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In our project, we analysed the correlation between theft-related crimes and various socio-economic factors, such as population tertiary education levels, income, and population size. Our goal was to determine how these factors influenced the prevalence of theft crimes across different regions. 
We collected data on crime rates related to theft, including burglary, larceny, and auto theft, and examined the educational attainment of the population, average income levels, and overall population sizes in those areas. Using statistical analysis methods, we looked for patterns and correlations to identify whether higher education, income levels, or population size were linked to increased or decreased theft rates.
Our findings reveal that the relationship between socio-economic factors and theft is more complex than it may first appear. In some regions with high education and income levels, theft rates remain elevated. This suggests that factors such as urban density, the concentration of wealth, and potentially the attractiveness of high-value targets may contribute to higher crime rates, despite favourable economic conditions. In other words, while education and income can deter crime, in densely populated or affluent areas, these benefits might be offset by increased opportunities for theft.
Overall, our project highlighted the importance of socio-economic factors in shaping crime patterns, offering valuable insights into how education and income levels can influence criminal activity. These findings could contribute to more effective crime prevention policies and social programs aimed at addressing the root causes of theft-related crimes.
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1. Data Analysis
We decided to start analysing how our variables are spatially represented using quantile maps for each variable. 5 quantiles were chosen as they provide more granularity than quartiles, and it helps us spot any spatial patterns and trends, detect possible outliers and highlight the relationships between the data and the demographic features.
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Fig. 1 – Quantile Total Population
Total population: This variable shows the total number of people within a given region. As seen in the picture, the regions which have a higher concentration of people are the metropolitan areas and the capitals of each country.
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Fig. 2 – Quantile Population % that attained tertiary education
The following variable deals with the percentage of people who have completed a tertiary level of education (university, college and other equivalents). We notice that the higher values may appear either in cities or in places where the number of people is not high. As such, it’s important to assess all of the variables that will be mentioned while accounting for the number of people in a given region
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Fig. 3 – Quantile Number of Robberies
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Fig. 4 – Quantile Number of Burglaries
We have decided to analyse two common offenses—robberies and burglaries—that might be influenced by regional education and income levels. In these quantile maps, overlapping hotspots indicate that both types of crimes tend to occur in similar areas. Wealthier areas possess more valuable targets and often have dense urban centres that naturally facilitate more crime opportunities. This suggests that while education plays a role, economic factors such as wealth concentration and population density are also significant drivers behind the incidence of these crimes.
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Fig. 5 – Quantile Unemployment Rate
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Fig. 6 – Quantile Income per Household
The unemployment rate is one of the measures used to understand both the economic situation and the quality of life that a citizen in a region experiences. As stated above, having issues finding a job may lead people to turn to a life of crime. Additionally, people prefer working higher income jobs, and those may be harder to find in an area with more individuals, and such some people may end up searching for jobs for a longer period of time.
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Fig. 7 - Quantile Inability to Afford a Meal with Meat, Chicken, Fish (or Vegetarian Equivalent)
This map illustrates the share of the population in each NUTS2 region that struggles to afford a meal containing meat, fish, or a vegetarian equivalent. Generally, we see clusters of an elevated inability to afford these meals in regions that face lower incomes, higher unemployment, or greater cost-of-living pressures. Overall, the map highlights pronounced socio-economic disparities across Europe, revealing how varying economic conditions and living standards can affect the basic nutritional opportunities available to different populations.
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Fig. 8 – Quantile Crude Rate of Net Migration
For our dataset, the crude net migration rate offers insights into regional attractiveness and economic dynamics. Regions with a positive rate likely draw new residents thanks to better job prospects, higher living standards, or more dynamic economic conditions. In contrast, areas with a negative rate may be experiencing economic stagnation or quality-of-life issues that prompt residents to leave.

