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RESUMEN 

La política monetaria expansiva en los Estados Unidos y Europa condujo a la inflación de los precios 

de los activos convencionales. En la búsqueda de activos con rendimientos que compensen por el 

ambiente de bajas tasas de interés, muchos inversores cambian su enfoque hacia los bienes raíces. 

Económicamente, Alemania es el país más poderoso de Europa y se considera un puerto seguro para las 

inversiones. Simultáneamente, los bienes inmuebles alemanes son asequibles por comparación europea 

y, por lo tanto, atraen a más y más inversionistas nacionales y extranjeros. Entre otros, hay una 

característica distinta sobre el mercado inmobiliario alemán: No es monocéntrico, como los mercados 

en Francia con París y en el Reino Unido con Londres. La estructura policéntrica del mercado 

inmobiliario alemán es resultado de la división del país en el siglo XX y de la organización federal del 

país. Este último asegura la existencia de varios centros económicos en todo el país. Existe un esquema 

(el llamado “ABCD- esquema” de bulwiengesa) comúnmente aplicado en Alemania para desglosar y 

clasificar el mercado inmobiliario de Alemania. Basado exclusivamente en el tamaño del mercado y la 

liquidez, resulta inadecuado cuando se trata de identificar oportunidades y riesgos en tiempos de política 

monetaria no convencional y aumento de los precios. Presentamos un nuevo enfoque para la 

clasificación del mercado que proporciona comprensión sobre el grado de segmentación del mercado 

alemán y ayuda a los inversores nacionales y extranjeros a evaluar mejor las oportunidades y los riesgos. 

Según nuestro consentimiento, no existen estudios previos en Alemania que usen el análisis de clúster 

convencional para la gestión de inversiones inmobiliarias y la gestión de carteras. 

Palavras-chave: Análisis Clúster, Segmentación del Mercado Inmobiliario, Clasificación, Gestión de 

las carteras 
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The Application of Cluster Analysis on Real Estate Markets 

ABSTRACT 

Expansive monetary policy in the United States and Europe led to price inflation of conventional assets. 

In search of assets with returns that compensate for the low-interest environment, many investors shift 

focus towards real estate. Economically, Germany is the most powerful country in Europe and is 

considered as safe harbor for investments. Simultaneously, German real estate is affordable by European 

comparison and therefore attracts more and more domestic as well as foreign investors. Amongst others, 

there is one distinct feature about the German real estate market: It is not monocentric such as the 

markets in France with Paris and in the UK with London. The polycentric structure of the German 

property market is a result of the country’s division in the 20th century and the federal organization of 

the country, the latter ensuring the existence of various economic centers across the country. There is a 

scheme (the so-called ABCD-scheme) commonly applied in Germany to breakdown and classify the 

German real estate market. Based exclusively on market size and liquidity, it proves inadequate when 

attempting to identify opportunities and risks in times of unconventional monetary policy and rising 

prices. We present a new approach for market classification that provides insights in the degree of 

segmentation of the German market and helps foreign and domestic investors to better evaluate 

opportunities and risks. To the best of our knowledge, there are no previous studies using conventional 

cluster analysis for the purpose real estate investment management and portfolio management. 

Key-words: Cluster Analysis, Real Estate Market Segmentation, Classification, Portfolio Management 
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1 INTRODUCTION 

The boom of the German residential market can be attributed to two major factors. The first 

reason is the expansive monetary policy in the United States and in Europe, which has led to 

asset price inflation of conventional assets such as bonds and stocks. In search of assets with 

returns that compensate for the historically low interest rates, many investors shift focus 

towards real estate. The by now rather poor purchase yields of commercial real estate have 

increased the attractiveness of residential real estate, which is more and more considered as an 

investment alternative. The second reason for the boom is the persistently rising number of 

inhabitants in many cities with simultaneous space shortage and very low building completions. 

German households have been experiencing veritable rental price explosions in recent years 

due to the supply shortage of living area. Concurrently, German real estate is still affordable by 

European comparison and therefore attracts more and more domestic as well as foreign 

investors. Amongst others, there is one further attractive feature about the German real estate 

market: It is not monocentric such as the markets in France with Paris and in the UK with 

London as their respective economic centers. The polycentric structure of the German property 

market is a result of the country’s division in the 20th century and the federal organization of 

the country, the latter ensuring the existence of various economic centers across the country. 

Real estate markets are distinct markets for the following reasons: the market is heterogeneous 

and can be subdivided into several markets. Supply is very inelastic in the short term. 

Transaction volumes are of tremendous sizes and markets exhibit a high level of intransparency. 

All these particularities are complicating the analysis of real estate markets and require a high 

level of expertise from market participants. In order to cope with this complexity, market agents 

often make use of simple heuristics. The so-called ABCD-scheme by bulwiengesa is the most 

prominent example for Germany. Primarily based on size differences, this scheme breaks down 

the German office market into four groups. The seven biggest cities are classified as “A-cities”, 

followed by medium-sized “B-cities”, small “C-cities” and very small “D-cities”. A 

classification of the German residential market based on market sizes would create a scheme 

similar to the ABCD-scheme. Yet this approach would disregard important determinants and 

influence factors of residential markets. Especially in recent years, local office and residential 

markets might have driven apart. Thus, transferring a classification scheme mainly based on 

size on the residential market might lead to great inaccuracy. Market participants would not be 

able to reliably identify chances and risks of different segments and would be induced to take 

wrong investment decisions. For these reasons, this study uses clustering analysis to develop a 

new classification scheme for residential markets which is based upon residential market-

specific drivers and characteristics. 

The structure of the study is as follows: In chapter 2, I give a summary of the existing clustering 

literature in real estate. In chapter 3, I present the data, which contains all German cities from 

50.000 inhabitants up (in total 185 cities). Then, I present the concept of clustering in chapter 

4. In chapter 5, the applied methodology is introduced. In chapter 6, I develop and analyze the 

new classification scheme for German residential markets. I conclude with a summary in 

chapter 7. 

2 LITERATURE REVIEW 

Clustering methods have already gained currency in the real estate literature and have been 

identified as a useful analysis tool. Goetzmann and Wachter (1995) conduct clustering analyses 

for the office markets of about 20 US metropolitan areas based on rental and vacancy data. 

They find some distinct larger groups of cities, such as one group of cities characterized by the 
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oil and gas sector and another north-eastern industrial group of cities. Goetzmann and Wachter 

find it eye-catching that numerous cities of the east and west coast are assigned to the same 

cluster. Yet in the past, investors tried to reduce portfolio risk by such geographic diversification 

strategies. The authors conclude that clustering methods make a valuable contribution to the 

diversification strategy of real estate investments. 

Black and Cheng (1998) deal with the question of which grouping of the 40 most important US 

metropolitan areas provide an optimal diversification of residential markets and which regional 

economic factors are the driving factors behind the resulting groups. In contrast to existing 

studies, they discover that the industrial characteristics of a region are not the predominant 

drivers for differing performances of residential markets. Accordingly, the sector structure, 

which is the primary classification criterion for office and industrial real estate markets in 

preceding studies, plays a minor role for residential markets. On the contrary, they determine 

the affordability of housing, the interest rate level as well as a growing young population to be 

important influence factors. All in all, the important finding is that economic factors have 

distinct meanings for different real estate markets (office, industrial, retail, residential). 

Diversification strategies should account for this finding. 

Smith et al. (2005) present a method for dividing the 361 US metropolitan areas into eight 

clusters based on their economic characteristics, geographic proximity and size. The authors 

state that advantages from this type of classification are amongst others the diversification 

potential as opposed to conventional portfolio management methods, which are mainly based 

on historical data. Moreover, clustering can be a useful tool to take advantage of staggered 

business and real estate cycles and to target specific submarkets. A manageable number of 

clusters might also be helpful in performance benchmarking. In this sense, the validity of 

benchmarking can be increased, when it is applied based on a manageable number of portfolio 

segments, such as asset classes or city clusters. 

Jackson and White (2005) perform clustering analysis for the United Kingdom based on rental 

changes of retail and office real estate and find that the resulting clusters are not sufficiently 

concordant with the existing classifications, e.g. the IPD segments. Even though the authors 

detect a certain coupling of geographical proximity and economic development, they conclude 

that a pure geographical segmentation of markets is by no means sufficient for a robust and 

optimal risk diversification in portfolios. 

Heinrich and Just (2016) state that the pure transferring of the commonly used segmentation 

scheme of German office markets (ABCD-scheme) on other markets, e.g. residential markets, 

is unsatisfactory due to its lacking selectivity. Therefore, they develop a new clustering scheme 

specific to the German residential markets. They discover five coherent groups that can be 

described as follows: 1) the German capital Berlin is found alone in one cluster, 2) the six 

remaining metropolises, 3) a cluster that can be labeled “stability cluster”, 4) a “shrinking 

cluster” and 5) a “growth cluster”. An important finding is that the clusters 3, 4 and 5 include 

cities from all the three segments (B, C, and D) from the ABCD-scheme by bulwiengesa and 

therefore cities from all sizes (the ABCD-scheme is mainly based on market size differences). 

Correspondingly, the authors state that inferring stability exclusively from size is often illusive 

and might lead to suboptimal investment decisions. Yet market size continues to hold an 

important role for market liquidity. 

The literature shows that clustering analysis can produce coherent groups of real estate markets, 

which makes it a powerful instrument for a series of relevant economic issues. Clustering 

analysis presents an important additional tool for the creation of efficient portfolios and is suited 

for performance benchmarking. Besides, it is also useful for finding the driving factors of 

different market developments. 



3 

 

Likewise the paper of Heinrich and Just (2016), this study analyzes the German residential 

markets. However, it incorporates all German cities of 50.000 inhabitants upwards (185 cities), 

whereas preceding studies focused on only 127 cities, as fixed by the ABCD-scheme. 

Furthermore, it uses a broader range of characteristics specific to residential markets that have 

not been integrated previously. In particular, this study addresses the following questions: 

1. Which characteristics are qualified for clustering residential markets? 

2. Which groups of cities result from the selected characteristics and methodology? 

3. Are there particular patterns recognizable which are cluster-specific? (E.g. a cluster with 

large number of university cities or a cluster with a geographic focus in East Germany) 

4. Are there cities with high proximity to a neighboring cluster that have the potential to 

move to that neighboring cluster in the future? 

5. What are potential implications for real estate agents regarding portfolio optimization 

and diversification? Which cities are over- or underestimated? 

6. How (dis-)similar is the new scheme to the ABCD-scheme? Are there strong shifts in 

city allocations? 

