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REGIONAL SOCIOECONOMIC ASSESSMENTS WITH A GENETIC ALGORITHM. AN 

APPLICATION ON INCOME INEQUALITY ACROSS MUNICIPALITIES 

 
 

Abstract 

Available data to depict socioeconomic realities are often scarce at the municipal level. 

Unlike recurring or continuous data, which are collected regularly or repeatedly, 

nonrecurrent data may be sporadic or irregular, due to significant costs for their 

compilation and limited resources at municipalities. To address regional data scarcity, 

we develop a bottom-up top-down methodology for constructing synthetic 

socioeconomic indicators combining a genetic algorithm and regression techniques. We 

apply our methodology for assessing income inequalities at 178 municipalities in Spain. 

The genetic algorithm draws the available data on circumstances or inequalities of 

opportunities that give birth to income disparities. Our methodology allows to mitigate 

the shortcomings arising from unavailable data. Thus, it is a suitable method to assess 

relevant socioeconomic conditions at a regional level that are currently obscured due to 

data unavailability. This is crucial to provide policymakers with an enhanced 

socioeconomic overview at regional administrative units, relevant to allocating public 

service funds.  

 

Keywords: Income inequality; Inequality of opportunities; Genetic algorithm; 

Socioeconomic indicator; Data scarcity; Municipalities 
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1. Introduction 

Technological developments and the evolution of political, cultural, and environmental 

contexts are giving rise to continuously changing socioeconomic realities that demand 

close monitoring by policymakers and economic agents. This has elicited the creation of 

numerous social indicators (Espina & Arechávala, 2013; González et al., 2011; Somarriba 

& Pena, 2009) for different regions to enable optimal decision-making to maximise social 

welfare. However, the scarcity of socioeconomic data, which is particularly pressing for 

local administrative units, even in developed countries (Bannor & Oppong-Kyeremeh, 

2018; Dan & Lanjouw, 2021; Pandeya et al., 2016; Sanogo, 2019), obscures the 

identification of social grand challenges in 'left behind places' (Pike et al., 2023). 

The issue of socioeconomic data scarcity manifests in various forms. Not only may data 

be lacking, but existing data may reflect past conditions (as with lagging indicators), 

encounter publication delays, or be unavailable at a high frequency (Dang et al., 2019). 

This is even more consequential for composite indicators on socioeconomic realities 

that rely on the timely availability of base indicators for their estimation. At the 

municipal scale, critical socioeconomic data are frequently either non-existent or 

published at irregular frequencies due to the significant administrative costs of their 

compilation (Bannor & Oppong-Kyeremeh, 2018; Sanogo, 2019). Consequently, there is 

a lack of recurrent socioeconomic indicators at this granularity, contributing to the 

scarcity of research below the national or regional level (Aiyar & Ebeke, 2020; Brunori 

et al., 2018; Checchi et al., 2016; Marrero & Rodríguez, 2012; Ramos & Van de gaer, 

2021) and the barriers faced by policymakers in allocation decisions towards 

municipalities (Bennett & Lemoine, 2014; Millar et al., 2018). 

Although extant literature offers various correction methods for addressing missing data 

or specific data points absent within a dataset (Brunori et al., 2018, 2022), it remains 

challenging to effectively address the issue of nonrecurrent data, which is non 

consistently or regularly collected. This paper presents a bottom-up top-down (BUTD) 

methodology to assess social challenges in data-scarce contexts. This approach enables 

the development of synthetic socioeconomic indicators using a genetic algorithm and 
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regression techniques when the required data are unavailable. We apply the BUTD 

methodology to develop a recurrent indicator of relative income inequality, generated 

recursively with real-time data. While income inequality is commonly assessed through 

well-established indicators such as the GINI or the 80/20 poverty ratio, such 

measurements are seldom recurrently available at the municipal level. Measuring 

income inequality across local administrative units is highly relevant, given that 

municipalities rely primarily on central and regional government transfers (Boulant et 

al., 2016) to deliver public social services, specifically aimed at tackling inequality. 

Given that there is a wide set of exogenous circumstances that matter for opportunities 

in life (Dang, 2014; De Barros et al., 2009; Hick, 2016; Robeyns, 2017; Sen, 1999; World 

Bank, 2005), we use our methodology to estimate a synthetic indicator by aggregating 

recurrent data on the unequal opportunities or circumstances that give birth to income 

disparities. Consequently, our synthetic indicator sheds light on existing income 

inequality across municipalities and its underlying circumstances. Social public services 

seek to equalise these 'inequality of opportunities' to narrow income inequality ex ante 

by acting on the drivers of inequality rather than on the outcomes (Fleurbaey & 

Peragine, 2013; Kovacic et al., 2021; Roemer & Trannoy, 2016). Therefore, our 

methodology proposes an equal opportunity policy as a set of allocation rules that 

maximise advantages for the worst-off households, as Ferreira and Gignoux (2011) 

suggested. 

In our application, we recursively estimate a synthetic measure of relative income 

inequality for 178 municipalities in the Madrid region of Spain and obtain a strong 

correlation between the benchmark indicator and the synthetic indicator, highlighting 

the robustness of our methodology. We also find that gender inequality, low work 

insertion for foreigners, a higher population dispersion, and scarce educational 

resources are crucial circumstances in explaining income inequality across the 

municipalities of Madrid. 

We contribute to the literature on social indicators (Espina & Arechávala, 2013; González 

et al., 2011; Somarriba & Pena, 2009) in several ways. First, methodologically, we 
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propose the development of synthetic indicators by implementing a methodology that 

combines the genetic algorithm with panel data regression techniques. This approach 

addresses the challenges of data scarcity and nonrecurrence more effectively than 

traditional methods of imputation (Dong and Peng, 2013) or forecasting techniques 

(Taylor and Letham, 2018). Also, we extend the applicability of genetic algorithms and 

their iterative optimisation process (Holland, 1975) to data-scarce contexts. Second, we 

also contribute to the local and regional studies literature (Kyriacou et al., 2017; 

Martínez-Galarraga et al., 2015; Pike et al., 2023; Silveira & Azzoni, 2011) by addressing 

the issue of limited socioeconomic data at municipal administrative units. Moreover, we 

extend the empirical literature on income inequality (Bourguignon, 2017) and inequality 

of opportunities (Aaberge et al., 2011; Bourguignon et al., 2007; Brunori et al., 2013; 

Ferreira & Gignoux, 2011; Fleurbaey & Peragine, 2013; Lefranc et al., 2008) by providing 

a method that allows to consider the multidimensionality of circumstances that underlie 

income inequality. 

