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Abstract  
 

To what extent does labour productivity translate into wage growth across the wage distribution of 
employees? Do workers in the bottom 10% benefit as much as those in the top 10%? We investigate 
these questions using a large administrative database of about six million private-sector employees 
observed in 2014 and 2019. The data integrate detailed information on employees’ positions and 
characteristics—such as education, occupation, age, and gender—as well as employers’ 
characteristics, including firm size, location, sector, and labour productivity. Focusing on full-time 
permanent workers, we use an Oaxaca–RIF decomposition to assess how changes in hourly 
productivity relate to hourly wage outcomes across the distribution. Our results show that firms’ 
productivity growth is not sufficient to ensure wage increases, particularly at the bottom of the 
distribution where hourly wages are detached from labour productivity. In order to reduce wage 
inequality, stronger protections for workers at the bottom of the wage distribution could be required. 
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1. Introduction 

In recent decades, most advanced economies have experienced a widening gap between the slow 

growth of labour productivity and stagnant wages. In Italy, these trends have been even more 

pronounced, with persistently weak labour productivity growth accompanied by a substantial decline 

in real wages, which fell by approximately 10% between 2000 and 2023 (ILO, 2024; OECD, 2025). 

A large literature has explored the drivers of stagnant productivity, pointing out the role of 

technology, deindustrialisation, offshoring and macroeconomic stagnation (OECD, 2015), and, in the 

case of Italy, also the loss of advanced industries, the low technological intensity, the shift towards a 

poor service economy, the low level of education (Bugamelli et al., 2018). 

Less attention, however, has been devoted to the relationships that link productivity to wages, labour 

markets and the structural drivers of the current divide. While theory assumes a direct link between 

labour productivity and ‘market-clearing’ wages, empirical evidence suggests that the link could be 

weaker and less systematic. Aggregate macroeconomic and industry studies on advanced economies 

have shown how widespread the decoupling of wages from labour productivity has been (Bivens and 

Mishel, 2015; Stansbury and Summers, 2017; Schwellnus et al., 2018; Greenspon et al., 2021; Mishel 

and Bivens, 2021; Sharpe and Ashwell, 2021; Coveri and Pianta, 2022; Paternesi Meloni and Stirati, 

2023). At the micro-level, investigations have found uneven wage growth across workers, resulting 

in growing wage differentials (Andrews et al., 2016; Criscuolo et al., 2020, 2021; Berlingieri et al., 

2017, 2024).  

What explains this growing divergence in wages among workers? Earlier research emphasized the 

role of workers’ skills in driving wage inequality, but more recent studies have underscored the 

significant influence of firm and sector-specific characteristics (Haltiwanger et al., 2024). 

Explanations for increased wage inequality, such as skill-biased technological change and 

globalization, failed to fully account for the decoupling of wages from productivity and for the higher 

wage growth at the top of the earning distribution (Autor, 2022). In addition, country-specific factors, 

including labour market institutions and public policy settings may play a significant role in shaping 

how general trends affect wage inequality. 

In this paper, we focus on a single country to provide insights into how productivity gains are 

transmitted to wages across the employee wage distribution and the extent to which worker and firm 

characteristics contribute to wage inequality. We investigate the case of Italy, where prolonged 

stagnation in both productivity and wages has been observed at the aggregate level. To this end, we 

conduct a highly detailed empirical analysis using a dataset covering approximately six million 

private-sector employees in 2014 and 2019. In particular, we explore the relevance of the 

productivity-wage link, its heterogeneity along the wage distribution, and the association it may have 

– along with other factors – on the evolution of wage inequality. We carry out this analysis by 

integrating detailed information on employees’ positions and characteristics—such as education, 

occupation, age, and gender—as well as employers’ characteristics, including firm size, location, 
sector and economic performance. Specifically, we merged four official sources of data drawn from 

the Italian National Institute of Statistics (Istat) available for the purpose of this study for the years 

2014 and 2019: the RACLI Register, with a Linked Employer-Employee Database (LEED) structure, 

which records workers’ wages for each job position held by an employee in a year; the ASIA-

Employment LEED Register, which collects employee-specific details such as education, main job 

title, age, and gender; the ASIA Business Register, which compiles information on companies 

operating in the Italian economy (such as the number of jobs, employees, geographical location and 

sector of activity); and the FRAME Register which contains data on the main aggregates of firms’ 
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economic accounts, such as value added. The integration of these sources provides a comprehensive 

coverage of the entire population of employees in Italy’s private non-agricultural sector and enables 

the linkage of employee-level data to the characteristics of their related firms in a LEED structure at 

two points in time. 

By focusing on full-time permanent job positions and applying an Oaxaca–RIF decomposition (Firpo 

et al., 2011, 2018), we analyse the extent to which wage changes across the wage distribution can be 

the result of variations in the composition and characteristics of employees, or changes in rewards for 

workers and firms (wage structure), particularly those related to productivity. These relationships are 

explored across the deciles of the wage distribution, showing how such processes are associated to 

the rise of wage disparities. 

The remainder of the paper is organized as follows. Section 2 reviews prior research and provides a 

conceptual background for the analysis. Section 3 describes the construction of the database and the 

features of the Linked Employer-Employee administrative dataset. Section 4 outlines the 

methodology employed, and Section 5 discusses the findings, while Section 6 concludes the study. 

2. The state of the art  

The relationship between labour productivity and wages has been widely investigated in advanced 

economies, particularly in the context of the growing decoupling between productivity and labour 

compensation. Since the late 1970s, average and median wages in most industrialized countries have 

increasingly diverged from productivity growth, weakening the link between pay and output (IMF, 

2007; OECD, 2012, 2015). More recent micro-level evidence confirms that wages have not 

systematically kept pace with productivity dynamics across firms, highlighting the importance of firm 

heterogeneity in shaping wage outcomes (Berlingieri et al., 2024). 

A large body of literature documents substantial and persistent dispersion in firm-level productivity, 

with a small group of frontier firms coexisting with a large mass of low-performing firms (Calligaris 

et al., 2016; Daveri and Jona-Lasinio, 2008; Cirillo and Ricci, 2022). Productivity differences are 

typically associated with technological adoption, market structure, demand conditions, and 

organizational capabilities (Syverson, 2011). Frontier firms have increasingly distanced laggards due 

to digital technologies, higher efficiency, and greater market power, contributing to “winner-takes-

all” dynamics (Andrews et al., 2016; Gal et al., 2019; Cirillo et al., 2023). Evolutionary theories 
suggest that differences in productivity arise from organizational routines and dynamic capabilities 
of firms that are difficult to replicate, leading to advantages in innovation, patenting, competitive 
performances, presence in international trade (Dosi et al., 2008, 2012). Additionally, labour 
economics literature has attributed productivity dispersion to workers’ human capital (Abowd et al., 
2005), incentive pay schemes and human resource practices (Bloom and Van Reenen, 2007). This 

growing productivity dispersion has been accompanied by increasing wage inequality across firms 

and workers (Andrews et al., 2016; Criscuolo et al., 2021). 

