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ABSTRACT

In this study, I examine the main drivers of wage 
dispersion growth in the Finnish private sectors 
for the years 2001–2022. In particular, I quan-
tify the share of salary variance growth due to 
within-firm variation, as well as the one due to 
between-industry heterogeneity. I find that wage 
dispersion in Finland has increased over time, 
and that while within-firm variation is the largest 
contributor to wage dispersion for any given year, 
the growth in variance has been mainly caused 
by between-firm variation, with between-indus-
try variation being especially important. These 
results are particularly strong when I exclude 
the years characterized by the COVID-19 pan-
demic. Interestingly, I find that a limited number 
of industries accounts for these results. I also 
examine other possible drivers of income ine-
quality, such as regional and occupation-related 

TIIVISTELMÄ

Palkkahajonnan ajurit Suomessa

Tutkimuksessani tarkastelen Suomen yritys-
sektorin palkkahajonnan pääajureita vuosina 
2001–2022. Erottelen palkkahajotelmien avulla 
yritysten sisäisestä vaihtelusta johtuvan hajon-
nan osuuden toimialojen välisestä vaihtelusta 
johtuvasta osuudesta. Havaitsen, että palkkaerot 
ovat kasvaneet Suomessa ja että vaikka yritysten 
sisäinen vaihtelu on erojen suurin komponent-
ti kunakin vuonna, yritysten välien vaihtelu on 
palkkahajonnan kasvun tärkein ajuri. Toimialojen 
välisen vaihtelun osuus on erityisen suuri. Nämä 
tulokset havaitaan erityisen voimakkaina, jos CO-
VID-19-pandemian vuodet jätetään tarkastelun 
ulkopuolelle. On mielenkiintoista havaita, että 
pieni joukko toimialoja riittää selittämään nämä 
tulokset. Tutkin myös muita mahdollisia palkka-
erojen ajureita, kuten alueiden ja ammattien vä-

dispersion, finding that between-regional wage 
differences have not been a meaningful driver of 
aggregate inequality.

JEL Codes: E01, E24, E25, J01

Keywords: 
wage inequality,
industry structure, sorting

listä heterogeenisyyttä. Havaitsen, että alueiden 
välisten erojen kontribuutio palkkaeroihin ei ole 
merkittävä.
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1. Introduction 

Income inequality, and its steady rise over the last four decades, has been one of the central topics of the 

economic debate, during recent years. Most developed countries, especially the US, have experienced a 

consistent and significant growth in income and wealth dispersion, leading researchers and policymakers to 

study this phenomenon, both in terms of measurements (see the opposing views of Piketty et al., 2018, and of 

Auten and Splinter, 2024), its causes (for example the interaction with technological developments and job 

polarization, see, e.g., Goos and Manning, 2007) and its consequences (e.g., see the work on the link between 

inequality and growth by Berg and Ostry, 2017, studies on the effects of income inequality on intergenerational 

mobility, such as Corak, 2013, and Chetty et al., 2014, or the literature review on the effects of growing income 

inequality on social outcomes, offered in d’Hombres et al., 2012). The literature concerning this topic is 

enormous and it would require a much more extensive discussion. For the sake of brevity, I refer the reader to 

studies which offer an ample overview of the topic, such as Acemoglu and Autor (2011), Bonesmo Frederiksen 

(2012), Dabla-Norris et al. (2015), and Hoffmann et al. (2020). 

One key question regarding income inequality, and its growth, concerns its relationship with the labor market 

and industry structure of the economy. In other words, it is crucial to understand whether the growth in income 

inequality is due to a widening gap between more (frontier) and less (laggard) productive firms, and the 

associated salaries they pay, and whether this gap is mainly observed across or within industries. Moreover, it 

is interesting to see whether higher-skilled workers are attracted to more productive firms and industries, 

leading to a self-selection phenomenon which leads to further divergence in compensations (a topic studied, 

e.g., in Card et al., 2013, and Mueller at al., 2017).  

This study concerns these questions, which are investigated by adopting the decomposition approach 

formulated in Haltiwanger et al. (2024). In particular, I examine the growth of income inequality in Finland 

between 2001 and 2022, using annual worker-level data maintained by Statistics Finland. I decompose the 

variance of monthly real salaries (measured during the last quarter of the reference year) and their growth over 

time. The richness of the data allows me to associate workers with their firms and to identify whether wage 

dispersion mainly occurs within or between companies, and within or between industries. I complement the 

analysis by studying how wage dispersion, and its growth, is linked to dispersion in worker characteristics, 

sorting (employees with higher earnings working in more productive firms and sectors) and segregation (how 

high-paid workers cluster together in the same firm or industry). I complete the sector-level analysis by 

identifying the industries which have contributed the most to the rise in income inequality. 

While the main focus of this exercise is on the role of industry structure, I also briefly examine how wage 

dispersion has developed across professions, as well as across Finnish regions. While the nature of the data 

does not permit a full replication of the main analysis for the occupational dimension, I am able to investigate 

the relative contribution to earning dispersion of within-firm, between-firm-within-region and between-region 



factors. The regional dimension of inequality has also been the subject of a wide range of studies, thus it is not 

possible to cover comprehensively in this paper. Some examples concerning Europe are, e.g., Bubbico and 

Freytag (2018), Inchauste and Karver (2017), Iammarino et al (2017) and, for the Finnish setting, Fornaro 

(2018). A recent historical view of the aggregate trends in income inequality for the Finnish economy is 

provided in Roikonen (2022). 

I find that between 2001 and 2022, the dispersion of real monthly wages has grown by roughly 4.5 log points, 

and that while within-firm dispersion is the main driver of earning inequality at each point in time, the majority 

of the increase in income variance is due to between-firm (and more specifically, between-industry) variation. 