Finally, from the policymaking perspective, we provide a tool for social public services 

to rectify these 'inequalities of opportunities' in order to proactively reduce income 

inequality by addressing the root causes rather than the outcomes (Fleurbaey & 

Peragine, 2013; Kovacic et al., 2021; Roemer & Trannoy, 2016). Thus, we propose an 

equal opportunity policy tool comprising allocation rules designed to maximize benefits 

for the most disadvantaged households, aligning with the recommendations of Ferreira 

and Gignoux (2011). 

The paper proceeds as follows. Section 2 describes the BUTD methodology for assessing 

socioeconomic conditions. Section 3 illustrates the methodology by depicting relative 

income inequality and its underlying circumstances in 178 municipalities of Madrid. 

Finally, Section 4 presents the conclusions and implications of our findings for scholars 

and policymakers.  
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2. The bottom-up top-down methodology 

The BUTD methodology addresses the issue of data scarcity when key socioeconomic 

indicators are not available at the desired frequency, that is, when they are 

nonrecurrent. Nonrecurrence occurs when there is no systematization in the 

compilation of indicators, common for experimental datasets, datasets deriving from 

low-fund projects, or whenever unexpected conditions prevent data collection and 

subsequent reporting. 

The complexities associated with nonrecurrent data differ from those associated with 

missing data. Under nonrecurrent data, the difficulty in identifying the missing data 

patterns – classified as missing completely at random (MCAR), missing at random (MAR), 

and not missing at random (NMAR) (Rubin, 1976)– and the large amount of missing data 

render traditional imputation techniques less effective. Furthermore, forecasting 

methods can be challenging to apply in contexts of nonrecurrent data due to the 

insufficiency of data to generate accurate predictions. In response to these concerns, 

we propose the 'BUTD' methodology, a hybrid approach that merges an optimization 

algorithm with panel data regression techniques. This methodology effectively tackles 

the pronounced issues of data scarcity and nonrecurrence, which are limitations that 

conventional methods fail to address satisfactorily. In the first phase (bottom-up), we 

aggregate nonrecurrent data (𝑋𝑁𝑅) to develop a benchmark indicator (𝑌𝑁𝑅), which is, 

therefore, nonrecurrent as well. Traditional methods for developing composite 

indicators are implemented at this stage. In the second phase (top-down), we 

implement a genetic algorithm together with regression techniques to construct a 

recurrent synthetic indicator (𝑌𝑅) that mimics the benchmark indicator by using 

recurrently available socioeconomic data (𝑋𝑅). The procedures are detailed in the next 

sections. 
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2.1 Bottom-Up 

The bottom-up phase consists of the standard aggregation process for estimating 

composite indicators (see Gan et al., 2017, for a review). This includes the selection of 

the base indicators 𝑋𝑁𝑅 (nonrecurrent by nature), their normalisation, the assignation 

of weights, 𝜔𝑁𝑅, for each indicator, and the determination of the aggregation method. 

In our application for income inequality, we select the base indicators and their 

respective weights following the Budget Allocation Process (BAP), based on expert 

criteria. This method is suitable in the presence of a limited number of base indicators -

no more than 10- (OECD, 2008). Then we apply a normalization of the base indicators 

(dividing the whole data series of each indicator by its maximum) in order to homogenize 

the different units of measurement associated with the indicators to a common scale in 

the range (0-1]. Finally, for the aggregation method, we assume limited substitutability 

or trade-off between the base indicators, which requires the application of a geometric 

aggregation (Lafortune et al., 2018). 

The resulting benchmark socioeconomic indicator 𝑌𝑁𝑅 is then defined as: 

𝑌𝑁𝑅 = ∏(𝑋𝑁𝑅
𝜔𝑁𝑅)     (1) 

where the values of 𝑌𝑁𝑅 range from 0 to 1 and higher values represent worse-off states 

of income inequality between regions. 

2.2 Top-Down 

The top-down phase in the BUTD methodology consists of building a synthetic indicator 

(𝑌𝑅) using recurrently available indicators (𝑋𝑅). In this case, determining the weights 

(𝜔𝑅) using expert criteria is rendered problematic due to the large number of recurrent 

indicators. Therefore, we cannot apply the standard aggregation process as in the 

bottom-up phase. 
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Because recurrent indicators denote circumstances that relate to the intended 

socioeconomic condition, we can estimate the relationship between these 

circumstances and the benchmark (𝑌𝑁𝑅) as follows: 

𝑌𝑁𝑅 = 𝛼 + 𝜔𝑅𝑋𝑅 + 𝜀 

     𝑠. 𝑡.      (2) 

𝜔𝑅 ≥ 0 

where 𝛼 is a constant vector and 𝜀 is a vector of error terms. 

The weights 𝜔𝑅 are restricted to be nonnegative since recurrent indicators relate 

positively to the condition represented by the benchmark indicator (𝑌𝑁𝑅). Therefore, 

while ordinary least squares (OLS) could be implemented to estimate the weights 𝜔𝑅, 

including all available indicators in an OLS estimation would result in failure to comply 

with this restriction due to the existing collinearity between the indicators 𝑋𝑅. 

Alternatively, we can select a subset of recurrent indicators, X𝑅
∗ , such that the 

correlation between the selected indicators is low enough to obtain solely positive 

weights when regressing income inequality 𝑌𝑁𝑅 against X𝑅
∗ . This complies with the 

nonnegative restriction and ensures a parsimonious model that avoids redundant 

information and overfitting; however, it poses a highly nonlinear optimisation problem 

that requires optimisation algorithms. 

2.2.1 A genetic algorithm to select recurrent indicators 

We use a genetic algorithm (Holland, 1975) to select the indicators from 𝑋𝑅 that should 

be included in the subset X𝑅
∗  to provide the best-fit model for 𝑌𝑁𝑅. The genetic algorithm 

is a nature-inspired optimisation algorithm that runs an iterated selection to ensure the 

best 'fit' or correspondence to the objective or 'fitness' function. These algorithms have 

demonstrated great flexibility and success in dealing with computationally intensive, 

highly nonlinear, and nonconvex problems (Ertenlice & Kalayci, 2018; Mavrovouniotis et 

al., 2017). The genetic algorithm, first introduced to economics by Miller (1996), has had 

a wide range of applications, such as optimisation in operations management or carbon 
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emissions (Dat et al., 2012; Kia et al., 2014; Lee, 2018; Mazinani et al., 2013; Soleimani 

et al., 2017), scheduling (Efthymiou et al., 2017; Kuo et al., 2016), business planning 

(Shin & Lee, 2002) and financial trading systems (Dempster & Jones, 2001). Moreover, 

Diaz and Perez-Quiros (2021) implemented the genetic algorithm in selecting economic 

indicators. However, to our knowledge, no previous attempts to use the genetic 

algorithm to develop synthetic socioeconomic indicators exist. Nonetheless, this 

algorithm is ideal for our application, given that its combinatorial (Morini & Pellegrino, 

2018) and binary nature is well suited for the selection of indicators.1 

We apply the genetic algorithm to a universe of 240 different combinations of 

socioeconomic indicators. The algorithm evaluates, selects, cross breeds, and mutates 

the best alternatives over several iterations until a stopping criterion is met, and it 

converges to the optimal combination of recurrent indicators X𝑅
∗  as a solution to the 

model in Equation 2. The technical details of how this is performed can be found in 

Appendix A. 