3 DATA 

This chapter introduces the data used in the clustering analysis. It consists of a variety of 

variables that determine offer and supply in residential markets. Some dynamic-oriented 

indicators also carry information about potential future developments, such as the changes in 

the share of the age cohort 18-35 or changes in rent and in price affordability. 
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Table 1: Set of variables 

 
Source: own presentation 

The variables can be classified into four groups, as marked in the first column of Table 1: 

 1: Market size and dynamics 

 2:  Price level and dynamics 

 3:  Socioeconomic factors and dynamics 

 4:  Demographic factors and dynamics 

Rents and prices are the observed averages in the respective cities. Change of unemployment 

figures is the change rate of the absolute unemployment numbers between 2012 and 2017. Rent 

affordability is calculated as follows: 

 𝐴𝑓𝑓𝑜𝑟𝑑𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑅𝑒𝑛𝑡 2017 =
𝑁𝑒𝑡 𝑟𝑒𝑛𝑡 (𝑖𝑛 €/𝑚2) ∗ Ø 𝐴𝑝𝑎𝑟𝑡𝑚𝑒𝑛𝑡 𝑠𝑖𝑧𝑒

𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑝𝑜𝑤𝑒𝑟 𝑝𝑒𝑟 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 (𝑖𝑛 €)
 (1) 

Thus, the rent affordability indicator expresses the share a household spends of its annual 

purchase power for housing, assuming equal apartment sizes in each city (78,4 m² is the average 

apartment size in the dataset). Munich exhibits the maximum value of 28,98%, i.e. households 

spend almost a third of their purchase power for rents. Corresponding to the definition of rent 

affordability, positive changes in rent affordability between 2012 and 2017 signify that 

Variable Minimum City Maximum City Mean
Standard 

Deviation
Source

1 Population 2015 50.284 Speyer 3.520.031 Berlin 179.416 326.089 Destatis 1)

Population growth 2011-2015 (in 

%)
-3,01% Dessau-Roßlau 11,04% Gießen 2,78% 2,34% Destatis

Migration balance 2011-2015 -355 Dessau-Roßlau 200.835 Berlin 8.030 18.171 Destatis

Housing stock 2016 22.995 Ibbenbüren 1.916.517 Berlin 95.740 176.362 Destatis

Apartment completions 2011-2015 

(per 1.000 inhabitants)
1,11 Iserlohn 39,36 Landshut 11,19 6,61 Destatis

2 Rents 2017 (in €/m²) 4,57 € Plauen 16,88 € München 7,81 € 1,86 € empirica-systeme 2)

Rental growth 2012-2017 (in %) 0,72% Jena 36,93% Wolfsburg 16,63% 6,03% empirica-systeme

Purchase prices 2017 (in €/m²) 562,01 € Plauen 7.050,10 € München 2.265,36 € 922,98 € empirica-systeme

Purchase price growth 2012-2017 

(in %)
-0,06% Dessau-Roßlau 80,33% Wolfsburg 37,01% 16,15% empirica-systeme

3
Purchase power per household 

2017 (in €)
31.415,10 € Trier 71.229,26 € Meerbusch 43.413,07 € 6.447,70 € GfK GeoMarketing 3)

Purchase power per household 

growth 2012-2017 (in %)
2,71% Greifswald 17,80% Aalen 8,60% 2,73% GfK GeoMarketing

Unemployment figure change 2012-

2017 (in %)
-41,22% Frankfurt (Oder) 25,61% Salzgitter -6,62% 9,83% Arbeitsagentur

Employees subject to social 

security 2017 (per 1.000 

inhabitants)

206 Castrop-Rauxel 1018 Schweinfurt 475 145 Arbeitsagentur

Rent affordability 2017 (in %) 11,27% Arnsberg 28,98% München 17,06% 3,83% 1), 2), 3)

Change of rent affordability 2012-

2017 (in %)
-4,61% Jena 29,58% Wolfsburg 7,44% 5,81% 1), 2), 3)

Price affordability 2017 1,28 Plauen 10,09 München 4,09 1,57 1), 2), 3)

Change of price affordability 2012-

2017 (in %)
-10,85% Dessau-Roßlau 70,65% Wolfsburg 26,18% 14,71% 1), 2), 3)

Ownership rate 2011 (in %) 12,91% Leipzig 63,36% Nordhorn 37,52% 11,10% Destatis

4
Age cohort 18-35: Share of total 

population 2015 (in %)
15,27% Meerbusch 38,74% Gießen 22,47% 4,31% Destatis

Age cohort 18-35: Share of total 

population - Change 2011-2015 (in 

%)

-10,19% Neubrandenburg 11,17% Koblenz 3,02% 3,82% Destatis
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households currently spend a higher share of their purchase power for housing than five years 

ago, see e.g. Wolfsburg with the maximum value of 29,58%. 

Moreover, price affordability is computed as follows: 

 𝐴𝑓𝑓𝑜𝑟𝑑𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑃𝑟𝑖𝑐𝑒 2017 =
𝑃𝑟𝑖𝑐𝑒 (𝑖𝑛 €/𝑚2) ∗ Ø 𝐴𝑝𝑎𝑟𝑡𝑚𝑒𝑛𝑡 𝑠𝑖𝑧𝑒

𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑝𝑜𝑤𝑒𝑟 𝑝𝑒𝑟 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 (𝑖𝑛 €)
 (2) 

It expresses what multiple of its annual purchase power a household must raise to acquire an 

apartment of average size. 

4 THE CONCEPT OF CLUSTERING 

When analyzing 185 cities based on 20 variables, one loses the overview quite quickly. For 

example, large cities regularly offer high liquidity, which is one of the key criteria for investors. 

But there are quite a lot of large cities that have lacked positive dynamics in recent years. On 

the other hand, despite their size, some of the smaller German cities might offer similar liquidity 

levels compared to large cities, and at the same time high purchase power and high population 

growth. And finally, there are probably also several smaller cities with rather low liquidity, low 

purchase power and a lack of positive dynamic development – e.g. negative migration balances. 

The following graph is a first attempt to get an insight into the segmentation of German cities. 

It depicts the relation between the share of the age cohort 18-35 of the total population on the 

horizontal axis and rent affordability on the vertical axis. The indicated legend is based on the 

ABCD-classification by bulwiengesa. As this classification only contains 127 of the 185 

German cities with 50.000 inhabitants upwards, there are some non-classified cities marked by 

an X. 

Figure 1: ABCD-scheme based on Age group 18-35 share and Rent affordability 

 
Source: own presentation; Data source: destatis, empirica-systeme, and GFK GeoMarketing 
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The axes of Figure 1 cross each other in the respective means, which allows for interpretations 

as above and below average for the four resulting quadrants. First of all, there is a positive 

correlation observable between the share of the age cohort 18-35 and rent affordability. In cities 

with higher shares of young people, inhabitants regularly spend higher portions of their 

purchase power for housing costs. This is comprehensible, as these cities have attracted (young) 

people in recent years for reasons of job opportunities, university education and lifestyle.1 As a 

lot of these cities can no longer keep up with residential construction and now face supply 

shortage, inhabitants have experienced raising rental expenses. The graph shows which cities 

are probably the most affected ones by these trends. 

It becomes apparent that the ABCD-scheme turns out to be insufficient for classifying 

residential markets, at least when considering the two depicted features. For example, not all 

cities are indistinguishably spread throughout the coordinate system according to their group. 

Although all A-cities and a large part of B-cities can be found in the top right quadrant, this is 

especially not the case for D-cities, which are spread out in all four quadrants. X-cities have a 

strong concentration in the lower left quadrant, i.e. they have both a disproportionately old age 

structure and low housing expenditures. Yet the overall picture regarding a classification of the 

ABCD-cities in four quadrants is ultimately not satisfying. 

Moreover, the ABCD-scheme does not form clearly defined groups. On the one hand, this is 

because the cities are not sufficiently homogeneous within their respective groups – see, for 

example, the spread of the D-cities across the entire diagram. On the other hand, there is not 

enough heterogeneity between the groups, in the sense that they are as far as possible apart from 

one group to another. Thus, this classification scheme does not entirely satisfy the criteria of 

internal cohesion within groups and external separation between groups. 

Overall, it can be concluded that the mere transferring of the ABCD-scheme to the residential 

markets would lack discriminatory power. Particularly, there is no definite difference between 

D- and X-cities observable in the graph and moreover, most of B- and C-cities are combined in 

one group. Yet German cities reveal a rather strong degree of segmentation given the two 

depicted characteristics. The distribution of these two characteristics turns out to be remarkable 

– the share of the age cohort 18-35 reaches from 15,27% for Meerbusch to 38,74% for Gießen, 

the latter being a rapidly growing university city. Rent affordability provides a similar picture. 

It reaches from Arnsberg (11,27%) to the very unaffordable cities Berlin (27,51%), Heidelberg 

(27,56%), Freiburg (28,69%) and ultimately Munich (28,98%). 

Another example is given in Figure 2. It opposes population to apartment completions from 

2011 to 2015 per 1.000 inhabitants. It becomes evident that cities with high building 

construction can be found in every group according to the ABCD-scheme. Yet A-cities have 

the highest group average with 14,0 apartment constructions per 1.000 inhabitants within five 

years and the lowest within-group spread.2 B-cities, which are medium-sized cities, have in fact 

the lowest construction activity with only 9,7 apartments and are thus located in the lower right 

quadrant. On the other hand, C-, D- and X-cities show large within-group variations. In each of 

them, several cities can be found with extremely low and high construction activity. The top 5 

leaders in construction activity are Neu-Ulm (X-city; 29,8 apartments), Ingolstadt (D-city; 

31,0), Lingen (X-city; 31,5), Regensburg (C-city; 37,6) and Landshut (D-city; 39,4). 

                                                 
1 See, e.g., the increasing number of university registrations (Source: destatis).  
2 Berlin turns out to be a rather strong outlier within the A-cities, as the German capital only had 7,9 apartment 

completions per 1.000 inhabitants from 2011 to 2015. 
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Figure 2: ABCD-scheme based on Population and Apartment completions 2011-2015 

 
Source: own presentation; Data source: destatis 

Even though grouping tendencies are now much stronger than it is the case in the first example 

(Figure 1), the ABCD-classification still lacks external separation for the residential market. 

This study aims at developing an individual classification scheme for German residential 

markets from 50.000 inhabitants up which is detached from the ACBD-scheme. This 

detachment ensures that the new scheme better accounts for the heterogeneity of the markets 

and provides valuable information for investment decisions. Chapter 5 now presents the applied 

clustering methodology and chapter 6 the resulting segmentation scheme. 

5 METHODOLOGY 

Clustering is the task of identifying and creating homogeneous clusters (or groups) of objects. 

Within a cluster, objects are supposed to present high similarity to one another by sharing 

common characteristics. Between different clusters, there should be high dissimilarity. First, 

objects (here: cities) are described by the selected characteristics.3 Each characteristic is 

represented by an own axis, thus there are as many dimensions as characteristics. For a given 

object, its characteristic values are plotted on the respective axes. Each object is hence a data 

point in a vector room with n-dimensions. (Dis-)Similarity between two objects is then 

expressed by the distance between their data points. If these two objects exhibit large (small) 

deviations on all characteristics (e.g. a large versus a small population and high versus low 

rents, etc.), they end up having a large (small) distance from each other in the data room. The 

larger the distance, the greater is the dissimilarity between two objects. As the selected 

characteristics determine the distances between objects and distance measures are a core 

element of clustering, clustering is a highly data-driven process. Clustering performance is an 

                                                 
3 Such as inhabitants, housing stocks, rents; cf. Table 1. 
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unsupervised learning technique, which means that the data is not required to be labeled 

previously.4 

Clustering is an explorative analysis method and does not make distinctions between exogenous 

and endogenous variables. This means that no assumption of causal relationship between 

variables is made. Cluster analysis is useful in presenting the structure of the objects in a 

simplified form and in reducing the diversity in the data to a manageable level of complexity 

via the forming of homogeneous groups. In general terms, creating clusters implies reducing 

data and finding unknown relationships. Optimally, the generated clusters provide an accurate 

pattern description of resemblances and dissimilarities in the data. The concept of clustering 

subsumes a range of procedures that differ from one another particularly regarding the choice 

of the proximity measurement and of the clustering algorithm. The chosen clustering approach 

for this study is presented in the two upcoming subchapters. 

5.1 Hierarchical K-Means Clustering 

This study uses a hybrid method named hierarchical k-means clustering, improving pure k-

means results by potentially overcoming the issues of initial centroids selection and local 

optima in k-means. First, hierarchical clustering is performed to determine suitable initial 

centroids which are then passed to the k-means algorithm in order to fine-tune the clustering 

solution. 

