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Abstract 

Several studies have shown that prices differ across regions and affect standards of 

living substantially. This thesis investigates whether they cause the differential 

impact of minimum wage on employment and hours of work across the European 

Union NUTS 2 regions. Based on the existing regional price estimates of 7 European 

Union countries and publicly available aggregate regional data, estimates of regional 

price levels for another 11 European Union countries with minimum wage are 

obtained. The method that was used for this purpose (multiple imputation) enables to 

use the resulting estimates as an explanatory variable in another regression as it takes 

into consideration using imputed instead of observed values by correcting the 

variances of parameter coefficients. The impacts of minimum wage are investigated 

for 3 groups of people who are at risk of being affected by its increase - young adults 

(15-19 years), low-educated individuals and low-skilled individuals. The results 

indicate that the minimum wage has a negative impact on employment that is higher 

in regions with higher price levels. The negative effect of minimum wage on hours of 

work was not confirmed. 
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Abstrakt  

Několik studií ukázalo, že ceny se liší mezi regiony a značně ovlivňují životní 

úroveň. Tato práce zkoumá, jestli způsobují rozdílný dopad minimální mzdy na 

zaměstnanost a odpracované hodiny mezi NUTS 2 regiony Evropské unie. Na 

základě existujících regionálních cenových odhadů 7 zemí Evropské unie a veřejně 

dostupných agregovaných regionálních dat jsou získány odhady regionálních 

cenových hladin pro dalších 11 zemí Evropské unie s minimální mzdou. Metoda, 

která byla za tímto účelem použita (mnohonásobná imputace), umožňuje použít 

výsledné odhady jako vysvětlující proměnnou v další regresi, jelikož zohlední použití 

imputovaných hodnot místo pozorovaných hodnot úpravou odchylek parametrových 

koeficientů. Dopady minimální mzdy jsou zkoumány pro 3 skupiny lidí, u kterých 

hrozí, že budou ovlivněni minimální mzdou – mladé lidi (15-19 let), jedince s nízkým 

vzděláním a jedince s nízkou kvalifikací. Výsledky naznačují, že minimální mzda má 

negativní dopad na zaměstnanost, který je vyšší v regionech s vyšší cenovou 

hladinou. Negativní dopad minimální mzdy na odpracované hodiny se nepotvrdil. 
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Proposed Topic: 

The Differential Impact of Minimum Wage on Employment across the EU Regions 

Motivation: 

For the purpose of government policy concerning optimal minimum wage, precise 

estimates of the effect of minimum wage on employment and other labor market 

outcomes are of principal importance. For example, if minimum wage increases 

reduce employment, the government should take it into consideration when deciding 

about the size of minimum wage, so that its benefits do not outweigh its costs. Since 

1970s, this topic has attracted a lot of attention of economists who produced mostly 

small negative or close to 0 empirical estimates of employment elasticity (an up-to-

date literature review can be found for example in Meer & West, 2015). However, 

whereas in the past the increases in the minimum wage have been eroded by inflation 

(The Economist, 2015), substantial minimum wage increases introduced recently in 

the United Kingdom and Germany, for example,  are expected to be maintained over 

time which could have severe long-term effects on employment. 

 

As prices differ across regions and minimum wages in the EU are set on a national 

level, the relative size of minimum wage differs across the EU regions, which could 

cause differential impact of minimum wage on employment across the EU regions. In 

other words, it is possible that the existing studies underestimated the effect of 

minimum wages on employment in regions with low price levels that imply relatively 

high minimum wage in these regions and vice versa. This may be also the case of 

Májková (2017) who recently estimated the minimum wages’ impact on employment 

using region-level macrodata and country-level minimum wages of four EU 

countries. An obvious solution is to apply region-level purchasing power parities to 

national minimum wages. However, to the best of my knowledge, regional price 

levels have been so far estimated only in seven countries in the 28-member EU. 

Probably the most profound analysis was done by Roos (2006) who estimated price 

levels in German cities using the dataset of price levels of 50 German cities from 

Ströhl (1994). 

 

Recently, Janský and Kolcunová (2017) used the existing estimates for the six EU 

countries available in 2015 to approximate the remaining price levels of all NUTS 2 

regions of the EU, using an OLS regression inspired by Roos (2006). However, 

according to Blien et al. (2009), when the estimated prices from OLS regression are 

used in a second step, the standard formula for calculating the standard errors leads to 

biased results. Therefore, he proposes so called multiple imputation procedure, a 

method that takes care of the uncertainty caused by using imputed data instead of 

observed data by correcting the variances of the estimates, as an alternative. 
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Hypotheses: 

1. Hypothesis #1: EU regional price levels differ significantly from the countrywide 

price levels. 

2. Hypothesis #2: Minimum wage increases reduce employment/hours of work of 

the affected people in the EU. 

3. Hypothesis #3: The impact of minimum wage increases on employment/hours of 

work of the affected people in the EU is higher in regions with lower price levels.  

Methodology: 

To address hypothesis 1, I will apply the multiple imputation procedure (Blien et al., 

2009) on the data about regional price levels of seven EU countries where there are 

available (Austria, the Czech Republic, Germany, Italy, Poland, Slovakia and the 

United Kingdom), state price levels of the U.S. states and publicly available 

characteristics of all EU regions/U.S. states (published by e.g. Eurostat and FRED), 

potentially correlated with the price levels. I will obtain estimates of the missing 

regional price levels for the remaining 21 EU countries and find out to which extent 

they differ from the countrywide price levels. Multiple imputation guarantees that if 

these estimates are used in a second step, the standard formula for calculating the 

standard errors will not lead to biased results. 

 

In order to test hypothesis 2 and hypothesis 3, I will apply a linear probability model 

(alternatively logit/probit model) inspired by Allegretto (2011) on repeated cross-

sectional microdata from European Union Labor Force Survey (for which I have 

already applied), merged with a minimum wage variable and data that capture overall 

labor market conditions and labor supply variation published by Eurostat, for the 

years 2007 to 2016. I will examine various specifications of the model (e.g. 

distributed lag specification to detect pre-existing trends or anticipation effects and 

estimate long versus short run effects or specification including a region-specific 

linear trend to capture long-run growth differences across regions) and apply it on 

different groups of people who are at risk of being affected by a minimum wage 

increase, such as young adults, low-skilled workers or female employees. The 

dependent variable will be employment (a dichotomous variable equal to one if the 

person is working and 0 otherwise) and/or usual hours of work and I will by 

interested in the coefficient of the minimum wage variable (or, more specifically, 

employment and hours elasticities). 

 

The minimum wage variable will be used in different forms. Firstly, I will use real 

country’s minimum wage (nominal wage divided by country’s price level) as a 

benchmark. I expect to obtain small negative or close to 0 employment/hours 

elasticity, similarly as most of the studies where this specification was used. After 

that, I will divide the observations into two subgroups based on the estimated 

regional price levels (one with low regional price levels and the other one with high 

regional price levels) and run the previous regression for both of these subgroups to 

find out whether the effect of minimum wage on employment is higher for regions 

with lower price levels. If my expectation is confirmed, I will add an interaction term 

of real country’s minimum wage and regional price level into the first regression in 

order to quantify how fast the impact of country’s real minimum wage on 

employment decreases with increasing regional price level. Finally, I will re-estimate 

the first regression with the real regional minimum wage (and expect to get more 

significant negative coefficients) to verify that using regional price levels is more 

useful than using country-level price levels. 
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Expected Contribution: 

Firstly, based on the available regional price level data from the U.S. states and seven 

EU countries, I will estimate regional price levels for the remaining EU regions (at 

NUTS 2 level) using the multiple imputation procedure. This method corrects the 

variances of the estimates and enables to use them in further steps. Therefore, the 

estimated regional price levels can be directly used to evaluate the differences in 

standards of living (e.g. by comparing regional wages, salaries, pensions or social 

welfare in real terms) across the EU regions. 

 

Secondly, I will make use of the estimated regional price levels to compute the real 

minimum wages in individual EU regions and investigate their impact on 

employment/hours of work. I expect to obtain negative estimates of employment and 

hours elasticities that are more significant than the results of the previous studies on 

this topic (which used either nominal minimum wages or nominal minimum wages 

divided by country-level price levels) and larger in magnitude for the EU regions 

with lower price levels. 

Outline: 

1. Introduction: The literature regarding the impact of minimum wage on 

employment is voluminous, but it does not use regional price levels to calculate 

the relative size of minimum wages in individual countries’ regions. As prices 

differ across regions and affect standards of living substantially, there is a good 

chance that the impact of minimum wage on employment will be differential 

across the EU regions. 

2. Literature review & Theoretical background: Firstly, I will briefly describe why 

price levels may significantly differ across regions and how they have been 

estimated for some countries. Secondly, I will explain why minimum wage may 

reduce employment, how its impact was estimated in the past and why it may be 

higher in regions with lower price levels. 

3. Empirical model: I will explain multiple imputation procedure that will be used to 

obtain estimates of the missing regional price levels in the EU as well as my 

strategy for estimating the (differential) impact of minimum wage on employment 

(across the EU regions). 

4. Discussion of results: I will discuss my baseline regressions and robustness 

checks. 

5. Conclusion: I will summarize my findings and their implications for policy and 

future research. 
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1 Introduction 

For the purpose of government policy concerning optimal minimum wage, precise 

estimates of the effect of minimum wage on employment and other labour market 

outcomes are of principal importance. For example, if minimum wage increases 

reduce employment, the government should take it into consideration when deciding 

about the size of minimum wage, so that its benefits do not outweigh its costs. Since 

1970s, this topic has attracted a lot of attention of economists who produced mostly 

small negative or close to zero empirical estimates of employment elasticity. 

However, whereas in the past the increases in the minimum wage have been mostly 

eroded by inflation, substantial minimum wage increases introduced recently in the 

United Kingdom and Germany, for example, are expected to be maintained over time 

which could have severe long-term effects on employment. Therefore, the research 

regarding this topic should be continued. 

Furthermore, to the best of my knowledge, none of the existing studies written so far 

has dealt with the fact that as prices differ across regions and minimum wages are set 

on a national level (at least in the European Union), the relative size of minimum 

wage differs across regions, which could cause differential impact of minimum wage 

on employment across these regions. In other words, it is possible that the existing 

studies underestimated the effect of minimum wages on employment in regions with 

low price levels that imply relatively high minimum wage in these regions and vice 

versa. Májková (2017) recently tried to estimate the minimum wages’ impact on 

employment using aggregate region-level data and country-level minimum wages of 

four EU countries, but again without taking differential region-level purchasing 

power parities into account. 

The most probable reason why the existing studies omitted the fact that the size of 

minimum wage differs across individual regions is the low availability of data on 

regional price levels. Although their importance was confirmed by several 

economists (e.g. Aten and Heston, 2005), regional price levels have been so far 

estimated only in seven countries in the 28-member EU. Janský and Kolcunová 

(2017) and Šedivý (2017) recently made use of these estimates to approximate 

regional price levels of other EU countries using OLS regression inspired by Roos 

(2006), but according to Blien et al. (2009), the standard formula for calculating the 

standard errors would lead to biased results if these estimates were used in a another 
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regression. Therefore, the aim of this thesis is to produce new estimates of regional 

price levels for those EU countries with existing minimum wage where they have not 

been estimated so far, using so called multiple imputation procedure proposed by 

Blien et al. (2009), apply them on national minimum wages and find out whether the 

impact of minimum wage on employment and/or usual hours of work differs across 

the EU regions. 

The rest of the thesis is organized as follows. Chapter 2 reviews the existing 

literature. It is divided into two parts, whereby the first part deals with the causes of 

differential price levels across individual countries’ regions and the second one 

describes the relationship between minimum wage and employment. Chapter 3 

describes the estimation strategy of regional price levels for selected EU countries 

where they have not been estimated yet as well as the estimation strategy of 

differential impact of minimum wage on employment and usual hours of work, 

including the data description and sources. Chapter 4 discusses the regression results 

and evaluates to what extent they are consistent with our expectations. Chapter 5 

concludes. 
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2 Literature review and theoretical 
framework 

The literature review consists of two parts. The first part describes why price levels 

may differ significantly between both countries and regions and the methods that 

have been used for estimation of regional price levels in selected countries so far. The 

second part explains why minimum wage may reduce employment, how its impact 

was estimated in the past and why it may be higher in regions with lower price levels. 

2.1 Differences between regional price levels 

The fact that prices of both goods and services differ across individual countries has 

been explained already in 1963 by a Hungarian economist Béla Alexander Balassa 

and an American economist Paul Anthony Samuelson. They drew a conclusion that 

the price level of GDP increases systematically with per capita GDP, which is known 

as so called Balassa-Samuelson effect (Heston et al., 1994). Possible theoretical 

explanation is that developing countries concentrate the productivity growth in 

tradable goods whereas developed countries focus more on non-tradable sector. 

Assuming that the law of one price holds, an increase in wages does not necessarily 

lead to an increase in prices of tradable goods (in contrast to non-tradable goods) and 

therefore, the inflation in developed countries (those with higher GDP per capita) 

rises. This validity of Balassa-Samuelson effect has been supported by many 

empirical studies (for example by Heston et al., 1994), although it has been 

discovered over time that more explanatory variables (such as economic and labour 

market openness, a dummy variable equal to one for transition economies, size of the 

government sector, fuel subsidies, institutional quality and some geographical 

variables) are needed in order to explain the variance in price levels between 

individual countries (e.g. Ahec-Šonje and Nestić, 2002 and Gelb and Diofasi, 2015). 

There is a growing evidence that prices differ not only not only across countries 

(inter-country), but also within countries (intra-country), i.e. across individual regions 

(e.g. Aten and Heston, 2005), and affect standards of living substantially. Therefore, 

price levels should be accounted for in any analysis comparing standards of living in 

different areas. In case of inter-country analyses, this problem has been already 

solved to a large extent by the concept of so called purchasing power parity (PPP), 

which is a metric that enables to convert all prices to a common currency, taking into 
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account different purchasing powers of individual currencies. PPPs are currently 

produced by three organizations – the Organization for Economic Cooperation and 

Development in a joint project with Eurostat, the International Comparison Project of 

the World Bank and the Penn World Table. The application of country-level PPP on 

any country-level economic indicator of interest, such as GDP, makes this indicator 

directly comparable across countries. However, in case of intra-country analyses, this 

concept cannot be applied as regional price levels are not available for most 

countries. In fact, they are available only for two countries, namely the USA and 

Turkey (published by the Bureau of Economic Analysis and the Turkish Statistical 

Institute, respectively). According to Bajgar and Janský (2014), the most probable 

reasons are technical problems, missing demand for this information and high costs. 

Therefore, in case of EU, so called purchasing power standard (PPS) indicators 

(published by Eurostat) - nominal values of economic indicators in domestic currency 

divided by respective purchasing power parities - are used for the purpose of regional 

comparison. Nevertheless, especially during the last two decades, several studies 

emphasizing the importance of regional price levels and suggesting a few methods 

for their estimation have been written. 

Regional price levels, similarly as country price levels, can be estimated either 

directly or indirectly. The basic direct method is so called direct binary comparison 

introduced by Gilbert and Kravis (1954) who used the USA as the centre of a star 

involving the UK, France, Germany and Italy. This method is currently used by many 

U.S. (e.g. ACCRA) and European (e.g. Employment Conditions Abroad in the UK) 

commercial enterprises selling information on regional price levels to private sector. 

Unfortunately, it was found out that binary comparisons do not lead to transitive 

results. 

In 1968, so called International Comparison Programme was established at the 

United Nations Statistical Office with the aim to investigate several multilateral 

comparison methods (Kravis et al., 1975). Their most important finding was the 

confirmation of Balassa-Samuelson effect and the resulting need for prices of 

comparable goods and services from regions of interest. Therefore, U.S. Bureau of 

Labour Statistics introduced a CPI sampling frame in 1970 where the price collectors 

were asked to collect information about various characteristics of selected items (e.g. 

size and packaging). Summers (1973) applied so called hedonic approach on these 

data and regressed the (country-level) prices against dummy variables for each 

country other than the numeraire country and each item specification. Aten and 

Heston (2005) describe a similar framework that can be used for region-level 

analysis. 
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Although direct estimation is preferred to indirect, it is rarely possible to use it 

because appropriate price data for this method are collected only in few countries. 