Recent research has therefore shifted attention from worker characteristics to firms’ pay-setting 

behaviour as a key driver of wage inequality. Evidence from European countries shows that a 

substantial share of overall wage dispersion is explained by differences in pay across firms rather 

than by worker skills alone (Criscuolo et al., 2020). Empirical studies based on matched employer–
employee data consistently find that wage inequality is largely driven by between-firm differences, 

although within-firm disparities also play a role (Barth et al., 2016; Card et al., 2018; Song et al., 

2019; Tomaskovic-Devey et al., 2020; Baumgarten et al., 2020). Two main empirical approaches 

dominate this literature: rent-sharing models, which estimate the transmission of productivity shocks 
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to wages, and the Abowd–Kramarz–Margolis (AKM) framework (Abowd et al., 1999), which 

identifies firm-specific wage premiums. Both approaches highlight the central role of firms in wage 

determination. 

While this literature has established the importance of firm heterogeneity, less attention has been 

devoted to the mechanisms through which productivity gains are transmitted to different groups of 

workers within firms. Existing studies point to the role of bargaining power, occupational structure, 

and labour market institutions in shaping these transmission channels. For instance, evidence for 

several European countries shows that managers and professionals are better positioned to capture 

productivity gains through higher wages compared to workers in lower occupational positions 

(Landesmann and Leitner, 2023). Similarly, research on unionization highlights that labour 

institutions can influence both productivity and wage dynamics. Barth et al. (2020) show that higher 

union density increases firm productivity and leads to higher wage premiums, particularly in more 

productive firms, consistent with rent-sharing mechanisms, while Stansbury and Summers (2020) 

document a decline in worker bargaining power in the United States due to falling unionization and 

increased shareholder pressure, contributing to wage stagnation and outsourcing. 

Evidence for Italy remains relatively limited. Existing studies consistently emphasize the importance 

of firm heterogeneity in explaining wage dispersion, although they provide mixed results regarding 

the relative role of worker and firm characteristics (Bingley and Cappellari, 2018; Devicienti et al., 

2019; Franzini and Raitano, 2019). More recent research suggests that sectoral dynamics also play a 

relevant role in shaping earnings heterogeneity (Briskar et al., 2023). At the same time, Italy 

represents a particularly relevant case due to persistent wage stagnation and weak transmission of 

productivity gains to wages, with evidence pointing to a decoupling between productivity and labour 

compensation (Schwellnus et al., 2018). 

Against this background, this article contributes to the literature by examining how the productivity–
wage relationship varies across the wage distribution using a unique administrative employer–
employee dataset for Italy. We focus on the heterogeneous transmission of productivity gains to top 

and bottom earners, providing new evidence on how high- and low-paid workers benefit differently 

from firm-level productivity. Although the data do not allow us to track worker mobility over time, 

they cover a large population of Italian employees in 2014 and 2019, enabling a comparison across 

two points in time. The time horizon considered is relatively short, making it particularly suitable for 

this type of analysis, as it reduces the likelihood that changes in time-varying unobserved factors may 

bias the estimates. More in detail, by applying decomposition techniques to the wage distribution, the 

paper sheds light on the heterogeneous rewards associated with productivity differences and provides 

new insights into the mechanisms linking firm performance and wage inequality, with relevant 

implications for labour market and wage-setting policies. 

3. Data and descriptive statistics 

The empirical analysis is based on a unique matched employer–employee dataset obtained by 

merging four administrative sources from official Italian statistics. The first source is the RACLI 

Register, which provides detailed information on wages and job positions and is structured as a 

Linked Employer–Employee Dataset (LEED). The second is the ASIA-Employment Register, also 

organized as a LEED, which collects individual characteristics of workers, including education, 

occupation, age, and gender. The third is the ASIA Business Register, which contains firm-level 

information such as size, geographical location and sector of activity. Finally, the fourth source is the 

FRAME Register, which provides main variables of firms’ economic accounts, including value 

added. These sources were integrated to link job positions to worker characteristics and firm-level 
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information, generating a comprehensive employer–employee dataset for two years, 2014 and 2019 

(see Appendix for details on data construction and merging procedures)1. 

Starting from the initial RACLI dataset —comprising approximately 16 million jobs in 2014 and 19 

million in 2019—we restrict the analysis to more than about 5.9 million and about 6.4 million 

observations respectively (Table A1 in the Appendix). As explained in the Appendix, we restrict our 

analysis to the business economy and to full-time permanent employees. This latter restriction allows 

us to focus on a relatively homogeneous segment of the labour market in which the productivity–
wage relationship can be more clearly identified. While the expansion of temporary and part-time 

employment has played an important role in shaping wage dynamics in Italy, contractual status and 

working time regimes are already known to significantly affect earnings inequality (Fana and 

Giangregorio, 2024; Depalo and Lattanzio, 2025). Hence, to concentrate on heterogeneity in firm 

productivity and worker wages, we abstract from these dimensions by focusing on full-time 

permanent employment2. 

The matched employer–employee structure of the dataset makes it possible to combine detailed 

individual characteristics—such as wages, gender, nationality, age, education, occupation, and 

tenure—with firm-level variables, including labour productivity, firm size, and multinational status. 

Firm-level characteristics are assigned to all employees working in the same firm, allowing us to 

jointly analyse worker and firm heterogeneity in the productivity–wage relationship. 

A key element of the analysis is the distribution of wages among employees3. Workers are grouped 

into deciles of the wage distribution, which provides a parsimonious and informative way to capture 

heterogeneity and to test differences in the productivity–wage relationship across wage groups. This 

approach allows us to examine whether workers at different points of the wage distribution benefit 

differently from firm-level productivity. 

An overview of the evolution of wages for Italian full-time permanent employees is provided by 

Table 1, showing the values of real annual and hourly wages – measured as annual wages per hour 

worked and deflated using Istat Consumer Price Index – at different points of the wage distribution, 

and related indicators of wage inequality for 2014 and 2019. Annual wages per job have fallen in real 

terms in the lowest decile, have stagnated in the median and have increased by 2% over five years in 

the top decile. As a result, all inequality indicators rose over the period showing widening disparities 

among wage earners. 

A slightly different pattern emerges for hourly real wages. The bottom and top deciles have a 3% 

increase over the five years, while the median is stagnant. Consequently, hourly wage inequality 

increases mainly in the upper part of the distribution, with a rise in the p90/p50 ratio. Additional 

 

1 It is worth noting that the use of administrative data, rather than survey data, allows us to avoid potential 

biases in our estimates that may arise from sampling procedures, particularly when making comparisons over 

time. 
2 In the Appendix, we present a detailed description of the data cleaning process. 
3 Wages are collected at the job-position level, where a job position refers to the employment relationship 

between an employer and an individual engaged in dependent work. Employment relationships are defined as 

“active” if at least one paid hour is recorded during the year. Each relationship has a start date, corresponding 

to its effective activation, and an end date, which remains missing until termination. Events such as changes 

in contractual arrangements (e.g., conversion from part-time to full-time employment or the extension of a 

fixed-term contract), as well as periods of contract suspension, do not constitute a termination of the 

relationship. Since the analysis focuses exclusively on employees with full-time permanent contracts, job 

positions can be considered, in most cases, equivalent to individual employees (see Table A1 in the Appendix). 
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descriptive evidence (not reported) shows a decline of the number of annual hours worked at the 

lower end of the distribution (from 792 to 709), while remaining stable in the 50th ( 2.1 thousand 

hours) and in the 90th percentile (2.2 thousand hours), which is consistent with reported falling annual 

wages for the bottom decile.  

Table 1. Annual and hourly real wages per job in 2014 and 2019. Values for selected deciles and 

inequality indicators. 

