come from the 2011 German Census. The census provides
detailed, 1 km? grid data covering over 360,000 locations nationwide. I accessed these datasets using
the spDatalLarge package in R, then handled and cleaned the data with readr and dplyr. To keep all
the maps consistent, I reprojected everything to EPSG:3035 using the sf package. The main indicators
include total population, share of women, average household size, and mean age. These variables
were grouped into classes, as shown in Table 1. In total, the analysis is based on 361,478 grid cells.
This kind of structured data makes it possible to compare different areas across Germany on the same
footing and allows for accurate location-based analysis.

Table 1. Dataset classification.

Class Population % Female Mean Age Household Size
1 3-250 0-40 0-40 1-2

2 250-500 40-47 40-42 2-2.5

3 500-2000 47-53 42-44 2.5-3

4 2000-4000 53-60 44-47 3-3.5

5 4000-8000 >60 >47 >3.5

6 >8000

Source: Adapted from Lovelace et al. (2019), https://r.geocompx.org/location#fig:census-stack. Table constructed

and reformulated by the author.

Retail shop data were retrieved from OpenStreetMap (OSM) using the osmdata package in R.
The final OSM-derived retail dataset comprises a total of 155,625 spatial point features, each
representing an individual retail establishment. The shop type attribute is available for the majority
of points, with the most common categories being hairdresser (7,250), clothes (5,829), bakery (4,888),
supermarket (3,415), and beauty (3,040), followed by kiosk, convenience stores, florists, car repair,
and vacant retail premises. The spatial dataset is projected in ETRS89-extended / LAEA Europe
(EPSG:3035), ensuring compatibility with the German census grid data used in the suitability
analysis. Moreover, the processed dataset was saved as a GeoPackage file, facilitating reproducible
research and integration with GIS software. As such, this comprehensive spatial database enables
detailed mapping of retail provision across urban and rural contexts and supports reproducible
spatial analysis.

3.2. Spatial Suitability Analysis

For the spatial suitability analysis, I used a weighted multi-criteria approach built with the terra
package in R. The main variables included population density, the proportion of women, mean age,
household size, and shop density. These were combined in a raster model to map out retail suitability
across the study area. Each indicator was first normalized, then converted to a suitability score based
on expert knowledge—i.e., through reclassification rules that assigned higher scores to values seen
as more favorable for retail. I set up reclassification matrices to turn the continuous demographic data
into ordered classes, so that every factor consistently pointed in the same direction: higher scores
meant better potential for retail development.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.3. Reclassification and Weighting

For each raster layer, i.e., population density, proportion of women, age, household size, and
points of interest (which stand for shop locations), I used the classify() function from the terra package
to reclassify values into ordinal classes, from 1 to 5. Higher values meant greater suitability for retail
development. After reclassification, I calculated the final suitability score as a weighted sum, where
each layer contributed according to its assigned weight, as in:

S= WlRpop + W2Rwomen + W3Rage + wWaRy, + WSRpoi (1)
where S represents the total suitability score, and wl,w2,w3,w4, w5 represent expert-assigned
weights for population density, proportion of women, mean age, household size, and shop density,
respectively.

The decision to include these particular factors is based on both theory and practical experience
in retail geography. Population density plays a major role in retail viability, since more people in an
area typically means higher demand for goods and services (Khare et al., 2019; Otterbring et al., 2021;
Graham, 2023). Age distribution, i.e., the spread of age groups, shapes what kinds of shops and
products are likely to succeed (Bécares, 2020; Hiremath et al., 2022; Deshwal, 2016). Household size
reflects purchasing patterns, since larger households often shop more frequently and in greater
quantities (Giordano et al., 2018; Carrefo and Silva, 2019). Shop density, i.e., the number of existing
shops in an area, is also important. A low shop density in a high-suitability area can indicate a gap in
the market, where demand is likely unmet and competition is limited (Wang et al., 2018b; Song et al.,
2020; Yoshimura et al., 2020).

