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ABSTRACT: In this paper we evaluate the extent to which the gender wage gap

in the Finnish manufacturing sector is attributable to within-job wage differentials,

sex differences in individual qualifications, and disproportionate concentration of

women in lower-paying firms and lower-paying jobs within firms. We use matched

employer-employee data to compare wage differentials between similarly qualified

female and male workers who are doing the same job for the same employer. Our

modelling approach employs a nested random effects specification to account for the

hierarchical grouped structure of the underlying data. White-collar women are found

to earn 22% less on average than their male counterparts do. Among blue-collar

workers, women’s mean wage is 16% lower than men’s mean wage. The major part

of the gender wage gap of white-collar workers results from sex segregation among

jobs within firms. By contrast, most of the gap of blue-collar workers is attributable

to sex segregation among firms. Unexplained within-job wage differentials account

for a quarter of the overall gap of white-collar workers and one-fifth of the overall

gap of blue-collar workers.

Keywords: Gender wage gap, wage discrimination, sex segregation, ran-

dom effects model

TIIVISTELMÄ: Tutkimuksessa tarkastellaan naisten ja miesten välisten palkka-

erojen muodostumista teollisuudessa. Hyödyntämällä aineistoa, joka sisältää tiedot

teollisuusyritysten kaikista työntekijöistä, voidaan arvioida palkkaeroja naisten ja

miesten välillä, jotka toimivat samassa työtehtävässä saman työnantajan palveluk-

sessa. Lisäksi erityisen huomion kohteena on naisten valikoituminen matalapalkkai-

sempiin yrityksiin ja edelleen matalapalkkaisempiin työtehtäviin yritysten sisällä.

Tilastollisessa analyysissa turvaudutaan satunnaisvaikutusten malliin, jonka puit-

teissa voidaan huomioida käytettävän tilastoaineiston hierarkinen rakenne. Toimi-

henkilöiden keskuudessa naisten keskipalkka on 22%miesten keskipalkkaa alhaisempi.

Vastava keskipalkkaero työntekijöillä on 16%. Toimihenkilöillä valtaosa sukupuolten

välisestä palkkaerosta aiheutuu valikoitumisesta eri työtehtäviin yritysten sisällä.

Työntekijöillä valikoituminen yritysten välillä on tärkein yksittäinen selitystekijä.

Selittymättömät palkkaerot samassa tehtävässä saman yrityksen palveluksessa toimi-

vien naisten ja miesten välillä vastaavat noin neljäsosaa toimihenkilöiden ja viides-

osaa työntekijöiden kokonaispalkkaerosta.

Asiasanat: Sukupuolten välinen palkkakuilu, palkkasyrjintä, segregoitu-

minen, satunnaisvaikutusten malli
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1 Introduction

A huge body of literature has emerged to explain why the gender wage gap persis-

tently exists in virtually all labour markets (see Altonji and Blank, 1999, and Blau

and Kahn, 2000, for recent surveys). Traditional attempts to explain the wage gap

focused on sex differences in individual qualifications and their rewards in the labour

market. More recently, the importance of the segregation of women and men into

different jobs has been recognised. This line of research emphasises that wages are

closely tied to the properties of jobs, not only to the characteristics of individuals

who hold them. If typical female jobs pay lower wages than jobs dominated by men,

the mean earnings of women can fall short of men’s earnings even in the absence

of within-job wage differentials between sexes. Thus, a sizeable wage gap can exist

even when female and male workers are equally rewarded by all employers.

Attempts to qualify the segregation effects on the wage gap were distorted by

a lack of appropriate data for a long time. Consequently, most of the early anal-

ysis focused on segregation among occupations, firms, or industries only. This is

clearly unsatisfactory, as women and men are further segregated into different jobs

within firms. In recent years, important advances have been made by access to

large matched employer-employee data sets that contain multiple observations on

workers with the same employer. When information on occupations or job titles is

available, such data enable wage comparisons between male and female workers who

are doing similar work for the same employer. This kind of comparative analysis has

been conducted by Petersen and Morgan (1995), Petersen et al. (1997), Meyersson

Milgrom et al. (2001), Groshen (1991), Datta Gupta and Rothstein (2001), and

Bayard et al. (2003). In the first three of these studies observed sex differentials in

mean wages within jobs are simply aggregated to form various wage decompositions.