The contribution of between-firm dispersion to overall variance growth is even larger when the years affected 

by the COVID-19 pandemic are excluded from the analysis. Comparing my results to the ones of previous 

studies, I observe that the estimated share of earning variance growth due to between-firm variation is slightly 

smaller than what found in Briskar et al. (2023) and Haltiwanger et al. (2024). However, it is important to 

notice that the results of this analysis mirror the ones of studies covering different economies, time periods 

(e.g., the data of Briskar et al. 2023, start already in 1985) and different types of data (monthly salaries vs 

yearly income). Moreover, as observed in Briskar et al. (2023), I find that a larger share of the increase in 

between-industry variation is driven by relatively few 2-digit industries. Interestingly, the role of within-firm 

wage dispersion contributes significantly to the growth of total wage variance during the pandemic years, 

accounting for half the growth in total variance w.r.t to the initial years of the sample. The results of the Abowd, 

Kramarz and Margolis (1999, from now on AKM) decomposition indicate that while within-firm salary 

dispersion, and in particular the premium associated with worker unobservable characteristics, is the main 

driver of the level of salary inequality, between-industry and between-firm-within-industry factors have played 

an important role in the growth of overall wage variance. Interestingly, the estimates indicate that while 

industry-related premia variance has fallen over time, the segregation and sorting of workers between 

industries (i.e. the degree by which high-salary workers tend to concentrate in higher pay industries and to 

work with other highly paid workers) have been particularly important. 

 Moving away from the industry perspective, I find that wage dispersion between different occupations has 

been a major factor driving overall variance, while within-occupation dispersion is more relevant when looking 

at dispersion for a given year, similarly to what I observed in the industry-related analysis. The increase in 

between-profession variance is particularly interesting in the light of rising skill-premia (see, e.g., Acemoglu 

and Autor, 2011). The final dimension of heterogeneity I examine is related to the geographical dimension. In 

particular, I examine how between-regional earning variance has contributed to overall dispersion growth. The 

results do not support regional variation as an important factor, with the between-region component explaining 

a negligible share of total variance increase. 

This analysis is closely related to the ones presented in Song et al. (2019), Haltiwanger et al. (2024) and Briskar 

et al. (2023). The core idea of the three aforementioned studies, as well as mine, is that overall wage dispersion 



can be decomposed in within- and between-firm variation, with the latter being also impacted by changes in 

the workforce composition, by relying on the AKM technique. Both Song et al. (2019) and Haltiwanger et al. 

(2024) focus on the US economy, with the latter paper offering an additional perspective on the role of 

between- and within-industry dispersion in shaping up overall earnings variance. Moreover, both studies look 

at the role of the largest companies in driving the results. Briskar et al. (2023) provide a similar approach as in 

Haltiwanger et al. (2024), although applied to Italian firms. Common findings of these studies are the 

predominant role of between-firm wage dispersion in driving overall growth in earnings inequality (while the 

within-firm component is the most important factor explaining wage variation at a given point in time). For 

the analyses considering the industry structure, a common result is the importance of a limited number of 

industries behind the observed increase in income dispersion. Interestingly, despite quite different institutional 

and macroeconomic settings, as well as my focus on monthly earnings compared to yearly earnings considered 

in the three studies discussed above, I find similar results. One important departure of the current exercise is 

that I also take into consideration the regional dimension as a drive of aggregate earnings dispersion, a 

perspective that is important a priori, given the observed heterogeneity in economic conditions across different 

regions (see, e.g., Bluedorn et al., 2019). 

The remainder of the paper is structured as follows: in Section 2 I describe the data sources and resulting 

dataset, in Section 3 I present the main decompositions used in the analysis and in Section 4 I report the results 

of the exercise. Finally, Section 5 concludes. 

2. Data description 

The main data source for this analysis is the Stru of Earnings panel, provided by Statistics Finland. The data 

covers a wide range of components for each worker’s salary and working hours, so that I can compute both 

regular wages (i.e., excluding overtime compensation and other bonuses) and more comprehensive measures. 

Throughout the analysis, I rely on monthly wages including overtimes and bonuses, even though the results 

remain similar when considering regular compensation. Salaries are measured during the last quarter of the 

year, and the data covers between 55% and 75% of private sector workers, the focus of our analysis, depending 

on industry and year. 1 Most of the gap concerns workers in agriculture, the ones employed in firms with less 

than 5 employees, and company owners. All these groups are excluded from the analysis, so we can be 

confident that the data provides a comprehensive coverage of the population of interest. Another benefit of 

using the Structure of Earnings data is that they allow me to link salaries information with a wide range of 

worker- and firm-level characteristics, such as location and worker age, and to form a proper panel, which is 

required in the AKM decomposition. 

The use of monthly salary instead of total yearly income is a departure from the other papers in the literature 

(such as Haltiwanger et al., 2024, and Briskar et al., 2023), mainly dictated by the higher granularity of wage 

 
1 More information and the structure of earnings data can be found at 

https://taika.stat.fi/en/aineistokuvaus.html#!?dataid=SES_19952021_jua_base23tot_001.xml 



and working hours information offered by the Structure of Earnings panel, compared to other register-based 

micro-data, and by the longer time coverage. Even though the current exercise is focused on monthly salaries, 

I also conduct the basic decomposition on yearly income data, finding very similar results in terms of the main 

drivers of increase in earnings dispersion. The consistency of the results across different data sources gives 

some reassurance over the choice to rely on monthly earnings. 

I make multiple adjustments to the raw worker-level data. Firstly, I consider individuals employed in the 

private sector. Subsequently, if a worker has more than one salary measured for a given year, I keep only the 

observation for which I am able to link a worker to her employer. I prioritize in a similar fashion the job 

relationship accounting for the highest working hours and salary (e.g., in the presence of two different job-

relationships for a given individual/year, I keep the observation which includes firm information, even if the 

worker might have higher working hours in another activity). Moreover, I exclude the observations with 

monthly compensation (either regular or including overtimes) which goes above/below the top/bottom 1% for 

each profession/year combination, with professions measured at the 4-digit level of the ISCO 2010 

classification. Finally, I remove observations with monthly working hours below 75 hours (less than 20 hours 

per week) or more than 300 hours. In terms of firm-level restrictions, I exclude firms in agriculture and fishing, 

where I use the NACE Rev. 2 classification at the 2-digit level. Moreover, as done in Briskar et al. (2023), I 

limit the analysis to firm/year combinations with more than 10 employees (headcount), to have enough within-

firm variation. Finally, when I perform the AKM decomposition, I associate each firm with an individual 

industry across the years, using the largest employment value to select the industry for a given sub-period. 

