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1. INTRODUCTION 
 

 The political and economic changes at the 

beginning of the 1990s have brought about considerable 

changes in the spatial structure of Romania. The 

processes of economic privatisation, industrial 

restructuring, suburbanisation and out-migration have 

contributed substantially to the restructuring of the 

Romanian economic space [1], [2], [3], marked by 

increasing spatial, and socio-economic inequalities  [4], 

[5], [6].  

The severe economic decline in the 1990s, 

followed by a period of high economic growth (1999-

2008) have put their mark on the development of 

settlements and regions. While some regions have 

successfully adapted to the new challenges (the capital-

region of Bucharest, the metropolitan regions of Cluj, 

Constanţa, and Timișoara) others have faced a deep 

crisis (the rural peripheries, mining and heavy 

industrial regions) [7], [8]. Growing interregional 

income inequalities have also represented one of the 

main concerns of the EU Member States.  

Although the European Cohesion Policy 

specifically addresses the issue of regional inequalities, 

so far empirical research has shown its increasing 

tendency during the last two decades at sub-national 

level  [9], [10], [11], [12], [13]. Studies examining the 

convergence process in the European Union from a 

multidimensional perspective, before and after the 

accession period, at different territorial scales, have 

shown that economic growth has been much higher in 

Central and Eastern European (CEE) countries with a 

more homogenous spatial structure and a lower level of 

initial GDP per capita [14], [15], [16].  

This has also been the case of Romania, the 

country managing to achieve convergence at NUTS 1 

level (Nomenclature of Territorial Units for Statistics) 

with the EU average, although this was achieved at the 

cost of an increasing internal, sub-national divergence 

[17], [6].  
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Furthermore, the recent economic and 

financial crisis has aggravated the pre-existing regional 

problems even more [18], [19]. Although in the last 

decade a series of studies have dealt with the issue of 

regional disparities in Romania [20], [21], [22], there is 

a considerable research gap related to their exclusive 

focus on the NUTS 3 level (counties), mainly due to the 

lack of economic data on local level.  

This study aims to fill this gap by analysing the 

local income at NUTS 5 level (urban and rural 

settlements). More exactly, we will examine the spatial 

distribution and the global and local spatial 

autocorrelation of local income, using different 

exploratory spatial data analysis (ESDA) techniques 

[23]. 

In section 1 we briefly present the ESDA 

techniques highlighting the main characteristics of 

global and local Moran’s I as well as the Gi* statistic. 

Section 2 presents the main patterns of local income 

inequalities. Section 3 gives detailed empirical results 

for income per capita distribution, by computing the 

Getis-Ord Gi* statistic for the determination of high and 

low income level clusters.  

In this section we use Moran scatter plot in 

order to examine the existence of spatial 

autocorrelation, and Local Indicators of Spatial 

Association (LISA) for revealing spatial outliers or 

“atypical localizations”.  

The most important findings of the analysis 

will be outlined in the last section, dedicated for 

conclusions. 

 

2.  MATERIAL AND METHODS 
 

The analysis of spatial inequalities in Romania 

was based on existing territorial statistical data 

obtained from the Romanian National Institute of 

Statistics (INS), including the 2011 Census, the Tempo 

Online database as well as the database obtained from 

the Regional Directorates General of Public Finance 

(ANAF) [24], [25].  

The latter represents the core database of our 

analysis, namely the income of local public 

administration (cities and communes) in 2013. We 

outline the distinctiveness of this data set, as generally 

GDP per capita or household incomes are used as 

income variables. In Romania, neither GDP per capita 

nor household incomes are calculated at NUTS 5 level.  

Local incomes in Romania are divided into two 

different categories: taxes and fees collected by the local 

authority (including grants from central budgets) and 

fees collected by each local public service provider. 

Monthly, the local public administration authorities get 

the majority of financial resources directly from the 

National Fiscal Administration Agency, which is 

responsible with collecting the major taxes (income tax, 

VAT, corporate tax etc.).  

Taxes administrated by local authorities are 

mostly property taxes (on buildings, lands and cars) 

and authorizations in construction [26]. Overall, these 

databases enable us to use data on all incomes 

generated at local level corresponding to the EU NUTS 

5 level, represented by 2,861 communes and 320 cities. 

The incomes represented by local taxes and revenues 

collected from individuals and companies is a good 

approximation of the locally generated economic 

output. At the same time, it is the only way to estimate 

local incomes in Romania.  