This approach has the obvious drawback that variation in individual characteristics

is left uncontrolled. In the other studies, wages are regressed against a set of con-

trol variables and fraction female in the worker’s industry, firm, occupation, and/or

job.1 The key idea is that the regression coefficients of the various fraction female

variables capture the relationship between the wage rate and ’femaleness’ of the

underlying labour market structure.

It should be noted that a common practice in the fraction female regressions

above has been to neglect the grouping in the underlying data. For example, obser-

1In a related paper we apply this method to the Finnish data; see Korkeamäki and Kyyrä

(2002).
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vations on workers resulting from the same firm are interpreted as being independent.

However, intuition suggests that we should expect workers in the same firm to be

more homogeneous than those in a sample drawn randomly from the population of

all firms. Workers in the same firm share many common factors, some of which may

be observable (e.g. firm size, fraction female) but many are not (e.g. market power,

managerial ability). In the regression analysis the effect of such unobservables serves

as a latent firm effect that will be absorbed into the error term. Moreover, since

different jobs require different skills and qualifications, we can further expect that

within a given firm workers who are doing the same job are more homogenous than

the firm’s workforce as whole. This implies an additional source of dependence

between workers within jobs.

In general, the matched employer-employee data exhibit a particular type of

grouped structure, which contrasts the statistical properties of such data with the

classical random sample case. A consequence of the grouping in the regression

analysis is that the errors will be correlated within groups owing to the latent group

effects. In the absence of correlation between the latent group effects and regressors

included in the model, the OLS coefficients will be unbiased but inefficient. The

standard errors, however, will be biased downwards, leading to the risk of spurious

inference about the statistical significance of parameters of interest (Moulton, 1986).

More generally, when the group effects are correlated with the regressors, the OLS

coefficients will be biased and inconsistent. These econometric problems have been

overlooked in the previous analysis of gender wage differentials using the matched

employer-employee data.2

In this study, we explore wage differentials between sexes in the Finnish man-

ufacturing sector using a large matched employer-employee data set. We view the

data as having a nested structure with three levels: firms, jobs within firms, and

workers in jobs within firms. A job is defined as an occupation within a firm. Along

with individual characteristics, the wage rate is allowed to depend upon the em-

ploying firm and the job the worker is holding within the firm. The latent firm

and job effects are modelled as a function of group characteristics, including the

mean characteristics of individuals within the groups. We end up with a regression

model with variables measured at the individual, job, and firm levels, and an error

term that has a two-way nested structure with separate intercepts for firms and jobs

within firms. The model is estimated with generalized least squares that exploits

2Bayard et al. (2003) report the standard errors adjusted for intraestablishment error correlation

but assume independence of the latent group effects and regressors.

4



the nested structure of error variation for efficiency. Using the regression results, we

decompose the overall sex gap in pay into various components.

Our approach departs from the existing segregation literature in that we explic-

itly model wage differentials between firms and jobs. With respect to job segregation

the previous studies have focused on quantifying what fraction of the overall wage

gap can be attributed to disproportionate concentration of women in lower-paying

jobs. In addition to identifying this quantity, we take a step further by addressing

the issue why typical female jobs are lower paid. When evaluating the extent to

which lower wages in predominantly female jobs can be explained by job attributes,

we make use of an index of job complexity that measures the responsibility, skills,

and effort required by a given job. Thus we are able to assess whether wage dif-

ferentials between typical female and male jobs can be viewed as justified or not, a

question that is beyond the scope of earlier analysis but crucial, for example, in the

view of comparable worth policy.

The rest of the paper proceeds as follows. In the next section, we discuss the

main results from some related studies for other countries. Section 3 describes the

data and reports some descriptive statistics. In Section 4 we give details on the

econometric methods and wage gap decomposition. The results are reported in

Section 5, which is followed by a concluding section.

2 Related literature

It is evident that the gender gap in pay exists in virtually all labour markets. The size

of the gap is rather similar across different advanced countries, amounting to 15-35

percent lower mean wages for women than for men (see e.g. Blau and Kahn, 2000).

Altonji and Blank (1999) gives a comprehensive survey of research in economics

investigating sex differences in the labour market. Here we discuss only some studies

that are closely related to our approach. That is, we focus on studies that explore

the importance of labour market segregation and wage differentials occurring within

jobs (i.e. within occupations within firms/establishments) in explaining the gender

wage gap. There are only a few such studies, as the evaluation of within-job wage

differentials calls for high quality matched employer-employee data, which are not

widely available. We emphasise that the results of these studies are not directly

comparable and some differing conclusions are likely to result from dissimilarities

in the data coverage, occupational classification, and/or statistical methods used.