I assigned weights based on the expected influence of each factor on retail success. Population
density received the highest weight, 0.3, because it is directly linked to the size of the customer base.
The proportion of women, 0.2, and mean age, also 0.2, reflect evidence that gender and age profiles
shape shopping behavior and demand for specific retail types. Household size, weighted at 0.1, is
somewhat less direct in its effect, but still matters. Points of interest, i.e., shops, were also weighted
at 0.2, recognizing the effect of shop clustering on customer flow and competition.

To check whether these choices affected the outcome, I ran a sensitivity analysis. By
systematically changing the weights and comparing results, I found that the model’s main findings
were stable regardless of the specific weighting configuration used. This means the results are not
overly dependent on a single set of weights, giving confidence in the robustness of the conclusions.

The weights used here, i.e, 0.3 for population, 0.2 for proportion of women, 0.2 for mean age, 0.1
for household size, and 0.2 for points of interest, served as the starting point for the benchmark
analysis. These were informed by both literature and practical considerations, and confirmed by the
sensitivity analysis to be a sound choice for the model.

3.4. Spatial Autocorrelation: Moran’s I and LISA

To understand the spatial distribution of suitability scores, spatial autocorrelation was
quantified using Moran’s I as a global measure and Local Indicators of Spatial Association (LISA) for
local clustering analysis. The spatial weights matrix was constructed via k-nearest neighbors (k = 5)
using the spdep package, operationalizing the spatial relationships between neighboring points.

Moran’s I was computed to assess the overall spatial autocorrelation using the following
equation:

=N ZiXjwij (=) (x-%) ()

ZiXjwij 2i(x;—%)2
where N is the number of spatial units, w;; represents the spatial weight between units i and j, x;is

the suitability score at location i, and X is the global mean.
LISA values were computed to pinpoint significant local clusters using the following formula:

(xi—%) -
=5 Zywy(x - %) 3)

where J;is the local Moran’s I for location i, w;; is the spatial weight between units i and j, S? is the

variance of x, x; is the variable of interest for location j, and x;” is the global mean. This analysis
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identified clusters of high-suitability areas that are spatially correlated, revealing potential retail
development hotspots.

The threshold for "high suitability" (top 10% of scores) and the p-value cut-off for significant
LISA clusters (p < 0.05) were selected to balance statistical rigor with practical interpretability,
following conventions in spatial analysis (Anselin, 1995; Marteli et al., 2022).

We further explored the impact of varying the suitability threshold (e.g., using top 5%, 10%, or
20%) and LISA significance levels (p < 0.01, p < 0.05, p < 0.10). Key findings, such as the spatial
clustering of opportunity areas and the regional distribution of priority cells, remained stable across
these choices, confirming the robustness of our conclusions for practical deployment.

Sensitivity analysis was conducted by systematically varying the weights in the multi-criteria
suitability model, generating alternative scenarios with different combinations (e.g., population
given more/less weight, POI minimized, or all weights set equal). For each scenario, we recalculated
the suitability surface, identified high-suitability/no-shop priority cells, and compared the overlap
with the benchmark model.

The results demonstrated very high stability (Pearson’s r = 0.97-$0.99 for suitability scores across
scenarios), with the count and identity of priority grid cells (high suitability and no shops) nearly
unchanged. This indicates that the principal findings are not sensitive to reasonable variation in
weighting, providing confidence in both scientific and practical robustness.

3.5. Geographically Weighted Regression (GWR)

To account for spatial heterogeneity in the relationships between suitability scores and predictor
variables, we implemented a Geographically Weighted Regression (GWR) model. GWR extends the
classical linear regression by allowing model coefficients to vary spatially.

Vi = Bo(uy, vi) + Eiey Bic(ui, v)xae + &, (4)
where y;is the suitability score at location i, x;, are the predictor variables (population density,
proportion of women, mean age, household size, and points of interest), and S} (u;, v;)x;, are spatially
varying coefficients estimated via weighted least squares with weights defined by a spatial kernel
function centered at (ui,vi).