Annual wage (euro) 10th 50th 90th p90/p10 p90/p50 p50/p10 N. jobs N. firms 

2014 9,240 24,932 44,636 4.831 1.790 2.698 5,903,491  602,798  

2019 8,979 25,100 45,539 5.072 1.814 2.795 6,392,240  585,994   
            

 
  

Hourly wage (euro) 10th 50th 90th p90/p10 p90/p50 p50/p10 N. jobs N. firms 

2014 8.9 12.8 22.5 2.514 1.757 1.430 5,903,491  602,798  

2019 9.2 13.0 23.1 2.517 1.781 1.413 6,392,240  585,994  

Source: Authors’ elaboration on Istat, RACLI, 2014 and 2019.  

Note: See the Appendix for a detailed description of the final sample. Hourly wages are computed as nominal annual wages divided 

by total paid hours including, besides hours worked, paid leave such as holidays, sick leave, and other compensated absences. Real 

wages are obtained by deflating nominal wage using Istat Consumer price index. The wage at each decile corresponds to the quantile 

(cut-off) value. 

 

 

This pattern is made clear in Figure 1 illustrating the absolute increases in wages (in euros, grey bars) 

and the growth rates (in percentages, black dots) across the percentiles of the wage distribution. Wage 

increases are very small (about 0.2 euros per hour over five years) for the bottom half of the 

distribution (10th–60th), and accelerated at the top, with an increase above 0.5 euros for the top 

decile4. Growth rates are higher at the bottom and top and stagnant in the middle of the distribution. 

However, the overall picture is one of very limited increases in earnings. 

 

Figure 1. Real hourly wages along the distribution. Absolute increases (left axis) and percent 

increases (right axis) between 2014 and 2019. 

 

4 Differences are even more pronounced along the distribution when focusing on average values in each tenth of the 

distribution (Figure A1 in the Appendix). 
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Source: Authors’ elaboration on Istat, RACLI, 2014 and 2019.  

Note: See the Appendix for a detailed description of the final sample. The wage at each decile corresponds to the quantile (cut-off) 

value. 

 

 

How do these wage patterns relate to the dynamics of real productivity? Figure 2 compares the 

evolution of labour productivity—measured as deflated value added per hour worked using Istat 

official 2-digit NACE sectoral deflators—with that of real hourly wages. The figure reports average 

values of wages and productivity for each tenth of the wage distribution (i.e., the average value of 

labour productivity and hourly wage for employees whose wages are in the first ten percent of the 

wage distribution, then in the second ten percent of the wage distribution, etc.), distinguishing 

between 2014 and 2019. Comparing the two periods, we find increases in productivity and wages for 

all deciles. Across the deciles, we find a close linear association between the trajectory of labour 

productivity and that of wages up to the top decile, where major increases are concentrated. These 

patterns offer important insights on the relevance of the productivity-wage links that deserve to be 

further investigated.  

 

Figure 2. Hourly real wages and real labour productivity along the distribution in 2014 and 2019. 
Average values in each tenth of the wage distribution. 
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Source: Authors’ elaboration on Istat, RACLI, 2014 and 2019.  

Note: See the Appendix for a detailed description of the final sample. 

 

4. Methodology 

To investigate the distribution of wages and their changes between 2014 and 2019, we employ a two-
step econometric approach. First, we estimate a Mincerian wage equation augmented with firm-level 
characteristics and labour productivity using Unconditional Quantile Regression (UQR), also known 
as Recentered Influence Function (RIF) regression. Originally proposed by Firpo et al. (2009), UQR 
is based on the influence function (IF), a statistical technique designed to assess the robustness of a 
distributional parameter in the presence of outliers (Hampel, 1974). This method allows us to examine 
the relationship between each covariate and the dependent variable across the unconditional wage 
distribution, independently of the values taken by other observables within a given quantile. 
 

Second, we conduct an Oaxaca-Blinder decomposition following Fortin et al. (2011) to identify the 
determinants of wage changes over time. This decomposition allows us to disentangle the 
contributions to wage variation between 2014 and 2019 arising from changes in the returns to 
covariates (unexplained component) versus changes in the distribution of the covariates themselves 
(explained component). 
Specifically, in the first step of the analysis, we estimate the following econometric specification at 
three key percentiles of the wage distribution—p10, p50, and p90—using UQR for each of the two 
repeated cross-sections (2014 and 2019): 
 log(𝑊𝑎𝑔𝑒𝑖𝑗 ) = 𝛽0 + 𝛽1𝑊𝑜𝑟𝑘𝑒𝑟𝑠′𝐶ℎ𝑖𝑗 + 𝛽2𝐹𝑖𝑟𝑚𝑠′ 𝐶ℎ𝑗 + 𝛽3𝐿𝑎𝑏𝑜𝑢𝑟 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑗 +  𝛾𝑍𝑠+ 𝛿𝑌𝑟 +  𝜀𝑖𝑗    

(1) 
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where log(𝑊𝑎𝑔𝑒𝑖𝑗 ) represents the log real hourly wage of worker i in firm j; 𝑊𝑜𝑟𝑘𝑒𝑟𝑠′𝐶ℎ𝑖𝑗 is a 

vector of worker characteristics, which includes: i) a dummy variable for gender, equal to 1 if the 

worker is female; ii) a dummy variable for young workers (aged 15 to 29 years); iii) a dummy variable 

for foreign workers (extra-EU citizenship); iv) a dummy variable for tertiary education; v) a dummy 

variable for high job tenure (over ten years at the same workplace) and vi) a categorical variable 

indicating the worker’s main occupation: managerial, clerical, manual, or internship. Equation 1 also 

includes a vector for firms’ characteristics - 𝐹𝑖𝑟𝑚𝑠′ 𝐶ℎ𝑗 - namely i) a dummy variable for firms part 

of a multinational group; ii) number of hours worked in each firm (log-transformed) indicating the 

size of the company. Our primary variable of interest is real 𝐿𝑎𝑏𝑜𝑢𝑟 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑗  measured at the 

firm level as hourly value added and expressed in logarithmic form. The sample was trimmed by 

excluding observations in the top and bottom 1% of both labour productivity and wage distributions. 

Final sample also excludes missing values, and firms in sectors whose information on productivity 

and other variables is not covered, such as Finance (NACE section K) and Real estate activities 

(NACE L) (see the Appendix). Nominal wages are converted into real wages using the Istat Consumer 

Price Index, while labour productivity is expressed in real terms using official 2-digit NACE sectoral 

deflators provided by Istat. 

Additionally, Equation (1) includes a set of dummies (𝑍𝑠) capturing the detailed sector of activity for 

each company – based on 2-digit NACE rev. 2 classification- and a set of dummies (𝑌𝑟) representing 

the geographical location of the plant where the worker is employed - at the NUTS 2 level. Lastly, 𝜀𝑖𝑗 is the disturbance error clustered at the firm level5. 

In the second step of the analysis, we use a detailed decomposition method as the one proposed by 
Fortin et al. (2011). We decompose the estimated variation of hourly wages occurred between 2014 
and 2019, at different quantiles of the distribution of wages in the two populations of workers in 2014 
and 20196. For each group, we estimate Equation (1) (i.e. in the first group we have the wage 
computed at the worker level and both individuals’ and firms’ characteristics observed in 2014 and, 
in the second group, we have the same specification where the wage of workers and the set of workers’ 
and firms’ characteristics are observed in 2019). The decomposition is thus obtained after estimating 
Equation 1 by regressing through UQR the logarithm of wage on workers’ and firms’ characteristics 
for each of the two groups. More formally, the marginal effect of covariates X on the dependent 
variable (𝑊𝑎𝑔𝑒) at the 𝜃𝑡ℎquantile is obtained by estimating the following expression, where the RIF 
is defined in Firpo et al. (2009)7: 
 𝐸[𝑅𝐼𝐹(𝑊𝑎𝑔𝑒; 𝑄𝜃)|𝑋] = E(𝛽𝜃X)                                    (2) 

 

5 The complete list of variables, along with descriptive statistics, is provided in Table A2 in the Appendix. 
6 We want to stress that it was not possible for us to track workers and/or job positions over time. Therefore, we construct 

a matched employer-employee database for each year. Our methodology, in this context, relies on the assumption that the 

parameters of the population wage distribution accurately represent those of the true wage distribution for each year. 