The identification and delineation of spatial 

clusters of the income per capita distribution was based 

on the use of ESDA. The most interesting feature of 

spatial autocorrelation is its ability to analyze location 

and attribute information at the same time [27]. Spatial 

autocorrelation tests whether the value of an observed 

variable is independent of the values of the same 

variable in neighbouring settlements [28].  

The most prominent authors in exploring and 

using spatial autocorrelation were [29], [28] who have 

developed Moran’s I statistic for measuring (global) 

spatial autocorrelation [30] (Eq. 1). 
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where:  

I – global Moran’s;  

I,xi  – value of the monitored variable in unit i; 

i, xj  – value of the monitored variable in unit j;  

j, x with stripe – arithmetic average of the 

monitored variable;  

wij –  generic element of contiguity matrix.  

 

The concept of contiguity can be defined as a 

generalized matrix of W weight, usually symmetrical, 

representing the pattern of connections or ties and their 

intensity [31], where wi weightsj denote the effect of the 

territorial unit on unit i. In this study, a dichotomy 

matrix of contiguity was used where wij = 1 if the i area 

touches the boundary of j area, otherwise wij = 0.  

The weighing matrix is row standardized, and 

the weights are defined as: 
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The row standardization has two important 

implications, namely: it implies equal weights across 

neighbours of the same settlement and it implies that 

the sum over all elements of the row-standardized 
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weight matrix )(w
s

ij
is equal to the total number of 

observations (N) (Eq. 2).  

 

Therefore, the equation can be rewritten as: 
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The appropriate or most adequate choice of 

the spatial weight matrix is one of the most difficult 

methodological issues in ESDA techniques, as the final 

results depend on using contiguity weights or distance 

weights. In the analysis we compared both of them, 

applying 1, 2, 3 and 4 queen contiguity weights against 

to k-nearest distance weight.  

The closer the value of Moran’s I to -1 or +1, 

the stronger the spatial autocorrelation. While global 

Moran’s I measures the spatial autocorrelation as a 

whole, suggesting that the spatial pattern of the 

analyzed index we observe is not random, LISA allows 

us to quantify the degree of spatial autocorrelation at 

each specific location and also indicates the atypical 

localizations  [32] (Eq. 3). 
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A high positive local Moran’s I value indicate 

that the location under study is surrounded by locations 

with similar values of the observed variable. This 

location is then part of the cluster, which includes high-

high clusters (high values in a high value 

neighbourhood) and low-low clusters (low values in a 

low value neighbourhood).  

On the other hand, the negative value of local 

Moran’s I means that the analyzed location is a spatial 

outlier, which includes high-low clusters (high values 

are surrounded particularly by low values) and low-high 

clusters (low values are mainly surrounded by high 

values) [32].  

A second way to examine the spatial pattern of 

the data is by using the Getis and Ord Gi* statistic. This 

way, we check if the spatial cluster patterns detected 

with the LISA method are confirmed by this second 

method, as well.  

In addition, unlike the Moran’s I statistic, 

which is a kind of correlation coefficient between 

observed values and locations, comparing if the value 

for each observation is similar to those that neighbour 

it, the Gi* statistic measures the concentration of a 

spatially distributed variable comparing local averages 

to global averages. This index is calculated as follows 

(Eq. 4): 
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where: xj is the attribute value for feature j; wij 

is the spatial weight between feature i and j; n is equal 

to the total number of features and: (Eq. 5, Eq. 6). 
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The Gi* statistic is a z-score so no further 

calculations are required. The resultant z-scores and p-

values tell us where features with either high or low 

values cluster spatially. This tool operates by addressing 

each feature within the context of neighbouring 

features. If large values of the examined variables are 

clustered close to region I, then Gi* will be large as well 

(hot spot).  

The local sum for a feature and its neighbours 

is proportionally compared to the sum of all features. 

When the local sum is very different from the expected 

local sum, and the difference is too large to be the result 

of a random chance, a statistically significant z-score 

results.  

For statistically significant positive z-scores, 

the larger the z-score, the more intense the clustering of 

high values (hot spot). For statistically significant 

negative z-scores, the smaller the z-score, the more 

intense the clustering of low values (cold spot).  