K-Means Algorithm 

K-means is a partitioning (or a non-hierarchical) clustering method, which has been first 

formalized by Macqueen (1967). Its basic concept is to divide the objects of a given dataset into 

a number of clusters k which is determined beforehand. The algorithm aims at determining the 

k cluster centroids �̅�𝒌𝒊 such that the sum of squared errors SSE (K) within the clusters is 

minimized:5 

 𝑺𝑺𝑬(𝑲) = ∑ ∑ ∑(𝒙𝒋𝒊 − �̅�𝒌𝒊)²
𝒊𝒋∈𝒌𝒌

 (3) 

The sum of squared errors of the objects in a cluster k are computed as follows, which equals 

the squared Euclidean distance:6 

 ∑(𝒙𝒋𝒊 − �̅�𝒌𝒊)
𝟐

= 𝒅𝒈,𝒌
𝟐

𝒋∈𝒌

 (4) 

Thus, the optimization problem can be stated as follows: 

 𝑺𝑺𝑬(𝑲) = ∑ ∑ 𝒅𝒈,𝒌
𝟐 → 𝒎𝒊𝒏

𝒊𝒋∈𝒌

 (5) 

The k-means procedure can be divided into five steps: 

I. Choose the number of clusters k. 

                                                 
4 Gan et al. (2007) 
5 The objects assigned to the cluster k are designated j∈k and the variables are designated i. 
6 By squaring the distances, upward and downward deviations are normed to positive units. 
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II. An initial partition with random cluster centroids is produced, assigning each 

object to its nearest centroid. 

III. The new centroids resulting from the object reassignments are calculated by: 

 �̅�𝒌𝒊 =
∑ 𝒋𝒊𝒋∈𝒌

𝒏𝒌𝒊
 (6) 

IV. Each object presenting a larger distance to its own cluster than to another one is 

moved to the latter. 

V. The procedure steps 3 and 4 are repeatedly performed until no object reallocations 

occur anymore. 

K-means owns its popularity to a series of advantages such as its easy implementation, 

computational efficiency and the production of tighter clusters than hierarchical clustering. Yet 

k-means also exhibits some drawbacks. The most essential drawback is that k-means only 

guarantees to converge to local optima. As the formula 5 states, the optimization problem 

terminates when the squared error function reaches its minimum, i.e. when a further iteration 

cannot reduce the SSE anymore. Yet this does not assure that the algorithm actually has detected 

the global optimum. Rather, the solution reached could constitute a local optimum. The 

underlying problem is that both the global optimum and local optima satisfy the described SSE 

stop criterion. Early researchers were already conscious of this issue (MacQueen, 1967; 

Hartigan and Wong, 1979). The (local) optimum in which the algorithm converges is heavily 

depending on the initial centroid selection (Friedman and Rubin, 1967; and Blashfield, 1976). 

This means that with random initial partitioning, clustering solutions might differ and will not 

be replicable. Several methods have been suggested to provide good starting values for k-means 

in order to overcome this limitation. Steinley and Brusco (2007) evaluate the performance of 

twelve different initialization strategies and conclude that Ward’s method is the best in terms 

of true cluster recovery.7 Even with increasing dataset sizes, Ward’s method is shown to exhibit 

a very high degree of robustness and superiority over the other more sensitive techniques. 

Ward’s Minimum Variance Method 

As distinguished from k-means and other partitioning methods, the parameter k must not be 

provided in advance in hierarchical clustering. These methods start with each point or object as 

individual clusters and then iteratively merge the closest pair of clusters according to a merging 

algorithm. In the last iteration, the procedure terminates with a global cluster containing all 

objects, called agglomeration8. Each level of the resulting hierarchical tree is a segmentation of 

the data with varying numbers of clusters. Hence ultimately, an adequate segmentation of the 

generated hierarchy must be chosen. This can be done via a broad range of indices (e.g. 

Silhouette Index, Davies-Bouldin Index or Dunn Index) that evaluate cluster quality for 

different k. According to the majority rule, the number of k is chosen that most indices 

determined to be the best. 

Hierarchical clustering is based on a pair-wise dissimilarity matrix between the objects. The 

most commonly used dissimilarity measure is the squared Euclidean distance (defined in 

formula 4). Hierarchical clustering can be performed by a series of algorithms with different 

                                                 
7 True cluster recovery is measured based on the adjusted Rand index by Hubert-Arabie (1985), an index that 

compares the found cluster structure by any algorithm (here: k-means initialized with Ward’s method) to the ex-

ante known cluster structure. 
8 The described method is the agglomerative hierarchical clustering approach. There also exists divisive 

hierarchical clustering (“top down approach”), which is rarely employed. 
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notions of proximity between clusters. The chosen algorithm, Ward’s minimum variance 

method (Ward, 1963), defines the error (or variance) of the cluster 𝒌 as the sum of squared 

Euclidean distances between the objects of the cluster and the cluster centroid �̅�𝒌.  

 𝑽𝒌 = ∑ ∑(𝒙𝒋𝒊𝒌 − �̅�𝒊𝒌)𝟐

𝑰

𝒊=𝟏

𝑱𝒌

𝒋=𝟏

 
(7) 

with 

𝒙𝒋𝒊𝒌 = observed value of variable i (i = 1,…, I) for object j (for all objects j = 1…,Jk in 

  cluster k) 

�̅�𝒊𝒌 = centroid (or mean value) over the observed value of variable i in cluster k 

The distance between two clusters 𝑪𝒊 and 𝑪𝒋 is then measured as the increase in error (or: loss 

of information) in merging these two clusters. By merging two clusters, the error of the 

combined cluster is always larger than the sum of errors of the two individual clusters. The 

objective at each iteration of Ward’s minimum variance method is to merge the two clusters 

that cause the smallest increase in error (overall within-cluster variance), i.e. the two clusters 

that are most homogeneous. The following list summarizes the steps to undertake for 

performing Ward’s method: 

I. Compute the pair-wise dissimilarity matrix between the objects 

II. Let each object be an individual cluster 

III. Repeat 

IV. Merge the two most similar clusters, i.e. the two clusters causing the lowest 

overall increase in variance 

V. Update the dissimilarity matrix 

VI. Until one single cluster remains 

Before performing clustering analysis, data is commonly standardized. This is because 

variables are measured in different dimensions – e.g. inhabitants are measured on a very large 

scale (50.284 to 3.520.031 in the dataset) and rent affordability is measured on a very small 

scale (0,11 to 0,29 in the dataset). As distances are a crucial input factor, the clustering process 

would be governed by the variables measured on the larger scales. This issue can be solved by 

standardizing each variable as follows: 

 𝒙𝒋𝒊
′ =

𝒙𝒋𝒊 − �̅�𝒊

𝒔𝒊
 (8) 

with 

𝒙𝒋𝒊 = observed value of variable i (i = 1,…, I) for object j 

�̅�𝒊 = arithmetic mean of variable i 

𝒔𝒊 = sample standard deviation of variable i 
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This standardization transforms each variable to have a mean of zero and a unit variance. As 

the characteristics now have the same scale and range of variation, they implicitly have identical 

weights, i.e. importance, in the clustering process. 

5.2 Optimization Process 
Simultaneously using all introduced variables in chapter 3 decreases cluster recovery quality, 

which results in unsatisfactory clustering solutions. The selectivity between clusters regularly 

decreases with an increasing number of variables due to marginal overlapping, which is defined 

as observations or clusters sharing same values on several dimensions (cf. Steinley and Brusco, 

2008). For example, cities with higher number of inhabitants generally have lower price 

affordability. Yet there are exceptions, such as Duisburg, which is a quite affordable city 

(apartments of average size are at a 2,49 factor of the annual household purchase power). Thus, 

Duisburg rather ranges amongst smaller cities in terms of affordability. The more such cases, 

the more overlapping is in the data, reducing the variables’ ability to well differentiate the 

clusters. 

The procedure for the variable selection optimization is as follows: For a given number of 

variables, e.g. 15 out of the 20 introduced variables in chapter 3, each possible variable 

combination is registered. For 15 out of 20 variables, there are 15.504 possible combinations. 

Ward’s Method is performed for each variable combination and the model validity of the 

combinations is evaluated based on the silhouette coefficient by Rousseeuw (1987), which is 

an internal validation statistic.9 These coefficients can be calculated both for all individual 

observations and the entire dataset. For individual objects, they indicate how close each object 

is to the objects in its own cluster compared to the objects in the neighboring cluster. Therefore, 

this measure simultaneously provides insight in the cohesion and separation of the clustering 

solution. Assuming that the object j belongs to the cluster A, its silhouette is defined as follows: 

 𝑺(𝒋) =
𝒅𝒊𝒔𝒕(𝑩, 𝒋) − 𝒅𝒊𝒔𝒕(𝑨, 𝒋)

𝒎𝒂𝒙{𝒅𝒊𝒔𝒕(𝑨, 𝒋), 𝒅𝒊𝒔𝒕(𝑩, 𝒋)}
 (9) 

where 𝒅𝒊𝒔𝒕(𝑨, 𝒋) is mean distance between all objects in cluster A and the object j: 

 𝒅𝒊𝒔𝒕(𝑨, 𝒋) =
𝟏

𝒏𝑨
∑ 𝒅𝒊𝒔𝒕(𝒂, 𝒋)
𝒂∈𝑨

 (10) 

Analogously, 𝒅𝒊𝒔𝒕(𝑩, 𝒋) is calculated as the average distance between the closest neighboring 

cluster B and the object j: 

 𝒅𝒊𝒔𝒕(𝑩, 𝒋) = 𝐦𝐢𝐧
𝑩≠𝑨

(
𝟏

𝒏𝑨
∑ 𝒅𝒊𝒔𝒕(𝒃, 𝒋)

𝒃∈𝑩

) (11) 

The weighting by the maximum distance scales the silhouettes in a range of -1 to +1. Silhouette 

coefficients can be interpreted as follows: 

- Silhouettes 𝐒(𝐣) < 𝟎 indicate potentially wrong object allocation, as the object j presents 

a smaller distance to another cluster than to its own one. 

                                                 
9 Internal cluster validation exclusively reverts to the internal information of the clustering process to evaluate the 

quality of a clustering solution. It does not relate to external information, such as comparing the solution to 

externally provided labels like the ABCD-scheme. Besides being used for cluster validation, it is also employed 

for determining the optimal number of k, as previously described. 
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- Silhouettes 𝐒(𝐣) ≈ 𝟎 show that an observation is located on the border of two clusters 

and therefore it is uncertain where it belongs at best. 

- Silhouettes 𝐒(𝐣) → 𝟏 suggest that an observation is very similar to its own cluster and 

is therefore correctly assigned. 

Moreover, the average silhouette coefficient for any cluster C or analogously for the entire 

clustering solution can be determined as well by: 

 𝑺𝑪 =
𝟏

𝒏𝑪
∑ 𝒔(𝒋)
𝒋∈𝑪

 (12) 

The silhouette coefficient is scale-invariant, as its value range is normed from -1 to +1. Due to 

this convenient property, the variable selection can be optimized based on this index: 

I. Use all available variables (N = 20) for clustering with Ward’s method and 

evaluate the goodness of fit via the silhouette coefficient (also for different k). 

II. Reduce the number of variables one by one and try all possible variable 

combinations. Reevaluate the goodness of fit via the silhouette coefficient (also 

for different k). 

III. Stop variable reduction when the resulting silhouette coefficient is larger than 0,3 

and choose a suitable variable combination. 

IV. Run k-means with the selected variables based on initial centroids provided by 

Ward’s method, also referred to as hierarchical k-means. 

Chapter 6.1 presents the variable combination that has been eventually selected for its 

acceptable model accuracy. 