2.2.2 Definition of the Synthetic Indicator 

We are now able to construct a synthetic recurrent indicator 𝑌𝑅 , which is defined as an 

arithmetic aggregation2 of the selected indicators, 𝑋𝑅
∗ , as follows: 

 𝑌𝑅 ≡ 𝛼∗ + 𝜔𝑅
∗ 𝑋𝑅

∗ ,     (3) 

where the parameters 𝛼∗ and 𝜔𝑅
∗  are estimated through OLS. Similar to the benchmark 

indicator 𝑌𝑁𝑅, the greater the value of 𝑌𝑅 is, the greater the relative income inequality. 

 

1 Other nature-inspired optimization algorithms could have been used with similar results (especially 

those ones with binary structures). Some examples where the genetic algorithm has been compared with 
other nature-inspired optimization algorithms (such as the Particle Swarm Optimization Algorithm and 
the Fireworks Algorithm) in the context of complex problems of optimal selection are Roch et al., (2021 
a; 2021 b). These studies offer very similar results with the different algorithms, with a slight 
outperformance of the genetic algorithm. 
2 Although we have selected an arithmetic aggregation to estimate 𝑌𝑅, the BUTD methodology can be 
extended to cases in which other aggregation methods may be preferred. We have opted for the 
arithmetic aggregation due to the low level of substitutability (Lafortune et al., 2018) across the indicators 
within 𝑋𝑅

∗  and the similarity between formulas of the OLS regression (Equation 2) and the arithmetic 
aggregation. The selected aggregation method determines the model in Equation 2. 
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By construction, these estimates result in the highest 𝑅2-statistic, subject to restrictions. 

However, our methodology does not intend to determine a causal relationship between 

the circumstances underlying inequality, X𝑅
∗ , and income inequality, 𝑌𝑁𝑅, which may be 

endogenous (Ramos & Van de gaer, 2021). In contrast, we develop a synthetic indicator 

on income inequality according to its underlying disparities in opportunities, where the 

estimated weights 𝜔𝑅
∗  signal the relevance of each circumstance with respect to overall 

income inequality. The error term 𝜀 captures other inequalities in opportunities that 

may arise in different contexts and the differences in effort as a nonmeasurable 

determinant of income inequality (Ramos & Van de gaer, 2016). Figure 1 summarises 

the bottom-up top-down methodology in a flowchart. Replication materials are located 

in a public repository3.  

Figure 1 

Flowchart of the Bottom-Up Top-Down Methodology 

 

 

 

 

 
3 The link to the repository will be open access from the publication date onwards. 
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2.2.3 Recursive Estimation of the Synthetic Indicator 

We apply a recursive or real-time estimation process to ensure the appropriateness of 

our methodology, ensuring that only available information at the time of estimation is 

utilized  both to assign the weights as well as perform the selection of the recurrent 

indicators.4 Note, therefore, that the genetic algorithm uses a set of information 

available at time 𝑡 , denoted 𝐼𝑡, which contains all historical values of the benchmark 

indicator, 𝑌𝑁𝑅,𝑡−1,…𝑡−𝑇, and all historical and current values of the recurrent indicators, 

𝑋𝑅,𝑡,…𝑡−𝑇, where 𝑇  denotes the number of periods in the sample. In this sense, the 

selection of recurrent indicators and determination of weights will depend only on the 

historical values of  𝑌𝑁𝑅,𝑡−1,…𝑡−𝑇 and 𝑋𝑅,𝑡−1,…𝑡−𝑇, while current values of 𝑋𝑅,𝑡 will be used 

to construct the synthetic indicator 𝑌𝑅,𝑡 at time 𝑡 . 

3. An empirical application for income inequality in Madrid municipalities 

We implement the BUTD methodology to construct a synthetic indicator of relative 

income inequality for 178 municipalities5 in the region of Madrid, Spain. 

Madrid forms the largest regional economy in Spain and within the 15 highest European 

regions in GDP per capita in 2020, according to Eurostat data. Notwithstanding, it holds 

high levels of income inequality across municipalities, rendering it of particular interest 

for our study. In addition, Madrid is one of the most populated regions in Europe, for 

which it is considered a predominantly urban region (Eurostat, 2018). This guarantees 

sufficient homogeneity across municipalities for the validity of our model, as opposed 

to regions where population dispersion leads to significant variations in the relationship 

between disparities of opportunities and income inequality. Finally, its administrative 

 
4 A real-time estimation restricts input data to information available at the time of estimation. In our 
application, this implies that selection and weights are assigned using only 2015 data, and those are 
applied to 2016 recurrent indicators to build that year’s synthetic indicator for inequality. Likewise, only 
data for 2015 and 2016 are used to assign new selection and weights that are then applied to 2017 
recurrent indicators for the estimation of that year’s synthetic indicator.  
5 The municipality of Madrid city is not included in our analysis due to its distinctive features, which would 
require a particular and adapted analytical approach for municipalities with larger populations (Brezzi et 
al., 2011; Royuela et al., 2014). Madrid represented 50% of the region’s population and 55% of the region’s 
total economic activity in 2020, according to INE, which makes it an outlier in our analysis. 
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organisation into 178 municipalities provides a large and representative sample for 

testing our methodology. 

Given the availability of the data, we restrict our analysis to the period between 2015 

and 2017. 

3.1. Bottom-Up. Development of a benchmark income inequality 

indicator 

We begin by following the bottom-up phase of the BUTD methodology described in 

Section 2.1, which consists of selecting the base indicators and their corresponding 

weights (Equation 1), according to expert criteria. 