This means that Gi* statistic shows solely 

positive spatial correlation; ‘high-high’ clusters are 

indicated by positive spatial correlation, and ‘low-low’ 

clusters by negative ones. Therefore, the Gi* statistic is 

a good way to detect clusters of high and low income 

level, to delimit centres and peripheries in a region and 

to examine the persistence of spatial disparities. 

The main advantage of using the LISA, Getis 

and Ord Gi* statistic over other methods of regional 

inequalities measurement consists in the fact that they 

are able to identify spatial clusters where incomes of 

neighbouring spatial units are highly autocorrelated. 
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This means that there is a high and significant spatial 

interaction inside each detected spatial cluster.  

The values resulted from the spatial 

autocorrelation analyses were calculated and illustrated 

with the help of the GeoDa Software version 1.6.2 and 

are explained in the section 3.3, more thoroughly. 

 
3. RESULTS AND DISCUSSION 
 

3.1. Overview on urban-rural inequalities: 
challenges and consequences 
 

With 9,262,851 inhabitants living in rural 

areas (46% according to the 2011 Census) covering 

207,522 km2 (87.1%), Romania has one of the largest 

rural peripheries of the EU, after France, Germany, 

Poland and Italy [33]. The rural population is far from 

being equally distributed, some regions holding higher 

shares (South-Muntenia 58.6%, North-East 56.8% and 

South-West Oltenia 51.9%) or a higher density like 

North-East region (63.2 inhabitants/km2), in contrast 

with the western part of the country where the density 

of the rural population is just of 26.5 inhabitants/km2. 

Taking into consideration the quality of life of 

the rural population, Romania has the highest incidence 

of rural poverty in Europe (over 70%), and one of the 

largest gaps in living and social standards between rural 

and urban areas [20]. In 2010 the absolute poverty rate 

was four times higher in rural than in urban areas. 

Furthermore, the gap between the two areas has also 

tended to deepen in the last years: in 2000 the absolute 

poverty in rural areas was less than two times higher 

than in urban areas, while in 2010 it was already four 

times [34]. One of the main reasons for rural poverty in 

Romania is the low education level and the relatively 

high rate of illiteracy [34], [35], [36].  

According to the 2011 Census, only 4.7% of the 

stable population (10 years and older) living in rural 

areas has had a university degree (the percentage was 

22.4% in urban areas) while more than 3% has had no 

education whatsoever, 1.4% being illiterate.  

According to the 2011 Census, 62.1% of 

households had access to running water, while the 

situation is even more critical in the case of the 

sewerage system, only 42% of rural households having 

access to the sewage network, while in the urban 

environment this index is 94.1%.  

The average Romanian income level in 2011 

has had a median equalized income of 2037 Euro, 

which was the smallest value in the EU and around ten 

times lower than that of some developed western 

countries [37].  

As we could expect there is also a large gap 

between urban and rural income levels: in 2011, the 

average income for urban households was 33.4 % 

higher than that of rural households. One of the most 

frequently used methods of measuring income 

inequality is the Lorenz Curve and Gini Coefficient. The 

Lorenz curve for Romania – reaching a convex sharp – 

shows that the “poorest” 10% of the population get only 

3% of total incomes, or that the poorest 90% got about 

71% of total income, implying that the remaining 29% 

of income goes to the richest 10% of the population 

(Fig. 1). 

 
 

Fig. 1. The Lorenz curve for Romania, 2013 (source: 

[25]. 

 

In 2013 the income quintile ratio (S80/S20) 

was 6.7, which ranks Romania first in the EU 28 with 

the most unequal income distribution along with 

Greece (6.6), Spain and Latvia (6.3) and Lithuania (6.1) 

[37].  

A second very convenient summary measure of 

the relative degree of income inequality in a country can 

be obtained with the Gini-coefficient. In the case of 

Romania, the Gini coefficient in 2013 was 36.9% 

representing one of the highest values after 2007, when 

it reached 37.5%.  

Considering a larger period of time, income 

inequality grew to a high extent. If in early nineties 

Romania was characterized by a low level of inequality 

(22.7%), after only a decade of transition, parallel with 

the starting economic growth, the Gini-coefficient 

registered a slight increase, reaching a value of 35.3% 

one of the highest value in the early years of the 21st 

century. Usually the Gini-coefficient maintained a very 

high level all through the time of economic growth 

which strengthens those basic thoughts of equity that 

economic growth does not necessarily bring social 

welfare. Only in 2008 the Gini-coefficient started to 

decrease when Romania entered to economic recession 

as a consequence of the global economic crises. 