6 CLUSTERING ANALYSIS 

This chapter is divided in five parts. In chapter 6.1, the variables selected via the previously 

illustrated optimization process are introduced. This is followed by a description and analysis 

of the generated clusters in chapter 6.2. Then in chapter 6.3, an analysis is carried out of the 

relative distances from each city to its closest neighboring cluster. This reveals interesting 

tendencies, e.g. some cities from a rather unattractive segment (e.g. low rent increase and 

demographic decline) might either inherently belong to this cluster (i.e. they exhibit a rather 

small distance to their centroid), whereas other cities from the same segment are not as close to 

the centroid and exhibit a not negligible distance to another cluster. This provides additional 

information to investors about the potential of a city moving to a more or to a less attractive 

segment in the future. In chapter 6.4, a comparison between the ABCDX-segments and the 

newly developed clustering solution is conducted. Eventually, chapter 6.5 recapitulates the 

findings obtained throughout the analysis. 

6.1 Variable Selection 
As explained in chapter 5.2, model accuracy tends to be quite low for increasing numbers of 

variables. For this dataset, the average silhouette coefficient takes a relatively low value of ≈ 

0,2 when using all 20 variables. It turns out that that the model goodness starts to take acceptable 

values when reducing variables to 10, i.e. for combinations containing 10 out of 20 variables. 

By doing so, clustering produces more differentiated segments. The following table shows the 
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reduced variable set that has been eventually used for the upcoming clustering analysis 

(silhouette = 0,32): 

Table 2: Reduced Set of Variables 

 

Source: own presentation 

The final variable set contains characteristics out of each of the four categories (1: Market size 

and dynamics; 2: Price level and dynamics; 3: Socioeconomic factors and dynamics; 4: 

Demographic factors and dynamics), which allows for a comprehensive analysis and diverse 

statements about the clusters’ characteristics. The found “acceptable solutions” are generally 

based on a large share of same variables (e.g., differing only in few proposed variables). 

Therefore, the chosen solution can be considered as representative of these. Moreover, for most 

of these combinations, five is indicated as to be the correct number of clusters, as it is also the 

case for the chosen solution. As previously explained, this is based on 26 indices commonly 

used to determine the number of clusters.10 

6.2 Resulting Clusters 
The following table presents the city clusters that have been generated based on the reduced 

variable set as presented in the previous chapter and the methodology used in this study, which 

is clustering with hierarchical k-means.

                                                 
10 A tabular list of these indices can be found in Table 8 in the appendix. 

Variable Minimum City Maximum City Mean
Standard 

Deviation
Source

1 Population 2015 50.284 Speyer 3.520.031 Berlin 179.416 326.089 Destatis 1)

Population growth 2011-2015 (in 

%)
-3,01% Dessau-Roßlau 11,04% Gießen 2,78% 2,34% Destatis

Migration balance 2011-2015 -355 Dessau-Roßlau 200.835 Berlin 8.030 18.171 Destatis

2 Rents 2017 (in €/m²) 4,57 € Plauen 16,88 € München 7,81 € 1,86 € empirica-systeme 2)

Rental growth 2012-2017 (in %) 0,72% Jena 36,93% Wolfsburg 16,63% 6,03% empirica-systeme

Purchase prices 2017 (in €/m²) 562,01 € Plauen 7.050,10 € München 2.265,36 € 922,98 € empirica-systeme

3
Purchase power per household 

2017 (in €)
31.415,10 € Trier 71.229,26 € Meerbusch 43.413,07 € 6.447,70 € GfK GeoMarketing 3)

Rent affordability 2017 (in %) 11,27% Arnsberg 28,98% München 17,06% 3,83% 1), 2), 3)

Price affordability 2017 1,28 Plauen 10,09 München 4,09 1,57 1), 2), 3)

4

Age cohort 18-35: Share of total 

population - Change 2011-2015 (in 

%)

-10,19% Neubrandenburg 11,17% Koblenz 3,02% 3,82% Destatis
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Table 3: City clusters according to hierarchical k-means 

 
 Source: own presentation; Data source: destatis, empirica-systeme, GFK GeoMarketing 

City Cluster City Cluster City Cluster

Berlin 1 Rosenheim 3 Wuppertal 4

Hamburg 2 Hürth 3 Gelsenkirchen 4

München 2 Friedrichshafen 3 Chemnitz 4

Köln 2 Offenburg 3 Oberhausen 4

Frankfurt am Main 2 Neu-Ulm 3 Hagen 4

Stuttgart 2 Göppingen 3 Hamm 4

Freiburg im Breisgau 2 Waiblingen 3 Herne 4

Düsseldorf 3 Baden-Baden 3 Bottrop 4

Augsburg 3 Langenhagen 3 Recklinghausen 4

Heidelberg 3 Bad Homburg v. d. Höhe 3 Remscheid 4

Regensburg 3 Frechen 3 Moers 4

Ingolstadt 3 Passau 3 Salzgitter 4

Trier 3 Dresden 3 Kaiserslautern 4

Tübingen 3 Potsdam 3 Witten 4

Konstanz 3 Dortmund 4 Iserlohn 4

Leipzig 3 Essen 4 Lünen 4

Bremen 3 Bielefeld 4 Marl 4

Hannover 3 Mönchengladbach 4 Velbert 4

Nürnberg 3 Krefeld 4 Neumünster 4

Bonn 3 Saarbrücken 4 Wilhelmshaven 4

Münster 3 Mülheim an der Ruhr 4 Viersen 4

Karlsruhe 3 Leverkusen 4 Gladbeck 4

Mannheim 3 Solingen 4 Dorsten 4

Wiesbaden 3 Neuss 4 Rheine 4

Braunschweig 3 Paderborn 4 Castrop-Rauxel 4

Kiel 3 Bremerhaven 4 Arnsberg 4

Aachen 3 Bergisch Gladbach 4 Lüdenscheid 4

Lübeck 3 Siegen 4 Bocholt 4

Mainz 3 Hildesheim 4 Celle 4

Kassel 3 Gütersloh 4 Dinslaken 4

Ludwigshafen am Rhein 3 Düren 4 Lippstadt 4

Oldenburg 3 Ratingen 4 Herford 4

Osnabrück 3 Worms 4 Herten 4

Darmstadt 3 Minden 4 Wesel 4

Würzburg 3 Delmenhorst 4 Unna 4

Fürth 3 Detmold 4 Euskirchen 4

Wolfsburg 3 Troisdorf 4 Stolberg (Rhld.) 4

Offenbach am Main 3 Aalen 4 Hameln 4

Ulm 3 Kerpen 4 Hattingen 4

Heilbronn 3 Dormagen 4 Menden (Sauerland) 4

Pforzheim 3 Grevenbroich 4 Bad Salzuflen 4

Göttingen 3 Garbsen 4 Ahlen 4

Reutlingen 3 Bergheim 4 Schweinfurt 4

Koblenz 3 Schwäbisch Gmünd 4 Halle (Saale) 5

Erlangen 3 Langenfeld (Rheinland) 4 Magdeburg 5

Ludwigsburg 3 Eschweiler 4 Erfurt 5

Hanau 3 Sankt Augustin 4 Jena 5

Esslingen am Neckar 3 Hilden 4 Cottbus 5

Flensburg 3 Meerbusch 4 Schwerin 5

Vill ingen-Schwenningen 3 Pulheim 4 Gera 5

Gießen 3 Nordhorn 4 Zwickau 5

Norderstedt 3 Lingen (Ems) 4 Dessau-Roßlau 5

Lüneburg 3 Neustadt an der Weinstraße 4 Brandenburg an der Havel 5

Marburg 3 Wolfenbüttel 4 Plauen 5

Bamberg 3 Wetzlar 4 Weimar 5

Bayreuth 3 Ibbenbüren 4 Neubrandenburg 5

Landshut 3 Willich 4 Frankfurt (Oder) 5

Aschaffenburg 3 Emden 4 Stralsund 5

Fulda 3 Gummersbach 4 Greifswald 5

Kempten (Allgäu) 3 Speyer 4 Görlitz 5

Sindelfingen 3 Duisburg 4 Rostock 5

Rüsselsheim am Main 3 Bochum 4
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Some aspects of the clustering allocations are quite striking. First, Berlin being in its own 

cluster. Second, cluster two contains five of the seven so-called A-cities, which have very high 

numbers of inhabitants (Ø 1,1 million inhabitants). Yet Freiburg im Breisgau (only 226.393 

inhabitants) also belongs to this cluster and seems to be a strong outlier at first glance. In 

contrast, Düsseldorf leaves the group of A-cities and is assigned to cluster 3. Third, regional 

tendencies are instantly observable – except for Munich and Schweinfurt, all Bavarian cities 

are grouped together in cluster 3. Fourth, cluster 4 is a huge group that combines about 50% of 

all cities. Moreover, cluster 5 exclusively comprises cities in East Germany (yet not all East 

Germany cities are in cluster 5).11 The following table now presents the variable characteristics 

for each of the five generated clusters as well as the averages for Germany as a whole.

                                                 
11 Indeed, the vast majority of possible variable combinations exhibit similar structures – Berlin is always “in its 

cluster”, there is always a rather huge cluster like cluster 3, Bavarian cities and many East German cities 

respectively group together, etc. Therefore, the chosen variable set can be considered as to be rather representative. 
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Table 4: Cluster characteristics12 

 
 

                                                 
12 See also exemplary box-and-whisker-plots in Figure 5 and Figure 6. 

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Ø Germany

1 City 6 Cities 69 Cities 91 Cities 18 Cities 185 Cities

1 Population 2015 3.520.031 980.198 163.948 115.606 108.783 179.416

Population growth 2011-2015 (in %) 5,8% 5,7% 4,6% 1,4% 1,3% 2,8%

Migration balance 2011-2015 200.835 50.913 8.735 3.425 3.601 8.030

2 Rents 2017 (in €/m²) 10,5 € 12,7 € 9,2 € 6,7 € 6,2 € 7,8 €

Rental growth 2012-2017 (in %) 34,5% 18,6% 20,5% 14,8% 9,4% 16,6%

Purchase prices 2017 (in €/m²) 3.932 € 4.713 € 2.926 € 1.720 € 1.582 € 2.265 €

3 Purchase power per household 2017 (in €) 35.729 € 45.988 € 44.058 € 44.585 € 34.582 € 43.413 €

Rent affordability 2017 (in %)* 27,5% 26,0% 19,9% 14,2% 16,9% 17,1%

Price affordability 2017** 8,6 8,0 5,2 3,0 3,6 4,1

4 Age cohort 18-35: Share of total population - Change 2011-2015 (in %) 1,2% 1,9% 4,2% 3,9% -5,7% 3,0%

= Characteristic 30% above German average

= Characteristic 30% below German average

** Rent affordability as share of the rent expense (apartment of average size) on the annual purchase power per household

** Price affordability as multiple of the annual purchase power per household for property acquisition (apartment of average size)

Variable
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Cluster 1 contains only Berlin, as already mentioned before. It can therefore be concluded that 

Berlin plays a special role in the German urban landscape. The capital presents values above 

average for 8 out of 10 characteristics. Prices and rents have been at moderate levels for a long 

time.13 Yet in the last five years, Berlin has experienced an impressive rental growth of 34,5%, 

largely exceeding the growth rates in the other four clusters. The pressure of the catch-up effect 

on Berlin remains quite strong, as other German metropolises are at higher price and rent levels 

for quite a long time. This late development can also be seen in the historical context of the 

German capital as a formerly divided city. Following the German reunification, it took Berlin 

a couple of years to recover economically and to invest into future-oriented development. And 

still, purchase power per household in Berlin is clearly below average. The combination of high 

rents and low purchase power makes Berlin an unaffordable city – with 27,5%, households 

spend the largest portion of their net income for housing compared to the other clusters.14 From 

an investor’s point of view, this may be concerning, as there seems to be little scope for future 

rent increases. However, some arguments can be put forward that indicate margins for potential 

rent increases: first, purchase power of households might disproportionately increase in the 

following years, as the city still experiences strong structural economic shifts. Second, the 

population growth in Berlin of 5,8% within five years is quite impressive – Berlin continues to 

attract people on the national as well as the international level, which keeps demand on a high 

level. And third, Berlin is undergoing an immense housing shortage and politics do not 

implement necessary adjustments, such as allocation of building land, reduction of building 

standards and of the property transfer tax. Therefore, the supply side cannot react to the 

necessary extent. These aspects suggest that the pressure on price level, both rents and purchase 

prices, remains high. The share of the age cohort 18-35 grew by 1,2% in Berlin, which is 

significantly below the average of 3,0%. Yet this is understandable, as e.g. smaller university 

cities can increase this share much more easily. From an investment perspective, Berlin is a 

booming city with high potential. Even though prices are high and purchase yields at only 

3,2%15 on average, it is important to bear in mind that Berlin is a very heterogeneous market in 

itself and that depending on the opportunity-risk profile, different submarkets might be suitable 

for investment. 