Therefore, studies that estimate regional price levels indirectly dominate. One of 

these methods was used by Aten and Heston (2005) with the aim to use the estimated 

regional price levels to accurately estimate regional real incomes for 167 countries. 

The authors developed two approaches that accounted for geographic and trade 

variables, whereby the first one assumed spatial heterogeneity across regions and the 

second (preferred) one explicitly included spatial autocorrelation effects from 

neighbouring and nearby regions. In both models, the dependent variable was the 

PPP divided by the exchange rate and the following explanatory variables were used: 

nominal GDP per capita, openness (measured by the sum of exports and imports to 

total GDP) or latitude and a few geographic variables (e.g. climate zone). The results 

highlighted the importance of accurate estimates of regional price levels as the 

differences between resulting real incomes and nominal incomes were not negligible. 

A few years later, Beck et al. (2009) investigated how and to what extent differences 

in inflation rates across euro area regions arise, employing a factor model framework 

(using principal component based estimators for the factors) to decompose regional 

inflation rates into euro area (especially common monetary policy and external 

developments), national (e.g. national tax policies) and regional components (e.g. 

local labour market conditions) and using a large dataset on regional prices, real 

variables as well as structural variables. They concluded that although euro area 

components are very important, their impact differ across regions, suggesting that 

regional characteristics, specifically region’s size, size of its agricultural sector, 

output growth and output volatility, are also important determinants of regional price 

levels. Analysing the U.S. regional inflation developments yielded similar results. 

Probably the most profound estimation of regional price levels was done in Germany 

by Roos (2006). He used a sample of 50 German cities from year 1993 with data on 

goods and services consumed by private households (excluding rents) provided by 

Ströhl (1994) to find the determinants of price level differentials across cities and 

subsequently used this information to predict the price levels in all 440 German 

districts. The resulting determinants used in the final regression, namely district’s 

population, GDP per capita, average annual wage, rental rate of retail outlets, 

population density, a tourism dummy and a dummy for Eastern Germany, was based 

on standard consumer theory. Recently, Janský and Kolcunová (2017) applied 

analogous methodology on existing regional price estimates of six EU countries and 

produced price level estimates for the remaining EU regions. Similarly, Šedivý 

(2017) applied the same method on existing estimates of regional price levels of 
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twelve countries from around the world and obtained price level estimates for 

selected twenty-one countries. Both of these studies used the resulting estimates to 

recalculate several regional macroeconomic variables into real terms. However, Blien 

et al. (2009) pointed out that the methodology used by Roos ignores the fact that the 

estimated regional price levels are afflicted with some uncertainty and if they were 

used in a second step, the standard formula for calculating the standard errors would 

lead to biased results. Instead of standard regression, he proposes to use so called 

multiple imputation procedure which takes care about this uncertainty. Using this 

method, he generates new estimates for all German regions’ price levels and uses 

them to show how the wage differential decreases when real variables are used 

instead of the nominal ones in the regression. 

Čadil et al. (2014) emphasized the fact that PPS indicators do not reflect regional 

prices and using simplified Éltetö-Köves-Szulc (EKS) method (an expenditure-

oriented method based on Laspeyer, Paasche and Fisher indices currently used by 

Eurostat to calculate PPPs) and price data from the Czech Statistical Office 

complemented by data on rents provided by the Institute for Regional Information, 

they produced their own estimates of regional price levels for the Czech Republic and 

showed that the recalculated PPS indicators differ substantially from the original ones 

despite the fact that the Czech Republic is considered as a regionally quite 

homogenous country. More specifically, they found out that when regional price 

levels are taken into account, the variation across Czech regions generally decreases 

for all macroeconomic variables that were investigated in this research (GDP, wages 

and disposable income). 

Bajgar and Janský (2014) used another estimates of regional price levels for fourteen 

regions of the Czech Republic produced by Musil (2013) to demonstrate the 

differences between selected nominal macroeconomic variables (salaries, pensions 

and wages) and the same variables adjusted for regional price levels. They found out 

that in case of private sector, regional differences in real wages are smaller than 

differences in nominal wages (and even smaller when interregional differences in 

educational level, age and professional composition are taken into account). On the 

other hand, regional differences in real pensions are substantial larger than nominal 

differences (which makes sense as pensions are one of the incomes whose nominal 

size does not depend on the region). Based on the results, they drew a conclusion that 

if regional price differences were taken into account in the process of determining 

state employees’ wages, pensions and other social benefits, the inequalities in real 

incomes of certain population groups could potentially decrease (but at the cost of 

deepening economic differences across individual regions). 
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To sum up this subchapter, although many empirical studies have already shown that 

prices differ across regions and affect standards of living substantially and in case of 

the EU, large differences between PPS indicators and indicators adjusted by regional 

price levels exist (especially for indicators determined on country level), the reliable 

estimates of regional price levels that could be used for further analyses are available 

only in a few countries. The fact that minimum wage in the EU is determined at a 

country level indicates a good chance that the impact of minimum wage on 

employment will be differential across the EU regions. 

2.2 Relationship between minimum wages and 
(un)employment 

The concept of minimum wage, i.e. the lowest possible remuneration that employees 

have to be paid by their employers, was established in 1894 in New Zealand (Bose, 

2017). Since that time, most developed countries have either passed minimum wage 

law of some form (22 out of 28 member states of the EU) or they rely on unions, 

trade groups and employer groups to set minimum wages through collective 

bargaining (for example Sweden, Finland, Denmark, Switzerland, Austria, Italy and 

Cyprus in case of Europe). The primary purpose of minimum wage is the protection 

of employees against unduly low pay, but it can also help to overcome poverty, 

improve employee morale and increase economic growth through increased 

consumer spending (Maverick, 2016). On the other hand, it has also several 

drawbacks – increase in minimum wages can fuel inflation, increase labour market 

competition for minimum wage jobs and especially increase unemployment. 

However, the last effect is not ambiguous, although it has been a subject of many 

studies. 

There are two competing theoretical models that explain how increase in minimum 

wages affects unemployment – supply and demand model and labour monopsony 

model. According to classical supply and demand model which has been described in 

most introductory economic textbooks (e.g. Cooper and John, 2011), an increase in 

minimum wage causes that more people are willing to work, but, at the same time, 

employers demand less labour (as their costs are increasing in wages) and as nobody 

can force them to hire (eventually not fire) the people, the equilibrium is determined 

by the employers. Therefore, an over-supply of labour and decreased demand for 

workers caused by increase in minimum wages leads to a decrease in employment. It 

is important to mention that this model assumes markets are perfectly competitive. 

On the other hand, labour monopsony model assumes that there is only one employer 

(that gives him market power in setting wages as well as choosing the number of 
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workers) and many potential workers. This employer can therefore pay lower wages 

and employ less people than in case of perfect competition. When increased 

minimum wage is higher than monopsony’s wage and lower than competitive wage 

at the same time, it will lead to increased employment (e.g. Rocheteau and Tasci, 

2007). An example of monopsonistic company is the diamond producer De Beers, the 

major employer of diamond workers in South Africa. 

Since 1970s, this topic has attracted a lot of attention of economists. However, their 

empirical studies regarding the impact of minimum wage increase on employment 

produce conflicting results as well. Initially, it was believed that the supply and 

demand model holds. Brown et al. (1982) reviewed the existing literature (especially 

time-series studies) written up to that time and summarised the main conclusion, 

namely that minimum wage reduces employment of teenagers who were viewed as a 

proxy for low-skilled workers, whereby the employment elasticity with respect to 

minimum wage should lie between (-0.3) and (-0.1). 

About a decade later, the studies started to take advantage of the fact that the level of 

minimum wage increasingly diverged across countries to estimate its effect on 

employment and produced conflicting results. Whereas some of them were in 

consensus with the previous research (e.g. Neumark and Wascher, 1992), several 

studies found no effect on employment (e.g. Card, 1992) and the belief in supply and 

demand model was substantially challenged in 1995 by Card and Krueger (1994) 

who claimed that increase in minimum wage can even increase employment. They 

made use of the increase in hourly minimum wage in New Jersey, collected the data 

on 410 fast-food restaurant from New Jersey and eastern Pennsylvania (for the 

purpose of comparison) by telephone surveys and estimated the labour demand 

elasticity to be between 0.54 and 0.89. Although their results were theoretically 

supported by labour monopsony model, two rival economists, Neumark and Wascher 

(1995), repeated this analysis, using data from actual payroll records of 230 

restaurants, and got negative labour demand elasticity between (-0.21) and (-0.22), 

i.e. a result consistent with standard and supply and demand model. 

In contemporary research (summarized e.g. by Neumark and Wascher, 2008) where 

state panel-data approach is often used, many studies are again in favour of supply 

and demand model and point out that the most vulnerable group consists of low-

skilled people directly affected by the minimum wage. However, this approach has 

been recently criticised for example by Allegretto et al. (2011) who pointed out that 

the authors of these studies do not take into account heterogenous employment 

patterns and high selectivity of state-level panel data which often makes the estimates 
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biased. They propose to solve this problem by including controls for heterogenous 

economic shocks together with long-term growth differences among states into the 

model and show that these relatively simple adjustments cause the employment 

elasticity to be indistinguishable from zero. Moreover, they contribute to the existing 

literature by using so called distributed lag specification which enables to detect pre-

existing trends and/or anticipation effects of minimum wage increase and estimate its 

long- versus short-run effects. 

Although it seems nowadays that the employment elasticity with respect to minimum 

wage is not substantially negative (or even close to zero) based on many of these 

studies, there are at least two good reasons why the research should be continued. 

The first reason is that according to The Economist (2015), substantial minimum 

wage increases introduced recently in the United Kingdom and Germany, for 

example, are expected to be maintained over time which could have severe long-term 

effects on employment that could not have been estimated yet as in the past, the 

increases in the minimum wage have been mostly eroded by inflation. Three recently 

published studies suggest that making minimum wage increases permanent (e.g. by 

tying them to inflation) may not be the best approach. In the first one, Sorkin (2015) 

shows that if minimum wage increases are not permanent, as it was the case in the 

past, standard methods are able to detect only short-run employment elasticities, so 

the lack of evidence for a big short-term effect of minimum wage on employment 

does not rule out a much larger impact in the long run. In the second study, Aarson et 

al. (2013) go even further and draw a conclusion that in case of restaurant industry, 

the small net employment changes resulting from increase in minimum wages is 

roughly offset by simultaneous entry of firm that are able to optimize the input mix, 

especially by replacing the people with machines. As the restaurants that continue in 

operation are not likely to change employment levels much, this effect could not be 

revealed in the past. The third paper written by Meer and West (2015) argues that 

increase in minimum wage does not cause immediate drop in employment, but rather 

reduces job growth gradually over a longer period of time. According to the results of 

this study, a 10% permanent increase in minimum wage could lead to cut in job 

growth by 0.3 percentage points annually. Similarly as in studies focusing on the 

effects on employment levels, the people below twenty-five years and/or without 

degree seem to be the most vulnerable groups. 

The second reason is the fact that probably due to low availability of regional price 

levels discussed in the previous subchapter, none of the studies has worked with real 

regional minimum wage yet to the best of my knowledge. However, as it was shown 

in subchapter 2.1, prices differ across regions and as minimum wages in the EU are 
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set on a national level, the relative size of minimum wage differs across the EU 

regions, which could cause differential impact of minimum wage on employment 

across the EU regions. In other words, it is possible that the existing studies 

underestimated the effect of minimum wages on employment in regions with low 

price levels that imply relatively high minimum wage in these regions and vice versa. 

Recently, Májková (2017) tried to find out whether the impact of minimum wage on 

employment and other macroeconomic variables differs when regional rather than 

country-level data of four European countries are used, but due to small number of 

observations and large heterogeneity of the data, resulting estimates were 

substantially sensitive to model specification. Therefore, the aim of this thesis is to 

fill in this gap. 
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3 Empirical strategy 

3.1 Estimation of EU regional price levels  

To the best of my knowledge, the regional price levels have been so far estimated 

only in seven out of 28 EU countries, namely in Austria on NUTS 2 level 

(Österreichische Gesellschaft für Marketing, 2009), the Czech Republic on NUTS 3 

level (Čadil et al., 2012 and Kramulová et al., 2016), Germany on NUTS 1 level 

(Deckers et al., 2016 and Roos, 2006), Italy on NUTS 2 level (Pittau, 2011), Poland 

on NUTS 2 level (Rokicki and Hewings, 2016), Slovakia on NUTS 3 level 

(Radvanský and Fuchs, 2012) and the United Kingdom on NUTS 1 level (Office for 

National Statistics, 2011). The aim of this subchapter is to describe the methodology 

that will be used for estimation of the regional price levels of selected EU countries 

where they have not been estimated yet, using the existing regional price level 

estimates of the seven above mentioned EU countries together with publicly available 

characteristics of EU regions potentially correlated with the price levels. 

Due to the fact that the only reason for estimating the regional price levels in this 

work is to use them for computation of real minimum wages on a regional level and 

subsequent estimation of employment and/or hours of work elasticity with respect to 

this variable, and that the methodology used will benefit from a lower proportion of 

the missing data, the regional price levels will be estimated only for EU countries 

where minimum wage exists. A generally applicable (i.e. not limited to specific 

sectors, occupations or group of employees) statutory minimum wage is currently 

applied by 22 EU countries, including 5 out of 7 countries for which the estimates 

already exist. However, in case of Netherlands which has the minimum wage, the 

information regarding regional variables is unfortunately suppressed in the dataset 

which will be used and therefore, estimation of its regional price levels would be 

useless. Furthermore, five countries with minimum wage consist of only one NUTS 2 

region which is the whole respective country itself – Estonia, Lithuania, 

Luxembourg, Latvia and Malta. For these countries, it naturally does not make sense 

to estimate the regional price levels as well as they are equal to the country price 

levels. Therefore, our dataset will include 18 EU countries: 16 with minimum wage 

(Belgium, Bulgaria, Croatia, the Czech Republic, France, Germany, Greece, 

Hungary, Ireland, Poland, Portugal, Romania, Slovakia, Slovenia, Spain and the 

United Kingdom) and 2 without minimum wage (Austria and Italy). The regional 
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price levels of 11 EU countries where they have not been estimated so far will be 

estimated on NUTS 2 level due to the fact that the data for estimation of employment 

and hours of work elasticities are collected on NUTS 2 level, too. 

3.1.1 Data 

This section is devoted to both the dependent variable and the explanatory variables 

that will be used in the econometric model, including their description, selection 

process and sources. 

3.1.1.1 Dependent variable 

The dependent variable is the regional price level. In order to demonstrate the price 

level of one region relative to another region, purchasing power parity is used, 

whereby the respective country serves as a base (i.e. its price level is normalized to 

100) and the regional price levels are expressed relative to the base. The sources 

(mostly academic literature) of regional price level data of seven EU countries with 

existing estimates have already been mentioned above. For two countries, more than 

one source exists. In case of the Czech Republic, Kramulová et al. (2016) is preferred 

as their estimates for year 2012 are a result of an improved methodology that has 

been applied by Čadil et al. (2012) to get estimates for year 2007. In case of 

Germany, Roos (2006) was chosen, despite the fact that Deckers et al. (2016) provide 

more recent estimates of German regional prices. The reason is that these price 

estimates were constructed for a period of time instead of a particular year and 

therefore cannot be used for our analysis. Nevertheless, Germany is the only country 

from our sample of seven countries whose statistical office publishes regional 

inflation rates which enables to shift the estimated regional price levels to an arbitrary 

year (in this work, the 2006 estimates were shifted to year 2010). 

For two Italian regions who used to be united by 1998 (Provincia Autonoma di 

Bolzano/Bozen and Provincia Autonoma di Trento), only one common estimate of 

price level exist. This estimate was used for both of these regions in our analysis. 