We first define 𝑋𝑁𝑅 to contain the Gini coefficient and the 80/20 poverty ratio as key 

base indicators for income inequality. The Gini coefficient is frequently used as a 

measure of inequality across the entire income distribution of a population (Kakwani, 

1980; Nygård & Sandström, 1989; Yitzhaki & Schechtman, 2013), whereas the 80/20 

poverty ratio is the quotient between the income of the lowest and highest quintiles of 

the population as an estimate of the spread within this distribution (Banerjee et al., 

2021; Lustig et al., 2013; Lustig, 2018). Therefore, their combination is value-enhancing 

since the Gini coefficient captures changes in the overall income distribution, while the 

80/20 poverty ratio better represents shifts occurring in the highest and lowest income 

levels. 

Nonetheless, both the Gini coefficient and the 80/20 poverty ratio show income 

inequality within a municipality, whereas our goal is to identify relative income 

inequality across municipalities. To enable income inequality assessments inter-

municipalities, we include GDP per capita in 𝑋𝑁𝑅, which is inverted to ensure 

unambiguity 6. 

 

6Unambiguity ensures a homogeneous interpretation of the indicators’ performance (increments or 

decrements). In our application, the higher the value of an indicator, the more vulnerable the municipality. 
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The weights 𝜔𝑁𝑅 = [0.35,  0.35,  0.30] are then defined for the Gini coefficient, the 

80/20 poverty ratio, and the inverse of GDP per capita. Based on the BAP methodology, 

expert criteria have selected these weights to keep the dominance of the core inequality 

indicators, Gini and the 80/20 poverty ratio. GDP per capita can be regularly obtained 

from the Almudena database from Spain's Instituto Nacional de Estadística (INE), 

however, the Gini coefficient and the 80/20 poverty ratio for municipalities frequently 

suffer from limited availability and discontinuity problems (Wilkinson & Pickett, 2009). 

For the municipalities of Madrid, these are only available for 2015 to 2017 in the Atlas 

experimental dataset of Spain's INE. Therefore, we can only construct for this period. 

All three base indicators are normalised and geometrically aggregated, as described in 

Section 2.1, to obtain 𝑌𝑁𝑅. Note that given the range between 0 and 1 for the values of 

𝑌𝑁𝑅, we can then interpret that a hypothetical municipality would reach a value of 1 if it 

had the lowest GDP per capita in the region of study and the highest income inequality 

according to the Gini coefficient and the 80/20 poverty ratio. 

Table 1 presents the estimates of the mean benchmark income inequality 𝑌𝑁𝑅 for each 

decile of the municipalities of Madrid from 2015 to 2017 and the mean values for its 

nonrecurrent base indicators, that is, the Gini coefficient, the 80/20 poverty ratio, and 

GDP per capita. Estimations show significant income inequality across the municipalities 

in Madrid, with values for the benchmark indicator ranging from close to 0.4 in the 

lowest decile to more than 0.7 in the highest decile. By construction, the benchmark 

indicator is directly proportional to the Gini coefficient and the 80/20 poverty ratio and 

inversely proportional to GDP per capita, with no significant outliers in the sample. Due 

to its construction methodology, the benchmark indicator should not be interpreted as 

an intertemporal inequality variable since we normalise each component with respect 

to annual maximums. Finally, our study period has no temporal effects, with consistent 

means for all indicators across the sampled years.  

 
If the GDP is not inverted, its interpretation would be the opposite (i.e., the higher the value, the less 
vulnerable the municipality). 
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Table 1 
Summary statistics. 

Decile Year Benchmark 
indicator 

Nonrecurrent base indicators 

   Gini 
coefficient 

80/20 ratio GDP per 
capita 

10 2015 0.720 37.453 3.565 11,496.353 

2016 0.704 37.082 3.524 11,592.471 

2017 0.752 35.300 3.306 11,663.000 

9 2015 0.658 35.359 3.265 13,202.471 

2016 0.651 35.453 3.318 13,232.941 

2017 0.688 34.106 3.076 13,799.529 

8 2015 0.632 34.788 3.088 13,909.353 

2016 0.617 34.512 3.059 13,945.059 

2017 0.657 32.859 2.882 14,298.647 

7 2015 0.612 34.876 3.129 15,831.000 

2016 0.609 35.229 3.212 15,934.647 

2017 0.643 33.629 2.947 16,291.059 

6 2015 0.586 34.329 3.053 17,365.529 

2016 0.568 34.341 3.012 18,139.353 

2017 0.609 33.059 2.871 18,626.588 

5 2015 0.562 33.018 2.900 17,991.059 

2016 0.553 33.294 2.941 18,689.176 

2017 0.594 32.265 2.788 19,279.294 

4 2015 0.546 32.735 2.829 19,079.176 

2016 0.538 32.829 2.876 19,394.824 

2017 0.573 31.500 2.724 20,189.647 

3 2015 0.518 32.718 2.959 24,026.706 

2016 0.507 32.582 2.959 24,569.706 

2017 0.531 31.276 2.741 26,308.824 

2 2015 0.484 32.100 2.775 27,150.125 

2016 0.481 32.331 2.813 27,408.188 

2017 0.508 31.194 2.631 28,934.063 

1 2015 0.421 32.613 2.888 48,327.750 

2016 0.414 32.950 2.913 49,420.313 

2017 0.445 31.531 2.738 48,844.188 

Note: Mean values by year for each decile group of municipalities. The grouping by 
deciles has been made according to the ranked values of the benchmark indicator 
(𝑌𝑁𝑅). 
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3.2. Top-Down. Development of a synthetic income inequality 

indicator 

We proceed to construct the synthetic income inequality indicator for the municipalities 

of Madrid over the 2015–2017 period, following the top-down phase of the BUTD 

methodology. We selected recurrent and standard indicators (𝑋𝑅) that are available 

annually in the Almudena database of Spain's Instituto Nacional de Estadística (INE), 

representing unequal circumstances that determine inequality across multiple 

dimensions (Alberti et al., 2021; World Bank, 2005). We classify 𝑋𝑅 according to extant 

literature (i.e., Cabrera et al., 2021; Espina & Arechávala, 2013; González et al., 2011; 

Somarriba & Pena, 2009) into the categories of demography, labour market structures, 

income, and living conditions7. The selected indicators, commonly found in the 

literature, originate from the same source (INE), correspond to municipalities within the 

same region (Madrid), and are built under the same standards, which guarantees their 

validity and comparability, even if they are not available with the same regularity. 

Appendix B describes the 39 indicators in 𝑋𝑅, including its categorisation, definition, and 

primary source, while Appendix C contains the descriptive statistics of both recurrent 

and nonrecurrent indicators.  