For the geographically weighted regression, I selected an adaptive bandwidth by minimizing
the corrected Akaike Information Criterion, i.e., AICc, which helps strike a balance between bias and
variance in the model. The spatial kernel used was Gaussian, so that observations closer to the point
of interest are given more weight in the estimation. All model fitting and diagnostics were performed
using the GWmodel package in R. Both spatial coordinates and variables were projected in the
ETRS89-extended / LAEA Europe reference system, i.e.,, EPSG:3035, to ensure consistency with the
other spatial data.

To assess how well the model performed, [ used a set of diagnostic statistics. These included the
corrected Akaike Information Criterion (AICc), the effective number of parameters (ENP), the global
R-squared, and the residual sum of squares (RSS). I also checked for local collinearity by calculating
condition numbers. Finally, I used Moran's I to test for any remaining spatial autocorrelation in the
model residuals.

3.6. Shop Density and Data Integration

Shop density information was obtained from OpenStreetMap (OSM), then processed to match
the spatial resolution of the suitability dataset. I converted the shop point data to a raster format and
reclassified it so that it would be directly comparable with the other variables. To ensure both layers
were aligned spatially, I used the resample() function.

To identify locations where market potential remains untapped, I combined the suitability and
shop density rasters. Areas were selected where the suitability score was greater than 1.5, while shop
density was zero, marking these as potential retail “white spots.” This integration allowed for a
targeted search for regions with favorable demographic and spatial characteristics, but with no
existing shops.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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I also intersected the LISA cluster results with the shop density layer. This step made it possible
to pinpoint areas where there is significant local clustering of high suitability —i.e., high-high
clusters—yet no retail infrastructure. These locations stand out as especially promising for new
market entry or retail expansion.

4. Results

This section may be divided by subheadings. It should provide a concise and precise description
of the experimental results, their interpretation, as well as the experimental conclusions that can be
drawn.

4.1. Exploratory Analysis

The summary statistics in Table 2 provide an overview of the socio-demographic landscape
across Germany, highlighting key population characteristics such as distribution, gender, age, and
household size. Most grid cells fall within the lowest population class (median = 1), indicating that a
majority of areas are sparsely populated, while only a few reach higher population classes (up to
8,000+ inhabitants). The gender ratio is balanced (median = 3, 47-53% women), the mean age centers
around 42—44 years (median = 3), and households are generally small to moderately sized (median =
2, representing 2-2.5 members). These distributions are consistent with known demographic trends
in Germany, such as urban-rural contrasts and an aging population.

Table 2. Summary statistics of the socio-demographic variables.

Statistic Population % Women) Mean Age Household Size
Min 1 1 1.00 1.00
1st Qu. 1 2 2.00 2.00
Median 1 3 3.00 2.00
Mean 1.49 2.90 3.06 2.55
3rd Qu. 2 3 4.00 3.00
Max 6 5 5.00 5.00

4.2. Relationship Between Population Density and Suitability Score

The scatterplot in Figure 1 illustrates the relationship between population density and suitability
score. Each point represents a grid cell, and the blue regression line demonstrates a strong positive
linear relationship between the two variables. The Pearson correlation coefficient, calculated after
excluding missing values, is 0.84, indicating a very strong association. This suggests that areas with
higher population densities tend to exhibit higher suitability scores, reflecting greater potential for
targeted interventions or resource allocation.
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Figure 1. Population Density vs Suitability Score with regression line.

The summary statistics for these variables (see below) further illustrate the distributions
observed in the plot:

Population Density: Min = 1.00, Median = 2.85, Mean = 2.85, Max = 5.92

Suitability Score: Min = -0.80, Median = 0.38, Mean = 0.48, Max = 2.00

The histogram in Figure 2 shows the distribution of suitability scores across all grid cells. The
distribution is approximately normal but with a slight skew towards higher values, and a notable
peak around zero. This suggests that while most areas have moderate suitability, there are also
several locations with notably high suitability scores.
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Figure 2. Histogram of Suitability Scores.

4.3. Spatial Analysis of Suitable Locations

To quantify the spatial structure of suitability scores, a global Moran’s I test was conducted using
a fixed spatial weights matrix (k = 5 nearest neighbors). The Moran’s I value was 0.60 (standard
deviate = 61.68, p <0.001), indicating a strong and highly significant positive spatial autocorrelation.
In other words, areas with high (or low) suitability scores tend to be geographically clustered rather
than randomly distributed. This spatial pattern supports the notion that favorable locations for retail
expansion are not isolated, but form regional hotspots, likely driven by underlying demographic and
socio-economic similarities.