Below, in Table 1, I report the descriptive statistics for the resulting sample, divided into two 5-year subperiods. 

The first subperiod covers the years 2001-2005 and the second subperiod covers the years 2018 to 2022. I 

report the average number of workers and firms for each subperiod, as well as the mean, median, standard 

deviation and 10 and 90 percentiles of real wages, where I use the CPI (with 2015 as base year) to deflate the 

nominal series. 

 

 
N. Workers N. 

Firms 

Mean wage Median Wage 10% 90%  Wage 

standard 

deviation 

2001–2005 604,327 5,496  2,448 2,245 1,531 3,600  951 

2018–2022 561,127 5,179 2,801 2,539 1,574 4,310  1,279 

Table 1:  Descriptive statistics for the sample used in the analyses. Data concerns workers in the private sector, employed in firms 

with at least 10 employees. Monthly wages are trimmed at the 1% tails, for each year/profession combination, and include overtime 

compensation and other bonuses. Wages are in 2015 euros. 

A few comments regarding the descriptive statistics presented in Table 1. Firstly, both the average and, to a 

lesser extent, median salaries have increased between the initial and final subperiod, in real terms. However, 

it is quite interesting to see that there has been a substantially larger rise in the 90th percentile of wages, while 

the 10th percentile is characterized by a very modest increase over time (a similar faster pace of wage growth 

at the top of the income distribution is observed for the Italian economy in Briskar et al., 2023). This 



observation, together with the marked increase in the standard deviation of real wages, gives a first indication 

of rising monthly earnings dispersion over the sample period. One note of caution on the figures in Table 1. 

The choice to restrict the sample to workers employed in firms with a minimum of 10 employees, as well as 

the focus on the private sector, might affect the magnitude of average salaries (larger firms tend to pay higher 

compensation) and their distribution (the public sector might be characterized by a more compressed earnings 

distribution), so it is important to treat these results with caution. 

 

3. Empirical framework 

The current analysis is divided into two main parts. Initially, I perform simple decompositions of monthly 

wage dispersion, to identify whether within- or between-firm variations are the main factors behind earnings 

variance, at a given point in time and for its change over the years. This basic decomposition is applied to 

examine industry (i.e., I look at between-industry and within-industry-between-firm variation) and region 

(between-region and within-region-between-industry variation) heterogeneity. I then gauge the contributions 

to wage dispersion, and its growth, across occupations using an even simpler decomposition, given that I 

cannot compute a between-firm variation within professions, because firms tend to have workers with different 

occupations. Moreover, I identify which industries are the drivers of between-industry earning dispersion. 

In the second part of the analysis, I rely on the AKM model to assess the contributions of numerous factors, 

like sorting, segregation, as well as the individual firms’ pay premium, in explaining trends in wage dispersion. 

Given that the AKM decomposition is computed for a slightly different time frame (7-years windows) and for 

a slightly more restricted sample (e.g., workers without multiple observations in a given subperiod are 

excluded), I separate the AKM analysis from the basic decompositions into different subsections, both in here, 

where I describe the decompositions, and in the presentation of the results. For both the basic decompositions 

and the AKM model, I follow the approach and notation of Haltiwanger et al. (2024) and Briskar et al. (2023). 

3.1 Basic decompositions 

The starting point of this exercise is the decomposition of log-monthly salaries, which I denote as 𝑦𝑖𝑗, where i 

indicates a worker and j a firm. For simplicity, I omit the time index from the notation, but the decomposition 

is applied to each year of the sample. Total wage dispersion can be decomposed as: 

1

𝑁
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𝑛𝑗
,      (1) 

where the left-hand side of (1) is the total earnings variance, the first term on the right-hand side is the between-

firm variance and the last term on the right-hand side is the within-firm variance. Notice that 𝑦̅ is the economy-

wide average salary, 𝑦𝑗̅ is the firm-level average compensation, N indicates the total number of workers in our 

sample for a given year and 𝑛𝑗 indicates the number of employees in firm j. 



Denoting a given industry with s (I am going to use the terms industry and sector interchangeably), and with 

𝑦𝑖𝑗𝑠 indicating the log-earnings of worker i, employed in firm j and sector s, between-firm variance can be 

further decomposed into a between-firm-within-sector variance and a between-industry variance, as shown in 

the equation below. 
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Notice that the first term in the right-hand side of (2) is the between-industry dispersion of wages, while the 

second term is the between-firm-within-sector variance and finally the last term is the within-firm variance, as 

in (1). Even though the focus of my analysis is on the industry-contribution to aggregate wage variation, I am 

going to apply formula (2) when examining the role of regional factors in explaining earning dispersion. 

However, given the fact that I cannot identify firm-level variation within professions, the decomposition of 

wage variance across and within professions follows formula (1). 

An additional exercise I conduct consists in identifying the contributions of individual industries to the change 

in between-sector variance change over time. Formally, the change of between-industry wage dispersion can 

be represented as: 

Δ𝑣𝑎𝑟(𝑦𝑠̅ − 𝑦̅)2 = ∑ Δ

⩝𝑠

(
𝑛𝑠

𝑁
) (𝑦𝑠̅ − 𝑦̅)2,       (3) 

where the quantity in the sum of the right-hand side is the contribution of industry s to the change in total 

variance, which is defined as the change of the employment share of the industry of interest times the relative 

earnings of that industry, w.r.t. the total economy. A given industry contributes positively to wage variance 

growth if the average wage of said industry diverges from the economy-wide average (either positively or 

negatively). Alternatively, a substantial contribution can arise from sectors with relatively distant earnings, 

w.r.t. to the aggregate level, increasing their employment share over time. Notice that industries could also 

have a negative contribution to the change in total variance. For example, a sector paying relatively high wages 

during the early years of the sample might experience a decreasing pay premium, thus decreasing overall 

earning dispersion. 