Throughout the following discussion the gender wage gap of a given percent is used
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to indicate that women’s mean wage is less than men’s mean wage by that percent.

The results for the U.S. labour market are mixed. Using the Industrial Wage

Survey (IWS) data from the 1970s and 1980s,3 Groshen (1991) and Petersen and

Morgan (1995) find that sex segregation essentially explains all of the gender wage

differentials in the U.S. labour market, within-job wage differentials between sexes

being close to zero. These findings are in clear contrast to the results of Bayard et

al. (2003) obtained from another source of data.4 Bayard et al. (2003) find large

gender wage differentials within jobs that explain as much as one-half of the overall

wage gap. According to Groshen (1991) and Petersen and Morgan (1995), most of

the overall gap is due to sex segregation among occupations. By contrast, Bayard

et al. (2003) find a quantitatively unimportant effect for occupational segregation,

whereas sex segregation among industries, firms, and jobs accounts for 40 percent of

the overall gap. Because of these sharp discrepancies, Bayard et al. (2003) replicated

their analysis using the IWS data with the identical occupational classifications

and the same industries. Surprisingly, the results from the two data sets remained

sharply different. Bayard et al. (2003) conclude that their different findings from

Groshen’s (1991) cannot be explained by differing levels of detail in occupational

classifications nor by focus on different industries. Instead, they raise some doubts

about the representativeness of the IWS data.

Petersen et al. (1997) and Meyersson Milgrom et al. (2001) report very simi-

lar patterns of gender wage differentials for Norway and Sweden respectively.5 In

both countries white-collar women earn on average 27 percent less than their male

counterparts do. The within-job wage gap among white-collar workers is 6 percent

in Norway, compared with 5 percent in Sweden. Among the Norwegian blue-collar

workers, the overall sex gap in pay is 12 percent and the within-job gap is 3.3 percent.

The corresponding figures for Sweden are 13 percent and 1.4 percent respectively.

In both Sweden and Norway occupational segregation alone explains over 70 per-

cent of the overall wage gap of white-collar workers, whereas the contributions of sex

3The IWS data cover only a narrow subset of occupations in 16 industries. Petersen and Morgan

(1995) include all industries to their analysis, among which the gender wage gap varies between

38.5 and -5.3 percent with the average of 19 percent. Groshen (1991) focuses on five industries,

where the gender wage gap lies between 21 and 37 percent.
4The data set used by Bayard et al. (2003) was constructed by matching individuals from the

1990 Decennial Census to establishments from the 1990 Standard Statistical Establishment List.

While not entirely representative, the data include workers and establishments from all sectors of

the U.S. economy. The size of the gender wage gap in the data is 31 percent.
5The Norwegian data of Petersen et al. (1997) contain basically all workers in six business

sectors in 1984 and 1990. The data used by Meyersson Milgrom et al. (2001) is more extensive,

covering most privately employed workers in Sweden over the period 1970-1990. In the text we

refer only to the results for the 1990s in the case of the both studies.
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segregation among industries, establishments, and jobs are quantitatively important

only for blue-collar workers.

Using the Integrated Database for Labour Market Research, Datta Gupta and

Rothstein (2001) study gender wage differentials in the Danish labour market. Their

data include basically all salaried workers in the private sector. They find that occu-

pational segregation accounts for roughly one-half of the overall gap of 29 percent,

while over 40 percent of the gap remains attributable to unexplained within-job

wage differentials between women and men. The latter finding is in contrast with

the evidence for Sweden and Norway, being more in line with the U.S. results of

Bayard et al. (2003).

3 Data and descriptive statistics

3.1 Evaluation of job tasks in the collective agreements

In Finland working conditions are determined in large part by collective bargain-

ing between employer organisations and labour unions. The collective agreements

are made along broad occupational lines and signed at industry level. Within an

industry, all employees, irrespective of their union status, are covered by the collec-

tive agreement of their occupational group if the unionization rate exceeds a certain

threshold level (which is true in almost all cases). A specific collective agreement

determines, among other working conditions, a minimum rate of pay for a partic-

ular type of job. For this purpose, most job tasks are evaluated according to the

responsibility, skills, and effort they require, and thereby mapped onto a scale of

complexity levels. Each level of job complexity is then associated with a given basic

wage that serves as the wage floor for that type of job. Actual wages received by

workers generally exceed the basic wages because of firm premiums and rewards for

individual qualifications and performance.