To investigate the spatial distribution of suitability, Figure 3 displays filtered locations that meet
or exceed a suitability threshold. These clusters correspond to regions with favorable demographic
and socio-economic profiles.
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Figure 3. Filtered Suitable Locations. Source: Estimation results, generated by the author in R.

Additionally, a Moran scatterplot (Figure 4) reveals a positive spatial autocorrelation in
suitability scores, confirming that high (or low) values are spatially clustered rather than randomly
distributed. This is important for identifying regional trends and informing place-based policies.
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Figure 4. Moran Scatterplot: Suitability Score vs Spatial Lag
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Figure 4. Moran Scatterplot: Suitability Score vs. Spatial Lag. Source: Estimation results, generated by the

author in R.

Further, local cluster analysis using the Local Indicators of Spatial Association (LISA) revealed
the presence of 1,018 grid cells exhibiting statistically significant spatial clusters (p < 0.05) of high
suitability scores. This finding emphasizes that retail development potential is not only spatially
autocorrelated at the national level, but also demonstrates marked local clustering—providing
further guidance for targeted place-based interventions.

4.4. Spatial Analysis: Clustering, Sensitivity, and Opportunity Mapping

While the previous analyses demonstrate the relationship between suitability and demographic
structure, and reveal spatial clustering at a global scale, more nuanced spatial patterns can be
uncovered through local cluster analysis and gap identification.

4.4.2. Local Spatial Clustering (LISA)

LISA cluster analysis, presented in Figure 5, provides a local measure of spatial association by
identifying statistically significant clusters of high or low suitability scores. This approach enables
the detection of “hotspots” and “coldspots” —areas where suitability scores are significantly higher
or lower than expected, given their surroundings. High-high clusters are particularly relevant for
policy and business, as they pinpoint regions where favorable conditions for intervention or market
entry are both locally intense and spatially stable.
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Figure 5. Spatial clusters of suitability (LISA clusters) and corresponding suitability scores. Source: Estimation

results, generated by the author in R.

4.4.1. Robustness and Sensitivity Analysis

To test the stability of the suitability model, a sensitivity analysis was performed by varying the
weights assigned to each factor (e.g., population, gender, age, household size, shop density). Across
all four alternative weighting scenarios, the resulting suitability surfaces remained highly correlated
with the benchmark model (Pearson’s r = 0.97-0.99). The number of grid cells identified as high-
priority areas—defined as locations with both high suitability (top 10%) and no shops —remained
consistent across all scenarios, confirming the robustness of key market gap identification to
reasonable changes in model specification.

4.4.3. Actionable Opportunity Mapping

Building on the integration of suitability modeling and shop density, we further identified a
discrete set of “priority” grid cells that represent actionable spatial opportunities. Specifically, 40 grid
cells were found to combine exceptionally high suitability (top 10% of scores) with a complete lack
of existing retail infrastructure (shop density at minimum value). These locations, visualized in
Figure 6 and detailed in Supplementary Table S1 , represent concrete opportunities for targeted
intervention or retail expansion. The criteria for selection are robust to coordinate alignment, data
cleaning, and the presence of NA values, ensuring the reliability of the gap analysis.

Importantly, these priority cells are geographically dispersed across Germany but share key
demographic characteristics such as high population density and favorable socio-demographic
composition. The number and pattern of these “priority areas” remain robust across all alternative
suitability model specifications, highlighting the practical stability of the findings. The visualization
(Figure 6a) provides a focused view of these 40 cells, displaying their relative population density and
suitability, while Figure 6b offers a broader spatial context for all areas meeting the high-
suitability/no-shop criterion.
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Figure 6. Areas with high suitability score but no shops: (a) Priority cells as bubbles sized by population density
and colored by suitability; (b) spatial distribution of all eligible grid cells. Source: Estimation results, generated by
the author in R.