Cluster 2 essentially contains the remaining German metropolises with high international 

relevance. With only Berlin and Düsseldorf assigned to other clusters, five out of the seven A-

cities are contained in cluster 2. With an average of 980.198 inhabitants, Freiburg with only 

226.393 inhabitants is a clear outsider – at least in terms of city size. In view of population 

growth, these cities are in second place just behind Berlin with a high value of 5,7%. Regarding 

price and rent level, the cities in cluster 2 rank first, which potentially leaves little margins for 

upward movements. Rental growth does not significantly deviate from the German average. 

This is due to the fact that these cities were already at a high rent level five years ago. Yet 

Munich must be excluded from this statement – the rental growth of the Bavarian capital 

amounts to 28,8% between 2012 and 2017, even though Munich was already the most 

expensive city with 13,1 €/m² in 2012 and maintains its first position in 2017 with 16,9 €/m². 

Cluster 2 exhibits the highest purchase power per household with 45.988 €, and yet this is only 

slightly above average. On the other hand, this value is 10.259 € higher than in Berlin. Due to 

the high price level, both rent and price affordability are very high. As already mentioned, the 

assignment of Freiburg to cluster 2 containing exclusively metropolitan cities is quite 

                                                 
13 E.g., rents were at 6,0 €/m² in the year 2000, with an average annual growth rate of 1,2% between 2000 and 

2010. However, this is followed by an annual rate of 5,9% between 2010 and 2016 (Source: bulwiengesa). 
14 As explained in the chapter 3, affordabilities are calculated assuming equal apartment sizes in every city. In fact, 

the rent affordability can be expected to be a bit lower in e.g. Berlin, as apartment sizes in large cities are regularly 

smaller than in medium or small cities.   

15 Purchase yields are calculated by 
𝒓𝒆𝒏𝒕 (€/𝒎𝟐)∗𝟏𝟐

𝒑𝒖𝒓𝒄𝒉𝒂𝒔𝒆 𝒑𝒓𝒊𝒄𝒆 (€/𝒎²)
. 
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astonishing at first glance. However, driving factors for this allocation can be found in its 

population growth (5,7%), price level (rent of 11,7 €/m² and purchase price of 4.309 €/m²), 

affordabilities (rent 28,7% and purchase price 8,81) and change of the share of the age cohort 

18-35 of 2,3%. To conclude, cluster 2 cities can be seen as classical investment markets for 

private and institutional investors in Germany. It can be assumed that their overall importance 

and structure confers to them a certain level of stability also in times of cyclical downturns. 

Stabilizing factors might be their mixed population structure (e.g. opposed to small university 

cities) and broad sectoral structure (opposed to e.g. Germany’s automotive locations). Yet their 

high population growth rate of 5,7% is not likely to stay at this level. All in all, the label 

“metropolises cluster” or “A-cities cluster” fits best to cluster 2. 

Cluster 3 is with 69 cities the second largest cluster. With an average of 163.948 inhabitants, 

these cities are rather medium-sized markets. Population growth of 4,6% within five years can 

be interpreted as a clear sign of the cities’ attractiveness. This applies all the more if this growth 

rate has been achieved mainly by national migration.16 Rents with 9,2 €/m² and purchase prices 

with 2.926 €/m² are clearly above average, yet the cluster does not play in the top league as far 

as the price level is concerned.17 Due to the relatively high purchase power of 44.058 € in 

combination with a not too extreme price level, housing costs expressed by affordabilites turn 

out to be sustainable. Therefore, cities in cluster 3 can be characterized as stable investment 

markets with upside potential in terms of price level. In addition to the strong population 

growth, the highest increase in the share of the age group 18-35 with 4,2% has been recorded 

for this cluster. This certainly confers further security to investments in these cities. The great 

surprise for cluster 3 is the assignment of Düsseldorf to it. This is unexpected due to its size of 

612.178 inhabitants and its migration balance of 23.799. However, in light of its comparably 

low rent level of 10,4 €/m², its sustainable rent affordability of 20,3% and price affordability of 

6,3 and ultimately the high increase in the share of the age group 15-35 of 4,2%, this allocation 

becomes traceable. In geographic terms, cluster 3 includes 81,8% of the cities of Baden-

Württemberg, 88,2% of the Bavarian cities and 83,3% of the Hessian cities.18 This already 

accounts for 62,3% of all cities in cluster 3. Due to this geographic concentration and its growth 

characteristics, the label “Southern growth cluster” proves most appropriate. 

Cluster 4 with 91 cities is by far the largest cluster. The average city size is only about 115.606 

inhabitants, population growth with 1,4% and migration balance with 3.425 are moderate. As 

these cities have not experienced strong population influx, prices and rental growth have stayed 

at moderate rates, too. Despite their relatively low attractiveness expressed by population 

growth, the purchase power is strikingly (relatively) high with 44.585 €, which is about 8.850 

€ more than in the German capital. The low price level and (relatively) high purchase power 

are reflected in the high affordability of these cities – e.g., an apartment can be purchased with 

only three annual net incomes. It can be noted that cluster 4 is the cluster that is most close to 

the German average with respect to all analyzed characteristics. Moreover, there are two eye-

catching geographic particularities found in cluster 4: 90,7% of the cities of Nordrhein-

Westfalen are located in this group and this cluster is composed of cities in Nordrhein-

Westfalen, Niedersachsen and Rheinland-Pfalz by 91,2%. Thus, to sum up, this cluster can be 

labeled “Average Central West cluster”. From an investor’s point of view, these cities may not 

offer enough liquidity due to their small sizes. Yet positive aspects can be seen in the margins 

for future rent and price increases and in the increasingly young population structure. 

                                                 
16 Germany as a whole owes its population growth in recent years to external migration. Yet centers of attraction 

for foreign migrants are usually the German metropolises, which certainly plays an important role for the growth 

rate in cluster 1 and cluster 2. Conversely, this suggests that population growth in cluster 3 is primarily due to 

national migration. 
17 Nonetheless, the certain level of remaining heterogeneity should not be regarded. Some cities with top price 

levels can also be found in cluster 4, such as Dachau (5.018 €/m²), Konstanz (4.522 €/m²) or Freising (4.456 €/m²). 
18 See Table 9, Table 10, Table 11 in the annex for the contingency table and tables for relative allocations. 
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Cluster 5 encompasses 18 cities, which accounts for about 10% of all analyzed cities. The 

average size of only 108.783 inhabitants is quite small, raising the question if these markets 

provide sufficient liquidity for larger investors. Furthermore, population dynamics with a figure 

notably below average of only 1,3% do not indicate attractiveness. It is quite possible that this 

slightly positive growth rate turns into negative in the upcoming years, when extraordinary 

effects such as the European internal migration and irregular international migration cease. In 

this context, the sharp decrease of the share of the age group 18-35 years can be interpreted as 

a further warning signal for the diminishing attractiveness – by this out-migration, these cities 

seem to lose essential growth drivers. This is also already reflected by the lowest purchase 

power per household of only 34.582 €. Yet for the inhabitants, the low demand for housing in 

these markets results in very sustainable affordabilities with a similar level to those of cluster 

4. All 18 cities of this group are located in the new federal states of former East Germany. All 

in all, these markets can cautiously be described as potentially shrinking markets with low 

liquidity and a strong geographic concentration. Yet with the highest purchase yields of 4,7% 

of all five clusters, these markets might be worth considering for investors with an opportunistic 

investment style. Eventually, the label “Shrinking East cluster” fits best cluster 5. 

To conclude, based on the findings gained in this analysis, the clusters can indeed be naturally 

ranked from cluster 1 to cluster 5 in descending order in terms of their performance. 

6.3 Distance To Neighboring Cluster 
As explained in the methodology chapter 5 and variable selection chapter 6.1, the cities 

contained in the dataset tend to overlap on some dimensions. This lowers the degree of 

heterogeneity between clusters. 

The average silhouette coefficient of the model, which is an indication for intra-cluster cohesion 

and extra-cluster separateness, amounts to 0,32. Kaufman and Rousseeuw (2005) suggest that 

an average silhouette coefficient up to 0,5 indicates a weak structure, a coefficient up to 0,7 a 

reasonable structure and a coefficient up to 1 a strong structure. However, in empirical analyses, 

high values are regularly difficult to achieve. In order to account for the existing level of 

heterogeneity within the clusters, it is useful to know whether a city can be considered as to be 

in the center of its respective cluster or whether a city is relatively close to the center of another 

cluster, and therefore close to the border between two clusters. The following table indicates 

the closest neighboring cluster in the case that the distance between a city and its closest 

neighbor is not at least twice the size of the distance between the city and its own cluster.19 If 

this distance ratio exceeds the threshold of two, a city can be considered as a core city and 

therefore no neighbor is indicated.