We emphasise that employers do not hold the evaluation of job tasks in the

palm of their hands; it is highly regulated and supervised by the representatives of

unions. The key principle is that the basic wage is determined by job attributes

only, independently of the individual characteristics of the current job holder (e.g.

sex and education). The evaluation process of jobs has two important implications

for our analysis. First, it explicitly states that the wages are closely tied to jobs, not

only to the workers who hold them. Second, knowledge of job complexity ranking

provides valuable information about job attributes that we can exploit in explaining

wage variation between jobs.
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3.2 TT data

Our data come from the records of the Confederation of Finnish Industry and Em-

ployers (TT). TT is the central organisation of manufacturing employers and its

member firms account for more than three-quarters of the value added of the Finnish

manufacturing sector. Each year TT conducts three surveys covering basically all

employees of its member firms. All surveys are directed to the employer, one asking

information about white-collar workers and the other two about blue-collar workers.

These surveys contain detailed information on wages, working hours, job complex-

ity levels, and occupations (or job titles), as well as some demographic background

information. Each individual in the records is associated to his or her employer with

a unique firm identifier.

We stress that the TT data are of high quality and have several advantages over

most of the other data sets employed in previous research. First, our data can be

regarded as highly reliable since all information comes directly from the employer

records. There is practically no response bias and all information is reported with

high accuracy compared with the standard employee surveys. Second, the data cover

all employees of each firm surveyed. Thus we get rid of the measurement error issues

in measuring the mean characteristics of workers within firms and jobs.6 Third, our

data contain precise information on the standard human capital characteristics, such

as education (level and field), firm tenure, and age, making the analysis less prone

to omitted variable bias. Fourth, knowledge of the job complexity ranking provides

a rare opportunity to take into account heterogeneity across jobs.

In the subsequent analysis we focus on the cross-section of full-time workers aged

between 18 and 65 who were employed in 2000 by TT firms with at least five workers.

White- and blue-collar workers will be analysed separately as they are subject to

different compensation schemes and covered by different collective agreements.

3.2.1 White-collar workers

The collective agreements for white-collar workers specify three broad groups: man-

agerial, technical, and clerical workers. Each group is covered by a separate industry-

specific agreement, though the clerical and technical employees are combined and

covered by the same agreement in some industries. White-collar workers are also

6If only a sample of the firm’s workforce is available, the fraction of female employees, for

example, will be measured with error. This in turn tends to bias their regression coefficients towards

zero. It is also quite common that information on the worker composition of the underlying labour

market structure is obtained from another survey through some incomplete matching process.
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classified into 78 occupational groups that are common to all white-collar groups

and all industries.

We define a job as an occupation within an employing firm (this results in 26,236

jobs). However, where workers covered by different agreements are allocated to the

same job, we split the job into parts, each one including only technical, clerical,

or managerial employees. The number of jobs increases to 30,281. Finally, jobs

that include workers with differing levels of job complexity are further divided into

jobs including only workers with the same level of job complexity. This raises the

number of jobs to 40,664. At the end, all workers within a given job have the same

occupation and job complexity classification, and are covered by the same collective

agreement.

As a part of the collective agreements, jobs of technical and clerical workers

are evaluated and classified into complexity levels. There are two complications

regarding the use of this information in the regression analysis. First, job complexity

information is missing for all the managerial jobs, which are not subject to any

evaluation process. This is because the managerial employees are regarded as high-

paid employees whose wages are of less interest to the unions. Secondly, the scale

of the complexity classification is not constant, but 9 different scales are applied

in different industries. Where no distinction between the technical and clerical

employees is made, the number of complexity levels lies somewhere between 3 and 15

(being 8, 9, or 10 in most cases). In other industries the number of complexity levels

is 6 for technical employees and 12 for clerical employees. However, the different

scales for job complexity cover roughly the same range of logarithmic basic wages and

the relationship between the job complexity levels and basic wages is approximately

log-linear within each scale. Therefore, we re-scale the original complexity variables

on the interval 0 to 9 by applying a suitable stretch or compression factor to each

industry-specific scale (i.e. the lowest level of job complexity is set to 0 and the

highest level to 9).7

Table 1 reports some sample statistics. The wage variable is constructed by

dividing the monthly salary in December 2000 (bonuses etc. excluded) by regular

working hours. In the Finnish manufacturing sector, 37 percent of white-collar work-

ers are female and they earn on average 22 percent less than their male counterparts

do. There are no large sex differences in the average age, work experience, or firm