The combination of LISA cluster analysis, sensitivity testing, and targeted opportunity mapping
provides a comprehensive understanding of both the systematic spatial structure of suitability and
the specific geographic opportunities for retail expansion. Whereas LISA clusters reveal the broader
spatial logic of suitability, the gap analysis pinpoints concrete targets for intervention —ensuring that
results are both theoretically meaningful and practically actionable, and robust to reasonable changes
in modeling assumptions.

4.5. Spatially Varying Drivers of Suitability: Geographically Weighted Regression (GWR) Results

To explore spatial nonstationarity in the predictors of retail suitability, we estimated a GWR
model including population class, mean age, and POI density as covariates. The adaptive Gaussian
bandwidth was chosen by AICc minimization.

Preliminary attempts to fit a GWR including all available socio-demographic predictors
(population, women, mean age, household size, POI) produced essentially stationary local
coefficients, indicating an absence of spatial variation in their effects and likely collinearity.

Therefore, a reduced specification was adopted, retaining only those predictors that exhibited
both theoretical importance and empirical spatial heterogeneity.The final three-variable model, in
contrast, revealed substantial spatial heterogeneity in local coefficients.

Model diagnostics indicate strong overall fit (AICc = —6408.5; BIC = -10571.2; ENP = 7.23; R? =
0.96; RSS = 53.3). Residuals were approximately centered at zero (median = -0.016, mean = -0.0001),
and showed no meaningful spatial autocorrelation (Moran’s I = 0.011, p = 0.11), supporting model
adequacy. Table 4 summarizes the distribution of key local coefficients.

Table 3 summarizes the distribution of key local coefficients.
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Table 3. Local GWR Coefficient Estimates.
Coefficient Min 1st Quartile Median Mean 3rd Quartile Max
Population 0.278 0.314 0.326 0.326 0.339 0.379
Mean Age 0.097 0.132 0.143 0.144 0.155 0.196
POI 0.0018 0.0026 0.0027 0.0027 0.0028 0.0041

To explore the spatial variation in the influence of demographic and retail-related factors on
suitability, we mapped the local GWR coefficients for each predictor. The analysis revealed clear
spatial heterogeneity, with the locations exhibiting the highest local effects for each variable being
geographically distinct (Table 4, Figure 7).

The population coefficient reached its maximum (0.379) in the area of Norderstedt, just
northwest of Hamburg (latitude 53.59400°, longitude 9.47901°), suggesting that retail suitability is
most sensitive to population density in this locale. In contrast, the highest mean age effect (0.196) was
observed near Ahrensburg, northeast of Hamburg (latitude 53.56816°, longitude 10.02264°),
indicating that the influence of an older demographic is most pronounced there. The point-of-interest
(POI) coefficient peaked (0.00407) near Rotenburg (Wiimme) in Lower Saxony (latitude 53.96042°,
longitude 9.12412°), where the presence of existing retail amenities exerts the greatest local effect on
suitability.

These spatial patterns underscore the non-stationarity of retail drivers: areas where population,
age, or retail clustering are most influential do not overlap, reinforcing the need for locally adaptive
retail strategies. Full details of the top local effects for each variable are provided in Table 4.

Table 4. Top GWR Local Coefficient Locations by Predictor.

Predictor  Local Coefficient Longitude Latitude City/State (Bundesland) (approximate)

Pop 0.379 9.479009 53.59400  Norderstedt / Hamburg
Mean Age 0.196 10.022638  53.56816  Ahrensburg / Hamburg
POI 0.00407 9.124119 53.96042  Rotenburg (Wiimme), Niedersachsen

The spatial distribution of these maxima is further illustrated in Figure 7.
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Figure 7. Spatial variation in local GWR coefficients for (a) population, (b) mean age, and (c) POI (shop density).
Higher values indicate a stronger positive association with retail suitability in those locations. Source: Estimation

results, generated by the author in R.

5. Discussion

This study offers a novel, spatially explicit framework for identifying high-potential retail
development locations by integrating multi-criteria suitability modeling with spatial autocorrelation
methods. Our findings reinforce and expand upon prior research in both geospatial retail analysis
and urban planning.