2. Spatial Global and Local Analysis – Univariate 
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Fig. 9 - Moran’s I for Population % that attained Tertiary Education
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Fig. 10 – Permutation Test (999 perms.) for Population % that attained Tertiary Education
We have a significant (p-value = 0.002 < 0.05) low positive spatial autocorrelation (Moran’s I = 0.056), which shows similarities between the regions of the EU. If a region has a high percentage of population that attained tertiary education, then its neighbouring regions will also have a high percentage of population that attained tertiary education and vice versa.
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Fig. 11 – LISA Cluster Map Population % that attained Tertiary Education
We identify that most of the regions fall into the High-High category . This means that if a region has a high percentage of population that attained tertiary education, its neighbouring regions also have a high percentage of population that attained tertiary education, suggesting spatial spillover. In other words, areas with a high percentage of the population that attained tertiary education tend to cluster together.
The next group of regions is Low-Low. This pattern suggests the presence of spatial spillover as well, where certain regions are characterized by a low percentage of population that attained tertiary education and their neighbours also have a low percentage of population that attained tertiary education. This means that areas with a low percentage of the population that attained tertiary education tend to cluster together.
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Fig. 12 – Significance Map Population % that attained Tertiary Education
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Fig. 13 - Moran’s I for Number of Robberies
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Fig. 14 – Permutation Test (999 perms.) for Number of Robberies
We have a significant (p-value = 0.011 < 0.05) low positive spatial autocorrelation (Moran’s I = 0.016), which shows similarities between the regions of the EU. If a region has a high number of robberies then its neighbouring regions will also have a high number of robberies and vice versa.
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Fig. 15 – LISA Cluster Map for Number of Robberies
From local spatial autocorrelation, we identify that most of the regions fall into the Low-Low category (49 regions). This means that if a region has a low number of robberies, its neighbouring regions also tend to have a low number of robberies, suggesting the presence of spatial spillover. In other words, areas with a low number of robberies tend to cluster together. 
The next group of regions is Low-High (34 regions). This pattern suggests the presence of spatial disparities, where certain regions are characterized by a low number of robberies and their neighbours have a high number of robberies.
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Fig. 16 – Significance Map for Number of Robberies
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Fig. 17 – Moran’s I for Number of Burglaries
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Fig. 18 – Permutation Test (999 perms.) for Number of Burglaries
We have a significant (p-value = 0.017 < 0.05) low positive spatial autocorrelation (Moran’s I = 0.024), which shows similarities between the regions of the EU. If a region has a high number of burglaries then its neighbouring regions will also have a high number of burglaries and vice versa. 
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Fig. 19 – LISA Cluster Map for Number of Burglaries
From local spatial autocorrelation, we identify that most of the regions fall into the Low-High category. This means that if a region has a low number of burglaries, its neighbouring regions tend to have a high number of burglaries, suggesting spatial disparities. 
The next group of regions is High-High. This pattern suggests the presence of spatial spillover, where certain regions are characterized by a high number of burglaries and their neighbours also have a high number of burglaries. In other words, areas with a high number of burglaries tend to cluster together.
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Fig. 20 – Significance Map for Number of Burglaries
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Fig. 21 – Moran’s I for Unemployment Rate
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Fig. 22 – Permutation Test (999 perms.) for Unemployment Rate
We have a significant (p-value = 0.001 < 0.05) low positive spatial autocorrelation (Moran’s I = 0.144), which shows similarities between the regions of the EU. If a region has a high unemployment rate then its neighbouring regions will also have a high unemployment rate and vice versa. 
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Fig. 23 – LISA Cluster Map for Unemployment Rate
From local spatial autocorrelation, we identify that most of the regions fall into the Low-Low category (154 regions). This means that if a region has a low rate of unemployment, its neighbouring regions tend to also have a low rate of unemployment, suggesting the presence of spatial spillover. In other words, areas with low unemployment rates tend to cluster together.
The next group of regions is High-Low (72 regions). This pattern suggests the presence of spatial disparities, where certain regions are characterized by a high unemployment rate and their neighbours have a low unemployment rate.
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Fig. 24 – Significance Map for Unemployment Rate
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Fig. 25 – Moran’s I for Income per Household
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Fig. 26 – Permutation Test (999 perms.) for Income per Household
We have a significant (p-value = 0.015 < 0.05) low positive spatial autocorrelation (Moran’s I = 0.022), which shows similarities between the regions of the EU. If a region has a high income of households then its neighbouring regions will also have a high income of households and vice versa. 
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Fig. 27 – LISA Cluster Map for Income per Household
From local spatial autocorrelation, we identify that most of the regions fall into the Low-Low category (154 regions). This means that if a region has a low rate of unemployment, its neighbouring regions tend to also have a low rate of unemployment, suggesting the presence of spatial spillover. In other words, areas with low unemployment rates tend to cluster together.
The next group of regions is High-Low (72 regions). This pattern suggests the presence of spatial disparities, where certain regions are characterized by a high unemployment rate and their neighbours have a low unemployment rate.
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Fig. 28 – Significance Map for Income per Household
3. Spatial Global and Local Analysis – Bivariate
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Fig. 29 – Moran’s I for Population % that attained Tertiary Education and Number of Burglaries
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Fig. 30 – Permutation Test for Population % that attained Tertiary Education and Number of Burglaries
We have a significant (p-value = 0.007 < 0.05) low positive spatial autocorrelation (Moran’s I = 0.027) between the percentage of the population that attained tertiary education and the number of burglaries. If a region has a high percentage of the population that attained tertiary education then its neighbouring regions will have a high number of burglaries and vice versa. 
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Fig. 31 – LISA Cluster Map for Population % that attained Tertiary Education and Number of Burglaries
From local spatial autocorrelation, we identify that most of the regions fall into the High-High category (88 regions). This means that if a region has a high percentage of the population that completed tertiary education, its neighbouring regions tend to have a high number of burglaries. This pattern could reflect the presence of spatial spillover. This clustering may reflect broader urban and economic dynamics rather than a direct link between education and crime.
The next group of regions is Low-High (76 regions). This pattern suggests the presence of spatial disparities, where certain regions are characterized by a low percentage of the population that completed tertiary education and their neighbours have a high number of burglaries.
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Fig. 32 – Significance Map for Population % that attained Tertiary Education and Number of Burglaries