A final analysis related to the basic decomposition of monthly wages, is the quantification of how much hourly 

wages vs hours worked contribute to total dispersion and its growth over time. To do that, I follow the simple 

variance decomposition formula below: 

𝑉𝑎𝑟(𝑦𝑖) = 𝑉𝑎𝑟(𝑤𝑖) + 𝑉𝑎𝑟(ℎ𝑖) + 2𝐶𝑜𝑣(𝑤𝑖, ℎ𝑖),       (4) 

where 𝑦𝑖 denotes, as before, log monthly earnings, 𝑤𝑖 is the hourly wage rate and ℎ𝑖 is the monthly hours 

worked. Following (4), it is possible to identify whether the change in overall wage dispersion is due to a 



different distribution of hourly wages, the variance of working hours or to the possible positive relation 

between the two variables (e.g., workers earning higher hourly salaries might tend to work more). 

3.2 AKM decomposition 

The second main part of the analysis consists in using the AKM model to calculate the industry-enhanced 

AKM decomposition, presented in Haltiwanger et al. (2024). This approach, while initially formulated to 

investigate between-sector heterogeneity, can be also applied when considering regional variation. In the 

interest of brevity, I report only the results related to industry-level variance while results on the role of regional 

dispersion are available upon request. 

The starting point of the AKM decomposition is the estimation of the following regression for three different 

7-year subperiods (2001-2007, 2008-2015 and 2016-2022): 

 
𝑦𝑖,𝑗,𝑠,𝑡 = 𝜃𝑖 + 𝜓𝑗,𝑠 + 𝑋𝑖,𝑡𝛽 + 𝜖𝑖,𝑗,𝑠,𝑡.       (5) 

In (5), 𝑦𝑖,𝑗,𝑠,𝑡 is the log-earnings for worker i, in firm j, sector s and year t, 𝜃𝑖 is the worker-fixed effect, 𝜓𝑗,𝑠 is 

the firm j’s wage premium (once accounting for workers’ abilities) and 𝑋𝑖,𝑡 is a set of time-varying worker-

level observables, which in this case consist of year-fixed effects and worker age. Related to the latter variable, 

I follow the approach of Card et al. (2016), i.e. I center age around 40 and include in the specification the 

quadratic and cubic transformation of the resulting variable, while excluding the basic term. Finally, 𝜖𝑖,𝑗,𝑠,𝑡 is 

a residual term. Notice that, for simplicity, the sub-period index is excluded from the notation, but (5) is 

estimated for each 7-year interval I have mentioned above. 

The next step of the analysis, following Haltiwanger et al. (2024) and Briskar et al. (2023), is to decompose 

the variance of monthly salaries into the dispersion of worker effects, the variance of the firm wage-premiums, 

the variance of the time-variant observables, their covariances and the variance of residuals. In the 

decomposition, I separate the dispersions between and within industries (between firms), and variance within 

firms. Formally, the resulting variance decomposition is given by: 

𝑉𝑎𝑟(𝑦𝑖,𝑗,𝑠,𝑡) =  𝑉𝑎𝑟(𝜓̅𝑠) + 2𝐶𝑜𝑣(𝜓̅𝑠, 𝜃̅𝑠) + 2𝐶𝑜𝑣(𝜓̅𝑠, 𝑋̅𝑠𝛽) + 

𝑉𝑎𝑟(𝜃̅𝑠) + 𝑉𝑎𝑟( 𝑋̅𝑠𝛽) + 2𝐶𝑜𝑣(𝜃̅𝑠, 𝑋̅𝑠𝛽) + 𝑉𝑎𝑟(𝜓𝑗,𝑠 − 𝜓̅𝑠) + 

2𝐶𝑜𝑣(𝜃̅𝑗,𝑠 − 𝜃̅𝑠, 𝜓𝑗,𝑠 − 𝜓̅𝑠 ) + 2𝐶𝑜𝑣(𝑋̅𝑗,𝑠𝛽 − 𝑋̅𝑠𝛽, 𝜓𝑗,𝑠 − 𝜓̅𝑠 ) + 

𝑉𝑎𝑟(𝜃̅𝑗,𝑠 − 𝜃̅𝑠) + 𝑉𝑎𝑟(𝑋̅𝑗,𝑠𝛽 − 𝑋̅𝑠𝛽) + 2𝐶𝑜𝑣(𝑋̅𝑗,𝑠𝛽 − 𝑋̅𝑠𝛽, 𝜃̅𝑗,𝑠 − 𝜃̅𝑠) + 

𝑉𝑎𝑟(𝜃𝑖 − 𝜃̅𝑗,𝑠) + 𝑉𝑎𝑟(𝑋𝑖,𝑡𝛽 − 𝑋̅𝑗,𝑠𝛽) + 2𝐶𝑜𝑣(𝑋𝑖,𝑡𝛽 − 𝑋̅𝑗,𝑠𝛽, 𝜃𝑖 − 𝜃̅𝑗,𝑠) + 𝑉𝑎𝑟(𝜖𝑖,𝑗,𝑠,𝑡).    (6) 

The components in (6) offer multiple angles to interpret the dynamics of wage dispersion, and its sources, and 

require some explanation. In the first line of the right-hand-side of (6) we have the dispersion of between-

industry pay premia (𝑉𝑎𝑟(𝜓̅𝑠)), while the second part of the first line contains the effect of between-sector 

sorting, i.e. how much of income variation is due to employees with higher individual pay premia (due to both 



fixed characteristics and time-varying characteristics) concentrating in higher paying industries (and vice 

versa). The second line contains the between-firm-within-industry pay premia dispersion (𝑉𝑎𝑟(𝜓𝑗,𝑠 − 𝜓̅𝑠)) 

and the between-sector segregation, which is the degree to which workers with higher pays tend to be employed 

in the same industry, with higher variation in between-sector worker pay premia contributing positively to 

overall between-sector segregation. The third and fourth lines of (6) represent the between-firm-within-

industry sorting and segregation, respectively. In this case, sorting represents how much workers with higher 

pay tend to cluster in relatively high-pay firm (relative to the other firms in the same industries), while 

segregation reflects the tendency of highly paid workers to cluster with other high-pay workers in the same 

firm. The last line in (6) contains the dispersion within-firm of worker-fixed effects and of worker observable 

characteristics, their covariance and the residuals.  

In the empirical analysis, I estimate (6) for three different sub-periods and compare how the different elements 

in (6) contribute to overall growth in earning dispersion. 