Similar to our approach, many previous studies analyzing distributional dynamics and employing comparable 

decomposition methods utilize two or more repeated cross-sections or partially panel datasets (Fortin and Lemieux, 2016; 

Firpo et al., 2018). 
7 According to Firpo et al. (2009), the Recentred Influence Function (RIF) can be expressed as: 𝑅𝐼𝐹(𝑦𝑖 ; 𝑣(𝐹𝑌)) =𝑣(𝐹𝑌) + 𝐼𝐹(𝑦𝑖 ; 𝑣(𝐹𝑌)) where 𝑦𝑖  denotes the observed wage of individual 𝑖, 𝐹𝑌 represents the wage distribution in the 

population, and 𝑣(𝐹𝑌) is the distributional statistic (or functional) calculated from 𝐹𝑌. The influence function measures 

the extent to which the 𝑣(𝐹𝑌) would change if we slightly increased the weight of observation 𝑦𝑖  in the distribution. More 

specifically, 𝐼𝐹(𝑦𝑖 ; 𝑣(𝐹𝑌) denotes the influence function measuring the marginal effect of observation 𝑦𝑖on the statistic 𝑣(𝐹𝑌). By adding the statistic 𝑣(𝐹𝑌) to the influence function, the RIF is recentred so that its expectation equals the 

statistic itself, as shown in Equation (2). 
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Then, following Firpo et al. (2009), Caliendo et al. (2023), Koomen and Backes-Gellner (2022), 
Bloise et al., (2022), Giangregorio (2023), Giangregorio and Fana (2023), Fana and Giangregorio 
(2024), among the others, a decomposition à la Oaxaca-Blinder is performed to split the total variation 
over time of hourly wage in explained and unexplained effects. This means that the hourly wage 
variation occurred between 2014 and 2019 can be expressed according to the following expression: 
 𝐸[𝑅𝐼𝐹(𝑊2019; 𝑄𝜃)|𝑋2019] − 𝐸 [𝑅𝐼𝐹 (𝑊2014; 𝑄𝜃,) |𝑋2014] = 𝑋̅2019𝛽2019,𝜃 −  𝑋̅2014𝛽2014,𝜃 = ∆𝜃       (3) 

where ∆𝜃 is the gap in the log hourly wage between the two years considered at the 𝜃𝑡ℎ quantile and, 
for each 𝜃𝑡ℎ quantile, the decomposition takes the following form: 

 ∆̂𝜃= ∆̂𝑈,𝜃 + ∆̂𝐸,𝜃 = (𝛽2019,𝜃 − 𝛽2014,𝜃)𝑋̅2019 + (𝑋̅2019 −  𝑋̅2014)𝛽2014,𝜃                                (4) 
 

where the total gap between the two groups at the 𝜃𝑡ℎ quantile is decomposed in an unexplained 
effect ∆̂𝑈,𝜃, which is the effect due to variations, between 2014 and 2019, in the returns of covariates, 
and in a composition effect ∆̂𝐸,𝜃, which is instead related to changes in the distribution of the same 
covariates across the two years. Additionally, we further decompose the two effects into the 
contribution of each single covariate to obtain the so-called detailed decomposition. 
 

Nonetheless, extending the decomposition to different parameters of the distribution may introduce 
bias, as the conditional expectation described in Equation (1) holds true only under linearity (Barsky 
et al., 2002; Fortin et al., 2011). To address this issue, as suggested by Di Nardo et al. (1996), it is 
essential to correct the quantile decomposition by reweighting the distribution of covariates in the 
baseline period (2014) to match the distribution of covariates in the subsequent period (2019). To 
eliminate this bias and derive the “true” explained and unexplained effects, Equation (4) must be 
reformulated as follows: 
 ∆̂𝑃𝑈,𝜃 = (𝛽2019,𝜃 − 𝛽2014(2019),𝜃)𝑋̅2019                                                                 (5) ∆̂𝑃𝐸,𝜃 = (𝑋̅2014 (2019) −  𝑋̅2014)𝛽2014,𝜃                                                                 (6) 

 

where the subscript 2019 expressed in parenthesis means that we are estimating specific parameters 
using the 2014 population after reweighting the distribution of covariates to have the same 
distribution of 2019. 
 

The key advantage of this empirical approach is that it allows us to replace the strict exogeneity 
assumption required in simple RIF-regressions with the weaker ignorability assumption. The 
ignorability assumption requires only that the covariance between the vector 𝑋 and the error term 
remains constant across the two groups (i.e. the populations of workers in 2014 and in 2019) (Firpo 
et al., 2009; Firpo et al., 2018). Consequently, even if a specific regressor is endogenous—correlated 
with the error term after accounting for all other control variables in the two year-specific 
regressions—provided that this endogeneity does not vary between 2014 and 2019 and the 
ignorability assumption holds, we can interpret the unexplained portion of the decomposition as the 
“pure” contribution of the return of a given covariate on wages. Meanwhile, the explained portion is 
exclusively linked to changes in the distribution of X. 
 

Under the adopted decomposition method, we expect the coefficients of the unexplained component 
to differ from those obtained using simple RIF-regression if our key covariates remain endogenous 
even after incorporating the full set of controls. It is worth noting that the ignorability assumption is 
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relatively mild in our context, as significant changes in endogeneity are unlikely to occur over such 
a relatively short time span, especially given the rich set of covariates in our baseline specification. 
Nevertheless, caution is advised when interpreting the “unexplained” coefficients as causal effects of 
specific factors on log wages, as residual time-varying endogeneity cannot be entirely ruled out. 
Lastly, to improve interpretability of continuous variables, we follow Firpo et al. (2011), Naticchioni 
et al. (2014) and Bloise et al. (2022) normalizing the continuous variables included in the regressions, 
such as firm size and labour productivity. Specifically, we apply the following transformation: 𝑋̃ = 𝑋𝑡 + 𝜎𝑋20142 − 𝑋2014̅̅ ̅̅ ̅̅ ̅ 

Where 𝜎 is the standard deviation of the continuous variable 𝑋 and 𝑋2014̅̅ ̅̅ ̅̅ ̅ is the average value in 2014. 
The normalization leaves the composition effect unchanged while rescaling the wage structure. 

 

5. Results 

In the following sections, we first present the results of the UQR / RIF-regressions for 2014 and 2019 
across the 10th, 50th, and 90th percentiles of log hourly wages (Section 5.1). In the second step 
(Section 5.2), we discuss the Oaxaca-RIF decomposition results focusing on hourly labour 
productivity. As noted by Firpo et al. (2018), the RIF-OLS analysis and the Oaxaca decomposition 
complement one another. As an additional step, to ensure the robustness of our estimates, we also 
report the estimates of RIF-OLS regressions for different inequality measures i.e., 90th–10th, 50th–
10th, and 90th–50th percentiles log-wage differentials, where a widening of these measures is to be 
interpreted as an expanding wage inequality.  
 