Analogous, for Population % that attained Tertiary Education and Number of Robberies.

Table 1


In this spreadsheet, we have the data that we collected and did an analysis on how the education level, the employment status and the income of people in a region can affect the crimes that occur in that region, focusing on theft-related crimes.
The column variables are the following: 
CNTR_CODE – Country Code;  NUTS2_ID - ID of the NUTS2 region; NUTS2_Name – Name of the NUTS2 Region;  Pop_T – Total Population of Each Region;  Pop%TrtEdu – Percentage Rate of Population that Attained Tertiary Education; Robberies – Number of Robberies; Burglaries - Number of Burglaries;  UnemplRate – Unemployment Rate; IncomeHouse – Income per Household;  InabMealMCF% - Inability to Afford a Meal with Meat, Chicken, Fish (or Vegetarian Equivalent); cRateNMig – Crude Rate of Net Migration

Bibliography (All data was collected from the year 2022):
Total population on 1 January by NUTS2 region: https://doi.org/10.2908/DEMO_R_D2JAN
Population by educational attainment level & NUTS 2 region (%): https://doi.org/10.2908/EDAT_LFSE_04
Police-recorded offences by NUTS 2 region (robberies & burglaries): https://doi.org/10.2908/CRIM_GEN_REG
Unemployment rate by NUTS2 region: https://doi.org/10.2908/TGS00010
Income of households by NUTS 2 region (balance): https://doi.org/10.2908/NAMA_10R_2HHINC
Inability to afford a meal with meat, chicken, fish (or vegetarian equivalent) every second day by NUTS region: https://doi.org/10.2908/ILC_MDES03_R
Crude Rate of Net Migration: https://doi.org/10.2908/TGS00099 
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Beyond The Map Dataset.xlsx
ceva

		CNTR_CODE		NUTS2_ID		NUTS2_Name		Pop_T		Pop%TrtEdu		Robberies		Burglaries		UnemplRate		IncomHouse		InabMealMCF%		cRateNMig