7This conversion idea came from Antti Luukkonen, who found by comparing various wage re-

gressions that the single variable works relatively well compared with the huge number of industry-

specific complexity dummies. See Luukkonen (2003a) for details.
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Table 1: Sample statistics for white-collar workers

Women Men All

Hourly wage, euro 12.107 (3.926) 15.763 (5.59) 14.409 (5.336)

Log hourly wage 2.452 (.276) 2.702 (.326) 2.610 (.331)

Age 41.146 (9.794) 41.128 (9.920) 41.135 (9.874)

Schooling years 12.065 (2.164) 12.810 (2.200) 12.534 (2.216)

Firm tenure, years 12.395 (10.648) 11.860 (10.552) 12.058 (10.591)

Work experience, years 22.081 (10.632) 21.318 (10.381) 21.601 (10.481)

Job complexity (0-9 scale) 3.707 (1.69) 4.909 (2.201) 4.379 2.078

Job complexity missing, share .437 .569 .520

Job size 242 (665) 310 (754) 285 (723)

Employer size 3,445 (4,772) 3,526 (4,759) 3,496 (4,764)

Education level, %

Basic or unknown 19.256 11.966 14.665

Secondary 29.916 22.621 25.322

First stage of tertiary 31.544 27.030 28.701

Bachelor’s degree 8.247 22.559 17.259

Master’s degree 10.528 14.808 13.223

PhD .509 1.017 .829

Field of education, %

General 8.070 6.382 7.007

Education .372 .069 .181

Humanities and art 2.825 0.413 1.306

Social sciences, business and law 40.975 9.500 21.156

Science 2.687 2.491 2.563

Technical 17.091 64.722 47.083

Agriculture 1.115 3.062 2.341

Health and welfare 2.591 0.364 1.188

Services 5.006 1.029 2.502

Unknown 19.270 11.969 14.673

Fraction female in firm .436 (.165) .332 (.137) .370 (.156)

Fraction female in job .778 (.293) .131 (.185) .370 (.388)

Sample size 55,158 93,786 148,944

Notes: Unless otherwise indicated, the figures in the table are means. Standard errors are in parentheses. Hourly

wage is computed dividing the monthly wage by regular working hours. Schooling years is defined as the mean

years of schooling attached to a given level of education. Work experience is approximated by subtracting the

years of schooling and seven years for time prior to the age of school entry from the worker’s age. The mean level

of job complexity is computed using non-missing values only. Employer and job sizes are the average firm and job

size over workers. The mean firm size in the data is 102 and the mean job size is 3.7. The total number of firms is

1,464 and that of jobs is 40,664.
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Table 2: Fraction female and gender wage ratio by white-collar occupation