 

4. Results 

I structure this section in a similar way as Section 3.  First, I present the results of the basic decomposition of 

wage dispersion (presented in equation (2)), and its growth, and how much different industries have contributed 

to its dynamics. Subsequently, I look at the role of the variation in wage rates and in hours worked. I then 

briefly discuss how much aggregate wage dispersion is due to geographical differences and I estimate how 

much earning variance is due to within- and between-profession heterogeneity. In the second main part of this 

section, I go over the results of the AKM decomposition formalized in (6). 

 

4.1 Decomposition of wage dispersion growth 

4.1.1 Wage dispersion between industries 

I start by decomposing the variance of monthly earnings for the years 2001-2022, obtaining a between-

industry, a between-firm-within-industry and within-firm components. I then take the average of the first and 

last five years of the sample, i.e. 2001-2005 and 2018-2022, and measure the change in total salary dispersion, 

and how the estimated components contribute to it. Moreover, I report the share of the level of total variance 

explained by the same components. The results are reported in Table 2. Given the peculiarity of the COVID -

19 years (2020 onward), where pandemic-related restrictions had large effects on in-person services, I also 

estimate the average of total earning dispersion, and the associated decomposition, for the years 2015-2019 

and compare it to the initial period of our sample. These latter results are reported in Table 3. 

 

 



 

 

Table 2: Results of log-monthly wages using decomposition (2), where I consider workers in the private sector, employed in firms 

with at least 10 employees. The decomposition follows equation (2).  Industries are defined at the 2-digit level of the NACE Rev. 2 

classification. Monthly wages are trimmed at the 1% tails, for each year/profession combination, and include overtime compensation 

and other bonuses. Wages are in 2015 euros. 

 

 

Table 3: Results of the decomposition of log-monthly earnings, where I consider workers in the private sector, employed in firms 

with at least 10 employees, and exclude years affected by the COVID-19 pandemic. The decomposition follows equation (2).  

Industries are defined at the 2-digit level of the NACE Rev. 2 classification. Monthly wages are trimmed at the 1% tails, for each 

year/profession combination, and include overtime compensation and other bonuses. Wages are in 2015 euros. 

 

Looking at tables 2 and 3, we see that the main driver of wage dispersion, at a given point in time, is within-

firm variation. At the same time, the importance of within-firm earning variance has decreased over time, 

accounting for more than 60% the yearly wage variance for the years 2001-2005, on average, compared to 

roughly 56% for the latter period of our sample. The second most important factor explaining total salary 

variance is between-industry heterogeneity, while between-firm-within-industry variation plays a lesser role.  

On the other hand, the growth over time of the total wage variance, which has increased by 4.5 log points, has 

been driven mostly by between-firm variation. Focusing on the change between the early years of our sample 

and the most recent ones, including the COVID-19 pandemic years, I find that the between-firm variance 

 
Between-

industry 

Between-firm-within-

industry 

Within-firm Total variance 

2001–2005 0.034 0.016  0.075 0.125 

2018–2022 0.051 0.023 0.096 0.17 

Change 0.017 0.007 0.021 0.045  
% of total 

variance change 

37.8 15.9 46.3  

Share of total 

variance (%) 

Between-

industry 

Between-firm-within-

industry 

Within-firm  

2001–2005 26.8 12.9 60.3  

2018–2022 29.8 13.7 56.5  

 

 
Between-

industry 

Between-firm-within-

industry 

Within-firm Total variance 

2001–2005 0.034 0.016  0.075 0.125 

2015–2019 0.049 0.022 0.089 0.16 

Change 0.015 0.006 0.014 0.036  
Share of total 

variance change 

(%) 

42.7 17.4 39.9  

Share of total 

variance (%) 

Between-

industry 

Between-firm-within-

industry 

Within-firm  

2001–2005 26.8 12.9 60.3  

2015–2019 30.4 13.9 55.7  



(which includes both the between-industry and between-firm-within-industry components) accounts for 

around 54% of earning dispersion growth, with the between-industry variance growth representing almost 38% 

of the total growth. This result follows similar pattern as what observed for the Italian economy in Briskar et 

al. (2023) and for the US one in Haltiwanger et al. (2024), even though those studies find that between-sector 

dispersion is the most important factor behind aggregate variance growth. Moreover, I find that within-firm 

inequality growth is more substantial than the one observed in those studies. The discrepancy of my results 

might be a consequence of the period I examine, especially due to the presence in the sample of the years 

affected by the recent pandemic. One possible issue with these years can be the effect of pandemic-related 

restrictions on certain sectors of the economy, such as in-person services, which saw large increases in 

furloughs. Moreover, 2022 could be another peculiar year because of the start of the pandemic rebound. In the 

light of these considerations, I compare the initial period of the sample with the interval going from 2015-

2019, i.e. the most recent years before the pandemic. In this case, I find that the between-firm dispersion 

becomes even more relevant in driving the growth of aggregate wage variance, with the increase in between-

industry variation accounting for the majority (around 43%) of earning dispersion growth. This latter result 

mirrors even more closely the ones presented in Briskar et al. (2023) and Haltiwanger et al. (2024), even though 

the growth of within-firm earning inequality remains higher than the one found in those studies. While it is not 

within the scope of the current analysis, a closer investigation of the increase in within-firm wage dispersion 

during the pandemic years could provide interesting insights. 

4.1.2 Contributions of individual industries 

I now analyze, following (3), how individual industries, measured at the 2-digit level, have contributed to the 

growth of between-industry dispersion shown in Table 2. To keep the analysis contained, I consider the growth 

between the 2001-2005 and 2018-2022 periods, and report only the industries which represent a contribution, 

either positive or negative, of at least 5% of the increase in between-sector variance. Before looking at 

individual industries, I report, in Table 4, the number of industries which account for a given share of the 

growth of between-industry dispersion. 

Share of between-

industry variance growth 

(%) 

N. 

Industries 

Contribution to between-industry 

variance growth 

Cumulative share of between-

industry variance growth (%) 

>5 8 0.016 91 

1 to 5 12 0.004 26 

0.0 to 1 25 0.001 8 

0.0 to -1 16 -0.001 -3 

< -1 7 -0.004 -22 

Total 68 0.017 100 
Table 4: Shares of between-industry wage variance growth, by different degrees of importance. Industries follow the 2-digit NACE 

Rev 2 classification. The change in between-industry earning dispersion is measured from the yearly averages of the 2001-2005 to 

the 2018-2022 sub-periods. 