Each recurrent indicator (𝑋𝑅) is divided by its maximum (for re-scaling) and, when 

needed, inverted to maintain unambiguity. Then, they are used as input for optimising 

the model described in Equation 2. Within 𝑋𝑅, a subset 𝑋𝑅
∗  will be optimally selected by 

the genetic algorithm to represent overall income inequality, using only the information 

available at each point in time (𝐼𝑡). 

 

 

 

7 These categories are merely indicative and different groupings do not affect the estimations.  
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3.3. Results for the synthetic indicator of income inequality across 

municipalities 

The selected recurrent indicators 𝑋𝑅
∗ , their corresponding weights 𝜔𝑅

∗ , and the intercept 

𝛼∗ determined by the BUTD methodology for the municipalities of Madrid are presented 

in Table 2. For parsimony, we present the estimated results using all information 

available until 2017, 𝐼2017.8 

 

Table 2 
Recurrent indicators and weights selected by the genetic algorithm (𝛼∗, 𝜔𝑅

∗ , 𝑋𝑅
∗ |𝐼2017) 

Recurrent indicators on 
circumstances (𝑋𝑅

∗ ) 
Demography Labour 

market 
Income Living 

conditions 

Female population 0.3528**    

Senior population 0.0041    

Dependency ratio 0.0617    

Foreign population 0.0435    

Foreign female population 0.0330    

Foreign working population  0.0561*   

Young working population  0.0197   

Foreigners' unemployment  0.0420   

Female work insertion  0.0751**   

Foreign extra-EU work insertion  0.0051   

GDP per capita   0.4401***  

Number of tax declarations   0.0489  

Families with minimum insertion 
income 

  0.0097  

Electricity consumption    0.0010 

Water consumption    0.0377 

Population dispersion    0.5873*** 

Students per school unit    0.0574** 

Intercept -0.1460    

No. of observations 534    

R2 0.746    

***p < 0.01; **p < 0.05; *p < 0.1 
  

 
8 Results estimated with 𝐼2015 and 𝐼2016 are available upon request. 
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The genetic algorithm selects 17 recurrent indicators for the model described in 

Equation 2 from all four categories, effectively representing all relevant dimensions for 

income inequality. The estimated model explains up to 74.56% of the variance of income 

inequality across the municipalities of Madrid, whereas the unexplained variance 

corresponds to differences in unobserved circumstances and efforts. 

We can also observe statistically significant correlations between income inequality and 

underlying circumstances for specific indicators across each category. These include the 

foreign female population, which signals the relevance of gender inequality as a 

precursor of income inequality, in line with prior studies (Aaberge & Brandolini, 2015; 

Cabrera et al., 2021; Ramos & Van de gaer, 2016). This is also reflected in the significance 

of female work insertion, which implies that municipalities in which tightening labour 

markets hinders the generation of new work contracts for women have higher levels of 

income inequality, as highlighted at a supranational level by Marrero and Rodríguez 

(2012). 

Additionally, macroeconomic conditions are significantly relevant for determining 

income inequality in the municipalities of Madrid, as signalled by the weight assigned to 

GDP per capita. This effectively shows that prevailing income levels are part of the 

opportunity sets underlying income inequality (Hufe et al., 2018; Lefranc et al., 2008, 

2009). Therefore, as in the case of the estimation of 𝑌𝑁𝑅, the genetic algorithm selects 

GDP per capita as an indicator of differences in mean income level across territories. 

In addition, we find a significant relationship between income inequality and population 

dispersion, suggesting that municipalities with greater population dispersion, classified 

as rural, suffer from higher levels of income inequality (Brock, 2020; Niehues & Peichl, 

2014). Finally, there is also a strong link between the resources devoted to education 

and income inequality in a municipality, which highlights the influence of the availability 

of public services on income inequality (Cabrera et al., 2021; Chatterjee & Turnovsky, 

2012; World Bank, 2005). 
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We caution that a weight that is not significantly different from zero for a selected 

indicator does not imply a null relevance in relation to income inequality. These base 

indicators are still selected by the genetic algorithm, for which their inclusion necessarily 

improves the explanation of income inequality across the municipalities of Madrid. 

Followingly, based on the genetic algorithm's selected indicators 𝑋𝑅
∗  and optimal 

parameters 𝜔𝑅
∗  and 𝛼∗ given the information set 𝐼𝑡 for each time period, we can 

recursively estimate a recurrent synthetic indicator of income inequality 𝑌𝑅 for the 

municipalities of Madrid with Equation 3. The results are shown in Figure 2, which ranks 

the municipalities in Madrid in descending order of relative income inequality according 

to the synthetic indicator from 2015 to 2017. Synthetic values are plotted along with the 

benchmark values for comparison. Figure 2 shows that the synthetic indicator closely 

tracks the benchmark values of income inequality, thereby providing evidence for the 

BUTD methodology as a suitable vehicle to assess relative income inequality in the 

presence of data scarcity. The correlation between the benchmark and synthetic 

indicators are 85.51%, 84.30% and 76.92% for 2015, 2016 and 2017, respectively. Again, 

no significant temporal effects can be observed. Given that for year 2015 there is no 

historical data available, estimated coefficients and selected indicators represent an in-

sample rather than a real-time estimation. 

Figure 2.  

Benchmark and synthetic indicators for income inequality across Madrid municipalities 
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Results can also be visualised geographically in Figure 3, where municipalities in darker 

colours present a lower relative income with respect to municipalities in lighter colours 

for 2017.9 These disparities signal the optimal social services funding allocation required 

for narrowing income inequality in the region. 

Figure 3.  

Mapping benchmark and synthetic indicators for income inequality across Madrid 
municipalities (year 2017) 

 

Figures 2 and 3 also depict the robustness of our methodology for the development of 

a synthetic indicator that accurately replicates relative income inequality across 

municipalities. 

 

 

 

 

 
9 A mapping visualization of relative income inequality during 2015 and 2016 depicts similar results. These 
are available upon request. 
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4. Conclusions 

At a municipal level, key socioeconomic data are either unavailable or irregularly 

released, hindering a precise picture of local socioeconomic conditions. This paper 

presents the bottom-up-top-down (BUTD) methodology, which generates a synthetic 

indicator on a given socioeconomic reality whenever facing data scarcity. The 

methodology integrates a genetic algorithm with regression techniques to select and 

weight recurrently available indicators, thereby generating a synthetic indicator that 

closely replicates a nonrecurrent benchmark measure. 

To illustrate our methodology, we focus on income inequality across municipalities, 

where data scarcity hampers the adequate allocation of public service funding and 

policymaking (Aiyar & Ebeke, 2020; Checchi et al., 2016; Marrero & Rodríguez, 2012; 

Ramos & Van de gaer, 2021). Specifically, we assess relative income inequality across 

178 municipalities from Madrid, Spain's most significant economic region. 