5.1 Unconditional Quantile Regression in 2014 and 2019 

 

Tables 2 and 3 report the coefficients from the unconditional quantile regressions in 2014 and 2019 
respectively, illustrating how worker and firm characteristics shape the wage distribution across 
quantiles. Our main variable of interest is labour productivity, measured as the logarithm of hourly 
value added. As expected, higher firm-level productivity is associated with higher wages across the 
distribution, but with major differences. In both years labour productivity disproportionately benefits 
higher-paid workers (90th percentile) relatively to lower-paid workers (50th and 10th percentiles). In 
2014, a 1 percent increase in labour productivity is associated with a 0.13 percent increase in wages 
at the 10th percentile, 0.12 percent at the median, and 0.16 percent at the 90th percentile. In 2019, the 
corresponding estimated elasticities are 0.12 percent at the 10th percentile, 0.12 percent at the median, 
and 0.17 percent at the 90th percentile, with a widening of disparities in wage associations. 
 

In the last three columns of both Tables 2 and 3 we show the association of labour productivity with 
three measures of wage inequality. Productivity is a driver of greater disparities between the top and 
the bottom deciles, as well as between the top and the median. In 2014 the association with the p90–
p10 log wage differential is approximately 0.02; in 2019 the effect is greater, reaching 0.05. A similar 
pattern emerges for the p90–p50 differential, which increases from 0.03 in 2014 to 0.05 in 2019. 
Conversely, the p50–p10 log wage differential is negatively related to productivity in 2014 – as wage 
elasticities at the bottom is greater than at the median - and the coefficient is not significant in 2019, 
consistent with very similar estimated wage elasticities at the bottom and at the median. 
 

Overall, these unconditional quantile estimates confirm that the positive relationship between firm-
level productivity and hourly wages differs across the wage distribution and evolves over time. 
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Turning to the other covariates, we find that women earn lower wages than men on average, with the 
gender wage gap being particularly pronounced at the upper end of the wage distribution. The UQR 
estimates indicate that female workers face larger wage penalties at the top than at the bottom, 
consistent with the glass ceiling hypothesis which - given the sample selection - appears to persist 
even among full-time, permanent female workers.  Specifically, in 2014, a 1 percent increase in the 
share of women is associated with a wage penalty of approximately 5 percent at the 10th percentile, 
12 percent at the median, and 20 percent at the 90th percentile. Over time, the wage gap at the top 
decile remains broadly stable, as reflected in the 90–10 log wage differential in 2019. Moreover, the 
gap between the bottom decile and the median narrows in 2019 relative to 2014, driven by a decline 
of the gap at median wages, while the 90–50 log wage differential for women widens slightly over 
the same period. This evidence is consistent with several potential factors at play – although these are 
not directly tested in our empirical setting - such as the vertical segregation of women in low-skilled 
occupations, or the sorting of women into firms with lower careers prospects (Carta et al. 2023). 
 

Both younger workers and those from outside the EU face wage penalties across the distribution. 
However, for younger workers, these penalties are more pronounced at the top of the distribution 
(most of all in 2019), whereas for non-EU workers earnings are most affected at the bottom, 
particularly in 2014, contributing to higher wage inequality. 
 

The wage premium associated with tertiary education is substantially higher at the top of the 
distribution than at the bottom in both 2014 and 2019. An increase by 1 percent in the share of tertiary 
educated workers is associated with a 4 percent wage premium at the bottom of the distribution in 
2014 and a 5 percent wage premium in 2019, compared with a 10 percent in 2014 and a 9 percent in 
2019 at the top. In both years, a higher share of tertiary-educated workers is linked to greater wage 
inequality. However, this inequality-enhancing effect has weakened over time, primarily due to 
declining returns to tertiary education at the top of the wage distribution. Similarly, longer tenure is 
positively associated with wages, with a slightly larger association at the upper half of the distribution 
in 2019. 
 

Focusing on firms’ characteristics, the estimates indicate that employment in a multinational company 
is positively associated with wages across the entire distribution, most notably at the median, where 
wages are approximately 14 percent higher in 2014 and 12 percent higher in 2019 relative to workers 
in non-multinational firms. Moreover, the premium at the top of the distribution increased between 
2014 and 2019 (from about 9 percent to 10 percent), as reflected in the rise in the 90–10 log wage 
differential.  
 

The advantage of working in larger enterprises is particularly pronounced at the bottom of the 
distribution, where in 2019 a 1 percent increase in the share of workers employed in large firms is 
associated with a 4 percent increase in wages at the bottom of the distribution, while it is associated 
with decreases of about 3 percent and 14 percent at the median and at the top of the distribution, 
respectively. This pattern is consistent with the presence of equalizing institutional factors—such as 
unions—in large enterprises, which raise wages at the bottom of the distribution while reducing wage 
gaps across workers. 
 

Table 2. Unconditional quantile regression of real hourly wage. Year 2014. 

    Real hourly wage (in logarithm) - 2014 

  p10 p50 p90 p90-p10 p90-p50 p50-p10 

Labour productivity (log) 0.135*** 0.123*** 0.158*** 0.0228* 0.0345*** -0.0117*** 

  (0.000467) (0.000347) (0.000757) (0.0127) (0.0111) (0.00390) 
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Individual characteristics 

Woman -0.0486*** -0.119*** -0.191*** -0.142*** -0.0719*** -0.0700*** 

  (0.000417) (0.000383) (0.000867) (0.00842) (0.00870) (0.00337) 

Age 15 - 29 -0.121*** -0.150*** -0.146*** -0.0254*** 0.00374 -0.0292*** 

  (0.000833) (0.000526) (0.000777) (0.00690) (0.00576) (0.00540) 

Foreign, extra EU -0.0977*** -0.0904*** -0.0219*** 0.0758*** 0.0685*** 0.00728 

  (0.000892) (0.000478) (0.000824) (0.00522) (0.00537) (0.00482) 

Tertiary education 0.0424*** 0.0571*** 0.103*** 0.0603*** 0.0456*** 0.0147*** 

  (0.000500) (0.000443) (0.00132) (0.0101) (0.00981) (0.00192) 

Tenure 0.0704*** 0.144*** 0.0850*** 0.0147 -0.0587*** 0.0734*** 

  (0.000277) (0.000352) (0.000798) (0.00930) (0.00995) (0.00361) 

Firm-level characteristics 

Multinational company 0.0697*** 0.137*** 0.0962*** 0.0264* -0.0412*** 0.0676*** 

  (0.000321) (0.000491) (0.000986) (0.0143) (0.0153) (0.00782) 

Firm size (log) 0.0466*** -0.0322*** -0.146*** -0.192*** -0.113*** -0.0789*** 

  (0.000350) (0.000236) (0.000769) (0.00504) (0.00528) (0.00331) 

Occupational dummies YES YES YES YES YES YES 

Sector dummies  YES YES YES YES YES YES 

Regional dummies YES YES YES YES YES YES 

Observations 5,903,491 

R-squared 0.2388 0.4055 0.4011 0.309 0.280 0.093 

Bootstrapped standard errors in parentheses clustered at the company level, *** p<0.01, ** p<0.05, * p<0.1 

Table 3. Unconditional quantile regression of real hourly wage. Year 2019. 