                                                 
19 As in the used clustering methods, the used distance is the squared Euclidean distance. 
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Table 5: City clusters with indication of neighboring clusters (NBC) 

 
 Source: own presentation; Data source: destatis, empirica-systeme, GFK GeoMarketing

City Cluster NBC City Cluster NBC City Cluster NBC

Berlin 1 Bamberg 3 Velbert 4

Hamburg 2 Landshut 3 Neumünster 4

München 2 Aschaffenburg 3 Wilhelmshaven 4

Köln 2 Kempten (Allgäu) 3 Viersen 4

Frankfurt am Main 2 Sindelfingen 3 Gladbeck 4

Stuttgart 2 Rüsselsheim am Main 3 Dorsten 4

Freiburg im Breisgau 2 3 Rosenheim 3 Rheine 4

Düsseldorf 3 2 Hürth 3 Detmold 4

Heidelberg 3 2 Friedrichshafen 3 Castrop-Rauxel 4

Konstanz 3 2 Offenburg 3 Arnsberg 4

Leipzig 3 4 Neu-Ulm 3 Lüdenscheid 4

Bremen 3 4 Langenhagen 3 Bocholt 4

Kassel 3 4 Frechen 3 Celle 4

Ludwigshafen am Rhein 3 4 Passau 3 Dinslaken 4

Wolfsburg 3 4 Dortmund 4 3 Lippstadt 4

Koblenz 3 4 Essen 4 3 Herford 4

Flensburg 3 4 Paderborn 4 3 Kerpen 4

Vill ingen-Schwenningen 3 4 Bremerhaven 4 3 Dormagen 4

Bayreuth 3 4 Bergisch Gladbach 4 3 Grevenbroich 4

Fulda 3 4 Delmenhorst 4 3 Herten 4

Göppingen 3 4 Troisdorf 4 3 Wesel 4

Waiblingen 3 4 Aalen 4 3 Garbsen 4

Baden-Baden 3 4 Schwäbisch Gmünd 4 3 Bergheim 4

Bad Homburg v. d. Höhe 3 4 Langenfeld (Rheinland) 4 3 Unna 4

Dresden 3 5 Meerbusch 4 3 Euskirchen 4

Potsdam 3 5 Pulheim 4 3 Stolberg (Rhld.) 4

Hannover 3 Wetzlar 4 3 Hameln 4

Nürnberg 3 Speyer 4 3 Eschweiler 4

Bonn 3 Chemnitz 4 5 Sankt Augustin 4

Münster 3 Recklinghausen 4 5 Hilden 4

Karlsruhe 3 Duisburg 4 Hattingen 4

Mannheim 3 Bochum 4 Menden (Sauerland) 4

Augsburg 3 Wuppertal 4 Bad Salzuflen 4

Wiesbaden 3 Bielefeld 4 Nordhorn 4

Braunschweig 3 Gelsenkirchen 4 Lingen (Ems) 4

Kiel 3 Mönchengladbach 4 Neustadt an der Weinstraße 4

Aachen 3 Krefeld 4 Ahlen 4

Lübeck 3 Oberhausen 4 Wolfenbüttel 4

Mainz 3 Hagen 4 Schweinfurt 4

Oldenburg (Oldenburg) 3 Hamm 4 Ibbenbüren 4

Osnabrück 3 Saarbrücken 4 Willich 4

Darmstadt 3 Mülheim an der Ruhr 4 Emden 4

Regensburg 3 Leverkusen 4 Gummersbach 4

Ingolstadt 3 Solingen 4 Magdeburg 5 4

Würzburg 3 Herne 4 Schwerin 5 4

Fürth 3 Neuss 4 Plauen 5 4

Offenbach am Main 3 Bottrop 4 Rostock 5 3

Ulm 3 Remscheid 4 Halle (Saale) 5

Heilbronn 3 Moers 4 Erfurt 5

Pforzheim 3 Siegen 4 Jena 5

Göttingen 3 Hildesheim 4 Cottbus 5

Trier 3 Salzgitter 4 Gera 5

Reutlingen 3 Kaiserslautern 4 Zwickau 5

Erlangen 3 Gütersloh 4 Dessau-Roßlau 5

Ludwigsburg 3 Witten 4 Brandenburg an der Havel 5

Hanau 3 Iserlohn 4 Weimar 5

Esslingen am Neckar 3 Düren 4 Neubrandenburg 5

Tübingen 3 Ratingen 4 Frankfurt (Oder) 5

Gießen 3 Lünen 4 Stralsund 5

Norderstedt 3 Marl 4 Greifswald 5

Lüneburg 3 Worms 4 Görlitz 5

Marburg 3 Minden 4
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Accordingly, Freiburg im Breisgau, which is unexpectedly part of cluster 2 amongst A-cities, 

has a relative high proximity to cluster 3. This is precisely the cluster Freiburg has been 

supposed to be part of, where also other dynamic university cities of comparable size, such as 

Mainz and Regensburg, can be found. Two determinants can be detected for the neighborhood 

to cluster 3, which are the population of 226.393 and migration balance of 14.380. Yet this 

relativizes only partially the role of Freiburg in cluster 2 amongst A-cities, as there can be found 

six strong drivers to underline this classification, as stated in the previous chapter. 

Vice versa, the same statements can be made for Düsseldorf, the A-city being surprisingly part 

of cluster 3. The proximity of Düsseldorf to cluster 2 can be understood by its large population 

of 612.178, as well as high purchase prices of 3.854 €/m² and purchase power of 48.007 €. Yet 

the aforementioned reasons for the allocation of Düsseldorf to cluster 3 should not be 

disregarded. 

Furthermore, the proximity of the two placid university cities of Heidelberg and Konstanz to 

the large metropolises of cluster 2 is also quite eye-catching. For Heidelberg, this closeness can 

be explained by very high rent and price affordabilities (27,6% and 7,54) – people spend the 

same portions for rent and purchase of apartments than in cluster 2. Besides, the change in the 

share of the age group 18-35 years of 2,2% equals also the one of cluster 2. For Konstanz, 

reasons for the proximity to cluster 2 can be detected in its purchase prices of 4.522 €/m² and 

as well as rent and price affordabilities (25,9% and 8,28). In both cities, the housing markets 

are obviously strained due to excess demand in recent years. From this perspective, investments 

seem still quite profitable – yet investors should not lose sight of expected demographic changes 

in the upcoming years, such as decreasing numbers of students. Moreover, there are several 

cities in cluster 3 with high proximity to cluster 4, such as Bremen and Leipzig. For Bremen, 

this connection can be explained by its comparably weak population growth of 2,5% and its 

low purchase price level of 2.115 €/m². Leipzig, on the other hand, is relatively close to cluster 

4 regarding both rents of 6,8 €/m² and purchase prices of 2.205 €/m². Interestingly, Dresden, a 

local opponent of Leipzig, has cluster 5 as neighbor rather than cluster 4. This is clearly driven 

by the sharp decrease in the share of the age group 15-35 years in Dresden (-0,04%). 

In cluster 4, amongst the cities with a reported neighbor, most have relatively high proximity 

to cluster 3. For instance, this is the case for Dortmund, which is closest to its neighboring 

cluster given its rental growth of 21,8%. On the other hand, Chemnitz has cluster 5 as neighbor, 

and could prospectively converge to the “East cluster”, which would be geographically 

congruent. This proximity is essentially based on the low rental growth of 6,9% and moderate 

purchase power per household of 36.304 €. 

In cluster 5, a noteworthy proximity for Rostock to cluster 3 can be reported. This is mainly 

based on its size with 206.011 inhabitants and both its high rent affordability of 21,6% and price 

affordability of 6,8. 

To summarize, the proximity analysis has shown which cities are relatively close to a second 

cluster. This reveals which markets have the potential to change the cluster in the future – both 

upwards and downwards, i.e. to more and to less performing groups. This provides valuable 

additional information to market participants. Conversely, cities without reported neighbors can 

be interpreted as to be in the core of the respective cluster. 

6.4 Comparison Of ABCDX-Segments To New Clustering Scheme 
This chapter analyzes the differences between the ABCD-scheme and the new clustering 

scheme developed in this study. Table 6 presents a contingency table for the clusters 1 to 5 

contrasted with the A-, B- and C-cities. The full table, including the D- and the added X-

segments, can be found in the appendix (Table 13) as well as a contingency table with the 

numerical allocation (Table 12). First, it can be noted that the A-cities present a high level of 
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cohesiveness and are mainly grouped together in cluster 2. However, there are two exceptions: 

First, Berlin forms its own cluster. The German capital distinguishes itself from the other A-

cities primarily by its size of 3,5 million inhabitants, but also by its extraordinary rental growth 

of 34,5%. Second, Düsseldorf is allocated to cluster 3. Reasons why Düsseldorf fits best in this 

cluster and not in the “A-cities cluster” are mainly its low rent level of 10,38 €/m², relatively 

sustainable rent affordability of 20,3% and price affordability of 6,3 and ultimately its high 

increase in the share of the age group 15-35 of 4,2%. 

Table 6: Cluster 1 to 5 contrasted with ABCDX-segments (contingency table) 

 
Source: own presentation; Data source: destatis, empirica-systeme, GFK GeoMarketing and bulwiengesa. 

See appendix for full table including the D- and X-segments. 

B-cities have proven the same level of cohesiveness, at least in relative terms. 10 out of 14 B-

cities can be found in cluster 3. Yet this cluster is a “shared cluster” with a series of other rather 

medium-sized dynamic German cities. The B-cities, e.g. Mannheim and Bonn, fit well in this 

cluster due to their price and affordability level. Four B-cities get separated from their group 

and are assigned to cluster 4. These cities are Dortmund, Essen, Duisburg and Bochum, which 

are all located in Nordrhein-Westfalen and which only exhibit a maximum distance of 60 km 

to be reached each. After all, 90,7% of the cities in Nordrhein-Westfalen can be found in cluster 

4. Thus, it can be assumed that the same regional economical drivers apply to these four B-

cities as for the other cities in this federal state. The structural weakness in these cities becomes 

noticeable in a very low price level and low housing costs as measured by income. All in all, 

B-cities get split up in a dynamic subgroup with membership in the “growth cluster” 3 and a 

rather underperforming subgroup belonging to the “average cluster” 4. 

A-Cities B-Cities C-Cities

Cluster 1 Berlin

Hamburg Freiburg im Breisgau

München

Köln

Frankfurt am Main

Stuttgart

Düsseldorf Leipzig Augsburg

Bremen Braunschweig

Dresden Kiel

Hannover Aachen

Nürnberg Lübeck

Bonn Mainz

Münster Potsdam

Karlsruhe Osnabrück

Mannheim Heidelberg

Wiesbaden Darmstadt

Regensburg

Offenbach am Main

Erlangen

Dortmund Wuppertal

Essen Bielefeld

Duisburg Mönchengladbach

Bochum Saarbrücken

Mülheim an der Ruhr

Magdeburg

Erfurt

Rostock

Cluster 2

Cluster 3

Cluster 4

Cluster 5
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The allocation of the C-cities reveals no uniform pattern. 13 out of 22 cities are assigned to the 

“growth cluster”. These cities are rather medium-sized university cities with high price level 

and dynamics as well as supply shortage in recent years. What distinguishes this subgroup of 

C-cities from the others and makes them perfectly fit in the “growth cluster” is in particular 

their high population growth of 5,0%, both high rents of 9,5 €/m² and purchase prices of 3.066 

€/m² as well as high rent increases of 20,2%. In contrast to the C-cities in cluster 3, the five C-

cities assigned to the “average cluster” 4 paint an entirely different picture in terms of level and 

dynamics: this is due to their low population growth of 1,7%, low rents of 6,9 €/m² and low 

rental growth of 14,7%, as well as purchase prices of only 1.748 € and low values for rent 

affordability of 15,5% and price affordability of 3,3. The only characteristic where these C-

cities clearly diverge from the other cities in the “average cluster” is found in their size: whereas 

they have an average population of 258.112 inhabitants, the mean in cluster 4 amounts to only 

115.606 inhabitants. There is a further subgroup of three C-cities that joins cluster 5, which is 

principally a “shrinking cluster” with a 100% composition of cities in former East Germany. 

What separates these three C-cities apart from the others is clearly driven by their moderate 

purchase power per household of 35.504 € and their strong decrease in the share of the age 

cohort 18-35 years of 3,2%. These are typical characteristics observable in the east cluster. 

However, it is worthwhile noting that two of the three concerned cities have a certain proximity 

to other clusters, as seen in the preceding chapter. For Magdeburg, there might be potential to 

move to cluster 4 and Rostock even to cluster 3, which is the strongly growing group of cities. 

And last but not at least, Freiburg joins as the only C-city the “A-cities cluster”. As already 

stated, this is clearly driven by its population change, price level, affordabilities and change in 

the share of the age cohort 18-35 years. All in all, C-cities have proven to be quite diverging. 

The newly developed clustering scheme better accounts for this heterogeneity and splits them 

up reasonably. The new breakdown of the C-cities helps investors better identify chances and 

risks, e.g. by taking account of different ageing demographics or low price performance. The 

only criterion where C-cities present very low dispersion is the number of inhabitants (Ø 

211.094), which underlines once again that size is the driving force for the ABCD-scheme. 