		BE		BE10		Brussels		1228655		53		4680		10187		11		30865		8		15

		BE		BE21		Prov		1890627		47		1460		8983		4		54838		2		6

		BE		BE22		Prov		888913		43		311		3091		3		23908		1		10

		BE		BE23		Prov		1545469		49		643		5911		2		47575		1		12

		BE		BE24		Prov		1173956		51		548		5992		3		40534		2		12

		BE		BE25		Prov		1210822		39		529		4062		2		34387		2		12

		BE		BE31		Prov		410619		60		227		2918		5		13284		7		6

		BE		BE32		Prov		1354667		34		1648		10899		10		29179		7		7

		BE		BE33		Prov		1116087		41		1618		8755		8		26116		5		8

		BE		BE34		Prov		294400		42		97		1645		4		7632		5		11

		BE		BE35		Prov		503408		43		365		3602		7		12893		5		11

		BG		BG31		Severozapaden		682036		18		62		559		6		2741		19		-30

		BG		BG32		Severen tsentralen		694972		26		52		486		5		3655		22		-75

		BG		BG33		Severoiztochen		827640		28		112		496		5		4057		17		-94

		BG		BG34		Yugoiztochen		953641		21		142		605		4		4119		27		-54

		BG		BG41		Yugozapaden		2018500		43		410		3507		3		18567		16		-20

		BG		BG42		Yuzhen tsentralen		1305695		22		124		573		2		5292		29		-57

		CH		CH02		Espace Mittelland		1907491		40		361		7562		3		74385		2		6

		CH		CH03		Nordwestschweiz		1191939		44		249		4324		4		84212		3		8

		CH		CH04		Zurich		1564662		55		557		7726		3		89965		1		7

		CH		CH05		Ostschweiz		1203715		39		199		3878		3		69921		1		10

		CH		CH06		Zentralschweiz		833178		44		76		2454		2		79089		1		8

		CH		CH07		Ticino		352181		39		39		1244		6		64312		2		8

		CZ		CZ01		Praha		1275406		51		255		5097		1		24641		3		61

		CZ		CZ02		Stredni Cechy		1386824		24		108		3125		1		19410		2		37

		CZ		CZ03		Jihozapad		1215754		21		126		2410		1		15834		7		35

		CZ		CZ04		Severozapad		1082108		15		239		2513		3		12816		7		25

		CZ		CZ05		Severovychod		1494671		22		127		1936		2		18534		2		27

		CZ		CZ06		Jihovychod		1688593		27		195		2916		1		22030		4		26

		CZ		CZ07		Stredni Morava		1195362		24		111		1278		2		14362		3		16

		CZ		CZ08		Moravskoslezsko		1177989		22		261		2886		4		13801		4		13

		DE		DE11		Stuttgart		4150949		35		1166		7612		2		144542		9		14

		DE		DE12		Karlsruhe		2812482		35		807		7146		3		90784		10		15

		DE		DE13		Freiburg		2285156		33		529		4994		2		72309		9		18

		DE		DE14		Tubingen		1876055		34		364		2763		2		61244		12		15

		DE		DE21		Oberbayern		4729243		42		782		6456		2		195352		7		15

		DE		DE22		Niederbayern		1253441		27		163		1221		2		38098		7		18

		DE		DE23		Oberpfalz		1116741		30		133		1313		2		34139		7		17

		DE		DE24		Oberfranken		1061929		27		144		1040		3		30850		8		17