Consistent with Lovelace et al. (2019), who pioneered suitability mapping for retail site selection
in Germany, our results underscore the power of gridded, high-resolution demographic and POI
datasets for uncovering market opportunities. However, by incorporating spatial autocorrelation
statistics—specifically Moran’s I and Local Indicators of Spatial Association (LISA) —we reveal not
just where high-suitability areas exist, but how they are spatially structured and clustered, advancing
the interpretability and actionable value of suitability analysis (Anselin, 1995; Marteli et al., 2022).

Our integration of shop density data from OpenStreetMap builds on studies such as Wang et al.
(2018b), which highlight the critical role of existing retail presence in site selection. By explicitly
identifying locations that couple high predicted suitability with a total absence of retail shops, we
address a well-documented challenge in retail analytics: distinguishing between true market gaps
and areas already saturated by competitors (Reynolds & Wood, 2010; Song et al., 2020).

The robust positive spatial autocorrelation observed (Moran’s I = 0.60, p < 0.001) aligns with
findings from Han et al. (2019) and Yoshimura et al. (2020), who show that retail activity is rarely
random in space but instead reflects underlying demographic and infrastructural structures. Our
LISA analysis advances this insight, pinpointing statistically significant local “hotspots” of retail
potential and demonstrating their persistence across multiple model specifications—a
methodological enhancement over simpler, non-spatial approaches (Bai et al., 2020; Otterbring et al.,
2021).

Sensitivity analysis further confirms the robustness of our model. Even when varying the
weights of the suitability criteria, both the spatial patterns of high-suitability areas and the identity
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of priority “gap” cells remained stable (Pearson’s r = 0.97-0.99), supporting calls for transparent,
replicable spatial modeling in applied GIScience (Malczewski, 2004; Needham et al., 2019).

The actionable “white spot” grid cells identified by our suitability model represent spatial
locations with exceptionally high retail potential but a complete lack of existing shop infrastructure.
This finding is robust to multiple modeling choices and is further supported by recent independent
research on retail supply gaps in Germany. For example, a study conducted by BBE Handelsberatung
and the Hochschule fiir Wirtschaft und Umwelt Niirtingen-Geislingen found that more than 35,000
residents across eighteen municipalities in the Esslingen and Goéppingen districts are not adequately
supplied with supermarkets or essential retail services (Berger, 2023). This real-world evidence
closely parallels the pattern revealed by our model, where priority areas with high suitability and no
existing shops are both geographically dispersed and demographically significant. The alignment
between our model-based opportunity mapping and observed supply gaps documented in this
independent study provides strong external validation for our approach, highlighting the practical
relevance of geographically explicit retail suitability analysis for targeted planning and intervention.

The application of Geographically Weighted Regression (GWR) further advances the spatial
analysis by quantifying local variation in the influence of key predictors. Unlike global regression
models, which assume spatial stationarity, the GWR results reveal marked heterogeneity in the
magnitude and spatial pattern of coefficients for population density, mean age, and points of interest
(POI). Specifically, the local effect of population density on retail suitability is most pronounced in
the northwestern periphery of Hamburg, particularly in the area around Norderstedt (latitude
53.59400°, longitude 9.47901°). The influence of mean age reaches its peak in the northeastern
surroundings of Hamburg, notably near Ahrensburg (latitude 53.56816°, longitude 10.02264°). The
PQOI coefficient is highest in the northern part of Lower Saxony, in the vicinity of Rotenburg (Wiimme)
(latitude 53.96042°, longitude 9.12412°), indicating that clustering effects and existing retail
agglomerations are locally decisive in this region.

Such spatially explicit diagnostics underscore the necessity of tailoring retail development
strategies to the nuanced demographic and infrastructural realities of each region. For instance,
investment in the northwest may benefit most from targeting population-dense locales, whereas in
the northeast, an older demographic profile emerges as a key retail driver. The spatial separation of
predictor maxima thus provides actionable guidance for both public and private sector stakeholders,
arguing against the use of a one-size-fits-all, nationally uniform site selection strategy.