As the PPPs from our sample of seven countries were computed for different years 

and cannot be simply shifted to the same base year due to the absence of regional 

inflation rates, the explanatory variables from the respective years will be used in the 

analysis. This can be done assuming that the relationship between the dependent 

variable and the explanatory variables does not change over time, which is quite 

reasonable assumption. It also implies that for the eleven EU countries whose PPPs 
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will be estimated1, the explanatory variables can be from any year (in our case, year 

2015 will be used as most data are available in this year). Moreover, by putting all 

countries into one model, we implicitly assume that this relationship does not differ 

across countries as well. 

Very important assumption is the stability of relative regional prices over time. 

Thanks to this assumption, it is sufficient to estimate the regional price levels for only 

one year and the regional price levels for remaining years of interest can be computed 

based on country-level inflation rates (using e.g. HICP index). Another possibility 

would be to estimate the regional price levels for all years needed, using the region-

level data from the respective years. However, in this case, the proportion of missing 

values of both the dependent variable and the explanatory variables (as they are not 

available in every year) would increase substantially, leading to less precise and 

potentially biased estimates, so the first option is preferred. Nevertheless, for our 

purposes, only the relative sizes of the regional price levels will be needed for each 

country as the inflation can be captured by another variables such as average wage or 

labour productivity. Therefore, there is no need to transform the resulting regional 

price levels at all. 

Last thing that should be mentioned is that the available regional price levels (their 

summary can be found in Table A1 in appendix) have been estimated by different 

methodologies and therefore cannot be directly comparable. However, as all sources 

are reliable and relevant, the produced estimates can be considered credible. As a 

result, our sample consists of 96 observations with full information. 

3.1.1.2 Explanatory variables 

The regional (publicly available) macroeconomic data of EU regions were 

downloaded from Eurostat. In case of the Czech Republic and Slovakia where the 

existing estimates of regional price levels are on NUTS 3 level, Czech Statistical 

Office and Statistical Office of the Slovak Republic were used for a few variables 

that are not available on Eurostat2. The selection of variables is primarily based on 

Roos (2006) who inspired also the econometric models of Blien et al. (2009) as well 

as Janský and Kolcunová (2017) and Šedivý (2017). 

                                                

1 Belgium, Bulgaria, Greece, Spain, France, Croatia, Hungary, Ireland, Portugal, Romania and 

Slovenia 

2 Eurostat provides most of the regional data only on NUTS 2 level. 
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In order to explain the differences in regional price levels in Germany, Roos (2006) 

used a simple supply and demand framework based on standard consumer theory. 

Several assumptions have to be made, including neither spatial arbitrage nor strategic 

price setting between firms from different regions, immobility of firms and customers 

in the short run as well as the sale of intermediate products for the same price 

everywhere and with no transportation costs in case of trading across regions. 

According to Roos (2006), under these assumptions, the differences in regional price 

levels are caused only by differences in local supply and local demand between 

regions. He drew a conclusion that the theoretical variables that drive the price level 

differentials are income, population size, regional wage level, rent of retail outlets 

and the degree of competition in the market. It is also useful to mention that similarly 

as in the study of Roos (2006), the aim of our model is not to come up with an 

explanation of why differences in regional price levels exist (i.e. to interpret the 

coefficients), but rather to find the explanatory variables that have high and stable 

correlations with the regional price level and therefore can be used for its prediction. 

For some of these theoretical variables, it may not be clear what type of data is 

appropriate. As a substantial portion of income is created by wage, disposable income 

per capita, compensation of employees or GDP per capita can be used for both of 

these variables. Population size and area can be either used themselves or replaced by 

population density. Also, as proposed by Janský and Kolcunová (2017), a dummy 

variable indicating the presence of the capital or a city above a certain percentage 

(1% or 2%) of the country’s total population in the region, or a dummy variable 

distinguishing predominantly urban regions that usually have high density from 

predominantly rural regions, may serve well this purpose. Additionally, Roos (2006) 

proposes to include some tourism variable that captures the demand that does not 

come from local residents. Last but not least, Janský and Kolcunová (2017) and 

Šedivý (2017) considered a few variables describing the labour market such as 

employment, unemployment, poverty rate and level of education, which will be 

tested in this work as well. 

In order to verify whether the appropriate explanatory variables were chosen for the 

latter analysis and determine which of them will be used (as some of the variables 

cannot be used together due to high multicollinerity) and whether they should be 

somehow transformed, an OLS regression was carried out for the 96 regions with 

complete observations. After running several regressions, it was found out that the 

level-level model fits the data best. The selection of explanatory variables was 

inspired by Janský and Kolcunová (2017) and Šedivý (2017) who regressed all 

potential explanatory variables on the dependent variable, kept the most significant in 
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the model, then successively added the remaining explanatory variables into the 

model, again identified the most significant one, added it into the model and 

continued until none of the remaining explanatory variables was found significant on 

the 10% significance level. The resulting variables are rural, adjincome, adjtourism, 

adjunemployment, capital and adjcityover2. Their description (in alphabetical order) 

follows. Their summary statistics can be found in Table A2 in appendix. 

adjcityover2 - a dichotomous variable equal to 1 if a city with over 2% of country's 

population (excluding capital) is located in the region and 0 otherwise; 

adjincome – net disposable income in PPS based on final consumption per 

inhabitant, expressed as a proportion of average national value in %; 

adjtourism – number of nights spent at tourism accommodation establishments per 

thousand inhabitants, expressed as a proportion of average national value in %; 

adjunemployment – unemployment rate of individuals older than 15 years, 

expressed as a proportion of average national value in %; 

capital – a dichotomous variable equal to 1 if the capital city is located in the region 

and 0 otherwise; 

rural - a dichotomous variable equal to 1 if the region’s predominantly rural NUTS 3 

regions prevail over predominantly urban and intermediate NUTS 3 regions and 0 

otherwise3. 

Four of these variables (rural, adjincome, adjunemployment and capital) and one 

similar (adjcityover1) have been found to be significant also by Janský and 

Kolcunová (2017). Variable adjtourism was significant only in our case. This 

differential conclusion can be explained by the fact that regional price levels of 

Poland together with updated regional price levels of the Czech Republic could not 

be used by Janský and Kolcunová (2017) as they were not available. The R-squared 

of the resulting regression is 0.8099 which means that the explanatory variables 

explain the price levels well. 

In order to test the stability of the results, an out-of-sample test was conducted. For 

the sample of 96 observations with complete data, one observation was dropped, a 

                                                

3 Based on Urban/rural typology of NUTS 3 regions created by the European Commission (DG 

REGIO and DG AGRI) 
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regression was run and the estimated coefficients were used to predict the value of 

the missing observation. This was done for all 96 observations. Thereafter, the 

predicted values were compared with the true values. The resulting RMSE is 2.98, 

which is considered sufficient due to relatively small number of observations. Chart 1 

depicts the comparison of real and predicted values of regional price levels. 

Chart 1: Comparison of true and predicted values of regional price levels 

 
Source: Own analysis 

3.1.1.3 Data issues 

Several data issues had to be resolved. Firstly, as the data on explanatory variables 

(except for dummy variables) naturally report great differences (in absolute values) 

across countries, they are not directly comparable. Therefore, the non-dummy 

explanatory variables had to be adjusted. The following transformation proposed by 

Janský and Kolcunová (2017) was applied on the data:  

𝑥𝑖 =  
𝑟𝑒𝑔𝑖𝑜𝑛𝑎𝑙 𝑣𝑎𝑙𝑢𝑒

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑜𝑟 𝑡𝑜𝑡𝑎𝑙 𝑛𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑣𝑎𝑙𝑢𝑒
 

where 𝑥𝑖 is the explanatory variable (for example, average national value was used 

for density whereas total national value was used for population etc.). 

Another problem is that the data for estimation of the impact of minimum wage on 

employment are mostly on NUTS 2 level for countries of interest (NUTS 1 for 

Germany and the United Kingdom). In case of Germany and the United Kingdom, it 

is no issue as their estimates of regional price levels are only on NUTS 1 level as 

well. However, for the Czech Republic and Slovakia, the estimates on NUTS 3 level 

exist. To determine their regional price levels on NUTS 2 level, the weighted average 

of NUTS 3 level estimates (weighted by their GDP from the respective years) will 

have to be computed. However, in order to avoid reduction in valuable information 

provided by having more data, this will be done only after the regional price levels of 

all countries of interest are estimated. 
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For variable income (and a few another potential explanatory variables that were 

statistically insignificant), data on NUTS 3 level were unfortunately not available for 

Slovakia. Therefore, the data for corresponding NUTS 2 regions were used instead. 

3.1.2 Methodology 

The choice of appropriate methodology for estimating the unknown regional price 

levels is very important. Roos (2006), Janský and Kolcunová (2017) as well as 

Šedivý (2017) decided for a basic ordinary least squares regression to estimate the 

coefficients of the explanatory variables which were subsequently used for out-of-

sample prediction of regional PPPs. As Roos (2006) did not use the produced 

estimates further and Janský and Kolcunová (2017) and Šedivý (2017) used them 

only for recalculation of some economic indicators (GDP and disposable income per 

capita and Gini coefficients and poverty measures, respectively), i.e. not for further 

estimation, no problems resulting from selection of OLS arised. However, in our 

case, the estimated regional price levels will be used in a second step (for estimating 

the employment and hours of work elasticity) and as a standard regression model like 

OLS does not take into account the fact that these estimates are afflicted with some 

uncertainty, the standard formula for calculating the standard errors would lead to 

biased results. Therefore, neither a simple OLS method nor the estimates produced by 

the above mentioned studies can be used. Instead, the whole dataset consisting of 18 

EU countries will be taken and the missing PPPs will be estimated with the use of 

some technique for dealing with missing data. 

3.1.2.1  Missing data mechanisms 

The choice of appropriate method for handling missing data depends especially on 

the nature of the missingness, i.e. whether they are missing completely at random 

(MCAR), at random (MAR) or not at random (MNAR) (Little and Rubin, 2002). A 

variable is said to be MCAR if the probability that its value is missing does not 

depend on other variables in the dataset as well as the unobserved value of the 

variable itself. For example, in health surveys, some randomly selected individuals 

can be asked to undergo a more extensive physical examination and as a result, 

complete data regarding these variables are gained only for this subgroup of people. 

In case of MAR, which is a less restrictive assumption than MCAR, the probability of 

a missing value may depend on other variables in the dataset, but again not the 

variable itself. For instance, it can happen that in some survey, women are less likely 

to answer some question than men and in that case, variable gender predicts the 

missingness of another variable. The variable whose unobserved value itself predicts 

the missingness is MNAR. A typical example would be income variable as people 

with extremely high or low income tend to be less willing to answer questions 
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regarding their income than people with more moderate income. It is extremely 

important to know into which group the respective data belong as for different types 

of missing data, different methodologies for dealing with missing data are 

appropriate. 

3.1.2.2 Methodologies for dealing with missing data 

The most popular methods for handling missing data include complete case analysis, 

available case analysis, unconditional mean imputation, single imputation and 

stochastic imputation (Multiple imputation in Stata, n.d. and Soley-Bori, 2013). A 

brief description of their advantages and limitations follows and their resulting 

appropriateness for our purpose is provided. The methodologies should be evaluated 

based on their level of achievement of three important goals of statistical analysis 

with missing data, namely minimization of bias, maximization of use of available 

information and obtaining of appropriate estimates of uncertainty (Multiple 

imputation in Stata, n.d.). 

Complete case analysis (also known as listwise deletion) is the simplest of these 

methods. As its name suggests, the observations with at least one missing variable are 

simply excluded from the analysis. This is done by default in most statistical 

packages, including Stata. Obviously, the biggest limitation of this technique is that it 

can lead to an exclusion of a large fraction of the original sample, resulting larger 

standard errors and biased estimates assuming the data are not missing completely at 

random. 

Available case analysis (sometimes referred to as pairwise deletion) tries to minimize 

the loss which occurs in complete case analysis and therefore is preferred (at least 

theoretically) over listwise deletion. Pairwise deletion uses a full set of observations 

with non-missing values to estimate means, variances and covariances, i.e. it 

computes a covariance matrix where each element is based on all non-missing values 

for each pair of variables. The biggest limitations of this method are inconsistent 

sample size and the fact that the obtained estimates often differ much from estimates 

resulting from both analysis of full dataset and listwise deletion approach due to bias, 

unless the data are MCAR (Multiple imputation in Stata, n.d.). 

Unconditional mean imputation (also called marginal mean imputation or mean 

substitution) simply replaces the missing values of a given variable with the average 

of non-missing values of this variable. Its main disadvantage is the artificial reduction 

of variability which leads to biased estimates of variances and covariances. 
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Single (or deterministic) imputation (also known as regression mean imputation and 

conditional mean imputation) is a more sophisticated form of imputation as it 

replaces the missing values with values predicted from a regression, using complete 

information. However, as the predicted values lie directly on the regression line, the 

variability will decrease again (although less than in case of unconditional mean 

imputation). Another drawback of single imputation is the fact that as statistical 

models do not distinguish between observed and imputed values, the uncertainty 

associated with the imputed value is not is not incorporated into the model. This 

would exactly happen if estimates of Janský and Kolcunová (2017) or Šedivý (2017) 

were used for our purpose. Moreover, even if the data were missing completely at 

random, the correlations and R-squared statistics would still suffer from upward bias 

due to the inflation of associations between variables as the imputed values are 

perfectly mutually correlated. 

Stochastic imputation was developed by the researchers with the aim to restore the 

lost variability associated with the deterministic imputation. Some part of the lost 

variability is restored by adding a residual term, randomly drawn from a normal 

distribution with zero mean and variance equal to the residual variance from the 

deterministic model, to the predicted scores from the deterministic imputation.  

Assuming that the data are at least MAR (i.e. they can be MCAR as well), this 

method produces unbiased coefficient estimates together with less biased standard 

errors than in case of deterministic imputation. 

In order to find the most appropriate method for our purpose, both complete case 

analysis and available case analysis can be excluded as they would simply drop the 

missing regional price levels which we need for the second regression, dealing with 

the impact of minimum wage on employment and hours of work. From the remaining 

3 methodologies, stochastic imputation is naturally preferred as it is the most 

advanced form of imputation. Nevertheless, the resulting standard errors will still be 

attenuated (Multiple imputation in Stata, n.d.). In order to solve this problem, so 

called multiple imputation, which is an iterative form of stochastic imputation, can be 

used. This advanced method for dealing with missing data uses the distribution of the 

observed data for estimation of multiple values, rather than a single value, which 

reflect the uncertainty around the true value. Multiple imputation is recommended 

also by Blien (2009) who used this methodology for generation of regional price 

levels of Germany and used them to show how the wage differential decreases when 

real variables are used. Additional argument in favour for this method is the 

following statement: “Missing data analyses are difficult because there is no 

inherently correct methodological procedure. In many (if not most) situations, blindly 
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applying maximum likelihood estimation or multiple imputation will likely lead to a 

more accurate set of estimates than using one of the [previously mentioned] missing 

data handling techniques“ (Enders, 2010, p. 344). Therefore, multiple imputation 

procedure will be used for our purpose as well. In the subsequent section, its detail 

description follows. 

3.1.2.3 Theoretical description of multiple imputation 

The basic principles of multiple imputation have been developed in the second half of 

the 20th century by Rubin (1978). As already mentioned, multiple imputation 

procedure is appropriate for data that are either missing completely at random or 

missing at random. In our case, at least the MAR assumption is definitely met as the 

probability of missing data on regional price level is not related to the value of 

regional price level after controlling for the explanatory variables. Even the MCAR 

assumption is likely to bet met as there is no reason why the probability should 

depend on the values of the explanatory variables (data on regional price levels are 

missing for the countries where they have not been estimated so far). 