For the D-cities, similar statements can be made as for the C-cities. First, it is remarkable that 

they get split up in cluster 3 with 32 cities, in cluster 4 with 31 cities and in cluster 5 with 15 

cities. Just as for the C-cities, this separation can be explained by the great heterogeneity within 

the group of D-cities. In this breakdown, geographic correlations become apparent again, as 

stated in the chapter 6.2. Thusly all eleven D-cities from Baden-Württemberg, ten out of eleven 

Bavarian D-cities and all five Hessian D-cities are grouped in the “growth cluster” 3, which has 

a strong Southern concentration. The same applies for the Central West German cities, e.g. even 

all 23 D-cities in Nordrhein-Westfalen are without exception found in the “average cluster” 4. 

And in the end, eleven out of twelve D-cities in former East Germany are assigned to cluster 5, 

which has already been identified as an “East cluster”. Just as for the C-cities, the separation of 

the D-cities cannot be explained by size differences. On the contrary, there are two 

characteristics that particularly make them diverge from one another and makes them fit in their 

respective cluster: First, rent increase in the D-cities assigned to the “growth cluster” 3 amounts 

to a high percentage figure of 21,7%, for the D-cities in the “average cluster” 4 to a moderate 

figure of 14,2% and in the “shrinking cluster” 5 to only 8,7%. Second, the increase in the share 

of the age group 15-35 amounts to 5,0% for the D-cities in cluster 3, to 4,1% for the D-cities in 

cluster 4 and to a strongly negative figure of -6,2% for the D-cities in cluster 5. Here again, it 

is worthwhile to take account of the strong degree of heterogeneity within the D-cities, just as 

it is the case within the C-cities. 

To conclude the comparison between the ABCDX-scheme and the newly elaborated 

segmentation scheme, the X-cities, even though initially not part of the ABCD-scheme, are 

concisely analyzed. In total, there are 64 X-cities that split up in two different clusters: a small 

group of 13 joins the “growth cluster” 3 and a larger group of 53 is assigned to the “average 
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cluster” 4. It is striking that 39 of the X-cities are located in Nordrhein-Westfalen and that 37 

out of 39 from these cities can be found in cluster 4. This visualizes again that this federal state 

clearly shapes this cluster – as already stated, 74,7% of the cities in cluster 4 are from this state. 

Mainly three forces split the X-cities up in cluster 3 and cluster 4: The high population growth 

of 4,9% for the X-cities in cluster 3 opposed to a low growth rate of 1,3% for the X-cities in 

cluster 4, higher rents of 9,5 €/m² contrasted with lower rents of 6,8 €/m² and ultimately a higher 

price affordability of 4,5 opposed to a lower one of 3,0. As for the C- and D-cities, no big size 

differences can be observed in the split up of the X-cities. Rather, the proximity of an X-city to 

an economically prosperous city plays a role – all the X-cities in the metropolitan area of 

Stuttgart (Ludwigsburg, Esslingen, Sindelfingen and Waiblingen) profit from the radiation of 

the regional capital and are assigned to the “growth cluster” 3. Even though well performing 

cities can even be found amongst the X-cities, the question of sufficient liquidity must be raised, 

as the average size of an X-city is only about 63.000 inhabitants. 

6.5 Summary Of Clustering Analysis 
This chapter recapitulates the findings obtained throughout chapter 6. The found clusters are 

characterized via two plots, followed by a qualitative characterization in Table 7. 

Figure 3 displays the five clusters as per their average purchase prices and increase in the shares 

of the age group 18-35 years. The drawn quadrants are based on the average of all 185 cities in 

the dataset, which allows for interpretations as above and below average. The average city size 

per cluster as a third dimension is integrated into the plot via the circle sizes. The clusters 1, 2 

and 3 have a disproportionately high price level, with the clusters 1 and 2 exceeding the average 

even by far. For clusters 4 and 5, the contrary statement must be made. The price level in the 

“most expensive” cluster 2 is even the triple from the “cheapest” cluster 5, which emphasizes 

the divergence of Germany’s cities. The clusters 3 and 4 lead the race when it comes to attract 

young people. Especially for cluster 4, this might have price stabilizing effects in the future. 

Conversely, cluster 5 lags far behind, even though its average city size is similar to the one of 

cluster 4. The strong decrease in the share of this age cohort could be interpreted as a 

diminishing attractiveness and a signal for future price decline. The clusters 1 and 2 also register 

a positive increase in this age group. Smaller cities, e.g. university cities, can increase this share 

more easily, which could explain why this increase is considerably lower in cluster 1 and 2 than 

the one observed in cluster 3 and 4. 
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Figure 3: Representation of clusters (1) 

 
Source: own presentation; Data source: destatis, empirica-systeme 

Figure 4 summarizes well the dynamics of the five clusters. First, a positive correlation can be 

found between population increase and rental growth. The clusters 1, 2 and 3 are growing fast 

or even very fast in terms of population and rents and are therefore situated in the upper right 

quadrant. Berlin particularly stands out for its extraordinary rental growth of 34,5% within five 

years. On the contrary, the clusters 4 and 5 register very moderate growth rates in both 

population and rents and can thus be found in the lower left quadrant. Obviously, investors must 

be aware that that the growth in the clusters 1, 2 and 3 is not likely to continue at a very fast 

pace, as e.g. the smaller cities that are depopulating will finally level off and external migration 

might drop as well. In terms of size, high dynamics can generally be associated with larger size, 

even though cities in cluster 3 are rather medium-sized. 
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Figure 4: Representation of clusters (2) 

 
Source: own presentation; Data source: destatis, empirica-systeme 

The following table concludes the clustering analysis of chapter 6 by summarizing the found 

characteristics of the five clusters.
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Table 7: Cluster characterization 

 Key characteristics Cluster name Regional dominance Particularities 

Cluster 1 ▪ Largest market 

▪ High population growth 

▪ Very high price level 

▪ Extraordinary rental 

growth 

▪ Low purchase power 

▪ Very unaffordable 

Berlin Berlin Berlin forms its own 

cluster due to its 

uniqueness. 

Cluster 2 ▪ Large markets 

▪ High population growth 

▪ Very high price level 

▪ High rental growth 

▪ High purchase power 

▪ Very unaffordable 

“A-Cities cluster” or 

“Metropolises cluster” 

Germany’s Metropolises Freiburg as a highly 

dynamic but small 

university city is part of 

this cluster. 

Cluster 3 ▪ Medium-sized markets 

▪ High population growth 

▪ High price level 

▪ High rental growth 

▪ High purchase power 

▪ Relatively unaffordable 

▪ High increase of young 

people 

“Southern growth 

cluster” 

Southern Germany (Baden-

Württemberg, Bayern, Hessen) 

Düsseldorf is 

surprisingly separated 

from the other 

metropolises of cluster 

2. 

Cluster 4 ▪ Small markets 

▪ Moderate population 

growth 

▪ Low price level 

▪ Average rental growth 

▪ High purchase power 

▪ Most affordable cluster 

▪ High purchase yields 

“Central West average 

cluster” 

Central West Germany 

(Nordrhein-Westfalen, 

Niedersachen, Rheinland-Pfalz) 

Markets most close to 

the German average. 

Cluster 5 ▪ Small markets 

▪ Moderate population 

growth 

▪ Low price level 

▪ Low rental growth 

▪ Low purchase power 

▪ Affordable 

▪ High decrease of young 

people 

▪ High purchase yields 

“Shrinking East 

cluster” 

East Germany (former GDR) Opportunistic markets 

Source: own presentation; Data source: destatis, empirica-systeme, GFK GeoMarketing
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7 CONCLUSION 

This study has performed clustering analysis for German residential markets, specifically all 

185 German cities with 50.000 inhabitants upwards. The popular ABCD-scheme for office 

markets by bulwiengesa, which is a four-tiered classification scheme mainly based on size 

differences, turns out to be insufficient for residential markets, as already demonstrated by 

Heinrich and Just (2016). 

First, this study proposes a set of characteristics specific to residential markets, which can be 

split up in the following categories: Market size and dynamics, price level and dynamics, 

socioeconomic factors and dynamics, demographic factors and dynamics. Then, the 

characteristics with the highest selectivity are selected based upon the silhouette coefficient by 

Rousseeuw (1987). Clustering is performed with hierarchical k-means, a hybrid approach that 

uses Ward’s minimum variance method to determine the initial centroids for K-Means. Five 

clusters can be detected with largely varying numbers of cities and distinctly different 

characteristics in each. 

Cluster 1 comprises only Berlin, which is altogether a peerless market. Main differentiating 

factors for the German capital are its huge size and high population increase, extraordinary 

rental growth, low purchase power and unaffordable rents and purchase prices. Cluster 2 

contains seven cities and includes all so-called A-cities, except for Berlin and Düsseldorf. Yet 

surprisingly, Freiburg is part of this cluster, driven by e.g. its high unaffordability level. Cities 

in cluster 2 are generally large and stable markets with high liquidity, high price and 

demographic dynamics. Cluster 3 are medium-sized markets that present high price and 

demographic dynamics as well. Cities contained in this cluster are predominantly located in 

Southern Germany. Numerous of the German university and lifestyle cities, such as Heidelberg 

and Augsburg, can be found in this cluster of 69 cities. On the whole, the name “Southern 

growth cluster” fits best to this group. Cluster 4 contains 91 cities of rather small size on 

average. Based on the applied characteristics, this is the cluster that is most close to the average 

of German cities. Due to its strong regional dominance, the label “Central West average cluster” 

seems most appropriate. Cluster 5 is exclusively comprised of 18 cities in former East Germany 

with a rather negative outlook, e.g. this group has the lowest population growth and highest 

decrease in the share of young people (18-35 years). The label “Shrinking East cluster” proves 

to be most suitable for cluster 5. All in all, a natural ranking order of the clusters from 1 to 5 in 

terms of performance can be observed. 

Due to a certain level of remaining heterogeneity within the clusters, a closer look is worthwhile 

in order to take best possible investment decisions. For this reason, an analysis has been 

conducted about which cities rather form the core of a cluster and which ones exhibit a relatively 

high proximity to a neighboring cluster. Cities with a close neighbor might have the potential 

to upgrade or downgrade to this cluster in the future, which provides valuable additional 

information to investors. 

Moreover, a comparison of the ABCD-scheme (extended by the non-classified cities in this 

scheme) to the newly developed clustering scheme has been conducted. A-cites and B-cities 

are mainly grouped together, whereas C-, D- and non-classified cities are spread out in the 

clusters 3, 4 and 5. This demonstrates that a scheme primarily based on market sizes does not 

sufficiently account for the heterogeneity that exists also within cities of similar size. Thus, 

inferring stability exclusively from size might often turn out to be illusive. Yet it should not be 

neglected that the liquidity level is essentially determined by market size and this is still one of 

the key criteria for investment decisions. 
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Traditional portfolio optimizations are generally based on historical return data. Clustering, 

however, is able to integrate not only return data, but also specific real estate market 

determinants. Some characteristics, such as changes in population, in affordability and in the 

share of age groups, also contain a certain degree of future orientation. For these reasons, the 

presented classification into five clusters might hold considerable diversification benefits for 

investors and support them in targeting suitable cities or segments corresponding to their 

investment strategy. 

Despite the enthusiasm for clustering analysis, we need to be aware of its limitations. For 

example, different clustering procedures generate at least slightly differing clustering results. 

Moreover, the remaining heterogeneity within the segments should be taken into account. It 

must also be noted that every produced clustering solution is strongly dependent on the used 

variables. And finally, the stability of a segmentation scheme on the timeline is unknown. 