While the results in Table 4 can be surprising at a first glance, they mirror a similar pattern as what found in 

other economies, such as the Italian one (Briskar et al, 2023). The growth in between-industry earning 



dispersion between the start and the end of our sample is driven in large part by very few 2-digit industries. 

For example, only 8 industries explain more than 90% of the increase in aggregate between-sector dispersion 

I have documented in Table 2. Moreover, there is a small number of industries which have contributed 

negatively to between-sector wage variance. The figures in Table 4 do not tell us how much the effect is driven 

by relative earnings increase/decrease or by an increase in the employment share of certain industries. To 

investigate this issue, I report in Table 5 the individual contributions of the most important industries, i.e. the 

ones which explain more than 5% of between-sector variance growth. 

Nace Rev 2 

code 

Industry name Emp. share 

(%) 2001-

2005 

Emp. share 

(%) 

2018-2022 

Rel. earnings 

2001-2005 

Rel. earnings 

2018-2022 

Share of between-

industry variance 

growth (%) 

81 
Services to building 

and landscape 

activity 

1.4  3.0  -0.37 -0.46 25.81  

47 
 

Retail trade 
8.0  10.0  -0.33 -0.36 18.94  

62 

 

Computer 

programming and 

consultancy 

3.0  4.4  0.33 0.33 10.15  

87 
 

Residential care 

services 

1.4  3.7  -0.22 -0.26 10.03  

88 
Social work 

activites without 

accommodation 

0.5  1.2  -0.24 -0.41 9.92  

56 
 

Food and beverage 

services 

1.7  2.0  -0.31 -0.37 5.86  

28 
Manufacturing of 

machinery and 

equipment 

4.2  5.3  0.09 0.15 5.40  

35 

 

Electricity, gas and 

air conditioning 

supply 

1.3  1.5  0.07 0.27 5.22  

Table 5: Employment shares, relative earnings and share of contribution to aggregate between-sector variance for selected 

industries. Industries follow the 2-digit NACE Rev. 2 classification. Earnings are measured using log-wages including overtimes, in 

2015 prices. 

Table 5 offers multiple insights. First of all, it seems that most of the growth in the between-industry dispersion 

I have documented is due to a handful of industries which have experienced a significant drop in relative 

earnings, while also increasing their employment share. For example, services to building and landscaping 

activity relative earnings declined by almost 10 log points between the start and the end of sample, while also 

doubling its employment share. Another example is retail trade, which saw a 2-percentage point increase in 

employment share, while its relative earnings dropped by 3 log points. The exceptions to this pattern are the 

computer programming and consultancy industry, the manufacture of machinery and equipment and the 

electricity, gas and air conditioning supply industries, which increased both their employment share and their 

premium. One technical comment regarding the manufacturing of machinery and equipment industry. The 



employment share associated to this industry is surprisingly large, even surpassing a work-intensive sector 

such as the food and beverage services one. The explanation behind this observation is that the former industry 

is mainly comprised of larger firms, while in the latter a lot of enterprises belong to the micro-size class (i.e., 

with less than 10 employees) and thus they are excluded from the analysis. 

Going back to the results of Table 5, it is also interesting to note that most of the industries which have 

contributed substantially to the growth of earning dispersion belong to services. While this can be intuitive, 

because of their increasing importance in terms of employment shares, it is also interesting to notice that many 

service industries associated with lower education requirements show decreasing relative earnings. An 

additional, somewhat surprising, finding from this industry-level analysis concerns how these results mirror 

the ones in Briskar et al. (2023), which are based on a different economy, slightly different time periods and 

different variables of interest (annual earnings vs. monthly salaries). In particular, I find a strong impact of the 

declining relative earnings in industries such as restaurants, cleaning, social works in explaining the growth in 

wage variance. Moreover, I observe in both cases a significant increase in the employment shares of these 

industries.  

 

4.1.3 Earning dispersion between professions and regions 

In this subsection, I investigate other possible drivers of aggregate wage dispersion, and its dynamics, namely 

profession-based and regional heterogeneity. I start by looking at the decomposition of earning variance across 

and within professions. Given that within a firm there may be multiple occupations, I cannot perform a 

decomposition as in (2), but I can only decompose aggregate earning dispersion within- and between-

occupation, following formula (1). I present the results of the decomposition in a similar fashion as in Table 

2, i.e. I report both the averages of the components across the years at the start and at the end of the sample, as 

well as their change over time. Notice, that I rely on the 2-digit level of the ISCO 2010 classification of 

occupations. 

 Between-profession Within-profession Total variance 

2001–2005 0.059 0.064 0.123 

2018–2022 0.087 0.079 0.166 

Change 0.028 

 
0.015 

 
0.043 

 

Share of total variance 

change (%) 65.7  34.3  100  

Share of total variance 

(%) 

Between-profession Within-profession  

2001–2005 48.8 51.3  100  

2018–2022 52.6  47.4  100  
Table 6: Results of monthly wages using decomposition (1), where I consider workers in the private sector, employed in firms with at 

least 10 employees. The decomposition follows equation (1).   Occupations are defined at the 2-digit level of the ISCO 2010 

classification. Monthly wages are trimmed at the 1% tails, for each year/profession combination, and include overtime compensation 

and other bonuses. Wages are in 2015 euros. 



As we can see from Table 6, between- and within-profession earning dispersions have played a similar role in 

determining overall wage variance. At the same time, mirroring the industry-related findings, we observe that 

the increase in salary variance over time has been mostly explained by rising between-occupation earnings 

heterogeneity, even though the growth in within-profession wage dispersion is relevant. The higher dispersion 

in between-occupation salaries can be explained by higher skill-premia, a trend that has been documented in 

multiple works (e.g., Acemoglu and Autor, 2011). This observation could be reinforced by analyzing earning 

dispersion across different educational levels and types of degrees, in order to see if there is a similar 

divergence of income levels across groups. 

I now turn to the decomposition of earning variance following a geographical perspective. In this case, I am 

able to associate each firm/year combination with a single region, allowing me to perform decomposition (2) 

and obtain similar components as in Table 2. 