Moreover, the robust performance of the GWR model —reflected in high local R-squared values,
low residual autocorrelation, and stable diagnostics across multiple specifications —attests to the
reliability of these spatial patterns. This spatially nuanced understanding complements our global
Moran’s I and LISA results by explaining not just where suitability clusters form, but also why socio-
demographic factors exert differential influence across Germany. Incorporating GWR thus advances
the practical applicability of our framework, offering stakeholders refined guidance to target retail
investments with greater spatial precision.

From a policy and business perspective, our approach has several immediate implications.
Urban planners can use these priority gap locations to direct investment, infrastructure development,
or incentives towards underserved populations, fostering more equitable service provision (Roquel
et al., 2021; Zochowska et al., 2022). Retailers, meanwhile, can leverage these spatial insights to
optimize site selection strategies, minimize competitive risk, and accelerate market entry —key
competitive advantages highlighted in the retail location literature (Wrigley & Lambiri, 2014; Bai et
al., 2020).

Importantly, our results indicate that market gaps are not solely an urban phenomenon; many
priority cells are located in sparsely populated rural areas, echoing the call by Graham (2023) and
Jiaxuan et al. (2021) to consider rural service needs and the “hidden” retail potential outside
metropolitan cores.

Several limitations should be acknowledged. First, while census and OSM data offer strong
spatial coverage, both may be affected by reporting lags or missing features, particularly in dynamic
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or rural settings (Murad, 2011; Astuti et al., 2019). Second, our model primarily accounts for static
demographic and retail presence variables; factors such as consumer purchasing power, mobility,
cultural preferences, and the impact of e-commerce remain unmodeled (Singleton et al., 2016). Future
research should consider integrating mobile phone mobility data, finer-scale transaction data, or
survey-based measures of consumer demand to enhance predictive power.

Moreover, expanding the approach by including temporal dynamics (e.g., new shop openings
or closures) would further generalize the method and increase its utility for stakeholders. Interactive
dissemination of results, such as web-based map applications, could enhance practical uptake by
planners and retailers.

6. Conclusions

This study provides new evidence that combining spatial suitability analysis with measures of
spatial autocorrelation can reveal not only well-known retail hotspots but also overlooked
opportunities for expansion. By using detailed demographic information and open data on retail
locations, we identified specific areas across Germany where the demand for retail services exceeds
supply. These findings challenge the assumption that market saturation is a problem limited to cities,
showing instead that significant retail gaps can exist in smaller towns and rural areas as well.

The application of both global and local spatial statistics allowed us to pinpoint not just general
trends but also particular neighborhoods and communities where retail provision is unusually low
relative to local demand. This approach supports a more balanced perspective on retail planning,
recognizing the value of smaller and less visible markets.

Our sensitivity analysis shows that these priority locations are not artifacts of a single modeling
choice, but instead represent consistent patterns across multiple reasonable scenarios. This reliability
makes the method suitable for use in other countries or market sectors. Furthermore, our workflow
is transparent and reproducible, allowing other researchers and practitioners to adapt it for their own
needs.

The results have important implications for retailers and urban planners. For retailers, the
analysis highlights new growth opportunities in places that might otherwise be missed by traditional
market studies. For planners and policymakers, the study suggests that addressing gaps in service
provision requires looking beyond major urban centers and considering the potential of smaller
communities.

Future research could build on this work by examining changes over time, considering the
effects of online retail, or including data on consumer mobility. Integrating these additional factors
would help refine site selection and contribute to a more complete understanding of local market
dynamics.

In conclusion, spatial data analysis can play a key role in guiding both business investment and
planning policy. By highlighting real opportunities for expansion and community improvement, this
approach can help create more accessible, vibrant, and balanced local economies across a diverse
range of places.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation Description

GIS Geographic Information System

GWR Geographically Weighted Regression

LISA Local Indicators of Spatial Association

OSM OpenStreetMap

POI Point of Interest

ENP Effective Number of Parameters

AlCc Corrected Akaike Information Criterion

RSS Residual Sum of Squares

EPSG European Petroleum Survey Group (CRS standard)

LAEA Lambert Azimuthal Equal Area

S Suitability Score

R R (Statistical Computing Language)
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