The biggest advantage of multiple imputation is the fact that the resulting estimates 

are consistent, asymptotically efficient and asymptotically normal, assuming that the 

data are MAR. On the other hand, it produces slightly different estimates every time, 

so different researchers probably will not be able to get the same numbers despite 

using the same data and methodology (Nakai and Weiming, 2011) The reason is that 

multiple imputation is a simulation-based procedure whose purpose is to correctly 

reproduce the variance/covariance matrix that would be observed if there were no 

missing observations in the data, rather than to produce “real” values. 

The multiple imputation procedure consists of three steps: imputation or fill-in phase, 

analysis phase and pooling phase. The origin of multiple imputation is in Bayesian 

statistics. In the first step, an imputation model defined by the selected variables is 

run. The missing data are subsequently filled in with estimated values m times, 

resulting in m imputed datasets. According to Soley-Bori (2013), m equal to 20 is 

considered good enough. The missing values are drawn from a conditional random 

distribution, whereby the correlation of the imputed values with the independent 

variables is based on the correlation between the observed values. Expressed more 

technically, the imputations are drawn randomly from a posterior predictive 

distribution of the missing data given the observed data. All imputed values include a 

random component whose magnitude reflects the extent to which other variables in 

the imputation model cannot predict their true values (Johnson and Young, 2011). In 

the second step, the m complete datasets are analyzed, using standard econometric 
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methods such as linear regression. Finally, in the third step, the parameter estimates 

(coefficients and standard errors) resulting from all imputed datasets are combined in 

order to get a final set of parameter estimates, using the rules for multiple imputation 

estimates. 

3.1.2.4 Application of multiple imputation on our data 

The literature dealing with multiple imputation recommends that the imputation 

model from step 1 should be consistent with the analytic model from step 2, meaning 

that the imputation model should include all variables that are used in the analytic 

model. In our case, this is not possible as the imputation model (estimation of 

regional price levels) uses aggregate data whereas the analytic model (estimation of 

employment probability and hours of work elasticity) uses individual-level data. 

However, the dummy variable rural captures a major part of the heterogeneity of the 

workforce. Additional information about employees in the regions is captured by the 

adjunemployment variable. These two variables will be used in both models. 

According to several studies summarized by Rubin (1996), the multiple imputation 

inferences are robust if the differences between the data from the imputation model 

and the analytic model are not too large. Therefore, the lack of some further 

information should not be a problem. 

Before conducting a multiple imputation procedure, several steps have to be taken. 

Firstly, the number and proportion of missing values among the variables of interest 

should be examined. In our case, all explanatory variables are complete and the 

values of regional price level (dependent variable) is missing for 104 observations out 

of total 200 observations (i.e. 52%), which results in the total proportion of missing 

data in our dataset to be equal approximately to 7.4%. In similar analysis conducted 

by Blien (2009), the price data were missing for 90% of observations and the total 

share of missing data was 10%, which is even higher. Moreover, according to Allison 

(2002), multiple imputation can perform well even with up to 50% missing 

observations, so 7.4% of missing observations seems to be acceptable. 

Secondly, the missing data patterns among the variables of interest should be 

examined (for example, whether any set of variables seems to always be missing 

together). This step can be omitted in our case as the only variable that contains 

missing data is the price level. 

Last (optional) step before conducting the multiple imputation is the identification of 

so called (potential) auxiliary variables, i.e. variables that are either correlated with 

the missing variable or believed to be associated with its missingness. The main 

purpose of these variables is to increase the probability that the data are missing at 
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random. Naturally, this procedure can be omitted as the regional price level is 

MCAR, so there should not be any variables associated with its missingness (and the 

variables with highest correlation have already been selected).   

To conduct the multiple imputation procedure itself, two decisions have to be made. 

The first is the choice of the type of distribution under which the regional price levels 

will be imputed. Stata offers two options:  Bayesian Markov Chain Monte Carlo 

(MCMC) procedure (for variables with a joint multivariate normal distribution) and 

multiple imputation by chained equations (MICE) that uses a separate conditional 

distribution for each imputed variable (only regional price level in our case). Blien 

(2009) selected the MCMC procedure which will be used for our purpose as well. 

MICE is useful for example if the imputed variable may take on only specific values 

(such as dummy variable), which is not our case. Moreover, simulation studies have 

shown that MICE estimates are comparable to MCMC estimates (e.g. Lee & Carlin, 

2010). The missing data will be filled in using so called data augmentation algorithm, 

i.e. by drawing from a multivariate normal distribution of the missing data given the 

observed data. 

The second step is the choice of the number of imputed datasets that should be 

created. According to Blien (2009), the efficiency of the imputation can be computed 

using the following formula: 

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =  
1

1 +
𝛾
𝑚

 

where 𝛾 is the share of missing values in the dataset and 𝑚 is the number of 

imputations. Blien (2009) used 5 imputations, whereby the share of missing values in 

his dataset was approximately 10%. In our case, the share of missing values is 

smaller (7.4%), so using the same number of imputations will result in even higher 

efficiency (more than 98.5%). Increasing the number of imputations is not expected 

to improve the efficiency. 

The averages of five resulting imputed regional price levels, including the estimates 

of Janský and Kolcunová (2017) (for comparison purposes) can be found in Table A3 

in appendix. Due to the fact that both the estimation methodology and the sample of 

existing regional price levels are distinct, the results naturally differ to some extent. 

Also, it is important to remind that imputed values do not represent the true values as 

all of them include a random component whose magnitude reflects the extent to 

which the explanatory variables cannot predict their true values. However, at least the 

rankings of individual regions within one country seem to be quite similar. All in all, 
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this analysis confirms our hypothesis that the regional price levels can substantially 

differ from the countrywide price levels and as a result, using regional price levels for 

the computation of real regional minimum wages seems as a good idea that should 

make the employment elasticity estimates with respect to minimum wage more 

precise. 

The second (analytic) and third (pooling) step of multiple imputation will be 

conducted later, after the description of the analytic model used for the prediction of 

minimum wage impacts. 

3.2 Estimation of EU employment elasticity with 
respect to real regional minimum wage 

The aim of this section is find out whether minimum wage increases reduce 

employment of the affected people in the EU and whether the impact is higher in 

regions with lower price levels, using the estimates of regional price levels from the 

previous subchapter to determine the relative sizes of minimum wage for the EU 

regions. As some of the existing studies (e.g. Allegretto et al., 2011) point out that the 

employers can decrease their demand for the number of affected people’s work rather 

than their demand for these employees, the impact of minimum wage on hours of 

work will be investigated as well. Due to the fact that the salary for full-time jobs is 

usually fixed and overtimes are rarely paid, it would not make sense for employers to 

reduce the hours of work of their full-time employees. Therefore, the latter impact 

will be investigated only for individuals doing a part-time job where salaries on a 

hourly basis are much more common. 

3.2.1 Data 

This section is devoted to both the dependent variable and the explanatory variables 

that will be used in the following econometric models, including their description, 

selection process and sources. The selection of basic variables was inspired by 

Allegretto (2011) who has estimated the impact of minimum wage on three labour 

market outcomes – hourly earnings, employment and usual hours of work for the 

USA, using disaggregated data. However, as the EU consists of different completely 

autonomous countries that are not such homogenous as the U.S. states in many 

aspects, several adjustments will have to be made. 
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Most of the data that will be used come from EU Labour Force Survey (LFS)4, which 

is the largest statistical survey of European household sample whose aim is to capture 

the labour market data, conducted by the national statistical institutes across Europe 

(28 EU member states, 3 EFTA countries and 3 EU candidate countries) and centrally 

processed by Eurostat. It collects more than 100 variables, all of them on annual basis 

and some of them even quarterly. Although the households typically participate in 

this survey several times, household numbers are randomised per dataset in order to 

prevent tracking respondents across time. Therefore, the dataset will be treated as 

repeated cross-sectional data rather than panel data. 

Apart from individual – level data from EU LFS, some aggregate data (on regional or 

national level) that capture overall labour market conditions and labour supply 

variation will be used. The regional data will be assigned to the respective 

observation based on the region of household from which the individual comes. By 

that we implicitly assume the immobility of labour force across regions. Another 

option would be to use region of place of work, but unfortunately for unemployed 

people, the region of place of their last work is not available. The aggregate data are 

published by Eurostat and/or OECD and are publicly available. 

Due to the fact that data on wages from EU LFS are provided only as national deciles 

(and only since 2009), it is not possible to determine directly which individuals have 

been affected by the minimum wage introduction or increase (i.e. their wage had been 

lower before the minimum wage was introduced or increased). Therefore, the 

econometric models will be applied on different groups of people who are at risk of 

being affected by a minimum wage increase. The literature often uses teenagers (e.g. 

Allegretto, 2011) or people working in fast food restaurants (e.g. Card and Krueger, 

1994) for this purpose. In our case, three groups of people will be investigated: young 

people (between the age of 15 and 19), people with low highest educational 

attainment level (up to ISCED 2 = lower secondary education based on ISCED 2011 

classification) and low-skilled workers (people doing ISCO 9 = elementary 

occupations based on ISCO-08 (ISCO-88 until 2010) classification; these occupations 

include cleaners and helpers; agricultural, forestry and fishery labourers; labourers in 

mining, construction, manufacturing and transport; food preparation assistants; street 

and related sales and service workers and refuse workers; and other elementary 

workers). In case of the last group, unemployed people are assessed based on the 

                                                

4 These data are not publicly available, but can be received from Eurostat upon request (for research 

purposes). 
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occupation of their last job. Naturally, it is possible that some individuals will be in 

more (even all) groups. 

It should be mentioned that in a number of EU countries, young workers below a 

certain age or months of experience are eligible only for reduced minimum wage 

which can be applied either generally or in form of multiple sub-minimum wage rates 

based on age (the intended aim is he facilitation of young individuals’ entry into the 

labour market). These countries include for example Belgium, the Czech Republic, 

France, Ireland, Portugal, Spain and the United Kingdom. However, due to lack of 

detailed data regarding the sub-minimum wages, the basic minimum wages will be 

used for analysis. It still holds that if the generally applicable minimum wage 

increases, the youth minimum wage will increase as well, although not by the same 

amount. 

The dataset covers the period 1998-2016 for which the EU LFS dataset was obtained. 

However, most of the aggregate data are available only from 1999 or even later year. 

Also, several variables are not available for all countries (e.g. employment protection 

index is not measured at all in Bulgaria, Malta and Romania and vacancy rate is 

completely unavailable for France and Ireland; these are the two variables with the 

lowest number of observations). Therefore, the trade-off between losing some 

observations for including variable that is believed to be important will be inevitable. 

However, as there are more than 20 millions observations in the dataset, this should 

not be a big issue. 

3.2.1.1 Dependent variable 

As the individual-level data on hourly earnings are not provided by EU LFS, only 

two out of three dependent variables that were used by Allegretto (2011) will be 

used: employment and hours of work. Their description follows: 

adjilostat – a dichotomous variable equal to one if the individual is employed and 0 

if the individual is unemployed (inactive people, people that practice compulsory 

military service and people under 15 years old were dropped from the sample as they 

are not of interest for our purposes); 

hwusual5 – number of hours per week usually worked in the main job (restricted to 

individuals who had positive hours). 

                                                

5 All hours from 80 onwards are aggregated into a single category 80 by Eurostat 
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3.2.1.2 Explanatory variables 

The minimum wage, our variable of interest, will be used in different forms. Firstly, 

real country’s minimum wage (nominal wage divided by country’s price level) will 

be used as a benchmark. I expect to obtain small negative or close to zero 

employment/hours of work elasticity, similarly as most of the studies where this 

specification was used. After that, the observations will be divided into two 

subgroups based on the estimated regional price levels (one with below country 

average regional price levels and the other one with above country average regional 

price levels) and run the previous regression for both of these subgroups to find out 

whether the effect of minimum wage on employment/hours of work is higher for 

regions with lower price levels. If this expectation is confirmed, an interaction term 

of real country’s minimum wage and regional price level will be added into the first 

regression in order to quantify how fast the impact of country’s real minimum wage 

on employment/hours of work decreases with increasing regional price level. Finally, 

the first regression will be re-estimated with the real regional minimum wage (with 

the expectation of obtaining more significant negative coefficients) to verify that 

using regional price levels is more useful than using country-level price levels. 

The minimum wage is often not applicable exactly from 1st January and can change 

more frequently than annually. However, as annual data are used in our analysis, only 

one minimum wage can be assigned to each year. To determine the annual minimum 

wage for a given year, the average of bi-annual minimum wage data published by 

Eurostat was used. 

The choice of basic explanatory variables was inspired by Allegretto (2011). Apart 

from minimum wage, several another variables were used in his models: a set of 

individual characteristics (2 gender categories, 4 race/ethnicity categories, 12 

education categories and 4 marital status categories), state unemployment rate (to 

control for local labour market conditions) and some combination of several dummies 

(time dummies, state fixed effect, census division-specific time effect6 and state-

specific linear trend variable)7. In our analysis, some alternatives of the individual-

level characteristics and regional (instead of state) unemployment will be used as 

well. Regarding the dummies, only time and country dummies will be applied in the 

analysis. Including a region-specific dummy is not necessary as regional price levels 

already incorporate some information about regional differences. Moreover, two 

                                                

6 The U.S. states are grouped into 9 census divisions for the purpose of data collection and analysis. 

7 For our purposes, U.S. state (division) can be thinked of as an equivalent of EU region (country). 
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aggregate regional variables (unemployment and rural) will be included into the 

regression. Instead of the linear trend, more aggregate variables will be included. 

As it was already mentioned, the European Union countries are naturally much more 

heterogenous than the United States. To account for this heterogeneity, several 

country-level aggregate variables have to be included into the regressions. Firstly, it 

is clear that the same minimum wage will have different impact in countries of 

different wealth. Májková (2017) used the average wage or proportion of average 

wage to minimum wage to control for it. Another possibility would be to use labour 

productivity, i.e. GDP per person employed or hour worked (the latter is more precise 

as the full time/part time composition of the workforce differs across countries and 

years). Another aggregate variables that are expected to influence the probability of 

being employed are various indicators of employment protection published by OECD 

that account for the procedures and costs involved in dismissing individuals. Finally, 

the job vacancy rate should be included as a control variable as it should be easier to 

find a job and/or work more hours in countries with higher job vacancy rate. 