		DE		DE25		Mittelfranken		1777143		33		416		3503		3		57584		7		18

		DE		DE26		Unterfranken		1320513		29		164		1288		2		40243		7		14

		DE		DE27		Schwaben		1917979		29		273		2258		2		60393		7		16

		DE		DE30		Berlin		3677472		48		4473		34919		4		102594		9		22

		DE		DE40		Brandenburg		2537868		29		1000		10543		3		63175		16		21

		DE		DE50		Bremen		676463		30		931		5777		5		18117		14		15

		DE		DE60		Hamburg		1853935		37		1819		11269		4		65233		8		20

		DE		DE71		Darmstadt		4026564		34		1838		13581		4		138328		11		17

		DE		DE72		Gieben		1050765		31		283		2312		2		28910		12		19

		DE		DE73		Kassel		1217688		25		429		3877		2		32503		16		20

		DE		DE80		Mecklenburg-Vorpommern		1611160		25		561		4843		3		35887		19		19

		DE		DE91		Braunschweig		1591424		32		607		5476		3		45485		14		17

		DE		DE92		Hannover		2149859		30		995		9673		3		60011		14		18

		DE		DE93		Luneburg		1731531		27		688		6864		2		49335		11		19

		DE		DE94		Weser-Ems		2554217		27		957		8029		2		68365		12		18

		DE		DEA1		Dusseldorf		5197679		28		3244		25191		3		152010		14		16

		DE		DEA2		Koln		4472956		34		2777		21871		3		136639		13		14

		DE		DEA3		Munster		2631237		27		1245		9626		3		72290		14		15

		DE		DEA4		Detmold		2057480		26		725		5854		2		59075		11		16

		DE		DEA5		Arnsberg		3565239		26		2127		14655		3		97297		16		14

		DE		DEB1		Koblenz		1503189		26		381		3232		2		42530		12		17

		DE		DEB2		Trier		536772		29		104		1041		3		15767		8		22

		DE		DEB3		Rheinhessen-Pfalz		2066524		32		778		6149		3		63251		9		14

		DE		DEC0		Saarland		982348		26		531		4259		3		24693		14		18

		DE		DED2		Dresden		1583267		34		662		8578		3		36651		8		16

		DE		DED4		Chemnitz		1402126		25		429		5771		2		30539		9		16

		DE		DED5		Leipzig		1057609		35		574		13402		3		25265		6		22

		DE		DEE0		Sachsen-Anhalt		2169253		25		1103		15430		4		47132		11		18

		DE		DEF0		Schleswig-Holstein		2922005		26		1215		13275		2		85206		8		16

		DE		DEG0		Thuringen		2108863		27		603		5999		3		47271		16		17

		DK		DK01		Hovedstaden		1867948		53		695		15913		4		73448		2		10

		DK		DK02		Sjaelland		843513		32		132		7042		3		27313		2		10

		DK		DK03		Syddanmark		1228362		34		232		10891		4		38134		1		9

		DK		DK04		Midtjylland		1341857		41		248		10061		4		43998		2		11

		DK		DK05		Nordjylland		591740		34		92		4285		4		18120		2		7

		EL		EL30		Attiki		3806550		45		2119		9342		10		52158		10		0

		EL		EL41		Voreio Aigaio		195229		26		5		147		11		2113		6		7

		EL		EL42		Notio Aigaio		327517		28		26		891		10		4450		7		-1																		:				2