The genetic algorithm achieves a strong correlation between the benchmark and 

synthetic indicators, which supports the robustness of our methodology for estimating 

income inequality in the presence of nonrecurrent data. The resulting synthetic 

indicator identifies a set of circumstances that underlie disparities in income, specifically 

gender inequality, female and foreign unemployment, rurality or population dispersion, 

and public education resources. These results provide empirical support to prior 

literature (Bourguignon et al., 2007; Ferreira & Gignoux, 2011; Ferreira & Peragine, 

2016; Lefranc et al., 2008; Roemer, 1993, 2000; Roemer & Trannoy, 2016). 

This study is not without limitations. First, our application is constrained by the 

availability of a limited number of nonrecurrent indicators to construct the benchmark 

that the BUTD synthetically replicates. This issue may overlook other crucial factors for 

measuring inequalities as a benchmark. However, this limitation pertains to our specific 

application but does not extend to our methodology, which enables the replication of 

existing nonrecurrent data regardless its accuracy.  Second, our findings are limited to 

the socioeconomic conditions across our sample, and, thus not generalisable to other 

regions. Nonetheless, the results serve as an exemplary overview of how the 
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methodology can be applied and solve the problem of data scarcity in sub-national 

administrative units.  

Our approach offers policymakers an instrument to assess social issues that lack 

recurrent data, thereby facilitating the allocation of public funds for their mitigation. This 

is especially valuable for decentralised government structures where national or 

subnational administrative units perform revenue collection, while basic social services 

provision decisions are transferred to municipalities. In our application of income 

inequality among municipalities, our findings suggest that policymakers should 

concentrate on certain key conditions such as gender inequality, integration of foreign 

workers, population distribution, and educational resources. Providing methodologies 

for assessing life conditions may promote quality of life (Shek & Wu, 2018) and catalyze 

an optimal, transparent and fair distribution of public funds. 

Because the proposed methodology is designed to address the issue of data scarcity, the 

improvement of local data systems would make our contribution redundant. However, 

although enhanced data availability is a desirable path that public administrations will 

eventually walk through in the upcoming years, it will not be the case in many regions 

in the near future. Therefore, our methodology will continue bridging this gap for 

policymakers and society. Future researchers could implement our methodology using 

alternative optimisation algorithms such as binary particle swarm optimisation (Mirjalili 

& Lewis, 2013). Our methodology can be extended from municipalities to other units of 

analysis and from the problem of nonrecurrent data to other data issues (i.e., lagging 

indicators or differences in frequencies). Finally, our method opens future research 

avenues by extending its application to assess other socioeconomic conditions, such as 

poverty or specific forms of poverty like energy poverty, in presence of nonrecurrent 

data. 
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Appendix A: Genetic algorithm to build a synthetic indicator 

The genetic algorithm selects a subset of recurrent indicators, X𝑅
∗ , , that best explain a 

benchmark indicator 𝑌𝑁𝑅. The iterative process is as follows. 

For the selection of recurrent indicators from 𝑋𝑅 that should be included in X𝑅
∗ , we begin 

by defining any 𝑗-th solution 𝐴𝑗 as a binary vector of size 𝑁𝑅, where 𝑁𝑅 is the total 

amount of recurrent indicators available, such that 

𝐴𝑗 = (𝑎𝑗,1, 𝑎𝑗,2, … 𝑎𝑗,𝑁𝑅
),    A.1 

where 𝑎𝑗,𝑖 can take the values of 0 or 1 for all 𝑖 ∈ {1, … , 𝑁𝑅}. Whenever 𝑎𝑗,𝑖 = 0, 

indicator 𝑥𝑅,𝑖 is not included in subset 𝑋𝑅,𝑗. Therefore, a possible solution 𝐴𝑗 denotes 

the combination of indicators 𝑋𝑅,𝑗 constituted only by those indicators 𝑥𝑅,𝑖 for which 

𝑎𝑗,𝑖 = 1.10 

The algorithm is initiated by generating an amount of 𝐽 possible solutions 𝐴𝑗  for all 𝑗 ∈

{1, … , 𝐽} in a first iteration. Each 𝐴𝑗 is generated randomly, such that the probability of 

𝑎𝑗,1 = 1 is 0.5 ∀ 𝑖 ∈ {1, … , 𝑁𝑅} and ∀ 𝑗 ∈ {1, … 𝐽}. We therefore have 𝐽 random 

combinations 𝐴𝑗 of recurrent indicators, each denoted by 𝑋𝑅,𝑗. 

The genetic algorithm then works through the search space of possible combinations 𝐴𝑗 

to find the combination that maximises the 𝑅2-statistic in a regression of the benchmark 

indicator 𝑌𝑁𝑅 against 𝑋𝑅,𝑗 while complying with the nonnegative restriction. In 

particular, any combination 𝐴𝑗 of indicators is assessed by performing the following OLS 

regression: 

𝑌𝑁𝑅 = 𝛼𝑗 + 𝜔𝑅,𝑗𝑋𝑅,𝑗 + 𝜀𝑗 ,    A.2 

 
10 Each 𝐴𝑗 conceptually represents a unique combination of recurrent indicators. Note that because each 

𝑎𝑗,𝑖  can take two values (0 and 1), the total number of possible combinations of high frequency indicators 

is 2𝑁𝑅 . Therefore, the search space of combinations increases exponentially with a higher number of 
available indicators, which entails the use of an optimization algorithm. 
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where 𝛼𝑗 and 𝜔𝑅,𝑗 are the OLS constant and coefficients, respectively, and 𝜀𝑗 is a vector 

of error term. Next, a fitness value is assigned to 𝐴𝑗 such that 

  𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝐴𝑗) = {
𝑅𝑗

2        𝑖𝑓                     𝜔𝑅,𝑗 ≥ 0; 

𝑅𝑗
2  −  𝜆                              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,

  A.3 

where 𝜔𝑅,𝑗 corresponds to the OLS estimates of the weights in Equation A.2, 𝑅𝑗
2 is the 

estimated 𝑅2-statistic, and 𝜆 is a penalisation factor. Whenever the nonnegative 

restriction is not complied with, such that any element in 𝜔𝑅,𝑗 < 0, the fitness value of 

𝐴𝑗 will be heavily penalised with a large value, 𝜆. Because the genetic algorithm 

maximises 𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝐴𝑗), it dismisses all combinations 𝐴𝑗 of indicators that violate the 

nonnegative restriction while continuing to search for the combination that provides the 

highest 𝑅2-statistic. 