The complete list of all potential explanatory variables (sorted in alphabetical order) 

follows: 

adjftpt – a dichotomous variable equal to 1 if the job done by the employed 

individual (i.e. adjilostat = 1) is part-time and 0 if it is full-time; 

adjnational – a dichotomous variable equal to 1 if the individual is native of the 

country where he/she lives and 0 otherwise (more detailed breakdown was not 

possible due to data anonymization); 

adjsex – a dichotomous variable equal to 1 for male and 0 for female; 

age8 – a categorical variable that takes on the values (2+5𝑛), where 𝑛 ∈ {0, … ,19} 

(i.e. 2 for individuals between 0-4 years old, 7 for individuals between 5-9 years old 

etc.; 

avg_imputed_pricelevel – the average of multiply imputed price levels (for 

countries with existing estimates of regional price levels, the “real” price level is 

naturally used); 

                                                

8 Variable age is provided by Eurostat by 5-year bands only. 
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avgwage – median value of average monthly earnings expressed in PPS (country-

level variable); 

hatlev1d1 – a dichotomous variable equal to 1 if the individual’s highest education 

attainment level is low (lower secondary = ISCED 0-2 based on ISED 2011 

classification) and 0 otherwise; 

hatlev1d2 - a dichotomous variable equal to 1 if the individual’s highest education 

attainment level is medium (upper secondary = ISCED 3-4 based on ISCED 2011 

classification) and 0 otherwise; 

hatlev1d3 - a dichotomous variable equal to 1 if the individual’s highest education 

attainment level is high (third level = ISCED 5-8 based on ISCED 2011 

classification) and 0 otherwise; 

isco1d – a categorical variable that takes on the values 1-9 based on the first digit of 

ISCO-08 (ISCO-88 until 2010) classification, representing the major group of 

individual’s occupation in the respective year (for people who are unemployed in the 

respective year, i.e. adjilostat = 0, the classification of their occupation in previous 

job is used9); 

marstat1 – a dichotomous variable equal to 1 if the individual is widowed, divorced 

or legally separated and 0 otherwise; 

marstat2 – a dichotomous variable equal to 1 if the individual is single and 0 

otherwise; 

marstat3 - a dichotomous variable equal to 1 if the individual is married and 0 

otherwise; 

minwage – monthly minimum wage expressed in PPS (country-level variable); 

mintoavg – monthly minimum wage as a proportion of the median value of average 

monthly earnings in %, also known as Kaitz index (country-level variable); 

pricelevel – the multiple imputed regional price level (for countries with existing 

estimates of regional price levels, the “real” price level is naturally used); 

                                                

9 Assuming that the previous employment experience (not older than 8 years) exists; otherwise, the 

values is treated as missing. 
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productivity –  nominal labour productivity (GDP in millions PPSs) per hour 

worked, expressed in % as a proportion of EU28 total (EU28 = 100) (country-level 

variable); 

protection –  index (in absolute value) expressing the strictness of employment 

protection against individual and collective dismissals, version 210 (country-level 

variable); 

rural – a dichotomous variable equal to 1 if the region’s predominantly rural NUTS 

3 regions prevail over predominantly urban and intermediate NUTS 3 regions and 0 

otherwise11 (region-level variable); 

unemployment – unemployment rate of individuals older than 15 years in % (region-

level variable); 

vacancy – job vacancy rate = 
# 𝑜𝑓 𝑗𝑜𝑏 𝑣𝑎𝑐𝑎𝑛𝑐𝑖𝑒𝑠

(# 𝑜𝑓 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑝𝑜𝑠𝑡𝑠+# 𝑜𝑓 𝑗𝑜𝑏 𝑣𝑎𝑐𝑎𝑛𝑐𝑖𝑒𝑠)
∗ 100 in % 

(country-level variable). 

The summary statistics of all variables can be found in Table A4 in appendix. 

3.2.2 Methodology 

First of all, the second and third step of multiple imputation described in section 

3.1.2.4 should be explained. We ended up with 5 sets of values of imputed regional 

price levels of 11 EU countries where they have not been estimated so far. Now, the 

“true” regional price levels of 5 EU countries (with existing minimum wage) where 

they have been already estimated will be added into each set. Also, regional price 

level value equal to 100 will be assigned to 5 countries which consist of only one 

NUTS 2 region. These 5 sets of values of variable pricelevel will be merged with our 

existing dataset, creating five datasets for which only the values of variable pricelevel 

differ, and all regressions that include this variable will be carried out five times, 

once for each of these datasets. As a result, five sets of estimated coefficients and 

standard errors will be obtained. This is the end of the second (analytic) step of 

multiple imputation. 

                                                

10 The weighted sum of sub-indicators concerning the regulations for individual dismissal (weight of 

5/7) and additional provisions for collective dismissals (2/7), published by OECD 

11 Based on Urban/rural typology of NUTS 3 regions created by the European Commission (DG 

REGIO and DG AGRI) 
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In the third (pooling) step, the five sets of estimated coefficients and standard errors 

are combined (pooled) into one according to multiple imputation rules. To determine 

the regression coefficients, a simple average of the individual coefficients estimated 

for each of the five datasets is used: 

�̂�𝑀𝐼 =
1

𝑚
∑ �̂�(𝑖)

𝑚

𝑖=1

 

where 𝑖 ∈ {1, … , 𝑚} indicates the i-th dataset and m = 5 (the number of imputed 

datasets). 

The estimation of standard error is more complicated. The estimated total variance of 

the MI estimate consists of two variances, namely between-imputation variance and 

within-imputation variance. The between-imputation variance measures the 

variability in the coefficients obtained from the imputed datasets which estimates the 

additional uncertainty that results from the missing data. On the other hand, the 

within-imputation variance estimates the sampling variability that we would observe 

if there were no missing data and is equal to the average of the sampling variances 

from all imputed datasets. The respective formulas follow: 
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Finally, the formula for the estimated total variance called Rubin’s formula (Rubin, 

1987), from which standard error can be easily calculated, has this form: 

𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (𝑇) = 𝑊 +
𝑚 + 1

𝑚
𝐵 = 𝑊 + 𝐵 +

𝐵

𝑚
 

where 
𝐵

𝑚
 is the additional sampling variance that represents the sampling error 

associated with the estimated coefficients. From the formula it can be seen that the 

larger is the number of imputations, the lower is the variance. 

For large sample sizes like ours, it is recommended to base the tests and two-sided (1-

α)-intervals on Students t distribution: 

�̂�𝑀𝐼−𝛽

√𝑇
~𝑡𝑣 and �̂�𝑀𝐼 ± 𝑡𝑣,1−𝛼/2√𝑇  



Empirical strategy  31 

with the degrees of freedom 𝑣 = (𝑚 − 1)(1 +
𝑊

(1+𝑚−1)𝐵
)2. 

In order to estimate both the employment elasticity and hours of work elasticity with 

respect to minimum wage, Allegretto applied a standard OLS regression (called 

linear probability model in case of binary dependent variable adjilostat) on the data. 

In case of the hours of work (hwusual), using a simple linear probability model is not 

a problem as it is a continuous variable. However, for dependent binary variable like 

employment (adjilostat), linear probability model is not recommended for several 

reasons. Firstly, it cannot guarantee that the fitted probabilities of employment will 

not be less than zero and greater than one. Secondly, the partial effect of all 

explanatory variables expressed in original form is constant, i.e. the model assumes 

that the size of the effect does not depend on the value of the respective variable. 

These two most important disadvantages can be overcome by using some more 

sophisticated binary response model such as logit or probit. The question is whether it 

is better to choose a standard normal distribution (probit) or a logistic distribution 

(logit). 

One possibility how to decide is to use some information criterion which is a popular 

method of selection a model in statistics. Chen and Tsurumi (2010) tried to evaluate 

the effectiveness of five different information criteria (the deviance information 

criterion, the predictive deviance information criterion, the unweighted sum of 

squared errors, the weighted sum of squared errors and Akaike’s information 

criterion) in discriminating between logit and probit models. At least two of their 

conclusions may be useful for us. Firstly, they concluded that for unbalanced data, 

i.e. data with unequal split between the 0 and 1 values (which is our case as the share 

of unemployed people in our dataset is approximately 9.48%), only the deviance 

information criterion and Akaike’s information criterion are effective. Secondly, in 

order to be able to discriminate between the logit and probit model using this 

approach, at least 1000 observations are needed. This is fulfilled as well as our 

dataset contains 21,658,735 observations in total and although several variables are 

not available for all years and/or countries and each regression will be conducted only 

for a certain subgroup of individuals, the number of observations will still be high 

enough. For our purposes, the Akaike’s information criterion that can be easily 

obtained by Stata will be used. 

For a given model, the Akaike’s information criterion (AIC) estimates the relative 

information loss when it is used to represent the process that generated the data by 

dealing with the trade-off between the model’s goodness of fit and simplicity. It can 

be expressed by the following formula: 
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𝐴𝐼𝐶 = 2𝑘 − 2ln (𝐿) 

where k is the number of estimated parameters in the model and L is the maximum 

value of the likelihood function of the model. It is important to mention that AIC 

does provide any information regarding the absolute quality of the model. Instead, it 

compares the model’s quality with other potential models. The lower is the AIC 

value, the more is the model preferred. While L is the reward for goodness of fit, k is 

a penalty that discourages overfitting. In our case, the AIC will only be used to assess 

the quality of logit versus probit model with the same variables, so the value of L will 

be crucial. 

Although the logit and probit models can solve the biggest issues of linear probability 

model, one disadvantage is that their coefficients are not directly interpretable. 

Therefore, it is useful to recall the formula for the partial effect of a continuous 

variable 𝑥𝑖 (such as minimum wage) on the response probability (probability of being 

employed in our case): 

𝜕𝑃(𝑌 = 1|𝑥)

𝜕𝑥𝑖
= 𝑔(𝛽0 + 𝑥𝛽)𝛽𝑖, 𝑤ℎ𝑒𝑟𝑒 𝑔(𝑧) =

𝑑𝐺

𝑑𝑍
(𝑧) 

where G is the logistic function (cumulative distributive function for a standard 

logistic random variable) for the logit model and standard normal cumulative 

distribution function for the probit model. Finally, the resulting estimate used for 

interpretation can be either partial effect at the average (obtained by setting all 

explanatory variables at their sample mean and obtaining the slope of the dependent 

variable with respect to 𝑥𝑖) or average partial effect (obtained by computing the 

partial effect for all observations and taking the average). For our purposes, the latter 

option (average partial effect) will be used. For regressions that incorporate regional 

price level in some form, the resulting average partial effect will be computed as the 

average of average partial effects obtained from five datasets with different values of 

imputed price levels. 
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4 Discussion of results 

This chapter presents the results of four basic types of regressions (based on 

minimum wage specification) estimating the employment and hours of work 

elasticities for three groups of people – teenagers, low-educated individuals and low-

skilled individuals (the precise definitions of these groups have been provided in the 

previous chapter). The whole econometric analysis was conducted in Stata. 

Variables avgwage, minwage and productivity were used in form of logarithm as we 

want to interpret their coefficients as elasticities (or semi-elasticities if adjilostat is 

the dependent variable); naturally, variable hwusual had to be transformed into 

logarithm as well. 

For low-educated and low-skilled individuals, variables age and age^2 were added 

into the regression to account for the expectation that the relationship between age 

and the probability of employment should be quadratic (it may be difficult to find a 

job for both young and old people, for young people due to low experience and for 

old people due to lower adaptability skills etc.). Although age is provided only in 5-

year bands, this relationship should still hold. With similar justification, education 

variables (hatlev1d2 and hatlev1d3)12 were added into the regressions conducted for 

young people (but not for low-skilled people as their level of education should not 

play any role when they do not have the desirable skills). Variable isco1d was 

included into the regressions dealing with low-educated people as if people with low 

education require additional skills, their probability of being employed should 

increase. For teenagers, isco1d was not included as it is likely for young unemployed 

people that they have not been employed yet. The same specification will be applied 

if hwusual is the dependent variable (with analogous reasoning). 

Some general findings that are applicable to all regressions should be presented. It 

was found out that variables log(productivity) and log(avgwage) are highly correlated 

(the correlation coefficient is 0.8992), so they should not be used together. This 

makes a perfect sense as both of them were identified as potential explanatory 

variables to account for different effect of the same minimum wage in countries of 

different wealth. Variable avgwage is preferred as it was used by the majority of 

                                                

12 Variable hatlev1d1 was used as a base. 
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studies dealing with the same topic and its proportion of missing values is 

significantly lower than in case of productivity. 

Secondly, regressions using minimum wage and average wage separately (i.e. 

avgwage and minwage) rather than as a proportion (i.e. mintoavg) reached lower 

AIC; therefore, this specification will be used in all regressions. Moreover, if 

adjilostat was the dependent variable, probit usually reported a slightly lower AIC 

than logit, so logit will not be used at all. 

As was already mentioned, some variables that will be used (especially aggragate) are 

not available for certain countries/years. As a result, the analysis could be conducted 

only for the period between 2001 – 2015 and only for 14 out of 21 potential countries 

(Belgium, the Czech Republic, Estonia, Greece, Spain, Hungary, Lithuania, 

Luxembourg, Latvia, Poland, Portugal, Slovenia, Slovakia and the United Kingdom), 

representing 103 NUTS 2 regions13. This sample is still considered sufficiently 

representative. 

4.1 Regressions with unadjusted minimum wage 

The regressions with regionally-unadjusted minimum wage will serve two purposes – 

as a benchmark for the subsequent regressions that will somehow incorporate the 

regional price levels and for comparison purposes with another studies focused on the 

impact of minimum wage increase on labour market outcomes. Also, the resulting 

coefficients of other explanatory variables than minimum wage will be compared 

with our expectations. The minimum wage is expressed in PPS to make it comparable 

across countries. 

4.1.1 Impact on employment 

In order to estimate the impact of regionally-unadjusted minimum wage on the 

probability of being employed, the following probit model will be used:  

𝑃(𝑎𝑑𝑗𝑖𝑙𝑜𝑠𝑡𝑎𝑡𝑖𝑟𝑡 = 1)

= 𝛽0 + 𝛽1𝑙𝑚𝑖𝑛𝑤𝑎𝑔𝑒𝑐𝑡 + 𝛽2𝑋𝑖𝑟𝑡 + 𝛽3𝑌𝑟𝑡 + 𝛽4𝑍𝑐𝑡 + 𝛾𝑐 + 𝛿𝑡 + 𝜀𝑖𝑟𝑡 

where 𝑃 is the probability, 𝑙 stands for natural logarithm, 𝑖, 𝑟, 𝑐 and 𝑡 denote, 

respectively, individual, regional, country and time indexes, 𝑋 is a vector of 

                                                

13 NUTS 1 in case of the United Kingdom 
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individual characteristics14, 𝑌 is a vector of regional characteristics15, 𝑍 is a vector of 

country characteristics16, 𝛾𝑐  refers to the country fixed effect and 𝛿𝑡 represents time 

dummies incremented in years. These explanations are applicable to all subsequent 

regressions. 

The regression results can be found in Table 1. Although the resulting coefficients 

cannot be directly interpreted, at least their sign and statistical significance can be 

assessed. Most of the coefficients have the expected sign, but there are some 

exceptions. The regression conducted for low-skilled people suggests positive 

discrimination of nationals and females. The signs of the coefficients of age and age 

squared were expected to be reverse, but their impact on employment seems to be 

small. Variables regarding marital status are insignificant for teenagers as most of 

them are naturally single due to their low age. The effect of employment protection 

index is unambiguous – on one hand, higher protection implies lower number of 

dismissals, but on the other hand, it can decrease the willingness to hire new 

employees. Therefore, both positive and negative sign makes sense for this variable. 

Also, there was no expectation regarding the sign of variable rural that should 

capture part of the heterogeneity of the workforce. 

Table 1: Impact of regionally unadjusted minimum wage on employment 

ADJILOSTAT Probit (MLE) Probit (MLE) Probit (MLE) 

  age = 17 hatlev1d1 = 1 isco1d = 9 

adjnational 0.112*** 0.030*** -0.129*** 

  (0.022) (0.007) (0.009) 

adjsex 0.149*** 0.121*** -0.056*** 

  (0.008) (0.003) (0.004) 

age   -0.017*** -0.015*** 

    (0.001) (0.001) 

age2   0.000*** 0.000*** 

    (0.000) (0.000) 

lavgwage 0.446** 0.440*** 0.236*** 

  (0.193) (0.075) (0.084) 

hatlev1d2 0.151***     

                                                

14 These variables vary with the group that is investigated. They include adjnational, adjsex, age, age 

squared (age2), hatlev1d2 and hatlev1d3 (hatlev1d1 is used as a base), isco1d and marstat2 and 

marstat3 (marstat1 is used as a base). 

15 These variables include rural and unemployment. 

16 These variables include logarithm of average wage (lavgwage), protection and vacancy. 
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  (0.009)     

hatlev1d3 0.256***     

  (0.055)     

isco1d   -0.075***   

    (0.001)   

marstat2 0.079 -0.005 -0.037*** 

  (0.164) (0.006) (0.007) 

marstat3 -0.023 0.220*** 0.166*** 

  (0.168) (0.005) (0.006) 

lminwage -0.679*** -0.221*** -0.253*** 

  (0.140) (0.053) (0.063) 

implied AME -0.214*** -0.034*** -0.055*** 

protection 0.184*** -0.120*** -0.078*** 

  (0.042) (0.014) (0.018) 

rural 0.086*** 0.023*** -0.081*** 

  (0.011) (0.004) (0.005) 

unemployment -0.066*** -0.062*** -0.064*** 

  (0.002) (0.001) (0.001) 

vacancy 0.064*** 0.051*** 0.053*** 

  (0.014) (0.005) (0.007) 

Constant 1.506 0.632 2.013*** 

  (1.061) (0.461) (0.470) 

Observations 113,593 1,615,031 654,152 
Standard errors are in parentheses. Statistical significance is indicated by stars (*** at the 1% 

significance level, ** at the 5% significance level, * at the 10% significance level). 