		EL		EL43		Kriti		623633		28		19		375		12		6686		7		0

		EL		EL51		Anatoliki Makedonia, Thraki		560826		27		26		144		14		5391		10		6

		EL		EL52		Kentriki Makedonia		1790686		33		453		5388		14		19262		9		2

		EL		EL53		Dytiki Makedonia		253954		27		7		53		17		2778		5		-4

		EL		EL54		Ipeiros		319206		30		15		191		13		3288		2		7

		EL		EL61		Thessalia		686344		33		34		311		16		6737		6		1

		EL		EL62		Ionia Nisia		204081		18		8		195		12		2627		18		-2

		EL		EL63		Dytiki Ellada		646621		25		57		1020		12		5750		11		1

		EL		EL64		Sterea Ellada		507072		22		52		631		13		5151		14		2

		EL		EL65		Peloponnisos		538063		26		12		809		12		5570		13		2

		ES		ES11		Galicia		2692829		42		963		6306		11		40258		4		10

		ES		ES12		Principado de Asturias		1004960		43		392		1867		12		15378		3		9

		ES		ES13		Cantabria		585451		45		242		1865		9		9294		4		12

		ES		ES22		Comunidad Foral de Navarra		664514		48		422		1940		9		12991		3		21

		ES		ES23		La Rioja		319617		41		121		689		9		5474		2		23

		ES		ES24		Aragon		1328217		42		1195		3294		9		23989		1		25

		ES		ES30		Comunidad de Madrid		6743273		49		12626		21038		11		157662		4		15

		ES		ES41		Castille-Leon		2375586		39		710		6389		9		37708		3		10

		ES		ES42		Castilla-La Mancha		2058284		31		899		8446		14		29327		7		19

		ES		ES43		Extremadura		1056808		31		296		2466		17		13141		3		6

		ES		ES51		Catalonia		7761864		43		25049		33763		10		153669		5		30

		ES		ES52		Comunitat Valenciana		5108127		37		5663		22676		13		75600		3		30

		ES		ES53		Illes Balears		1187043		33		1272		4385		10		20291		7		-11

		ES		ES61		Andalusia		8511185		35		7335		27505		19		110683		8		9

		ES		ES63		Ciudad de Ceuta		83054		21		107		81		29		1218		13		5

		ES		ES64		Ciudad de Melilla		84932		34		121		126		25		1135		16		21

		ES		ES70		Canarias		2185609		36		1615		5825		17		29311		11		-14

		FI		FI1B		Helsinki-Uusimaa		1714741		50		1252		2239		6		56105		2		9

		FI		FI1C		Etela-Suomi		1146312		37		303		1685		7		27725		3		4

		FI		FI1D		Pohjois-ja Ita Suomi		1274599		38		355		1450		6		28028		1		2

		FR		FR10		Ile de France		12354286		55		28426		63279		7		430241		9		-3

		FR		FRC1		Bourgogne		1617846		34		577		7790		6		35677		9		1

		FR		FRC2		Franche-Comte		1179520		36		339		4661		5		26172		9		1

		FR		FRD1		Basse-Normandie		1473079		33		362		3993		6		30109		9		3

		FR		FRD2		Haute-Normandie		1854525		35		1635		7679		7		39827		10		0

		FR		FRE1		Nord-Pas de Calais		4071652		34		3475		21594		8		80961		11		-1

		FR		FRE2		Picardie		1919113		31		851		8813		9		40352		10		-1

		FR		FRF1		Alsace		1926824		40		934		5575		6		49778		9		3

		FR		FRF2		Champagne-Ardenne		1313987		28		670		6912		8		29980		11		0

		FR		FRF3		Lorraine		2323078		30		798		8447		6		54001		10		1

		FR		FRG0		Pays de la Loire		3878839		40		2069		19001		6		81550		8		6

		FR		FRH0		Bretagne		3414637		42		1424		11051		5		70630		8		7

		FR		FRI1		Aquitaine		3541984		41		2173		19143		6		76126		9		9

		FR		FRI2		Limousin		725672		35		197		2381		6		14783		9		3

		FR		FRI3		Poitou-Charentes		1830395		36		671		8241		7		36836		9		6

		FR		FRJ1		Languedoc-Roussillon		2920086		37		2365		16987		9		53089		11		9