Managerial Technical & clerical All white-collar

Occupational group N Fem Gap N Fem Gap N Fem Gap

R&D 28,128 .163 .909 19,102 .422 .791 47,230 .268 .759

R&D management 1,320 .135 .847 4,956 .528 .859 6,276 .445 .614

Product design 21,444 .133 .914 8,824 .279 .826 30,268 .176 .843

Quality management 1,397 .327 .894 3,316 .555 .854 4,713 .487 .800

Research 3,967 .277 .885 2,006 .572 .846 5,973 .376 .781

Production 8,469 .079 .842 24,627 .102 .865 33,096 .096 .841

Production and maintenance 5,498 .053 .864 17,810 .074 .857 23,308 .069 .836

management

Production support 2,971 .127 .858 6,817 .177 .866 9,788 .162 .842

Logistics 2,082 .230 .812 4,870 .460 .908 6,952 .391 .794

Materials and logistics 472 .138 .825 2,515 .274 .883 2,987 .252 .825

Purchasing 1,467 .241 .811 1,647 .583 .842 3,114 .422 .725

Shipping 143 .413 .844 708 .833 .930 851 .763 .805

Sales and marketing 8,807 .231 .831 14,231 .663 .765 23,038 .498 .662

Sales 7,211 .207 .823 12,720 .681 .767 19,931 .510 .643

Sales promotion 709 .453 .845 721 .544 1.009 1,430 .499 .876

Production and marketing 887 .246 .828 790 .467 .764 1,677 .350 .766

co-operation

PR 1,828 .398 .884 2,992 .575 .846 4,820 .508 .803

PR 650 .697 .836 629 .812 .891 1,279 .754 .806

Information technology 1,178 .233 .861 2,363 .512 .817 3,541 .419 .750

Juridical & tax assistance 366 .377 .868 402 .560 .670 768 .473 .723

Administration 4,169 .658 .763 14,480 .915 .871 18,649 .857 .682

Administration mngmt. 1,470 .468 .836 400 .678 .864 1,870 .513 .800

Pay office 100 .790 .746 1,734 .948 .961 1,834 .939 .837

Bookkeeping 328 .811 .869 2,832 .951 .942 3,160 .937 .832

Accounting 975 .461 .915 1,595 .669 .830 2,570 .590 .804

Secretarial work 1,264 .977 .932 5,049 .992 .956 6,313 .989 .893

Office services 18 .778 1.062 1,746 .861 .953 1,764 .861 .953

Clerical work, small firms 14 .857 .758 1,124 .943 .887 1,138 .942 .878

Human resources 1,650 .524 .798 2,953 .858 .813 4,603 .739 .674

HR management 388 .479 .874 95 .663 .968 483 .516 .865

Competence development 417 .511 .887 179 .508 .845 596 .510 .877

Recruiting and employing 279 .616 .820 131 .740 .835 410 .656 .799

Payroll administration 101 .832 .866 1,670 .985 .963 1,771 .976 .800

Safety and health care 336 .351 .710 465 .619 .889 801 .507 .705

Personnel services 129 .713 .847 413 .850 .859 542 .817 .802

Other groups together 9,788 .299 .957 9,788 .299 .957

All 55,499 .221 .877 93,445 .459 .839 148,944 .370 .768

Notes: N is the number of observations. Fem is the fraction of female employees in the group. Gap is the sex wage

ratio as obtained by dividing the women’s mean wage by men’s mean wage. Two-digit occupational groups are

further divided into managerial and non-managerial occupations (technical and clerical groups are combined).
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tenure. While men are only slightly more educated as measured by the education

level, sex differences in terms of the field of education are quite substantial. Of men,

65 percent have received a technical education, compared with 17 percent of women.

Moreover, 41 percent of women have obtained a degree in social sciences, business,

or law. The mean value of the job complexity level is clearly higher for men, in-

dicating that more demanding clerical and technical jobs are mainly occupied by

men.

The gender wage ratio and sex composition by 2-digit occupation are given in

Table 2.8 Variation in the fraction female variable indicates a large degree of sex

segregation among occupations, perhaps reflecting differences in education. Women

appear to be concentrated in the administrative occupations. The gender wage ratio

within occupations ranges from .670 to 1.062, being on average clearly higher than

the raw wage gap of .768 on the bottom line.

A remark is in order at this point. We have made an attempt to define jobs

as narrowly as possible in order to be able to compare workers who are doing the

”same” work for the same employer. The managerial employees are a problematic

group in this respect, as they had to be grouped into jobs without information on

the complexity levels of their job tasks. Therefore, we expect more heterogeneity

in job tasks within managerial jobs than within technical and clerical jobs. One

should keep this in mind throughout the paper. Moreover, a separate analysis for a

sub-sample of technical and clerical workers is reported in Section 5.

3.2.2 Blue-collar workers

Blue-collar workers are classified into 516 occupations. Most of the blue-collar oc-

cupations are specific to a particular industry, which explains the large number of

occupational groups compared with the number of white-collar occupations. The

complexity classification of blue-collar jobs includes 39 industry-specific scales, where

the number of complexity levels varies between 3 and 15. In the case of white-collar

jobs, each industry-specific scale was found to cover roughly the same range of log-

arithmic basic wages irrespective of the total number of complexity levels. This is

not the case for blue-collar jobs, and hence we apply a slightly different method

to translate the industry-specific complexity levels into a single variable. We went

through all the industry-level collective agreements and looked up the percentage in-

crease in the minimum hourly wage associated with each complexity level compared

with the lowest level. This percentage number serves as our unified measure of job

8The grouping of workers in jobs is based on a more detailed 3-digit occupational code.
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Table 3: Sample statistics for blue-collar workers