Source: Own analysis 

To interpret the coefficients of the variable of interest (lminwage), the average 

marginal effects had to be computed. They are equal to (-0.214), (-0.034) and (-

0.055) for young, low-educated and low-skilled people, respectively, and all of them 

are statistically significant at the 1% significance level. Their negative signs suggest 

that the minimum wage decreases the probability of being employed, as expected. 

However, the size of this impact is very small. The recalculated coefficients basically 

tell us that if the minimum wage increases by 1%, the probability of being employed 

decreases by 0.00214, 0.00034 and 0.00055 percentage points on average, 

respectively, for young people, low-educated people and low-skilled people. These 

results are consistent with Allegretto (2011) whose resulting employment coefficient 

of teenagers was about 0.047. We will see whether the size of the employment 

coefficients increase when the specifications with regional price levels are used. 

4.1.2 Impact on hours of work 

In order to estimate the impact of regionally-unadjusted minimum wage on the usual 

hours of work, the following OLS model will be used:  
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𝑙ℎ𝑤𝑢𝑠𝑢𝑎𝑙 = 𝛽0 + 𝛽1𝑙𝑚𝑖𝑛𝑤𝑎𝑔𝑒𝑐𝑡 + 𝛽2𝑋𝑖𝑟𝑡 + 𝛽3𝑌𝑟𝑡 + 𝛽4𝑍𝑐𝑡 + 𝛾𝑐 + 𝛿𝑡 + 𝜀𝑖𝑟𝑡  

Using the Breusch-Pagan test, it was found out that the heteroskedasticity is present. 

Therefore, the heteroskedasticity-robust standard errors have been used. The results 

can be found in Table 2. It should be noted that the R-squared is relatively small for 

all groups, suggesting that the explanatory variables used do not explain the 

variability of working hours well. According to the results, nationals work fewer 

hours than foreigners. The sign of age variables is as expected (young and old people 

work less hours compared to middle-aged people), but again rather small. Average 

wage is not statistically significant for low-skilled workers. The positive effect of 

unemployment could be explained by the fact that individuals from regions with high 

unemployment rate may be more willing to work longer hours as they do not want to 

lose the job. 

Table 2: Impact of regionally unadjusted minimum wage on usual hours of work 

LHWUSUAL OLS (robust s.e.) OLS (robust s.e.) OLS (robust s.e.) 

  
age = 17 
adjftpt = 1 

hatlev1d1 = 1 
adjftpt = 1 

isco1d = 9 
adjftpt = 1 

adjnational -0.113*** -0.053*** -0.094*** 

  (0.023) (0.006) (0.006) 

adjsex 0.059*** 0.079*** 0.098*** 

  (0.007) (0.003) (0.004) 

age   0.026*** 0.035*** 

    (0.000) (0.001) 

age2   -0.000*** -0.000*** 

    (0.000) (0.000) 

lavgwage 0.701** 0.215*** -0.076 

  (0.286) (0.066) (0.067) 

hatlev1d2 0.054***     

  (0.009)     

hatlev1d3 0.318***     

  (0.033)     

isco1d   -0.019***   

    (0.001)   

marstat2 -0.290** -0.002 0.020*** 

  (0.113) (0.005) (0.006) 

marstat3 -0.217* 0.001 0.014*** 

  (0.122) (0.003) (0.004) 

lminwage 0.304* 0.126*** -0.053 

  (0.166) (0.043) (0.048) 

protection 0.335*** 0.301*** 0.312*** 

  (0.055) (0.011) (0.014) 

rural -0.033*** -0.031*** -0.021*** 
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  (0.012) (0.003) (0.004) 

unemployment 0.013*** 0.001** 0.001* 

  (0.002) (0.000) (0.001) 

vacancy -0.030* 0.008** -0.001 

  (0.017) (0.004) (0.005) 

Constant -5.192*** -0.757** 2.303*** 

  (1.416) (0.363) (0.374) 

Observations 29,159 215,553 118,554 

R-squared 0.121 0.095 0.116 
Standard errors are in parentheses. Statistical significance is indicated by stars (*** at the 1% 

significance level, ** at the 5% significance level, * at the 10% significance level). 

Source: Own analysis 

The effect of minimum wage on usual hours of work is not significant for low-skilled 

individuals, but surprisingly, it is positive and statistically significant for both 

teenagers (although only at the 10% significance level) and low-educated individuals. 

These results are reasonable as higher minimum wages motivate not only the 

employers (to reduce the employees’ working hours), but also the employees (to 

work more hours). Nevertheless, the effect is very small. Specifically, if the 

minimum wage increases by 1%, the weekly hours worked will increase by 0.00304 

hours (roughly 11 seconds) for teenagers and 0.00126 hours (roughly 4.5 seconds) for 

low-educated people. This result is consistent with Allegretto (2011) who concluded 

that the effect of minimum wage on hours of work is close to zero once the spatial 

controls are included into the regression. We will see later how the incorporation of 

regional price levels into the regression will change the coefficients. 

4.2 Regressions with unadjusted minimum wage in 
low versus high price level environment 

In this section, the regressions from subchapter 4.1 will be conducted separately for 

regions which have price level below (i.e. avg_imputed_pricelevel < 100) and above 

(i.e. avg_imputed_pricelevel > 100) the national average. The regions which have 

price levels equal to 100 as they are equivalent with the whole country were omitted. 

The purpose of this subchapter is to find out whether the impact of minimum wage is 

higher for regions with low price levels that imply relatively high real minimum wage 

and vice versa. 

4.2.1 Impact on employment 

The same probit model as in section 4.2.1 has been conducted for two subgroups 

based on avg_imputed_price. Table 3 depicts the results. The impact of minimum 

wage on employment is negative and statistically significant (at least at the 5% 
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significance level) for all investigated groups. However, this effect surprisingly 

seems to be higher (in absolute value) in regions with price levels above the national 

average, which is exactly the opposite of what we expected. The average marginal 

effects of variable lminwage in regions with price levels below the country average 

are (-0.125), (-0.028) and (-0.069) for teenagers, low-educated individuals and low-

skilled individuals, respectively. For regions with price levels above the country 

average, the respective average marginal effects are (-0.23), (-0.043) and (-0.08), i.e. 

much higher in absolute value. Possible explanation could be the fact that in regions 

with high price levels, the production costs (excluding labour costs) are high as well 

and when the minimum wage increases, the employers decide to employ less people 

as they cannot afford to pay more. Investigation of some potentially more probable 

explanations can be a subject of future research. Nevertheless, as the 95% confidence 

intervals for the possible values of lminwage coefficients in low versus high price 

level environment overlap for all three groups, it cannot be concluded that the impact 

of minimum wage on employment is indeed higher in regions with higher price 

levels. 

Table 3: Impact of minimum wage on employment in low versus high price level environment 

ADJILO
STAT Probit (MLE) Probit (MLE) Probit (MLE) 

  age = 17 hatlev1d1 = 1 isco1d = 9 

  

avg_impute
d_pricelevel 
< 100 

avg_impute
d_pricelevel 
> 100 

avg_impute
d_pricelevel 
< 100 

avg_impute
d_pricelevel 
> 100 

avg_impute
d_pricelevel 
< 100 

avg_impute
d_pricelevel 
> 100 

adjnati
onal 0.057 0.126*** -0.059*** 0.050*** -0.210*** -0.135*** 

  (0.035) (0.031) (0.013) (0.010) (0.015) (0.012) 

adjsex 0.172*** 0.124*** 0.136*** 0.111*** -0.066*** -0.023*** 

  (0.011) (0.013) (0.004) (0.004) (0.005) (0.007) 

age     -0.021*** -0.012*** -0.021*** -0.002 

      (0.001) (0.001) (0.001) (0.002) 

age2     0.000*** 0.000*** 0.000*** 0.000*** 

      (0.000) (0.000) (0.000) (0.000) 

lavgwa
ge 0.131 -0.287 0.582*** 0.020 0.251** 0.390** 

  (0.241) (0.404) (0.091) (0.147) (0.102) (0.188) 

hatlev1
d2 0.196*** 0.101***         

  (0.012) (0.014)         

hatlev1
d3 0.237*** 0.308***         

  (0.075) (0.082)         

isco1d     -0.101*** -0.050***     

      (0.001) (0.001)     
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marstat
2 -0.141 0.350 -0.015* -0.002 -0.049*** -0.046*** 

  (0.222) (0.252) (0.008) (0.008) (0.010) (0.012) 

marstat
3 -0.321 0.370 0.205*** 0.229*** 0.161*** 0.163*** 

  (0.227) (0.257) (0.007) (0.007) (0.008) (0.010) 

lminwa
ge -0.394** -0.748*** -0.179** -0.296*** -0.286*** -0.430*** 

  (0.179) (0.258) (0.070) (0.090) (0.080) (0.121) 

implied 
AME -0.125** -0.23*** -0.028** -0.043*** -0.069*** -0.08*** 

protect
ion 0.149** 0.140** -0.056*** -0.129*** 0.035 -0.159*** 

  (0.063) (0.068) (0.019) (0.023) (0.025) (0.031) 

rural 0.057*** 0.117*** -0.049*** -0.021*** -0.074*** -0.093*** 

  (0.019) (0.026) (0.006) (0.007) (0.008) (0.010) 

unempl
oyment -0.067*** -0.077*** -0.064*** -0.062*** -0.064*** -0.061*** 

  (0.002) (0.003) (0.001) (0.001) (0.001) (0.002) 

vacanc
y 0.072*** 0.020 0.050*** 0.055*** 0.066*** 0.033** 

  (0.018) (0.027) (0.007) (0.009) (0.009) (0.013) 

Consta
nt 2.335* 7.595*** -0.480 4.097*** 2.050*** 2.032* 

  (1.341) (2.220) (0.570) (0.910) (0.571) (1.083) 

Observ
ations 64,589 46,426 827,161 764,373 364,731 265,450 
Standard errors are in parentheses. Statistical significance is indicated by stars (*** at the 1% 

significance level, ** at the 5% significance level, * at the 10% significance level). 

Source: Own analysis 

4.2.2 Impact on hours of work 

The same OLS model as in section 4.1.2 has been conducted for two subgroups based 

on avg_imputed_price. Again, the heteroskedasticity was present, so the 

heteroskedasticity-robust standard errors have been used. Table 4 depicts the results. 

The R-squared is again relatively small. The minimum wage is statistically 

significant only for teenagers from regions with above country average price levels 

(where 1% increase in minimum wage leads to increase in hours by 0.00876 hours, 

i.e. about 31.5 seconds) and low-educated individuals from regions with below 

country average price levels (where 1% increase in minimum wage results in increase 

in hours by 0.00261 hours, i.e. about 9.5 seconds). In the remaining regressions, the 

estimated coefficients are negative and statistically insignificant. 

Table 4: Impact of minimum wage on usual hours of work in low versus high price level 

environment 

LHWUS
UAL OLS (robust s.e.) OLS (robust s.e.) OLS (robust s.e.) 
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age = 17 

adjftpt = 1 
hatlev1d1 = 1 

adjftpt = 1 
isco1d = 9 
adjftpt = 1 

  

avg_impute
d_pricelevel 
< 100 

avg_impute
d_pricelevel 
> 100 

avg_impute
d_pricelevel 
< 100 

avg_impute
d_pricelevel 
> 100 

avg_impute
d_pricelevel 
< 100 

avg_impute
d_pricelevel 
> 100 

adjnati
onal -0.135*** -0.089*** -0.054*** -0.049*** -0.103*** -0.094*** 

  (0.036) (0.030) (0.010) (0.008) (0.010) (0.008) 

adjsex 0.063*** 0.049*** 0.083*** 0.076*** 0.092*** 0.109*** 

  (0.010) (0.011) (0.004) (0.004) (0.005) (0.007) 

age     0.026*** 0.024*** 0.037*** 0.033*** 

      (0.001) (0.001) (0.001) (0.001) 

age2     -0.000*** -0.000*** -0.000*** -0.000*** 

      (0.000) (0.000) (0.000) (0.000) 

lavgwa
ge 1.536*** -0.261 0.172** 0.368*** 0.002 0.065 

  (0.419) (0.432) (0.082) (0.120) (0.084) (0.141) 

hatlev1
d2 0.053*** 0.052***         

  (0.011) (0.013)         

hatlev1
d3 0.310*** 0.327***         

  (0.044) (0.050)         

isco1d     -0.020*** -0.020***     

      (0.001) (0.001)     

marstat
2 -0.322* -0.281** 0.002 -0.001 0.031*** 0.010 

  (0.186) (0.141) (0.006) (0.007) (0.008) (0.009) 

marstat
3 -0.232 -0.231 0.001 0.004 0.023*** 0.006 

  (0.197) (0.157) (0.005) (0.005) (0.006) (0.007) 

lminwa
ge -0.117 0.876*** 0.261*** -0.028 -0.015 -0.137 

  (0.237) (0.252) (0.058) (0.068) (0.064) (0.085) 

protect
ion 0.381*** 0.311*** 0.251*** 0.316*** 0.265*** 0.324*** 

  (0.076) (0.082) (0.015) (0.017) (0.022) (0.022) 

rural -0.009 -0.107*** -0.047*** -0.005 -0.021*** 0.007 

  (0.023) (0.026) (0.006) (0.007) (0.007) (0.009) 

unempl
oyment 0.012*** 0.018*** 0.002** -0.000 0.002** -0.002 

  (0.003) (0.003) (0.001) (0.001) (0.001) (0.001) 

vacanc
y -0.046** -0.031 -0.000 0.018*** -0.009 0.012 

  (0.022) (0.027) (0.005) (0.007) (0.007) (0.009) 

Consta
nt -8.593*** -1.821 -1.207*** -0.894 1.526*** 1.818** 
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  (2.022) (2.196) (0.453) (0.684) (0.480) (0.779) 

Observ
ations 16,280 12,421 115,010 96,996 63,829 50,740 

R-
square
d 0.126 0.118 0.099 0.093 0.132 0.104 
Standard errors are in parentheses. Statistical significance is indicated by stars (*** at the 1% 

significance level, ** at the 5% significance level, * at the 10% significance level). 

Source: Own analysis 

Due to the relatively low number of observations, low R-squared and unconvincing 

(statistically insignificant) results of the hours of work analysis, and none indication 

that the increase in minimum wage can lead to the reduction of usual hours of work 

by the employers, it does not make much sense to continue in this analysis for our 

purposes. Therefore, the subsequent two subchapters will be limited to the impact of 

minimum wage on employment. 

4.3 Regressions with unadjusted minimum wage and 
its interaction term with regional price levels 

In this subchapter, the interaction term of regionally-unadjusted minimum wage and 

price level of the respective region is added into the basic regression from subchapter 

4.1. The original intention was to quantify how fast the impact of minimum wage on 

employment decreases with increasing regional price level. However, as the previous 

subchapter indicated the exactly opposite effect of regional price level, it can be 

expected that increasing price level will even increase the impact of minimum wage 

on employment. In other words, should the results stay homogenous with the results 

from subchapter 4.1, the coefficients of both the minimum wage and its interaction 

term with regional price level are expected to be negative. 

4.3.1 Impact on employment 

For the investigation of increasing/decreasing impact of minimum wage on 

employment resulting from increasing regional price level, the following probit 

model will be used: 

𝑃(𝑎𝑑𝑗𝑖𝑙𝑜𝑠𝑡𝑎𝑡𝑖𝑟𝑡 = 1)

= 𝛽0 + 𝛽1𝑙𝑚𝑖𝑛𝑤𝑎𝑔𝑒𝑐𝑡 + 𝛽2𝑙𝑚𝑖𝑛𝑤𝑎𝑔𝑒𝑐𝑡𝑝𝑟𝑖𝑐𝑒𝑙𝑒𝑣𝑒𝑙𝑟𝑡 + 𝛽3𝑋𝑖𝑟𝑡

+ 𝛽4𝑌𝑟𝑡 + 𝛽5𝑍𝑐𝑡 + 𝛾𝑐 + 𝛿𝑡 + 𝜀𝑖𝑟𝑡 

This is the first regression that directly incorporates the imputed regional price levels. 