    Real hourly wage (in logarithm) - 2019 

  p10 p50 p90 p90-p10 p90-p50 p50-p10 

Labour productivity (log) 0.117*** 0.118*** 0.168*** 0.0510*** 0.0501*** 0.000851 

  (0.000448) (0.000326) (0.000974) (0.0104) (0.0119) (0.00608) 

Individual characteristics 

Woman -0.0461*** -0.106*** -0.195*** -0.149*** -0.0890*** -0.0596*** 

  (0.000408) (0.000316) (0.00103) (0.00516) (0.00644) (0.00535) 

Age 15 - 29 -0.0847*** -0.138*** -0.171*** -0.0861*** -0.0329*** -0.0532*** 

  (0.000643) (0.000460) (0.000912) (0.00609) (0.00828) (0.00515) 

Foreign, extra EU -0.0572*** -0.0715*** -0.0264*** 0.0307*** 0.0451*** -0.0144*** 

  (0.000783) (0.000497) (0.000893) (0.00341) (0.00427) (0.00382) 

Tertiary education 0.0527*** 0.0609*** 0.0907*** 0.0380*** 0.0298*** 0.00822*** 

  (0.000396) (0.000378) (0.00128) (0.00774) (0.00771) (0.00318) 

Tenure 0.0716*** 0.159*** 0.104*** 0.0322*** -0.0556*** 0.0878*** 

  (0.000275) (0.000379) (0.000908) (0.00487) (0.00602) (0.00506) 

Firm-level characteristics 

Multinational company 0.0714*** 0.120*** 0.104*** 0.0323*** -0.0163 0.0486*** 

  (0.000315) (0.000398) (0.000836) (0.00857) (0.0109) (0.00696) 

Firm size (log) 0.0381*** -0.0355*** -0.144*** -0.182*** -0.109*** -0.0736*** 

  (0.000327) (0.000199) (0.000727) (0.00522) (0.00460) (0.00292) 

Occupational dummies YES YES YES YES YES YES 

Sector dummies YES YES YES YES YES YES 

Regional dummies YES YES YES YES YES YES 

Observations 6,392,240 

R-squared 0.2434 0.385 0.3889 0.305 0.274 0.088 

Bootstrapped standard errors in parentheses clustered at the company level, *** p<0.01, ** p<0.05, * p<0.1 

 

5.2 Oaxaca-RIF decomposition of Unconditional Quantile Regression in 2014 and 2019 

In this section, we extend the analysis by applying the Oaxaca–RIF decomposition to the 
Unconditional Quantile Regression (UQR) performed in the first step. The aim is to decompose the 
changes in wages observed between 2014 and 2019 across the wage distribution into two main 
components: the explained and the unexplained ones. The explained component captures 
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compositional changes in the characteristics of the workforce at different percentiles, while the 
unexplained component reflects shifts in the returns to those characteristics. This decomposition is 
carried out by constructing a counterfactual wage distribution for 2019, wherein workers possess the 
same attributes as those in 2014. This approach enables us to estimate how the wage premium or 
penalty associated with specific characteristics has evolved over time. 
 

The main results of the decomposition analysis are presented in Table 4, while the full set of 
coefficients is reported in Table A3 in the Appendix. Overall, the findings indicate that between 2014 
and 2019 wage inequality decreased in the lower half of the distribution (p50–p10) and increased in 
the upper half (p90–p50), resulting in an overall stability of the p90-p10 log wage differential.  
The reduction in inequality at the bottom, as measured by the p50–p10 log wage differential, is driven 
by the unexplained component of the decomposition, which captures changes in the returns to wage 
from the characteristics. By contrast, the unexplained component contributes to rising inequality 
when considering the upper half of the distribution, as reflected in the p90–p50 log wage differential. 
Over the 2014–2019 period, changes in workforce composition across percentiles—captured by the 
explained component—do not appear to be significantly associated with variations in inequality 
measures. However, they do contribute positively to changes in wages at both the median and the 
90th percentile. 
 

More specifically, as shown in Table 4, real hourly wages for full-time permanent employees 
increased on average across the entire distribution between 2014 and 2019, displaying a U-shaped 
pattern, with larger gains at both the bottom and the top. Moreover, while at the lower end of the 
distribution nearly 88% of the overall wage change is attributable to changes in the wage structure, 
this share declines to less than 70% at the median and at the top, where the role of compositional 
changes becomes more pronounced and significant. 
 

Explained effects (Table 4 – Panel A) capture the relevance of all variations in the distribution of 
workers and firm characteristics occurred between 2014 and 2019. Significant coefficients refer 
mainly to changes in the composition of each percentile that can affect wages over time due to 
proportion of workers and firms having certain specific characteristics.  
With respect to our main variable of interest, changes in the composition of firms with specific labour 
productivity positively contribute to wage growth across the entire wage distribution, with stronger 
effects at the top than at the bottom, resulting in a significant increase in the p90–p10 log wage 
differential.  
 

Looking at the other variables of the explained component (Table A3 in the Appendix), the results 
indicate that the decline in the share of women in the workforce, has raised inequality, regardless of 
the measure considered, as it is associated with stronger wage growth at the top of the distribution.8 
Still in terms of compositional changes, a higher proportion of young workers has reduced inequality, 
as their increased presence led to the contraction of wages both at the bottom and – slightly more so 
- at the top of the distribution. In contrast, a higher proportion of extra EU workers is associated to 
lower wages along the distribution and mainly at the bottom, leading to an increase of wage inequality. 
The effects of the compositional change in highly educated works between 2014 and 2019 contributed 
to increase inequality, primarily determining a wage gain for top earners, relative to both bottom and 
median earners. 
Among the compositional changes that increased inequality in the upper part of the distribution (p90-
p50), it is worth noting the decreasing share of workers with more than ten years of tenure.  

 

8 Descriptive statistics reported in Table A2 in the Appendix document changes in the share of job positions and firms 

across selected characteristics between 2014 and 2019. 
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Focusing on firms’ characteristics, changes in the composition of size of firms are statistically 
associated to changes in wages pushing up inequality over the period; by contrast, the share of 
workers employed in multinational companies are not statistically associated with changes in wages 
over the period nor to inequality measures. 
 

Beyond compositional effects, the decomposition analysis provides insights into the unexplained 
factors contributing to either wage growth or wage compression across the distribution (Table 4, Panel 
B). Overall, as we already observed, our results (Table 4) indicate that changes in the returns to 
observed covariates led to an increase in inequality at the upper half of the distribution (p90–p50) and 
a reduction in inequality at the lower half (p50–p10) between 2014 and 2019. 
 

Focusing on our main variable of interest (Table 4, Panel B), we find that labour productivity does 
not contribute to reducing wage inequality; instead, it is associated with a widening of the p90–p10 
log wage differential. This pattern reflects the fact that higher labour productivity is negatively 
associated with wage growth at the lower end of the wage distribution, while it shows no statistically 
significant association with wage change at either the median or the upper end of the distribution. 
Consequently, productivity gains do not appear to translate into higher wages for lower-paid workers. 
Put differently, although real hourly wages at the bottom of the distribution increased between 2014 
and 2019, this growth does not seem to have been driven by a redistribution of productivity gains. 

Turning to other worker and firm characteristics (Table A3, Panel B), the decomposition indicates 
that, over 2014–2019, wage rewards increased for women, younger workers, foreign workers, and 
high-tenure employees, but declined for workers in multinational and large firms. At the lower tail, 
wage growth is observed among younger, tertiary-educated, and foreign workers, while workers in 
large firms experienced declines.  