However, this short break has no major consequences 

on the overall evolution of the Romanian income 

distribution (Fig. 2).  

In most cases subsistence agriculture carried 

out by individual farmers on fragmented lands 

represented one of the most important sources of 

household/individual budget protecting also some 

family from poverty and decreasing at the same time 

income inequality [38]. 
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Fig. 2. Distribution of per capita household net 

income: Gini index 1990-2013 (source: [37]). 

3.2. Spatial clusters of local income 
 

Table 1 displays some statistical distributions 

of income per capita. There is an important uneven 

distribution of income per capita among the 

development regions of Romania. Well above the 

national average of 569 Lei per capita are the Capital 

region and the West (Banat) Development Region. In 

general, there is a clear west-east gradient in income 

distribution with the exception of Bucharest-Ilfov. This 

situation is reflected on the level of settlements as well.

 

Table 1. Distribution of income per capita categories for 2014 (in lei) at the level of development regions and settlements. 

 
< 300 300-500 500-700 700-1000 >1000 

Regions 
Aver
age 
(lei) No. (%) No. (%) No. (%) No. (%) No. (%) 

Total 

North-East 
Moldova 

339 324 58.8 162 29.4 36 6.5 29 5.3 11 2.0 551 

South-East 
(Black Sea) 

556 78 18.5 151 35.8 68 16.1 93 22.0 32 7.6 422 

South-
Muntenia 

503 117 19.6 237 39.8 133 22.3 79 13.3 30 5.0 596 

South-West 
Oltenia 

452 117 25.3 239 51.6 46 9.9 46 9.9 15 3.2 463 

West Banat 902 18 4.6 66 17.0 89 22.9 150 38.7 65 16.8 388 

North-West 
Transylvania 

579 38 7.8 212 43.5 86 17.7 109 22.4 42 8.6 487 

Centre 
Transylvania 

715 8 1.7 136 28.3 119 24.8 151 31.5 66 13.8 480 

Bucharest-
Ilfov 

1837 0 0.0 1 1.4 0 0.0 38 55.1 30 43.5 69 

Romania 569 700 100.0 1204 100.0 577 100.0 695 100.0 291 100.0 3456 
Source: own calculations based on the data provided by Regional Directorates General of Public Finance [25]. 

 

While in North-East Moldova almost 60% of 

the settlements have earned an income per capita well 

below the national average and, therefore, can be 

categorized as poor, the same category contains only 

4,6% of the settlements in West (Banat) and even no 

single settlement in the Capital region of Bucharest-

Ilfov. This situation reflects the existing of deep multi-

scalar income inequalities, seen in recent studies as an 

important obstacle for economic growth [39]. 

To our knowledge, Figure 3 displays the spatial 

distribution of NUTS-5 level income per capita in 

Romania for the first time in the literature. The most 

striking picture is of important disparities among 

different parts of the country, particularly between the 

eastern and western regions. Income levels in the 

eastern and southern periphery – covering the 

development regions North-East Moldova, South-West 

Oltenia and South-Muntenia – are typically half or less 

than half of the Romania average (569 Lei/capita, 

around 129 Euro/capita).  

Figure 3 also demonstrates that settlements 

with similar income levels cluster together: settlements 

with high (low) income are localized close to other 

settlements with high (low) income. The highest 

concentration of low-income settlements can be 

observed in the eastern and south-eastern parts of 

Romania. This category comprises 695 settlements 

(21.8% of the total), including also some settlements 

which have recently changed their status from rural to 

urban. The only exceptions to this general picture are 

the suburban settlements with better job opportunities 

and quality of life (Table 2).  

Settlements with the highest income per capita 

are concentrated in the agglomeration area of 

Bucharest, the southern and north-western part of the 

historical region Transylvania, and on the south-

western border region (West Banat) along with areas 

close the Black Sea Coast (south-eastern part of 

Romania).  

Overall, the spatial distribution of local income 

per capita in Romania shows the importance of 

geographical position and proximity, suggesting the 

existence of strong spatial interactions and significant 

spatial autocorrelation. Therefore, we further test for 

inequality in the spatial distribution of local income 

using the Moran’s I index. Taking into consideration the 

geographical configuration, size and shape of the 

analysed spatial units (NUTS-5), we have tested 
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different spatial weight matrices and found highly 

robust results. Table 2 offers a detailed picture on 

income distribution for settlement categories. There is 

an important income gap between urban and rural 

settlements, while the situation of suburban 

settlements. While around 75% of urban settlements 

have an income per capita above the national average, 

only around 33% of rural settlements are in the same 

situation.  