However, this aspect rather gives reason for subsequent analyses to study potential shifts of 

cities or even entire segments. 
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9 APPENDIX 

Table 8: Best Number of Clusters based on 26 Indices 

 

Table 9: Cluster allocation and federal states 

 

No. of Clusters KL CH Hartigan CCC Scott Marriot TrCovW TraceW Friedman

2 2,219 81,3941 41,5407 -3,379 221,36 2,24752E+15 24645,7962 1273,5535 679,3678

3 1,1812 70,3192 34,9131 -3,1819 418,0412 1,74651E+15 17335,6654 1037,9422 819,2675

4 1,306 67,1391 28,327 -1,7521 658,5044 8,46353E+14 11661,6609 870,8809 895,9448

5 1,6057 64,9558 19,883 -0,2027 911,625 3,36637E+14 8736,1844 753,0298 936,8469

6 1,4451 61,3386 15,1003 0,3931 1020,591 2,68981E+14 7276,4392 678,1235 1017,205

7 1,1479 57,6206 13,394 0,0332 1122,5586 2,10981E+14 6031,7465 625,368 1096,5817

8 1,0988 54,7098 12,3009 0,7149 1218,5001 1,64059E+14 4969,6713 581,6039 1180,2601

9 1,119 52,4376 11,209 1,3498 1309,0787 1,27253E+14 4660,1512 543,8109 1287,5648

10 0,9622 50,5364 11,4095 1,9055 1380,0057 1,07073E+14 4005,6241 511,2508 1330,0963

No. of Clusters Duda Pseudot2 Beale Ratkowsky Ball Ptbiserial Frey McClain Dunn

2 0,6752 33,1891 3,1885 0,3507 636,7768 0,3835 -0,5749 0,5840 0,0636

3 0,6952 49,1041 2,9224 0,3560 345,9807 0,4599 0,3869 0,5887 0,0744

4 1,1647 -0,7072 -0,7926 0,3593 217,7202 0,4968 -0,4825 0,8304 0,0744

5 0,7305 33,9456 2,4547 0,3393 150,606 0,4995 3,6842 0,8280 0,1334

6 0,8331 12,4172 1,3255 0,3223 113,0206 0,4123 0,3976 1,4159 0,089

7 0,7313 13,2244 2,4036 0,3055 89,3383 0,4061 0,0406 1,7917 0,089

8 0,6335 10,4123 3,6854 0,2912 72,7005 0,4148 0,1395 1,8235 0,089

9 0,7264 23,7323 2,4938 0,2787 60,4234 0,4169 5,3510 1,8519 0,089

10 0,6276 16,0241 3,8487 0,2679 51,1251 0,3458 0,1173 2,8348 0,089

No. of Clusters Rubin Cindex DB Silhouette Hubert SDindex Dindex SDbw

2 1,4448 0,176 1,4978 0,3251 8,00E-04 2,583 2,1906 1,1259

3 1,7727 0,1908 1,2965 0,3090 0,0014 4,5862 2,0864 1,8854

4 2,1128 0,1646 1,226 0,3115 0,0015 3,8247 1,9114 1,4658

5 2,4435 0,2980 1,0121 0,3181 0,0017 1,954 1,8398 0,5299

6 2,7134 0,2867 1,195 0,2164 0,0017 2,4754 1,7302 0,4857

7 2,9423 0,2572 1,4444 0,2031 0,0018 2,641 1,6616 0,4737

8 3,1637 0,2456 1,3841 0,2105 0,0019 2,6872 1,6106 0,4582

9 3,3835 0,2405 1,3535 0,2141 0,0019 2,6741 1,560 0,418

10 3,599 0,2368 1,3653 0,1739 0,0020 3,0867 1,4973 0,388

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Total

Baden-Württemberg 0 2 18 2 0 22 cities

Bayern 0 1 15 1 0 17 cities

Berlin 1 0 0 0 0 1 city

Brandenburg 0 0 1 0 3 4 cities

Bremen 0 0 1 1 0 2 cities

Hamburg 0 1 0 0 0 1 city

Hessen 0 1 10 1 0 12 cities

Mecklenburg-Vorpommern 0 0 0 0 5 5 cities

Niedersachsen 0 0 8 11 0 19 cities

Nordrhein-Westfalen 0 1 6 68 0 75 cities

Rheinland-Pfalz 0 0 4 4 0 8 cities

Saarland 0 0 0 1 0 1 city

Sachsen 0 0 2 1 3 6 cities

Sachsen-Anhalt 0 0 0 0 3 3 cities

Schleswig-Holstein 0 0 4 1 0 5 cities

Thüringen 0 0 0 0 4 4 cities

Total 1 city 6 cities 69 cities 91 cities 18 cities 185 cities
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Table 10: Relative allocation of cities of a federal state to clusters 

 

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Total

Baden-Württemberg 0,0% 9,1% 81,8% 9,1% 0,0% 100%

Bayern 0,0% 5,9% 88,2% 5,9% 0,0% 100%

Berlin 100,0% 0,0% 0,0% 0,0% 0,0% 100%

Brandenburg 0,0% 0,0% 25,0% 0,0% 75,0% 100%

Bremen 0,0% 0,0% 50,0% 50,0% 0,0% 100%

Hamburg 0,0% 100,0% 0,0% 0,0% 0,0% 100%

Hessen 0,0% 8,3% 83,3% 8,3% 0,0% 100%

Mecklenburg-Vorpommern 0,0% 0,0% 0,0% 0,0% 100,0% 100%

Niedersachsen 0,0% 0,0% 42,1% 57,9% 0,0% 100%

Nordrhein-Westfalen 0,0% 1,3% 8,0% 90,7% 0,0% 100%

Rheinland-Pfalz 0,0% 0,0% 50,0% 50,0% 0,0% 100%

Saarland 0,0% 0,0% 0,0% 100,0% 0,0% 100%

Sachsen 0,0% 0,0% 33,3% 16,7% 50,0% 100%

Sachsen-Anhalt 0,0% 0,0% 0,0% 0,0% 100,0% 100%

Schleswig-Holstein 0,0% 0,0% 80,0% 20,0% 0,0% 100%

Thüringen 0,0% 0,0% 0,0% 0,0% 100,0% 100%

Total 1 city 6 cities 91 cities 69 cities 18 cities 185 cities

= Federal state contains 5 cities or more allocated to a cluster by at least 50%.
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Table 11: Relative allocation of cities of a cluster to federal states 

 

Table 12: Cluster Allocation and ABCDX-Segments (Numerical Contingency Table) 

 

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Total

Baden-Württemberg 0,0% 33,3% 26,1% 2,2% 0,0% 22 cities

Bayern 0,0% 16,7% 21,7% 1,1% 0,0% 17 cities

Berlin 100,0% 0,0% 0,0% 0,0% 0,0% 1 city

Brandenburg 0,0% 0,0% 1,4% 0,0% 16,7% 4 cities

Bremen 0,0% 0,0% 1,4% 1,1% 0,0% 2 cities

Hamburg 0,0% 16,7% 0,0% 0,0% 0,0% 1 city

Hessen 0,0% 16,7% 14,5% 1,1% 0,0% 12 cities

Mecklenburg-Vorpommern 0,0% 0,0% 0,0% 0,0% 27,8% 5 cities

Niedersachsen 0,0% 0,0% 11,6% 12,1% 0,0% 19 cities

Nordrhein-Westfalen 0,0% 16,7% 8,7% 74,7% 0,0% 75 cities

Rheinland-Pfalz 0,0% 0,0% 5,8% 4,4% 0,0% 8 cities

Saarland 0,0% 0,0% 0,0% 1,1% 0,0% 1 city

Sachsen 0,0% 0,0% 2,9% 1,1% 16,7% 6 cities

Sachsen-Anhalt 0,0% 0,0% 0,0% 0,0% 16,7% 3 cities

Schleswig-Holstein 0,0% 0,0% 5,8% 1,1% 0,0% 5 cities

Thüringen 0,0% 0,0% 0,0% 0,0% 22,2% 4 cities

Total 100% 100% 100% 100% 100% 185 cities

= Cities in a cluster are located in a specific federal state at least by 20%.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Total

A 1 5 1 0 0 7 cities

B 0 0 10 4 0 14 cities

C 0 1 13 5 3 22 city

D 0 0 32 31 15 78 cities

X 0 0 13 51 0 64 cities

Total 1 city 6 cities 69 cities 91 cities 18 cities 185 cities
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Table 13: Cluster Allocation and ABCDX-Segments (Complete Contingency Table) 

 
 

A-Cities B-Cities C-Cities D-Cities X-Cities

Cluster 1 Berlin

Hamburg Freiburg im Breisgau

München

Köln

Frankfurt am Main

Stuttgart

Düsseldorf Leipzig Augsburg Kassel Koblenz Fulda Ludwigsburg

Bremen Braunschweig Ludwigshafen am Rhein Hanau Kempten (Allgäu) Esslingen am Neckar

Dresden Kiel Oldenburg (Oldenburg) Tübingen Rosenheim Norderstedt

Hannover Aachen Ingolstadt Flensburg Friedrichshafen Sindelfingen

Nürnberg Lübeck Würzburg Villingen-Schwenningen Offenburg Rüsselsheim am Main

Bonn Mainz Fürth Gießen Passau Hürth

Münster Potsdam Wolfsburg Konstanz Neu-Ulm

Karlsruhe Osnabrück Ulm Lüneburg Göppingen

Mannheim Heidelberg Heilbronn Marburg Waiblingen

Wiesbaden Darmstadt Pforzheim Bamberg Baden-Baden

Regensburg Göttingen Bayreuth Langenhagen

Offenbach am Main Trier Landshut Bad Homburg v. d. Höhe

Erlangen Reutlingen Aschaffenburg Frechen

Dortmund Wuppertal Gelsenkirchen Remscheid Iserlohn Lippstadt Hilden

Essen Bielefeld Chemnitz Moers Lünen Herford Meerbusch

Duisburg Mönchengladbach Krefeld Siegen Marl Kerpen Hattingen

Bochum Saarbrücken Oberhausen Hildesheim Worms Dormagen Pulheim

Mülheim an der Ruhr Hagen Salzgitter Velbert Grevenbroich Menden (Sauerland)

Hamm Kaiserslautern Delmenhorst Herten Bad Salzuflen

Leverkusen Gütersloh Viersen Wesel Nordhorn

Solingen Witten Gladbeck Garbsen Lingen (Ems)

Herne Düren Dorsten Bergheim Neustadt a.d.W

Neuss Ratingen Rheine Schwäbisch Gmünd Ahlen

Paderborn Minden Troisdorf Unna Wolfenbüttel

Bottrop Neumünster Castrop-Rauxel Langenfeld (Rheinland) Wetzlar

Recklinghausen Wilhelmshaven Arnsberg Euskirchen Ibbenbüren

Bremerhaven Detmold Bocholt Stolberg (Rhld.) Willich

Bergisch Gladbach Lüdenscheid Celle Hameln Emden

Schweinfurt Dinslaken Eschweiler Gummersbach

Aalen Sankt Augustin Speyer

Magdeburg Halle (Saale) Zwickau Neubrandenburg

Erfurt Jena Dessau-Roßlau Frankfurt (Oder)

Rostock Cottbus Brandenburg a.d.H Stralsund

Schwerin Plauen Greifswald

Gera Weimar Görlitz

Cluster 2

Cluster 3

Cluster 4

Cluster 5
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Figure 5: Box-And-Whisker Plot – Rents and Purchase Prices  

 

Figure 6: Box-And-Whisker Plot – Rent and Price Affordability 

 