Once the fitness values are calculated for all the randomly generated combinations of 

indicators 𝐴𝑗, these values are rescaled into probabilities. To do so, the combinations 𝐴𝑗, 

for all 𝑗 ∈ {1, … , 𝐽}, are first ranked from highest to lowest according to their fitness 

value. Next, the scaled probability 𝑝 for each 𝐴𝑗 is defined as 

𝑝(𝐴𝑗) =
1

√𝑟𝑗
,     A.4 

where 𝑟𝑗 is the rank of individual 𝐴𝑗. 

In a second iteration of the algorithm, a new set of 𝐽 possible solutions 𝐴𝑗 will be created 

from the previous set. This is performed by first randomly selecting combinations 𝐴𝑗 

according to their scaled probabilities 𝑝(𝐴𝑗). New combinations 𝐴𝑗 will then be created 

by two specific functions of the genetic algorithm denoted crossover and mutation, 

which mimic the evolutionary theories put forward by Charles Darwin. With crossover, 

two of the randomly selected combinations 𝐴𝑗 are blended. The genetic algorithm uses 

the crossover function to explore the search space of possible combinations of indicators 

in its task for optimisation. With mutation, one of the randomly selected combinations 

𝐴𝑗 is altered to provide diversity to the possible combinations 𝐴𝑗 to avoid premature 

convergence to a solution. 
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Once the new set of 𝐽 possible solutions is created, the process is repeated by calculating 

the fitness values of the new combinations, rescaling these fitness values into 

probabilities, and selecting combinations for crossover and mutation. This is iterated 

numerous times until the algorithm converges to an optimal solution, denoted 𝐴∗, and 

defined as 

𝐴∗ = (𝑎1
∗ , 𝑎2

∗ , … , 𝑎𝑁𝑅

∗ ) .    A.5 

Subset X𝑅
∗  will then include all indicators 𝑥𝑅,𝑖 for which 𝑎𝑖

∗ = 1, ∀ 𝑖 ∈ {1, … , 𝑁𝑅}.  
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Appendix B: Recurrent indicators for circumstances underlying income 
inequality across municipalities in Madrid 

Table B1 summarises the recurrent indicators that depict the circumstances underlying 

income inequality in the municipalities of Madrid. 

Table B1 
Categorisation of recurrent indicators underlying income inequality.  

Category Recurrent indicators on circumstances Studies linking circumstances to 
income inequality 

Demography Total population 
Female population 

Dependency ratio 
Foreign population 

Aaberge & Brandolini (2015), 
Cabrera et al. (2021), De Barros 
et al. (2009), Marrero & 
Rodríguez (2012), O’rand & 
Henretta (2018) 

Youth population Foreign female 
population 

Senior population 
 

Labour market Working ratio** Unemployment 
relative variation 

Marrero & Rodríguez (2012) 

Female working 
population** 

Youth 
unemployment 

Foreign working 
population** 

Female youth 
unemployment 

Young working 
population** 

Foreigners' 
unemployment 

Senior working 
population** 

Female work 
insertion** 

Temporary contracts Foreign intra-EU 
work insertion** 

Unemployment rate Foreign extra-EU 
work insertion** 

Female unemployment 
 

Income GDP per capita** Urban tax base per 
receipt** 

Bourguignon et al. (2007), Hufe 
et al. (2018), Lefranc et al. 
(2008) Number of tax 

declarations** 
Labour income** 

Tax base amount** Gross disposable 
income** 

Taxable saving base** Families with 
minimum insertion 
income* 

Living conditions Electricity consumption** Enrolment rate for 
basic education** 

Brock (2020), Bouzarovski & 
Tirado-Herrero (2017), 
Chatterjee & Turnovsky (2012), 
Gamboa & Waltenberg (2012), 
Jusot et al. (2013), Kilkiş (2016), 
Marmot (2005), Niehues & 
Peichl (2014), OECD (2016)  

Sanitary infrastructure** Students per teacher 

Water consumption** Students per school 
unit 

Passenger cars** Public education 

Population dispersion ** 

*Base indicators divided by the municipality population to eliminate the effect of the municipality size. 
**Base indicators inverted to ensure their unambiguity. 
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The data are aggregated and made available by the Regional Statistics Office since 

2009. Tables B2 to B5 depict each indicator's description and primary source across 

categories. 

 

Table B2  
Demography recurrent indicators.  

Indicator Description 

Total Population Total number of individuals living in a municipality - January 1st of a given 
year 

Female 
Population 

Total number of women living in each municipality over total population 

Youth Population Total number of individuals between 15 and 24 years old over total 
population 

Senior Population Total number of individuals aged 65 over total population 

Dependency Ratio Population aged < 15 + Population aged > 65 divided by the population 
between 15 and 64 

Foreign 
Population 

Total number of individuals with foreign nationality over total population 

Foreign Female 
Population 

Total number of women with foreign nationality over total foreign 
population 

Primary Source: Economic Management Directory. Madrid's Regional Government Data retrieved from the National 
Statistics Office. 
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Table B3 
Labour Market recurrent indicators. 

Indicator Description 

Working Ratio1 Number of people employed over the total population of working age 

Female Working 
Population1 

Total number of female workers over total working population 

Foreign Working 
Population1 

Total number of foreign workers with foreign nationality over total 
working population 

Young Working 
Population1 

Total number of individuals between 15 and 24 years working over total 
working population 

Senior Working 
Population1 

Total number of individuals aged > 65 working over total working 
population 

Temporary 
Contracts1 

Total number of temporary contracts over total working population 

Unemployment 
Rate2 

% of total labour force that is unemployed but actively seeking 
employment 

Female 
unemployment2 

Total number of women individuals unemployed and actively seeking 
employment 

Unemployment 
relative variation2 

% change in registered unemployment on March 31st in year (𝑡 − 1) and 
March 31st in year (𝑡) 

Youth 
unemployment2 

Total number of individuals between 15 and 24 years old unemployed 
and actively seeking employment over total unemployment 

Female youth 
unemployment2 

Total number of women between 15 and 24 years old unemployed and 
actively seeking employment over total unemployment 

Foreigners' 
Unemployment2 

Total number of foreign individuals unemployed and actively seeking 
employment over total unemployment 

Female Work 
Insertion2 

Total new registered contracts for women over total new contracts  

Foreign Intra-EU 
Work Insertion2 

Total new registered contracts for EU nationals over total new contracts  

Foreign Extra-EU 
Work Insertion2 

Total new registered contracts for non-EU nationals over total new 
contracts 

1 Primary Source: Registered Contracts Statistics. Labour and Social Economy Ministry. 
2 Primary Source: Employment Statistics. Labour and Social Economy Ministry. 
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Table B4 
Income recurrent indicators. 