The situation of the suburban settlements - 

which has profited from the increasing suburbanisation 

process – is better, around 60% of the settlements from 

this category having income levels higher than the 

national average. 

 
Fig. 3. Spatial distribution of income per capita (source: Regional Directorates General of Public Finance, 2013) [25]. 

 

Table 2. The distribution of income per capita at settlements and settlement categories. 

 
< 300 RON 300-500 RON 500-700 RON 700-1000 RON >1000 RON Category of 

settlements No. (%) No. (%) No. (%) No. (%) No. (%) 
Total 

Urban 15 4.7 48 15.0 79 24.7 100 31.3 78 24.4 320 

Suburban 17 10.5 46 28.4 33 20.4 23 14.2 43 26.5 162 

Rural 668 24.8 1108 41.2 465 17.3 281 10.4 169 6.3 2691 

Total 700 22.1 1202 37.9 577 18.2 404 12.7 290 9.1 3173 
Source: own calculations. 

 

3.3. Spatial patterns of income distribution 
 

3.3.1. Spatial Autocorrelation of income per 

capita in Romania – The Global Spatial 

Autocorrelation 
 

The main question addressed in this section 

is whether the observed pattern of income inequalities 

in Romania is similar to other spatial patterns or not. 

If there is a tendency, for example, that NUTS 5 spatial 

units with low (high) income level tend to be 

surrounded by NUTS 5 units with low (high) income 

level, or vice-versa, this would indicate a positive 

spatial autocorrelation [40]. The GeoDa software 

allows us to build a Moran Scatter plot with the 

calculation of Moran’s I [32] (Eq. 1). In order to 

calculate and compare the Moran’s I we used four 

spatial weights based on the queen contiguity and k-

nearest neighbours’ structure from the first to the 

fourth spatial lag order. In the significance filter, the 

value of p was determined as 0.05 and the software 

was using the permutation test in order to delimit the 

significant spatial units.  
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Thus, the number of permutations was set at 

999. The graph represents the distribution of the 

statistical units of the analysis (Fig. 4). 

As Figure 4 shows, the value of Moran’s I 

calculated for the income level is higher (0.33) using the 

k-nearest neighbour distance weight than the Queen 

contiguity weight (0.29). Since the value is higher than 

zero, it suggests a positive spatial autocorrelation for 

the analyzed variable, which means that settlements 

with relatively high (respective low) per capita income 

are localized close to other areas with relatively high 

(respective low) per capita income. Thus, we could 

reject the null hypothesis as the p value is statistically 

significant (p = 0.0001) and the z-core is positive (14.82 

respectively 27.6). In fact, analyzing the results of 

Moran’s I statistic, the income variable present a 

positive association between the original value and 

spatially lagged version in the case of all spatial weight 

taken into consideration (Table 3).  

Global Moran’s I statistic does not exactly 

show us the settlements characterized with a high (low) 

income level, but rather suggests that the spatial 

pattern of the analyzed variable is not random – there is 

more similarity by location than would be expected if 

the pattern was random [40]. Therefore in the next 

section we concentrate on the analysis of Gi* statistic 

and LISA index.  

 
Fig. 4. Moran Scatter Plot for measuring income level (left k1-nearest neighbour weight, right queen 1 contiguity weight). 

 

Table 3. Global spatial autocorrelation (Moran’s I)*. 
  

Ln Income (t) 
K-nearest (k = 1) 0.335012 Queen first 0.292993 
K-nearest (k = 2) 0.338852 Queen second 0.206477 
K-nearest (k = 3) 0.338243 Queen third 0.164334 
K-nearest (k = 4) 0.320836 Queen fourth 0.136786 

*The calculation was carried out using the Geoda software. 

 

3.3.2. Spatial Autocorrelation of income per 

capita in Romania – The Gi* statistic and LISA 

index 
 

One of the most interesting feature of Gi* 

statistic is its ability to detect clusters of high and low 

values of the index taken into consideration. Using Gi* 

statistic (Eq. 4) at 5% significance level, Figure 5 shows 

almost the same picture as in the cross-sectional 

analysis of income level, detecting significant local 

clusters of high values around the capital, Bucharest, in 

the southern and north-western part of Transylvania, in 

West Banat, and in the Black Sea region. 