 Between-region Between-firm 

within region 
Within-firm Total variance 

2001–2005 0.004 0.044 0.075 0.123 
2018–2022 0.004 0.070 0.095 0.169 
Change 0.000 0.026 0.021 0.047 

Share of total 

variance change 

(%) 0.3  55.88  44.12  100  

Share of total 

variance (%) 
Between-region Between-firm 

within region 
Within-firm  

2001–2005 2.88  36.52  60.6   

2018–2022 2.18  41.49  56.32   
Table 7: Results of the decomposition of log-monthly earnings, where I consider workers in the private sector, employed in firms 

with at least 10 employees. The decomposition follows equation (2).  Each firm/year combination is associated to a single region. 

Monthly wages are trimmed at the 1% tails, for each year/profession combination, and include overtime compensation and other 

bonuses. Wages are in 2015 euros. 

The main message gathered from Table 7 is that regional heterogeneity has played a very minor role in driving 

aggregate wage dispersion, both during any given year and in terms of growth over time. In particular, I find 

that less than 1% percent of aggregate earning dispersion growth can be attributed to increasing regional 

variation in salaries, while more than half of the variation is due to increasing variance between firms and the 

remaining part due to larger dispersion within firms. Considering the share of the level of wage dispersion, we 

see that regional variation explains less than 3% of total dispersion for the initial years of our sample, while it 

decreases to just above 2% for the second sub-period. Overall, I find that the geographical heterogeneity, at 

least measured at the regional level, is not a strong source of wage inequality in the Finnish economy. 

4.1.4 The contribution of hours worked and wage rate to overall dispersion 

Before moving on to the AKM decompositions results, I look at how wage rate dispersion vs hours worked 

contributed to overall earning variance, using formula (4). As before, I compare the first and last five years of 

the sample and consider both the contribution to the variance level and its growth over time. The results are 

reported in Table 8. 



 Wage rate variance Hours worked 

variance 

2*Wage-hours 

covariance 

Total 

variance 

2001–2005 0.100 0.015 0.01 0.125 

2018–2022 0.128 0.023 0.018 0.170 

 

Change 0.028 0.009 0.008 
 

0.045 

Share of total 

variance change 

(%) 62.5 19.5 18 100 

Share of total 

variance (%) 

Wage rate variance Hours variance 2*Wage-hours 

covariance 

 

2001–2005 80.4  11.8  7.8   

2018–2022 75.6  13.8  10.5   
Table 8: Decomposition of log-monthly earnings between hourly wage and hours worked, where I consider workers in the private 

sector, employed in firms with at least 10 employees. The decomposition follows equation (4). Monthly wages are trimmed at the 1% 

tails, for each year/profession combination, and include overtime compensation and other bonuses. Wages are in 2015 euros. 

The results in Table 8 indicate that the bulk of total monthly earnings is due to variation in the hourly wage, 

while hours worked play a minor role. The covariance between the wage rate and hours worked also provides 

a small but non-negligible contribution to the total variance level. Quite intuitively, the covariance between 

the wage rate and hours worked is positive, indicating that workers with higher hourly pay tend to work more. 

In terms of dispersion growth things are more balanced, even though the increase in the wage rate variance is 

still the predominant factor driving overall dispersion, while the growth in the variation of hours worked and 

in the wage rate-hours covariance play a quantitatively similar role. In other words, it seems that the variation 

in working hours, and its covariance with the hourly wage, has disproportionately contributed more to 

aggregate wage variation growth. 

4.2 Results of the AKM decomposition 

I now turn to the results of the AKM decomposition, i.e. I decompose monthly earnings using equation (6). I 

follow a similar approach as Haltiwanger et al. (2024) and Briskar et al. (2023) and apply the decomposition 

to two 7-year subperiods, the first one covering the years 2001-2007 and the second one for the years 2016-

2022. I then compute the change of the various elements over time, to gauge the drivers of earning dispersion 

growth. 

To simplify the interpretation of the results, I split the components into three main parts. First, I am going to 

look at between-industry components, which include the industry pay-premia ( 𝑉𝑎𝑟(𝜓̅𝑠)), the sector sorting 

component (2𝐶𝑜𝑣(𝜓̅𝑠, 𝜃̅𝑠) + 2𝐶𝑜𝑣(𝜓̅𝑠, 𝑋̅𝑠𝛽)) and between-sector segregation (𝑉𝑎𝑟(𝜃̅𝑠) + 𝑉𝑎𝑟( 𝑋̅𝑠𝛽) +

2𝐶𝑜𝑣(𝜃̅𝑠, 𝑋̅𝑠𝛽)). I then collect together components related to between-firm variation, i.e. the between-firm-

within-industry premia (𝑉𝑎𝑟(𝜓𝑗,𝑠 − 𝜓̅𝑠)), the between-firm component (2𝐶𝑜𝑣(𝜃̅𝑗,𝑠 − 𝜃̅𝑠, 𝜓𝑗,𝑠 − 𝜓̅𝑠 ) +

2𝐶𝑜𝑣(𝑋̅𝑗,𝑠𝛽 − 𝑋̅𝑠𝛽, 𝜓𝑗,𝑠 − 𝜓̅𝑠 )) and the between-firm-within industry segregation component (𝑉𝑎𝑟(𝜃̅𝑗,𝑠 −

𝜃̅𝑠) + 𝑉𝑎𝑟(𝑋̅𝑗,𝑠𝛽 − 𝑋̅𝑠𝛽) + 2𝐶𝑜𝑣(𝑋̅𝑗,𝑠𝛽 − 𝑋̅𝑠𝛽, 𝜃̅𝑗,𝑠 − 𝜃̅𝑠)). Finally, I look at within-firm variation, which 

includes the worker fixed-effect (𝑉𝑎𝑟(𝜃𝑖 − 𝜃̅𝑗,𝑠)), the variance of worker-time variant characteristics-related 



premium (𝑉𝑎𝑟(𝑋𝑖,𝑡𝛽 − 𝑋̅𝑗,𝑠𝛽)), their covariance (2𝐶𝑜𝑣(𝑋𝑖,𝑡𝛽 − 𝑋̅𝑗,𝑠𝛽, 𝜃𝑖 − 𝜃̅𝑗,𝑠)) and the variance of residuals 

(𝑉𝑎𝑟(𝜖𝑖,𝑗,𝑠,𝑡)). I report the  results of the AKM decomposition in Table 9, below. 