Consequently, the analysis had to be done for five samples with different values of 

the imputed price levels. The resulting coefficients, standard errors and statistical 
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significance were determined based on the rules of multiple imputation described 

earlier. The results, including the sizes of between-imputation variance and within-

imputation variance, can be found in Table 5. Most of the coefficients are not 

statistically significant at the 10% significance level which could be expected as 

multiple imputation increases the variance of the estimates in order to account for 

additional uncertainty resulting from using estimated rather than observed regional 

price levels. Therefore, also the coefficients that are statistically significant at the 

15%, 20% and 25% significance level are labelled by +++, ++ and + signs, 

respectively. 

Table 5: Impact of minimum wage and its interaction term with regional price level on 

employment 

ADJILOSTAT Probit (MLE) Probit (MLE) Probit (MLE) 

  age = 17 hatlev1d1 = 1 isco1d = 9 

Adjnational 0.101 0.017 -0.128++ 

B 0.000026 0.000007 0.000009 

W 0.000484 0.000049 0.000081 

s.e. (0.023) (0.008) (0.01) 

Adnex 0.148* 0.120** -0.056 

B 0.000000 0.000000 0.000000 

W 0.000064 0.000009 0.000016 

s.e. (0.008) (0.003) (0.004) 

Age   -0.017 -0.015 

B   0.000000 0.000000 

W   0.000001 0.000001 

s.e.   (0.001) (0.001) 

age2   0.000*** 0.000*** 

B   0.000000 0.000000 

W   0.000000 0.000000 

s.e.   (0.000) (0.000) 

Lavgwage 0.321 0.401+++ 0.243 

B 0.004091 0.000139 0.000885 

W 0.037481 0.005625 0.007056 

s.e. (0.206) (0.076) (0.09) 

hatlev1d2 0.152+++     

B 0.000000     

W 0.000081     

s.e. (0.009)     

hatlev1d3 0.262     

B 0.000007     

W 0.003025     

s.e. (0.055)     

isco1d   -0.075**   

B   0.000000   
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W   0.000001   

s.e.   (0.001)   

marstat2 0.081 -0.004 -0.037 

B 0.000007 0.000000 0.000000 

W 0.026896 0.000036 0.000049 

s.e. (0.164) (0.006) (0.007) 

marstat3 -0.020 0.218*** 0.167** 

B 0.000009 0.000001 0.000000 

W 0.028224 0.000025 0.000036 

s.e. (0.168) (0.005) (0.006) 

Lminwage -0.522++ -0.133 -0.260 

B 0.004575 0.000082 0.001290 

W 0.020164 0.002809 0.004096 

s.e. (0.16) (0.054) (0.075) 

implied AME -0.165++ -0.020 -0.057 

Lminwagepricelevel -0.001 -0.001*** 0.000* 

B 0.000000 0.000000 0.000000 

W 0.000000 0.000000 0.000000 

s.e. (0.001) (0.000) (0.000) 

implied AME -0.00038 -0.00015*** 0.00001* 

Protection 0.147 -0.147 -0.076 

B 0.000359 0.000061 0.000034 

W 0.001815 0.000196 0.000324 

s.e. (0.047) (0.016) (0.019) 

Rural 0.045 -0.015 -0.080 

B 0.000172 0.000097 0.000127 

W 0.000159 0.000018 0.000032 

s.e. (0.019) (0.012) (0.014) 

Unemployment -0.072 -0.067+++ -0.064++ 

B 0.000008 0.000001 0.000002 

W 0.000004 0.000001 0.000001 

s.e. (0.004) (0.002) (0.002) 

Vacancy 0.059 0.049 0.053 

B 0.000003 0.000000 0.000001 

W 0.000196 0.000025 0.000049 

s.e. (0.014) (0.005) (0.007) 

Constant 2.402** 1.168* 1.962*** 

B 0.202447 0.014391 0.048907 

W 1.139774 0.213259 0.224867 

s.e. (1.176) (0.48) (0.532) 

Observations 113,593 1,615,031 654,152 
Standard errors are in parentheses. Statistical significance is indicated by stars (*** at the 1% 

significance level, ** at the 5% significance level, * at the 10% significance level, +++ at the 15% 

significance level, ++ at the 20% significance level, + at the 25% significance level). 

Source: Own analysis 
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Regarding our variables of interest, the coefficient of minimum wage is negative for 

all investigated groups of people (as expected), but statistically insignificant (for 

teenagers, it is “significant” at the 20% significance level). The interaction term of 

minimum wage and regional price level is statistically insignificant for teenagers, 

negative and statistically significant (at the 1% significance level) for low-educated 

people and positive and statistically significant (at the 10% significance level) for 

low-skilled individuals. The averages of average marginal effects of variable 

lminwage/lminwagepricelevel are (-0.165)/(-0.00038), (-0.020)/(-0.00015) and (-

0.057)/0.00001 for teenagers, low-educated people and low-skilled people, 

respectively. In other words, if minimum wage increases by 1%, the probability of 

being employed will decrease on average by (-0.00165 – 0.0000038*pricelevel) 

percentage points for young individuals, decrease on average by (-0.00020 – 

0.0000015*pricelevel) percentage points for low-educated individuals and change on 

average by (-0.00057 + 0.0000001*pricelevel) percentage points for low-skilled 

individuals. This means that our original hypothesis that higher regional price level 

mitigates the negative impact of minimum wage on employment seems to hold only 

for low-skilled people. Nevertheless, the size of the interaction term is extremely 

small and the coefficient of minimum wage itself is not statistically significant in this 

case. 

4.4 Regressions with regionally adjusted minimum 
wage 

In this subchapter, the regressions with regionally adjusted minimum wage (i.e. 

minimum wage divided by regional price level of the respective region) will be 

conducted and compared with the results obtained from the benchmark regressions 

with regionally unadjusted minimum wages that were conducted in subchapter 4.1. 

4.4.1 Impact on employment 

The probit model with regionally adjusted minimum wage has the following form: 

𝑃(𝑎𝑑𝑗𝑖𝑙𝑜𝑠𝑡𝑎𝑡𝑖𝑟𝑡 = 1)

= 𝛽0 + 𝛽1𝑙𝑜𝑔 (
𝑚𝑖𝑛𝑤𝑎𝑔𝑒𝑐𝑡

𝑝𝑟𝑖𝑐𝑒𝑙𝑒𝑣𝑒𝑙𝑟𝑡
) + 𝛽2𝑙𝑚𝑖𝑛𝑤𝑎𝑔𝑒𝑐𝑡𝑝𝑟𝑖𝑐𝑒𝑙𝑒𝑣𝑒𝑙𝑟𝑡 + 𝛽3𝑋𝑖𝑟𝑡

+ 𝛽4𝑌𝑟𝑡 + 𝛽5𝑍𝑐𝑡 + 𝛾𝑐 + 𝛿𝑡 + 𝜀𝑖𝑟𝑡 

Again, five separate regressions were conducted for each group and the coefficients 

and standard errors were obtained using the rules for multiple imputation. Table 6 

depicts the results. Unfortunately, the coefficient of our variable of interest 

(lmintopricelevel) is not statistically significant for all groups (it is only “significant” 
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at the 25% significance level for low-educated individuals). The corresponding 

averages of average marginal effects equal 0.084, 0.152 and (-0.030), respectively, 

for teenagers, low-educated people and low-skilled people. For the second group this 

means that if the regionally adjusted minimum wage increases by 1%, the probability 

of being employed increases (surprisingly) on average by 0.00152 percentage points. 

However, this effect is both small and statistically insignificant at the usually used 

significance levels17. 

Table 6: Impact of regionally adjusted minimum wage on employment 

ADJILOSTAT Probit (MLE) Probit (MLE) Probit (MLE) 

  age = 17 hatlev1d1 = 1 isco1d = 9 

adjnational 0.110 0.024 -0.127++ 

B 0.000010 0.000005 0.000003 

W 0.000484 0.000049 0.000081 

s.e. (0.022) (0.007) (0.009) 

adjsex 0.148* 0.120** -0.056 

B 0.000000 0.000000 0.000000 

W 0.000064 0.000009 0.000016 

s.e. (0.008) (0.003) (0.004) 

age   -0.017 -0.015 

B   0.000000 0.000000 

W   0.000001 0.000001 

s.e.   (0.001) (0.001) 

age2   0.000*** 0.000*** 

B   0.000000 0.000000 

W   0.000000 0.000000 

s.e.   (0.000) (0.000) 

lavgwage -0.460 -0.049 0.157 

B 0.070588 0.003382 0.013057 

W 0.028563 0.004516 0.005716 

s.e. (0.337) (0.093) (0.146) 

hatlev1d2 0.149+++     

B 0.000000     

W 0.000081     

s.e. (0.009)     

hatlev1d3 0.257     

B 0.000002     

W 0.003025     

s.e. (0.055)     

isco1d   -0.075**   

B   0.000000   

                                                

17 1%, 5% and 10% 
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W   0.000001   

s.e.   (0.001)   

marstat2 0.078 -0.004 -0.037 

B 0.000001 0.000000 0.000000 

W 0.026896 0.000036 0.000049 

s.e. (0.164) (0.006) (0.007) 

marstat3 -0.024 0.218*** 0.167** 

B 0.000002 0.000001 0.000000 

W 0.028224 0.000025 0.000036 

s.e. (0.168) (0.005) (0.006) 

lmintopricelevel 0.267 0.384+ -0.136 

B 0.064670 0.004154 0.013465 

W 0.007472 0.000820 0.001667 

s.e. (0.292) (0.076) (0.134) 

implied AME 0.084 0.152+ -0.030 

protection 0.132 -0.166+ -0.081 

B 0.000503 0.000070 0.000128 

W 0.001781 0.000185 0.000324 

s.e. (0.049) (0.016) (0.022) 

rural 0.073 0.001 -0.074 

B 0.000162 0.000018 0.000040 

W 0.000149 0.000016 0.000029 

s.e. (0.019) (0.006) (0.009) 

unemployment -0.069+ -0.065* -0.064+++ 

B 0.000004 0.000000 0.000001 

W 0.000004 0.000001 0.000001 

s.e. (0.003) (0.001) (0.001) 

vacancy 0.067 0.048 0.053 

B 0.000000 0.000000 0.000001 

W 0.000196 0.000025 0.000049 

s.e. (0.014) (0.005) (0.007) 

Constant 3.345** 2.158*** 1.186+ 

B 2.393532 0.105775 0.429770 

W 1.391501 0.226199 0.274176 

s.e. (2.065) (0.594) (0.889) 

Observations 113,593 1,615,031 654,152 
Standard errors are in parentheses. Statistical significance is indicated by stars (*** at the 1% 

significance level, ** at the 5% significance level, * at the 10% significance level, +++ at the 15% 

significance level, ++ at the 20% significance level, + at the 25% significance level). 

Source: Own analysis 

The statistical insignificance and positive sign (for teenagers and low-educated 

individuals) of the resulting coefficients is not so surprising for two reasons. Firstly, 

as already mentioned, multiple imputation increases the variance of the estimates 

which can make them insignificant. Secondly, the expectation of higher statistical 
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significance of the regionally adjusted minimum wage in comparison with unadjusted 

minimum wage was based on thy hypothesis that the minimum wage has higher 

impact on employment in regions with lower price levels. However, as the opposite 

was indicated in subchapter 4.2, two distinct effects are embodied in the 

lmintopricelevel variable (negative effect of unadjusted minimum wage and 

contradictory effect of regional price level), which makes its coefficient statistically 

insignificant. 
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5 Conclusion 

The aim of this thesis was to find out how the increase in minimum wage affects 

employment and usual hours of work and to what extent its impact differs across the 

EU NUTS 2 regions, using the available or estimated regional price levels of 21 EU 

countries with existing minimum wages. Despite the fact that prices differ across 

regions and affect standards of living substantially which was proven by a number of 

studies, to the best of my knowledge, none of the existing studies dealing with the 

effect of minimum wage on employment or other labour market outcomes took this 

into consideration. Instead of using real regional minimum wage in the regression, 

they used real country minimum wage (i.e. nominal wage divided by price level of 

the respective country) or even nominal minimum wage. This thesis was based on the 

following hypothesis - as minimum wages in the EU are set on a national level which 

causes their relative sizes to differ across regions, it is likely that the existing studies 

underestimated the effect of minimum wages on employment in regions with low 

price levels that imply relatively high minimum wage in these regions and vice versa. 

One of the most probable reasons why the studies did not employ regional price 

levels is the low availability of these data which can be caused by technical problems, 

missing demand and high costs for obtaining them. As precise estimates of the effect 

of minimum wage on employment and other labour market outcomes are very 

important for the purpose of government policy concerning optimal minimum wage, 

it is useful to find out  whether it is necessary for the future research to take the 

differential regional price levels into consideration. To the best of my knowledge, in 

this thesis, the real regional minimum wage is used for explanation of labour market 

outcomes for the first time. 

In the first research part of this thesis, the regional price levels (at NUTS 2 level) of 

11 EU countries (Belgium, Bulgaria, Croatia, France, Greece, Hungary, Ireland, 

Portugal, Romania, Slovenia and Spain) where they have not been available so far 

were estimated, using existing estimates of regional price levels of 7 EU countries 

(Austria, the Czech Republic, Germany, Italy, Poland Slovakia and the United 

Kingdom) obtained from different credible sources (mostly academic literature), 

together with publicly available regional data published by Eurostat. As the main 

purpose of the resulting estimates was to compute a real regional minimum wage 

which would be used to estimate its impact on employment and hours of work in a 

second step, a method called multiple imputation procedure, which takes care of the 
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uncertainty caused by using imputed data instead of observed data by correcting the 

variances of the estimates, was selected. It has been explained why this procedure 

was the most suitable method from five most popular methodologies for dealing with 

the missing data. 

Markov Chain Monte Carlo procedure, one of the most common parametric 

approaches for multiple imputation, was used to create five imputed values of 

regional price level for each NUTS 2 region of 11 EU countries enumerated  above. It 

turned out that the resulting estimates of regional price levels differ significantly 

across regions, so the probability that using minimum wages adjusted for regional 

price levels instead of state price levels will improve the estimates of employment 

and hours of work elasticity is high. 

In the second research part of this thesis, the estimated regional price levels were 

used in several regressions with the aim to find out how the impact of minimum 

wages on employment and hours of work changes across the EU regions. The 

individual-level repeated cross-sectional data from European Union Labour Force 

Survey were employed for this purpose. The variable minimum wage was used in 

several different forms, and as the data on incomes of the individuals were not 

available, its impact was investigated for three different groups of people who are at 

risk of being affected by the minimum wage increase – young people between the age 

of 15 - 19, people with low education and people working in low-paid sectors. 

For the dependent variable of probability of being employed, probit model was 

identified as the most suitable method. The regression results using regionally 

unadjusted minimum wage detected a small but statistically significant negative 

impact of minimum wage on employment with the resulting semi-elasticities between 

(-0.00214) and (-0.00034), consistent with the results of contemporary studies. 

However, using the same regression for regions with above and below country 

average price levels did not confirm our expectation that the impact of minimum 

wage (in absolute value) is higher in regions with lower price levels. In fact, the sizes 

of the respective coefficients indicated exactly reverse relationship, but the 95% 

confidence intervals for their possible values in low versus high price level 

environment overlapped for all three groups of people, so it cannot be concluded that 

the impact of minimum wage on employment is indeed higher in regions with higher 

price levels. The regressions including the interaction term of regional price level 

with minimum wage provided us with statistical insignificant and inconsistent results 

across the investigated groups (the interaction term itself was statistically significant 
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but extremely low). The coefficients of regionally adjusted minimum wages that were 

used in the final regression were statistically insignificant. 