Interestingly, the coefficient on tertiary-educated workers is positive and statistically significant only 

at the bottom of the wage distribution, indicating that the returns to tertiary education are concentrated 

among low-paid workers. This suggests that improvements in educational attainment have played an 

important role in supporting wage growth at the lower end of the wage distribution. 

At the upper tail, wage growth is concentrated among high-tenure workers. 

Table 4. Decomposition of changes in real hourly wage, between 2014 and 2019. 

  p10 p50 p90   p90-p10 p90-p50 p50-p10 

Change in wages 0.0269*** 0.0147*** 0.0281***   0.00113 0.0133** -0.0122*** 

 (0.00213) (0.00525) (0.00569)  (0.00516) (0.00607) (0.00348) 

Explained 0.00336 0.00581* 0.00913*  0.00577 0.00332 0.00245 

 (0.00226) (0.00330) (0.00523)  (0.00450) (0.00353) (0.00181) 

Unexplained 0.0236*** 0.00893*** 0.0189***  -0.00464 0.0100* -0.0147*** 
 (0.00163) (0.00251) (0.00359)   (0.00381) (0.00538) (0.00238) 

Explained (Panel A) 

  p10 p50 p90   p90-p10 p90-p50 p50-p10 

Lab prod (log) 0.00265* 0.00267** 0.00380**  0.00115* 0.00113 1.92e-05 

 (0.00137) (0.00125) (0.00194)  (0.000590) (0.000698) (0.000144) 

Unexplained (Panel B) 

  p10 p50 p90   p90-p10 p90-p50 p50-p10 

Lab prod (log) -0.00438** -0.00246 0.00207  0.00645** 0.00453 0.00192 

 (0.00187) (0.00192) (0.00280)  (0.00317) (0.00296) (0.00147) 
 

Note: Bootstrapped standard errors in parentheses clustered at the company level, *** p<0.01, ** p<0.05, * p<0.1 
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6. Discussion and conclusion 

In recent decades, labour productivity in Italy has experienced slow growth while wages have 
stagnated, and inequality among earnings has increased. However, aggregate-level analyses risk 
overlooking the more nuanced dynamics occurring at the firm level. In this article we have 
investigated such gaps by examining the relationship between labour productivity and wages across 
the population of Italian workers with a full-time permanent contract in the private non-agricultural 
sector. To this end, we have built a unique matched employer–employee dataset, available for 2014 
and 2019, with more than 5.9 million and about 6.4 million observations, respectively. 
 

Exploring the evolution between 2014 and 2019 of different wage deciles of employees, we have 
documented the dismal performance of Italian wages. Although hourly earnings have increased by 
about 3% at both the bottom and top decile of wage earners, annual earnings have fallen in real terms 
in the lowest decile and have increased by 2% in the top decile, indirectly reflecting a reduction in 
hours worked among the lowest-paid workers. Median wages have remained stagnant. As a result, 
disparities between high earners and the lowest paid employees have increased. 
 

The results of our unconditional quantile regression with Recentered Influence Function (RIF) show 
that labour productivity disproportionately benefits higher-paid workers (the top percentile) relatively 
to lower-paid employees (the median and the bottom percentile), in both 2014 and 2019. In fact, 
labour productivity is associated to greater disparities between top earners and the rest of employees. 
 

When applying unconditional quantile regression combined with the Oaxaca–RIF decomposition to 
2014–2019 wage growth, we found that – for the explained component – changes in the composition 
of labour productivity support wage growth across the distribution, but with greater effects for the 
highest earners, leading to larger differentials between top and bottom wages. The analysis of the 
unexplained component, capturing changes in the returns to labour productivity, suggests that 
productivity gains are not shared with lower-paid workers. Indeed, labour productivity is negatively 
associated with wage growth at the lower tail of the wage distribution. 
 

The coverage of our sample with respect the universe of Italian workers employed in the private 
sector is a major advantage of our analysis, but two limitations should be pointed out.  
First, the absence of a panel dimension for both firms and workers constrains our ability to account 
for unobserved heterogeneity among firms and individuals. It also does not allow to account for 
sorting of workers into firms with higher or lower labour productivity.  
A second limitation of the analysis is that it cannot account for institutional factors that may mediate 
the relationship between productivity and wages, such as trade union presence, collective bargaining 
arrangements, or firm-level wage agreements, even if we are able to control for firm size. These 
institutions may influence the extent to which productivity gains are transmitted to workers through 
wages. Nevertheless, by restricting the analysis to full-time permanent employees, we reduce the 
heterogeneity associated with different contractual arrangements and working conditions. 
 

Moreover, it should be noted that the period under analysis (2014–2019) also overlaps with a phase 
of substantial labour market reform in Italy following the introduction of the Jobs Act. While our 
focus on permanent employees in 2019 provides evidence on the distribution of wages and 
productivity in the post-reform environment, the available data do not allow us to identify the causal 
effects of the reform on workers' wages. In particular, the absence of information on job flows 
prevents us from distinguishing workers hired under different regulatory regimes and from tracking 
wage trajectories over time. Future research could address this limitation by integrating linked 
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employer–employee data with longitudinal information on worker mobility, thereby enabling a more 
precise assessment of how institutional reforms shape the relationship between productivity and 
wages. 
 

Our findings may also contribute to the policy debates on wage stagnation. During the 2014-2019 
period, we show that productivity growth at the micro level was of little benefit for the wages and 
contributed to greater earning disparities. While boosting labour productivity remains a valuable 
objective per se, and our findings confirm a positive association with wage growth, such gains are 
not evenly distributed and do not automatically translate into higher earnings for all employees. The 
lack of an equitable distribution of the gains from productivity suggests that complementary measures 
– such as fair labour contracts, industrial relations agreements, policy interventions - could be 
required in order to address both wage stagnation and polarisation.  
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Appendix 

 

The database 

The RACLI Register records job positions throughout the year, meaning a single worker can hold 

multiple job spells. For the purposes of this study, we focused exclusively on the business economy 

(C and G-N NACE sections) and on stable jobs, selecting only those corresponding to full-time and 

permanent contracts. We also exclude missing values, and firms in sectors whose information on 

productivity and other variables is not covered, such as Finance (NACE section K) and Real estate 

activities (NACE section L). As part of the data-cleaning process, we finally trimmed observations 

in the top and bottom 1% of both real labour productivity and real hourly wage distributions. These 

refinements reduced the initial dataset from approximately 16 million records in 2014 and 19 million 

in 2019 to more than 5.9 million and about 6.4 million respectively, as detailed in Table 1.  It is worth 

noting that considering full-time permanent positions yields a dataset in which nearly every job 

corresponds to a unique worker. 

The final database covers business units operating in the following 2-digit NACE Rev.2 (2022) 

sections (sections are identified by alphabetical letters): manufacturing (C); wholesale and retail trade, 

and repair of motor vehicles and motorcycles (G); transportation and storage (H); accommodation 

and food service activities (I); information and communication (J); professional, scientific, and 

technical activities (M); and administrative and support service activities (N). 

In 2014, 177,570 firms in our sample were classified under section C and over 196,350 under section 

G; in 2019, 166,230 firms were in section C and 186,344 in section G. The 2014 selected sample 

includes 477,537 micro firms (1–9 employees), 106,844 small firms (10–49 employees), 15,681 

medium-sized firms (50–249 employees) and 2,736 large firms (250 or more employees). In 2019, 

the sample comprises 441,534 micro firms, 122,694 small firms, 18,528 medium-sized firms and 

3,238 large firms. Finally, in both years, more than 55% of the firms is located in the Northern regions, 

while about a quarter is based in the Southern regions and the Islands. 