Indicator Description 

GDP per Capita1 Gross domestic product per individual within each municipality 

Number of Tax 
Declarations2 

Total number of tax declarations filed in each municipality per 
capita 

Tax base amount2 Personal per capita income tax - Tax base amount 

Taxable saving base2 Personal per capita income tax - Taxable savings base amount 

Urban tax base per 
receipt2   

Amount of assets or income that can be taxed by a municipality 
per receipt 

Labour income3 Total income from labour-related sources per capita 

Gross disposable income3 Income available to households for consumption or investment, 
after redistribution operations. 

Families with Minimum 
Insertion Income4 

Number of households receiving regional minimum income 
benefits 

1 Primary Source: Municipal GDP Indicators. Madrid's Regional Statistics Office. 
2 Primary Source: National Tax Office - Register. 
3 Primary Source: Municipal Household Income Indicators. Madrid's Regional Statistics Office. 
4 Primary Source: Social Security Statistics. 

 
 
Table B5 
Living Conditions recurrent indicators. 
Indicator  Description  

Electricity Consumption (1) Average consumption of electricity per household  

Sanitary infrastructure (2) Local health centers per 10.000 residents  

Water Consumption (3)  Average consumption of water consumed by each household  

Passenger cars (4)  Total number of passenger cars per 1.000 individuals  

Population Dispersion (5)  Average population per square kilometer of a municipality 

Enrollment rate for basic 
education (6)  

Ratio of pupils, students and apprentices enrolled in basic 
education over total youth population  

Students per teacher (6)  Ratio of pupils, students, and apprentices per teacher  

Students per School Unit (6)  Total number of students divided by total number of schools 
within a municipality  

Public education (6)  Percentage of non-university students enrolled in public 
schools  

1 Primary Source: Private companies.  
2 Primary Source: Madrid Health Service. Department of Health Madrid's Regional Government.  
3 Primary Source: Public Company - Canal Isabel II.  
4 Primary Source: Transit Authority. Ministry of Domestic Affairs.  
5 Primary Source: Economic Management Directory. Madrid's Regional Government Data.  
6 Primary Source: Sub directorate General for Evaluation and Analysis. Department of Education, Universities, 
Science and Spokesperson Madrid's Regional Government.  
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Appendix C. Descriptive Statistics 
 

  Mean Median Mode Std. Dev. Variance Skewness Kurtosis 

80/20 Poverty 
Ratio 

2,995 2,9 2,7 0,417 0,174 1,243 6,792 

GINI 33,594 33,3 35,7 3,098 9,597 0,393 2,931 

Demography               

Total Population 0,09 0,017 1 0,192 0,037 3,186 13,133 

Female Population 0,925 0,94 1 0,059 0,004 -2,237 9,057 

Youth Population 0,617 0,628 1 0,157 0,025 -0,602 4,112 

Senior Population 0,354 0,336 0,243 0,146 0,021 1,234 5,526 

Dependency Ratio 0,491 0,479 0,5 0,108 0,012 1,404 7,375 

Foreign Population 0,432 0,413 1 0,178 0,032 0,451 3,105 

Foreign Female 
Population 

0,554 0,526 0,5 0,11 0,012 -0,222 7,28 

Labour Market               

Working Ratio 0,388 0,375 1 0,166 0,028 0,688 3,84 

Female Working 
Population 

0,627 0,614 0,582 0,069 0,005 2,118 10,798 

Foreign Working 
Population 

0,211 0,171 0,081 0,143 0,02 2,908 13,434 

Young Working 
Population 

0,203 0,185 0,138 0,089 0,008 5,32 42,367 

Senior Working 
Population 

0,669 0,672 0,483 0,128 0,016 -0,145 2,91 
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Temporary 
Contracts 

0,571 0,578 0,389 0,149 0,022 0,137 2,11 

Unemployment 
Rate 

0,513 0,498 0,554 0,168 0,028 0,386 2,985 

Female 
unemployment 

0,541 0,548 0,5 0,095 0,009 -0,555 13,152 

Unemployment 
relative variation 

-0,14 -0,136 -0,25 0,201 0,04 0,189 14,982 

Youth 
unemployment 

0,21 0,155 0,078 0,165 0,027 1,386 5,902 

Female youth 
unemployment 

0,443 0,455 0 0,205 0,042 0,022 4,467 

Foreigners' 
Unemployment 

0,373 0,344 0,286 0,177 0,031 0,711 3,733 

Female Work 
Insertion 

0,171 0,154 0,171 0,093 0,009 5,764 47,984 

Foreign Intra-EU 
Work Insertion 

0,199 0,169 0,181 0,137 0,019 2,483 12,315 

Foreign Extra-EU 
Work Insertion 

0,21 0,163 0,155 0,156 0,024 2,407 10,157 

Income               

GDP per Capita 0,417 0,403 1 0,17 0,029 0,434 3,207 

Number of Tax 
Declarations 

0,424 0,405 1 0,077 0,006 3,287 21,514 

Tax base amount 0,333 0,311 1 0,135 0,018 1,477 7,11 

Taxable saving 
base 

0,374 0,401 1 0,14 0,02 0,722 5,099 

Urban tax base 
per receipt 

0,123 0,088 1 0,132 0,018 3,757 21,708 

Labour income 0,685 0,693 1 0,134 0,018 -0,408 3,107 

Gross disposable 
income 

0,242 0,19 1 0,171 0,029 1,387 5,095 
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Families with 
Minimum 
Insertion Income 

0,213 0,152 1 0,182 0,033 1,636 5,892 

Living Conditions               

Electricity 
Consumption 

0,445 0,438 1 0,168 0,028 0,169 3,098 

Sanitary 
infrastructure 

0,039 0,008 0,417 0,111 0,012 6,076 47,027 

Water 
Consumption 

0,008 0,002 1 0,076 0,006 12,987 170,431 

Passenger cars 0,689 0,74 0,783 0,211 0,044 -1,866 6,213 

Population 
Dispersion 

0,049 0,013 1 0,106 0,011 5,234 40,462 

Enrollment rate 
for basic 
education 

0,05 0,029 0 0,108 0,012 5,376 39,233 

Students per 
teacher 

0,607 0,725 0 0,314 0,098 -0,88 2,44 

Students per 
School Unit 

0,623 0,735 0 0,318 0,101 -0,89 2,49 

Public education 0,718 0,936 1 0,356 0,127 -1,037 2,647 

 
 