For the dependent variable of usual hours of work of part-time employees, the 

regression with regionally unadjusted minimum wage detected positive and 

statistically significant effect of employment for teenagers and low-educated workers, 

suggesting that increase in minimum wage does not cause the employers to reduce 

the working hours of their employees. However, the coefficients’ size was rather 

small. The investigation whether this effect differs in low versus high price 

environment produced mostly statistically insignificant coefficients. This could be 

caused by relatively low number of observations (as only part-time employees were 

analyzed) together with relatively low R-squared, suggesting that the explanatory 

variables did not explain the variance in hours of work well. 

To sum up, our hypothesis that the impact of minimum wage on employment is 

higher in regions with lower price levels seems to be wrong. Surprisingly, the results 

indicated that the impact may be even higher in regions with higher price levels. In 

further research, the estimation of the impact of increase in real regional minimum 

wage on employment, hours of work and potentially other labour market outcomes 

such as unemployment, disposable income or risk of poverty could be extended to 

both non-EU and non-European (e.g. U.S.) countries. If it is confirmed that minimum 

wage has higher impact in regions with higher price levels, some reasonable 

explanation for this phenomena should be found. 
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Appendix 

Table A1: Available EU regional price levels 

Country Region 
Price 
level Source 

AUSTRIA NUTS 1 2008 

Österreichische Gesellschaft für 
Marketing (2009). Reale 

Kaufkraft 2008: Einkommen 
unter Berücksichtigung des 

regionalen Preisniveaus 

   Burgenland (AT) 96.60 

   Niederösterreich 97.50 

   Wien 103.80 

   Kärnten 97.20 

   Steiermark 98.10 

   Oberösterreich 98.40 

   Salzburg 104.10 

   Tirol 102.10 

   Vorarlberg 103.60 

CZECH REPUBLIC NUTS 3 2012 

Kramulová, J., Musil, P., Zeman, 
J., & Michlová, R. (2016). 

Regional Price Levels in the 
Czech Republic–Past and 

Current Perspectives. Statistika: 
Statistics and Economy 

Journal, 96(3), 22-34 

   Hlavní mesto Praha 122.30 

   Stredoceský kraj 106.30 

   Jihocecký kraj 99.00 

   Plzenský kraj 100.00 

   Karlovarský kraj 99.90 

   Ústecký kraj 96.70 

   Liberecký kraj 100.50 

   Královéhradecký kraj 96.70 

   Pardubický kraj 96.20 

   Kraj Vysocina 93.10 

   Jihomoravský kraj 100.60 

   Olomoucký kraj 96.90 

   Zlínský kraj 97.50 

   Moravskoslezský kraj 97.20 

GERMANY NUTS 1 2010 

Roos, M. W. (2006). Regional 
price levels in Germany. Applied 
Economics, 38(13), 1553-1566. 

DOI: 
10.1080/00036840500407207 

   Baden-Württemberg 103.15 

   Bayern 104.15 

   Berlin 99.98 

   Brandenburg 95.62 

   Bremen 101.14 

   Hamburg 103.46 

   Hessen 100.76 

   Mecklenburg-Vorpommern 95.26 

   Niedersachsen 103.19 

   Nordrhein-Westfalen 102.30 

   Rheinland-Pfalz 100.34 
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   Saarland 99.68 

   Sachsen 97.36 

   Sachsen-Anhalt 96.59 

   Schleswig-Holstein 101.08 

   Thüringen 95.94 

ITALY NUTS 2 2006 

Pittau, M. G., Zelli, R., & 
Massari, R. (2011). Do Spatial 

Price Indices Reshuffle the 
Italian Income Distribution? 

Modern Economy, 02(03), 259-
265. DOI: 

10.4236/me.2011.23029 

   Piemonte 105.10 

   Valle d'Aosta/Vallée d'Aoste 106.40 

   Liguria 112.90 

   Lombardia 114.10 

  
 Provincia Autonoma di 
Bolzano/Bozen 112.30 

   Provincia Autonoma di Trento 112.30 

   Veneto 101.00 

   Friuli-Venezia Giulia 106.90 

   Emilia-Romagna 108.90 

   Toscana 111.80 

   Umbria 106.50 

   Marche 96.90 

   Lazio 112.40 

   Abruzzo 92.60 

   Molise 85.10 

   Campania 91.50 

   Puglia 91.90 

   Basilicata 85.10 

   Calabria 85.20 

   Sicilia 92.80 

   Sardegna 90.70 

POLAND NUTS 2 2011 

Rokicki, B., & Hewings, G. J. 
(2016). Regional convergence 

within particular country — An 
approach based on the regional 

price deflators. Economic 
Modelling, 57, 171-179. DOI: 

10.1016/j.econmod.2016.04.019 

   Lódzkie (NUTS 2013) 101.00 

   Mazowieckie (NUTS 2013) 105.89 

   Malopolskie 100.03 

   Slaskie 100.89 

   Lubelskie (NUTS 2013) 96.91 

   Podkarpackie (NUTS 2013) 96.05 

   Swietokrzyskie (NUTS 2013) 96.77 

   Podlaskie (NUTS 2013) 97.18 

   Wielkopolskie 96.89 

   Zachodniopomorskie 101.88 

   Lubuskie 102.96 

   Dolnoslaskie 103.63 

   Opolskie 99.92 

   Kujawsko-Pomorskie 96.49 

   Warminsko-Mazurskie 99.06 

   Pomorskie 105.22 
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SLOVAKIA NUTS 3 2009 

Radvansky, M. , & Fuchs, L. 
(2012). Computing real income 

at NUTS 3 regions. EcoMod2012 
4504, EcoMod 

   Bratislavský kraj 117.00 

   Trnavský kraj 98.00 

   Trenciansky kraj 100.00 

   Nitriansky kraj 99.00 

   Zilinský kraj 100.00 

   Banskobystrický kraj 93.00 

   Presovský kraj 93.00 

   Kosický kraj 103.00 

UNITED 
KINGDOM NUTS 1 2010 

Office for National Statistics 
(2011). UK relative regional 

consumer price levels for goods 
and services for 2010 

   North East (UK) 98.20 

   North West (UK) 98.20 

   Yorkshire and The Humber 97.00 

   East Midlands (UK) 99.40 

   West Midlands (UK) 100.60 

   East of England 101.20 

   London 107.90 

   South East (UK) 102.3 

   South West (UK) 99.5 

   Wales 98.4 

   Scotland 99.7 

   Northern Ireland (UK) 98.1 

Source: See the table 
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Table A2: Summary statistics of regional price level and selected explanatory 

variables 

Variable Observations Mean Standard deviation Min Max 

pricelevel 96 100.3225 6.241601 85.1 122.3 

capital 200 0.09 0.2868999 0 1 

adjincome 200 0.9696278 0.1572466 0.3241758 1.895349 

adjunemployment 200 1.04726 0.3691573 0.3633333 2.317308 

rural 200 0.42 0.494797 0 1 

adjcityover2 200 0.11 0.3136749 0 1 

adjtourism 200 0.195519 1.342704 0 8.761653 

Source: Own analysis 
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Table A3: Average imputed regional price levels 

Country Region (NUTS 2) 

Average 
multiply 
imputed 
price 
levels 

Estimated 
price level 
by Janský 
& 
Kolcunová 
(2017) Difference 

BELGIUM         

   Région de Bruxelles-Capitale 101.98 104.32 -2.24% 

   Prov. Antwerpen 105.03 105.97 -0.89% 

   Prov. Limburg (BE) 103.16 102.62 0.52% 

   Prov. Oost-Vlaanderen 107.73 107.20 0.49% 

   Prov. Vlaams-Brabant 106.98 107.48 -0.46% 

   Prov. West-Vlaanderen 107.19 108.00 -0.75% 

   Prov. Brabant Wallon 101.95 103.79 -1.77% 

   Prov. Hainaut 96.35 98.12 -1.80% 

   Prov. Liège 92.21 99.40 -7.23% 

   Prov. Luxembourg (BE) 97.27 95.10 2.28% 

   Prov. Namur 95.51 93.65 1.98% 

BULGARIA         

   Severozapaden 91.03 91.23 -0.22% 

   Severen tsentralen 95.48 94.10 1.46% 

   Severoiztochen 103.44 99.25 4.22% 

   Yugoiztochen 102.72 102.89 -0.17% 

   Yugozapaden 114.36 109.00 4.92% 

   Yuzhen tsentralen 97.17 100.32 -3.14% 

GREECE         

   Attiki 108.17 110.31 -1.94% 

   Voreio Aigaio 98.34 97.59 0.77% 

   Notio Aigaio 113.12 98.38 14.99% 

   Kriti 102.35 99.61 2.75% 

   Anatoliki Makedonia, Thraki 95.82 92.26 3.86% 

   Kentriki Makedonia 97.45 101.25 -3.75% 

   Dytiki Makedonia 96.56 94.69 1.98% 

   Ipeiros 95.56 100.02 -4.46% 

   Thessalia 93.94 97.25 -3.40% 

   Ionia Nisia 108.77 94.91 14.60% 

   Dytiki Ellada 92.42 95.94 -3.67% 

   Sterea Ellada 92.73 93.22 -0.52% 

   Peloponnisos 96.83 96.03 0.83% 

SPAIN         

   Galicia 102.67 96.17 6.76% 

   Principado de Asturias 102.68 103.11 -0.42% 

   Cantabria 101.93 103.17 -1.20% 

   País Vasco 107.62 111.34 -3.34% 
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   Comunidad Foral de Navarra 106.74 109.64 -2.65% 

   La Rioja 101.60 104.13 -2.43% 

   Aragón 99.74 107.47 -7.20% 

   Comunidad de Madrid 112.70 112.63 0.07% 

   Castilla y León 101.43 102.52 -1.07% 

   Castilla-la Mancha 93.56 92.33 1.33% 

   Extremadura 89.82 90.23 -0.45% 

   Cataluña 109.61 107.27 2.18% 

   Comunidad Valenciana 97.63 100.33 -2.69% 

   Illes Balears 108.16 101.11 6.97% 

   Andalucía 95.34 96.93 -1.64% 

   Región de Murcia 96.47 96.49 -0.02% 

   Ciudad Autónoma de Ceuta (ES) 96.99 99.55 -2.57% 

   Ciudad Autónoma de Melilla (ES) 91.70 97.40 -5.85% 

   Canarias (ES) 102.41 95.36 7.39% 

FRANCE         

   Île de France 108.42 112.15 -3.32% 

   Champagne-Ardenne (NUTS 2013) 98.11 99.58 -1.48% 

   Picardie (NUTS 2013) 98.12 94.12 4.25% 

   Haute-Normandie (NUTS 2013) 101.69 100.09 1.60% 

   Centre (FR) (NUTS 2013) 98.22 97.51 0.73% 

   Basse-Normandie (NUTS 2013) 99.17 95.83 3.49% 

   Bourgogne (NUTS 2013) 97.27 96.05 1.27% 

   Nord - Pas-de-Calais (NUTS 2013) 95.43 98.92 -3.53% 

   Lorraine (NUTS 2013) 98.49 94.30 4.44% 

   Alsace (NUTS 2013) 101.13 103.66 -2.44% 

   Franche-Comté (NUTS 2013) 102.29 95.52 7.09% 

   Pays de la Loire (NUTS 2013) 98.40 102.83 -4.31% 

   Bretagne (NUTS 2013) 102.01 96.54 5.66% 

   Poitou-Charentes (NUTS 2013) 96.75 96.22 0.55% 

   Aquitaine (NUTS 2013) 96.15 103.88 -7.44% 

   Midi-Pyrénées (NUTS 2013) 98.10 98.65 -0.56% 

   Limousin (NUTS 2013) 98.88 96.94 2.00% 

   Rhône-Alpes (NUTS 2013) 102.59 104.42 -1.76% 

   Auvergne (NUTS 2013) 101.69 96.94 4.90% 

   Languedoc-Roussillon (NUTS 2013) 98.70 92.57 6.62% 

   Provence-Alpes-Côte d'Azur (NUTS 2013) 102.38 103.26 -0.85% 

   Corse (NUTS 2013) 101.08 96.44 4.81% 

   Guadeloupe (NUTS 2013) 90.16 N/A N/A 

   Martinique (NUTS 2013) 93.79 N/A N/A 

   Guyane (NUTS 2013) 80.70 N/A N/A 

   La Réunion (NUTS 2013) 89.92 N/A N/A 

   Mayotte (NUTS 2013) 78.49 N/A N/A 

CROATIA         

   Jadranska Hrvatska 101.47 N/A N/A 
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   Kontinentalna Hrvatska 105.95 N/A N/A 

HUNGARY         

   Közép-Magyarország (NUTS 2013) 108.74 109.68 -0.85% 

   Közép-Dunántúl 102.53 96.92 5.79% 

   Nyugat-Dunántúl 100.48 100.20 0.28% 

   Dél-Dunántúl 97.29 97.05 0.25% 

   Észak-Magyarország 93.90 100.11 -6.20% 

   Észak-Alföld 94.89 94.82 0.07% 

   Dél-Alföld 95.59 96.75 -1.20% 

IRELAND         

   Border, Midland and Western (NUTS 2013) 93.64 101.25 -7.52% 

   Southern and Eastern (NUTS 2013) 106.07 107.71 -1.53% 

PORTUGAL         

   Norte 100.15 99.16 1.00% 

   Algarve 104.73 96.41 8.63% 

   Centro (PT) 99.63 95.35 4.48% 

   Área Metropolitana de Lisboa 110.48 112.52 -1.81% 

   Alentejo 97.74 94.98 2.91% 

   Região Autónoma dos Açores (PT) 99.31 103.25 -3.82% 

   Região Autónoma da Madeira (PT) 104.88 106.57 -1.59% 

ROMANIA         

   Nord-Vest 100.64 96.75 4.02% 

   Centru 96.90 94.90 2.11% 

   Nord-Est 100.21 98.98 1.25% 

   Sud-Est 97.36 95.65 1.79% 

   Sud - Muntenia 93.07 95.03 -2.06% 

   Bucuresti - Ilfov 125.82 126.83 -0.79% 

   Sud-Vest Oltenia 91.51 96.33 -5.00% 

   Vest 105.81 106.04 -0.21% 

SLOVENIA         

   Vzhodna Slovenija 98.83 96.78 2.12% 

   Zahodna Slovenija 106.28 108.70 -2.22% 

Source: Own analysis 
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Table A4: Summary statistics of employment, usual hours of work and potential 

explanatory variables 

Variable Observations Mean Standard deviation Min Max 

adjilostat 21,658,735 0.91 0.29 0 1 

hwusual 18,662,578 38.77 10.74 1 80 

adjftpt 19,495,172 0.14 0.35 0 1 

adjnational 21,658,735 0.93 0.25 0 1 

adjsex 21,658,735 0.54 0.50 0 1 

age 21,658,735 41.23 12.40 17 97 

avg_imputed_pricelevel 20,890,884 100.91 5.26 80.70 125.82 

avgwage 18,148,074 1,581.33 662.84 281.80 2,986.67 

hatlev1d1 21,533,793 0.24 0.43 0 1 

hatlev1d2 21,533,793 0.50 0.50 0 1 

hatlev1d3 21,533,793 0.25 0.43 0 1 

isco1d 20,861,241 4.97 2.50 0 9 

marstat1 21,629,913 0.09 0.29 0 1 

marstat2 21,629,913 0.32 0.46 0 1 

marstat3 21,629,913 0.59 0.49 0 1 

minwage 18,700,979 765.39 370.74 68.42 1,590.77 

mintoavg 18,148,074 48.31 7.50 24.28 67.45 

productivity 16,966,098 89.75 34.11 32.90 189.30 

protection 14,271,613 2.62 0.47 1.53 4.10 

rural 20,947,974 0.43 0.50 0 1 

unemployment 20,083,338 9.68 5.12 1.80 37.00 

vacancy 11,628,874 1.29 0.71 0.30 4.23 

Source: Own analysis 