Local clusters of low values comprise the 

poorest rural areas: almost the entire region of North-

East Moldova and large portions of the region South-

West Oltenia. Overall, these results reveal the existence 

of strong spatial inequality among the Romanian 

settlements. Taking into consideration the significant 

high and low values (in total 901 settlements) 32.6% of 

the settlements belong to core areas while the rest of 

67.4% can be considered as peripheries. The Local 

Indicator of Spatial Association (LISA) - applying queen 

1 contiguity weight - also allows us to consider local 

effects and identifies pockets of spatial outliers or 

atypical localizations. In contradiction to the Gi* 

statistic based cluster map, the LISA index identifies all 

four cluster types (Table 4), offering more details on the 

spatial patterns of economic interaction. Appendix 1 

presents the LISA significance map for the income per 

capita in 2013 using and comparing all the 4-4 weights 

mentioned before. In fact the spatial patterns of the 

clusters are almost the same, however – different from 

the results of Global Moran’s I – using contiguity 
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weights we got a much comprehensive picture on the 

existing spatial relationships. This could be attributed 

to the way/algorithm each weights are created: while 

the k-neighbour weight is based on the distance 

between the points, the queen contiguity weight is 

based on the common borders. As we could observe the 

local income distribution in Romania is spatially 

differentiated and autocorrelated. The results suggest 

the appearance of the same centre-periphery model, 

and the high persistence of spatial inequality among the 

Romanian settlements as we have demonstrated with 

the help of Gi* statistic. Appendix 1 and 2 show that 

settlements from the low-low clusters are concentrated 

mainly in the eastern and south-western parts of the 

country. These results are in accordance with the spatial 

patterns of GDP per capita and HDI distribution at 

NUTS 3 level, as revealed in a recent study [41]. In 

contrast, high-high clusters can be found in the 

immediate surroundings of the already mentioned large 

urban areas: Bucharest, Constanţa, Sibiu, Timișoara 

and Cluj. 

A particular interest for us was related to the 

association of spatial outliers (HL and LH types) to 

certain spatial structures (Table 5). 

 
 
Fig. 5. Cluster map for income per capita, using Gi* statistic (left) and LISA index (right). 

 
Table 4. Cluster types identified with Gi* and LISA. 

  

              Gi* statistic                LISA index Cluster type 
No. of settlements (%) No. of settlements (%) 

High-High 294 32.6 258 28.5 

Low-Low 607 67.4 577 63.7 

Low-High - - 38 4.2 

High-Low - - 33 3.6 

Total 901 100 906 100 
*The calculation was carried out using the Geoda software. 
 

 
Table 5. The correspondence between Local Moran’s I clusters and spatial structure typology. 

 

Cluster Interpretation Type of spatial structure 

High-high 
NUTS 5-areas and their neighbours register income per capita 
values significantly above the national average 

Fragmented spatial structure, establishment 
of a large core region 

High-low 
NUTS 5-areas have income per capita significantly above the 
average, while their neighbours register values significantly below 
the national average 

Polarized spatial structure, with one 
dominant core area 

Low-high 
NUTS 5-areas have income per capita significantly below the 
average, while their neighbours register values significantly above 
the national average 

Spatial structures with reversed polarization 

Low-low 
NUTS 5-areas and their neighbours register income per capita 
significantly below the national average 

Fragmented spatial structure, establishment 
of a large peripheral region 

Source: [41]. 

 
Settlements with polarized spatial structures 

(high-low clusters) can be usually found in the already 

mentioned core regions, all of them (with one 

exception) being situated within rural areas.  

On the other hand, a completely reverse 

situation can be observed in the case of the low-high 

clusters, defined as areas with reversed polarization - 

these are usually small and medium size cities with 

lower income levels, surrounded by rural areas with 

higher income levels.  

The polarized spatial structures presented 

above are representative for the less developed regions 
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of Romania, where urban centres with high income 

level are surrounded by large rural areas with low 

income levels. 