 

 2001-

2007 

 2016-

2022 

 Growth  

 Variance Share 

(%) 

Variance Share (%) Change Share of total 

variance change 

(%) 

Total variance 0.125  0.160  0.035 

 

 

Between-

industry 

0.032 

 
25.83  

 
0.046 

 
29.02  

 

0.014 

 

40.47  

 

Industry pay 

premium 

 

0.010 

 
7.66  

 
0.006 

 
3.70  

 

-0.004 -10.53 

Industry sorting 0.011 

 
9.12  

 
0.017 

 
10.74  

 

0.006 16.56 

Industry 

segregation 

0.011 

 
9.04  

 
0.023 

 
14.57  

 

0.012 34.44 

Between-firm-

within-

industry 

0.015 

 
12.33  

 
0.021 

 
12.89  

 

0.005 

 

14.92  

 

Firm pay 

premium 

0.01 

 
4.18  

 
0.00 

 
3.10  

 
0.000 -0.78  

Firm sorting -0.00 

 
-0.45  

 
0.00 

 
1.33  0.003 7.73  

Firm 

segregation 

0.01 

 
8.61  

 
0.01 

 
8.47  

 
0.003 7.97 

Within-firm 0.077 

 
61.84  

 
0.093 

 
58.09  

 
0.016 

 
44.62  

Worker fixed 

effect 

0.06 

 
51.87  

 
0.08 

 
51.69  

 
0.018 51.06  

Time-variant 

characteristics 

0.008 

 
6.22  

 
0.008 

 
4.93  

 
0.000 0.32  

Covariance -0.004 

 
-3.50  

 
-0.010 

 
-6.54  

 
-0.006 -17.48  

Residuals 0.009 

 
7.25  

 
0.013 

 
8.01  

 
0.004 10.72  

Table 9: Results of the AKM decomposition, following equation (6), where I consider log-monthly wages of workers in the private 

sector, employed in firms with at least 10 employees. Monthly wages are trimmed at the 1% tails, for each year/profession 

combination, and include overtime compensation and other bonuses. Wages are in 2015 euros. 

As in the rest of the analyses presented in this exercise, the main driver of the levels of aggregate wage 

dispersion is the within-component, and in this case the premia associated with worker-fixed effects. The 

second most important factor is the between-industry variance, with industry sorting and segregation being 

marginally more relevant. Interestingly, we see that between-industry sorting and segregation have become 

more important over time, while the opposite holds for industry premia. The least important components for 



the level of salary variance are the between-firm-within-industry ones, with the firm sorting effect (within-

industry) being especially small. 

Shifting the focus to changes between our initial and final subperiods, I find that between-industry and the 

between-firm-within-industry components are the main drivers of the growth in wage dispersion between the 

early 2000s and the most recent years. However, within-firm variation (especially the one due to workers fixed-

effects) is also important. Looking at the individual components, we see that while the premium associated 

with individual industries has become less important over time, sorting, and especially the segregation among 

industries, have been a driver of increased dispersion. On the other hand, between-firm sorting and segregation 

have contributed to overall variance positively, but not by much. Among the within-firm components, I find 

that the premia associated with worker fixed-effects have contributed substantially to aggregate wage variance, 

while the wage premium associated with time-variant characteristics (in our case age and year fixed-effects) 

have not been a significant factor behind the growth of salary dispersion. 

5. Conclusions 

Rising inequality has been one of the most discussed trends in advanced economies during the last couple of 

decades, making the investigation of its drivers an important topic of study. In this paper, I examine the trends 

of wage dispersion for the Finnish economy, covering the years 2001 to 2022. While the main focus of the 

analysis is on the relevance of earning dispersion between industries and firms, I also briefly analyze other 

possible dimensions of heterogeneity, such as the geographical one (by looking at between-region dispersion) 

and occupational.  

I find that between-industry dispersion has been a crucial driver of earning inequality, accounting for a larger 

share of the total variance increase, compared to within-firm variance. However, it is important to note that 

within-firm dispersion accounts for more than half of the variance level for each year in our sample. Looking 

at the contribution of individual industries to the growth of earning dispersion, I find that a handful of sectors 

are responsible for the vast majority of the increase in variance. In particular, I observe industries experiencing 

declining wage premium (compared to the rest of the economy) while accounting for larger share of 

employment, e.g. social care services and retail trade, have been an important driver of increased earning 

dispersion. I also decompose total wage variance using the AKM model, and find that between-industry sorting 

and segregation, i.e. the degree by which higher paid workers tend to concentrate in high-pay industry and 

work with other high-earning employees, have been a major driver of increasing dispersion. Interestingly, the 

results presented in this study mirror quite closely the ones gathered in Briskar et al. (2023), where the authors 

examine a different economy (the Italian one) and rely on yearly income (instead of monthly one as in my 

case). Looking at the occupational dimension, I find that between-profession increase in variance is the 

predominant force underlying overall variance increase, which is interesting in the light of increasing skill 

premia. Finally, I do not find that regional variation is an important driver of either the level or the growth of 

income variance. 



The analyses I reported in this study can be extended in multiple ways. Firstly, it could be interesting to make 

an international comparison of the results, to see if the similarity between my findings and the ones in Briskar 

et al. (2023) is observed in other advanced economies. Another prospective line of research is to examine other 

possible dimensions of inequality, such as education levels. Moreover, while I do not separate the labor force 

by gender, it can be important to distinguish male and female workers. Finally, it can be interesting to see 

whether my results are sensitive to the inclusion of workers entering and exiting the labor market. As shown 

in works such as Fornaro and Maliranta (2022), entry and exit dynamics are particularly sensitive to the 

different stages of the business cycle, thus a focus on workers which are present in two consecutive years could 

be beneficial. Related to this, it could be interesting to replicate the current analysis for workers which are 

staying in the same company (job stayers) against workers who change jobs (job switchers). 
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