		FR		FRJ2		Midi-Pyrenees		3147015		44		1928		16483		6		67690		9		8

		FR		FRK1		Auvergne		1368684		33		446		5939		7		29591		9		3

		FR		FRK2		Rhone-Alpes		6787078		46		6464		44042		6		170181		8		3

		FR		FRL0		Provence-Alpes-Cote d'Azur		5150362		41		6618		33645		6		118329		9		5

		FR		FRM0		Corse		350253		32		71		525		6		7219		11		10

		FR		FRY1		Guadeloupe		412671		24		699		1695		18		6789		14		-7

		FR		FRY2		Martinique		356930		29		489		1672		12		6840		14		-7

		FR		FRY3		Guyane		289876		22		1477		1483		13		3373		17		-12

		FR		FRY4		La Reunion		876409		24		464		1941		18		15482		15		-2

		HR		HR02		Panonska Hrvatska		1013572		17		80		1337		10		7642		9		-5

		HR		HR03		Jadranska Hrvatska		1296210		25		137		3885		6		10707		8		7

		HR		HR05		Grad Zagreb		766824		44		434		6947		5		9094		2		5

		HR		HR06		Sjeverna Hrvatska		785699		20		57		1218		4		6840		6		4

		HU		HU11		Budapest		1672443		55		175		5870		2		24367		8		-16

		HU		HU12		Pest		1315964		32		60		3341		2		13051		16		5

		HU		HU21		Kozep-Dunantul		1058909		22		27		2001		1		9808		10		8

		HU		HU22		Nyugat-Dunantul		979744		22		26		1805		2		8454		21		-9

		HU		HU23		Del-Dunantul		863057		22		31		1632		4		6405		13		0

		HU		HU31		Eszak-Magyarorszag		1101369		19		100		2257		6		7412		20		-1

		HU		HU32		Eszak-Alfold		1412540		20		65		2412		6		10296		14		-9

		HU		HU33		Del-Alfold		1206377		22		48		2202		4		9672		8		-4

		IE		IE04		Northern and Western		903853		49		52		1694		4		20259		0		36

		IE		IE05		Southern		1702333		50		225		3667		4		43597		1		38

		IE		IE06		Eastern and Midland		2548091		57		1127		11048		4		80535		1		36

		IT		ITC1		Piemonte		4256350		19		2060		13210		6		99376		6		6

		IT		ITC2		Valle d'Aosta		123360		19		12		623		5		2607		7		4

		IT		ITC3		Liguria		1509227		22		842		9659		6		32858		7		9

		IT		ITC4		Lombardia		9943004		21		6205		39864		4		269731		2		7

		IT		ITF1		Abruzzo		1275950		21		242		3600		9		21194		6		4

		IT		ITF2		Molise		292150		20		30		1006		10		4406		12		3

		IT		ITF3		Campania		5624420		16		4137		18094		17		73840		16		0

		IT		ITF4		Puglia		3922941		16		1078		11231		12		54614		9		0

		IT		ITF5		Basilicata		541168		17		54		1870		7		7839		11		0

		IT		ITF6		Calabria		1855454		16		211		3650		14		22567		17		0

		IT		ITG1		Sicilia		4833329		15		1439		14908		16		62687		9		0

		IT		ITG2		Sardegna		1587413		17		252		3024		11		23923		6		2

		IT		ITH1		Provincia Autonoma di Bolzano		532616		18		232		1567		2		15350		0		3

		IT		ITH2		Provincia Autonoma di Trento		540958		21		135		2043		3		12351		4		6

		IT		ITH3		Veneto		4847745		19		1570		16702		4		109686		3		5

		IT		ITH4		Friuli-Venezia Giulia		1194647		21		231		3101		5		27074		2		6

		IT		ITH5		Emilia-Romagna		4425366		22		2067		21932		5		111246		4		8

		IT		ITI1		Toscana		3663191		21		1765		16872		6		77913		4		7

		IT		ITI2		Umbria		858812		22		168		2003		7		16323		2		5

		IT		ITI3		Marche		1487150		22		267		3566		6		29795		3		5

		IT		ITI4		Lazio		5714882		26		2640		36940		7		126002		11		5

		LT		LT01		Sostines regionas		817950		62		153		450		4		14279		8		40

		LT		LT02		Vidurio ir vakary Lietuvos regionas		1988048		39		189		1191		6		22865		11		19