 

4. CONCLUSION 
 

This paper is based on the application of 

spatial autocorrelation techniques for measuring the 

spatial differentiation of local, NUTS 5-level income in 

Romania. In particular, we applied both the Global 

Moran’s I statistic, as well as the LISA and Gi* statistic 

in order to demonstrate in a multitude of ways the 

existence of spatial autocorrelation for the income per 

capita. By applying the LISA index on the spatial 

distribution of income per capita, we tested and 

compared two different methods of weights with several 

orders (in the case of queen contiguity weight) and 

numbers (in the case of k-nearest neighbour distance 

weight) in order to identify much accurately 

homogenous, well defined spatial clusters. Specifically, 

we used spatial statistics to define the core areas and 

peripheries in Romania.  

Our findings are in line with the results of 

other studies using different methods [42], [43]. The 

additional value of our paper is related to the high 

spatial resolution of the identified spatial income 

patterns. Another important contribution of our paper 

is represented by the mapping of local income 

distribution, which provides more empirical evidence 

for public authorities. This way, spatial planning 

policies can more precisely identify their areas of 

intervention for the design and implementation of a 

range of development targets. 

The literature reveals multiple factors behind 

the geographical clustering of income [12]: 

socioeconomic interaction among neighbouring spatial 

units through knowledge spillovers, commuting, 

economies of scale, transfer payments, national policies 

or socio-cultural characteristics. Our study confirms 

that geographical location is important for the income 

performance of settlements. Especially areas that are 

close to the international and national market centres 

are in a more favourable situation. In addition, we 

proposed a new interpretation for the identified clusters 

by combining the typology of the clusters with specific 

spatial structures. In the future, this interpretation can 

fuel the theoretical discussions on spatial polarisation 

and peripheralization, offering methodological rigour, 

which is absent in the main literature on this topic. 

More exactly, the cluster typology developed in our 

study allows for the designation of peripheral areas at a 

very high spatial resolution (NUTS 5). Its main 

weakness is that the identified clusters cannot offer an 

explanation on the causal factors determining the 

evolution of peripheral areas. In addition, the cross-

sectional character of the data set imposes a further 

limitation for the study. We assume that the use of 

longer time series would result in a modified spatial 

configuration of core areas and peripheries. To 

overcome this limitation we employed two different 

methods to give more robustness to the identified 

spatial clusters. However, further efforts should be done 

in the future to determine the public availability of 

financial data, which in turn would enable a better 

tailoring of spatial planning policies addressing 

questions of economic and social backwardness. 

The used ESDA technique revealed significant 

positive global spatial autocorrelation: areas with 

relatively high (respectively low) per capita income are 

localized close to other areas with relatively high (low) 

per capita income. In this sense, the most extended 

peripheral areas (low-low clusters) are located in the 

eastern and south-western parts of the country which 

comprise the entire region of North-East Moldova, the 

northern part of Transylvania, and partially South-

Muntenia and South-West Oltenia regions. From this 

strongly polarized spatial structure (high-low clusters) 

dominated by large peripheries (mostly rural 

settlements) a few developed core areas emerge, most of 

them being small and medium size cities.  

On the contrary, the most extended core areas 

(high-high clusters) are concentrated around six large 

urban centres: Bucharest, Constanţa, Brașov, Sibiu, 

Timișoara and Cluj-Napoca. Moreover, the analysis 

suggests the importance of geographic location and 

proximity as a causal factor of income distribution: high 

income level in one settlement is influenced by high 

income level in the neighbouring settlements (and vice-

versa) and any other changes in the evolution of the 

income will greatly influence the same changes in 

values in other locations. But further investigations are 

needed to demonstrate that proximity is a causal factor 

of income distribution. 
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APPENDIX 1. MORAN’S I STATISTIC 
 

1.1. Cartogram of spatial clusters representing per capita income using Lisa index and applying k-nearest 

neighbour from first to fourth order at 0,01 significance level (left) and 0,05 significance level (right). 
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1.2. Cartogram of spatial clusters representing per capita income using Lisa index and applying queen contiguity 

from first to fourth order with 0,01 significance level (left) and 0,05 significance level (right). 
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APPENDIX 2. GI* STATISTIC 
 

2.1. Cartogram of spatial clusters representing per capita income using Gi* statistic and applying k-nearest 

neighbour from first to fourth order with 0,01 significance level (left) and 0,05 significance level (right). 
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2.2. Cartogram of spatial clusters representing per capita income using Gi* statistic and applying queen 

contiguity from first to fourth order with 0,01 significance level (left) and 0,05 significance level (right). 
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