Hourly wages are computed as nominal annual wages divided by total paid hours including, besides 

hours worked, paid leave such as holidays, sick leave, and other compensated absences. Real wages 

are obtained by deflating nominal wage using Istat Consumer price index. Finally, labour productivity 

is measured as value added per hour worked, using official Istat 2-digit NACE sectoral deflators to 

obtain real values. 

Table A1. Number of job positions, workers, firms in RACLI by selected year (business economy)  
All job positions  Final sample  

  Job positions Workers Firms Job positions Workers Firms 

2014 16,432,022 13,497,241 1,542,338 5,903,491 5,730,938 602,798 

2019 19,691,262 15,285,372 1,577,675 6,392,240 6,097,439 585,994 

Source: Istat, RACLI, 2014 and 2019.   

 

 

Table A2. Main descriptives statistics for job positions and firms in 2014 and 2019 (selected sample) 
 

  2014 2019 
 

VARIABLES Mean SD Min Max Mean SD Min Max 

Woman (0/1) 0.30 0.46 0 1 0.29 0.45 0 1 



 

24 

 

Job 

Positions 
Age: 15-29 (0/1) 0.14 0.34 0 1 0.15 0.36 0 1 

Nationality: Extra EU (0/1) 0.070 0.26 0 1 0.073 0.26 0 1 

Level of education: Tertiary (0/1) 0.14 0.34 0 1 0.17 0.38 0 1 

Tenure: over 10 years (0/1) 0.39 0.49 0 1 0.38 0.49 0 1 
 

Observations 5,903,491  6,392,240  

                    

Firms Multinational firm (0/1) 0.03 0.18 0 1 0.04 0.20 0 1 

Size (Hours) 23,773 434,833 4 over 200mln 27,570 456,006 6 over 200mln 

Labour productivity  

(value added per hour, euro) 
31.9  26.1  3  253  31.2  24.5  0.10  281  

 

Observations 602,798  585,994  

 

 

Figure A1. Hourly wage differential by deciles between 2014 and 2019 (average values in each tenth) 

 
Source: Authors’ elaboration on Istat, RACLI, 2014 and 2019.  

 

 

Table A3. Decomposition of changes in real hourly wage, between 2014 and 2019. Full table of coefficients. 

  q10 q50 q90 q90/q10 q90/q50 q50/q10 

Change in wages 0.0269*** 0.0147*** 0.0281*** 0.00113 0.0133** -0.0122*** 

 (0.00213) (0.00525) (0.00569) (0.00516) (0.00607) (0.00348) 

Explained 0.00336 0.00581* 0.00913* 0.00577 0.00332 0.00245 

 (0.00226) (0.00330) (0.00523) (0.00450) (0.00353) (0.00181) 

Unexplained 0.0236*** 0.00893*** 0.0189*** -0.00464 0.0100* -0.0147*** 
 (0.00163) (0.00251) (0.00359) (0.00381) (0.00538) (0.00238) 

Explained (Panel A) 

  q10 q50 q90 q90/q10 q90/q50 q50/q10 

Lab prod (log) 0.00265* 0.00267** 0.00380** 0.00115* 0.00113 1.92e-05 

 (0.00137) (0.00125) (0.00194) (0.000590) (0.000698) (0.000144) 

Woman 0.000323*** 0.000740*** 0.00136*** 0.00104*** 0.000623*** 0.000417*** 

 (9.68e-05) (0.000207) (0.000328) (0.000278) (0.000167) (0.000111) 

Age 15 - 29 -0.00104*** -0.00169*** -0.00210*** -0.00106*** -0.000404*** -0.000652*** 

 (0.000138) (0.000203) (0.000287) (0.000172) (0.000116) (0.000104) 

Foreign, extra EU -0.000122*** -0.000152*** -5.62e-05*** 6.54e-05*** 9.61e-05*** -3.06e-05*** 

 (3.74e-05) (4.73e-05) (1.78e-05) (2.07e-05) (2.79e-05) (1.03e-05) 

Tertiary education 0.00179*** 0.00207*** 0.00308*** 0.00129*** 0.00101*** 0.000279** 

 (0.000119) (0.000131) (0.000269) (0.000263) (0.000276) (0.000116) 

Tenure -0.000479 -0.00107* -0.000695* -0.000216 0.000373* -0.000589** 

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

1th 2th 3th 4th 5th 6th 7th 8th 9th 10th



 

25 

 

 (0.000306) (0.000646) (0.000422) (0.000147) (0.000211) (0.000279) 

Multinational company 0.000403 0.000676 0.000585 0.000182 -9.19e-05 0.000274 

 (0.00158) (0.00231) (0.00221) (0.000707) (0.000333) (0.000816) 

Firm size (log) -0.000326* 0.000303** 0.00123* 0.00156** 0.000931* 0.000630** 

 (0.000177) (0.000135) (0.000653) (0.000787) (0.000482) (0.000301) 

Occupational dummies YES YES YES YES YES YES 

Sector dummies  YES YES YES YES YES YES 

Regional dummies YES YES YES YES YES YES 

Unexplained (Panel B) 

  q10 q50 q90 q90/q10 q90/q50 q50/q10 

Labour productivity (log) -0.00438** -0.00246 0.00207 0.00645** 0.00453 0.00192 

 (0.00187) (0.00192) (0.00280) (0.00317) (0.00296) (0.00147) 

Woman 0.000201 0.00369*** -0.00233 -0.00253 -0.00601** 0.00349*** 

 (0.000554) (0.00116) (0.00181) (0.00211) (0.00252) (0.00102) 

Age 15 - 29 0.00440*** 0.00182*** -0.00309*** -0.00749*** -0.00491*** -0.00258*** 

 (0.000374) (0.000417) (0.000588) (0.000703) (0.000786) (0.000492) 

Foreign, extra EU 0.00297*** 0.00141*** -0.000543** -0.00352*** -0.00195*** -0.00156*** 

 (0.000222) (0.000176) (0.000228) (0.000346) (0.000298) (0.000273) 

Tertiary education 0.000499* 0.000253 -0.000588 -0.00109 -0.000841 -0.000245 

 (0.000259) (0.000311) (0.000631) (0.000666) (0.000698) (0.000392) 

Tenure 0.000238 0.00504*** 0.00575** 0.00552* 0.000713 0.00480*** 

 (0.000792) (0.00147) (0.00283) (0.00325) (0.00381) (0.00140) 

Multinational company 0.00149 -0.00548* 0.00363 0.00214 0.00911** -0.00697* 

 (0.00272) (0.00301) (0.00351) (0.00441) (0.00451) (0.00379) 

Firm size (log) -0.00374*** -0.00155** -0.00153 0.00221 1.73e-05 0.00219 

 (0.00126) (0.000622) (0.00215) (0.00250) (0.00224) (0.00141) 

Occupational dummies YES YES YES YES YES YES 

Sector dummies  YES YES YES YES YES YES 

Regional dummies YES YES YES YES YES YES 

Constant 0.0682** -0.000386 0.105 0.0366 0.105* -0.0686** 

  (0.0319) (0.0155) (0.0747) (0.0805) (0.0637) (0.0273) 

Bootstrapped standard errors in parentheses clustered at the company level, *** p<0.01, ** p<0.05, * p<0.1 

  