		NO		NO02		Innlandet		371253		39		18		569		3		57012		3		9

		NO		NO06		Trondelag		474131		47		36		789		2		79102		1		8

		NO		NO07		Nord-Norge		481926		42		20		304		2		67891		1		4

		NO		NO08		Oslo og Viken		1969057		51		471		2102		3		79321		2		13

		NO		NO09		Agder og Sor-Ostlandet		735966		42		118		810		3		71023		2		13

		NO		NO0A		Vestlandet		1392937		48		142		925		2		74632		1		8

		PL		PL21		Malopolskie		3320962		36		269		4372		2		30101		4		1

		PL		PL22		Slaskie		4273835		33		747		9370		2		41490		4		0

		PL		PL41		Wielkopolskie		3449874		28		248		4728		2		33183		3		0

		PL		PL42		Zachodniopomorskie		1598259		33		144		3601		2		14421		4		0

		PL		PL43		Lubuskie		958281		28		103		2921		2		7807		5		-1

		PL		PL51		Dolnoslaskie		2822229		36		488		10225		3		27814		2		1

		PL		PL52		Opolskie		902444		28		106		1938		2		7580		3		-1

		PL		PL61		Kujawsko-pomorskie		1954778		28		176		3146		3		16295		2		-1

		PL		PL62		Warminsko-mazurskie		1311843		28		136		2480		3		10674		5		-1

		PL		PL63		Pomorskie		2295510		38		263		5929		1		21100		4		2

		PL		PL71		Lodzkie		2359467		30		258		4854		3		22013		4		0

		PL		PL72		Swietokrzyskie		1142718		30		79		1353		3		9164		6		-1

		PL		PL81		Lubelskie		1962076		29		130		1683		4		15524		6		-2

		PL		PL82		Podkarpackie		1968616		30		118		1666		4		14764		6		0

		PL		PL84		Podlaskie		1089385		34		117		1427		2		8738		1		-1

		PL		PL91		Warszawski stoieczny		3256793		57		412		6372		2		45441		3		4

		PL		PL92		Mazowiecki regionalny		2222691		29		220		3188		3		20160		3		-1

		PT		PT11		Norte		3609978		25		2049		7655		5		41104		2		15

		PT		PT15		Algarve		469983		25		546		1824		5		6300		2		17

		PT		PT16		Centro (PT)		2252648		28		844		4531		5		26207		2		16

		PT		PT18		Alentejo		713376		22		248		1221		4		8842		2		21

		PT		PT20		Regiao Autonoma dos Azores		238794		16		126		562		6		3064		11		17

		PT		PT30		Regiao Autonoma da Madeira		252693		22		184		465		6		2922		7		13

		RO		RO11		Nord-Vest		2523549		18		268		3144		3		17765		20		6

		RO		RO12		Centru		2273344		18		227		2839		5		15983		28		7

		RO		RO21		Nord-Est		3221819		14		513		3667		6		15042		19		4

		RO		RO22		Sud-Est		2361624		14		403		5079		7		13526		24		3

		RO		RO31		Sud-Muntenia		2854809		13		210		3210		7		15232		22		3

		RO		RO32		Bucuresti-Ilfov		2268268		42		1113		6119		2		35749		15		11

		RO		RO41		Sud-Vest Oltenia		1869563		17		141		2121		8		9694		25		3

		RO		RO42		Vest		1669479		18		195		2965		3		13203		22		6

		SE		SE11		Stockholm		2415139		57		1826		17810		7		87628		2		6

		SE		SE12		Ostra Mellansverige		1752290		45		1078		12423		9		45584		2		6

		SE		SE21		Smaland med oarna		878580		40		284		5233		6		22462		2		4

		SE		SE22		Sydsverige		1561362		49		1089		12015		9		42216		3		6

		SE		SE23		Vastsverige		2085102		48		1298		15107		6		59505		2		6

		SE		SE31		Norra Mellansverige		859350		38		265		6402		7		20959		2		2

		SE		SE32		Mellersta Norrland		376247		42		97		2320		6		9386		1		2

		SE		SE33		Ovre Norrland		524256		43		114		2077		5		13848		1		4

		SI		SI03		Vzhodna Slovenija		1103787		35		70		3152		4		16678		4		6

		SI		SI04		Zahodna Slovenija		1003393		45		145		5119		3		16396		2		7

		SK		SK01		Bratislava		723714		47		44		717		2		13602		7		6

		SK		SK02		Zapadne Slovensko		1812542		24		75		1123		4		18658		13		0

		SK		SK03		Stredne Slovensko		1310511		26		69		898		6		14072		18		-1

		SK		SK04		Vychodne Slovensko		1587945		28		126		955		10		13794		20		-1
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