Women Men All

Hourly wage, euro 9.845 (1.818) 11.782 (2.198) 11.323 (2.269)

Log hourly wage 2.271 (.175) 2.451 (.177) 2.408 (.192)

Age 42.624 (10.691) 40.536 (10.557) 41.031 (10.626)

Schooling years 10.196 (1.199) 10.479 (1.047) 10.412 (1.091)

Firm tenure, years 12.598 (10.142) 14.188 (11.025) 13.811 (10.844)

Work experience, years 25.429 (11.191) 23.057 (10.891) 23.619 (11.009)

Job complexity (0−9 scale) 2.506 (1.352) 4.449 (1.782) 3.987 (1.881)

Job complexity missing, share .037 .063 .057

Job size 79 (162) 52 (92) 58 (113)

Employer size 1,535 (2,658) 1,538 (2,453) 1,537 (2,503)

Education level, %

Basic or unknown 45.837 29.899 33.673

Secondary 48.886 66.484 62.316

First stage of tertiary 4.783 3.246 3.610

Bachelor’s degree .407 .324 .343

Master’s degree .084 .048 .056

PhD .002 . .001

Field of education, %

Education .065 .014 .026

Humanities and art 1.477 .388 .646

Social sciences, business and law 7.109 2.043 3.243

Science .107 .052 .065

Technical 21.926 60.560 51.410

Agriculture 1.413 2.473 2.222

Health and welfare 2.771 .256 .852

Services 15.952 2.038 2.50

Unknown 49.179 32.176 36.203

Fraction female in firm .459 (.249) .168 (.172) .237 (.230)

Fraction female in job .734 (.273) .083 (.175) .237 (.343)

Sample size 40,271 129,762 170,033

Notes: Unless otherwise indicated, the figures in the table are means. Standard errors are in parentheses. Hourly

wage is the wage paid for regular working hours, omitting overtime pay, Sunday supplements, etc. Schooling years

is defined as the mean years of schooling attached to a given level of education. Work experience is approximated

by subtracting the years of schooling and seven years for time prior to the age of school entry from the worker’s

age. The mean level of job complexity is computed using non-missing values only. Employer and job sizes are the

average firm and job size over workers. The mean firm size in the data is 124 and the mean job size is 7.1. The

total number of firms is 1,373 and that of jobs is 24,020.

complexity for the blue-collar jobs. To keep results comparable with the white-collar

case, the complexity measure is further scaled to take values on the interval 0 to 9.

Once again, we define a job as an occupation within a firm (this results in 12,633

jobs). The resulting jobs are further divided by the level of job complexity, which

raises the final number of jobs to 24,020. The wage variable is the hourly wage of

the regular working time in the last quarter of 2000. We exclude pay for overtime,

Sundays, holidays, and late shifts, which are typically paid at a higher hourly rate.

Including such pay components would overstate the wage differential between sexes,

as men typically work more overtime hours (see e.g. Table 2 in Korkeamäki and

Kyyrä, 2002).
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From Table 3 we see that only 24 percent of blue-collar workers are female.

This low figure reflects the fact that the manufacturing sector has been traditionally

dominated by men, rather than a low labour force participation rate by the Finnish

women. Compared with the white-collar workers, the gender wage gap among blue-

collar workers is much lower, being .18 in log wages. This amounts to a 16 percent

lower mean wage for women.

Some 60 percent of blue-collar workers have received a secondary education, but

a third have not completed any formal degree since the (compulsory) comprehensive

school. Men are highly concentrated in technical education, which is in accordance

with the findings for the white-collar workers. Women’s degrees are obtained mainly

in the technical or service fields. Sex differences in other individual background

characteristics are quite moderate. Blue-collar women are slightly older, have more

work experience but less job tenure than men. The mean value of the job complexity

variable for women is substantially lower than that for men, indicating that less

complex blue-collar jobs are mainly occupied by women.

4 Methodological framework

We assume that the wage rate is closely tied to the employing firm and the job

held within that firm. That is, we expect systematic variation in wages across firms

and jobs within firms that cannot be explained by the characteristics of workers in

the underlying groups. Thus wage variation can occur at different levels: between

firms, between jobs within firms, and between workers within jobs.9 Within this

framework the allocation of women and men to different positions in the labour

market serves as a potential source of gender wage differentials. In the following

sections we explain how to identify various sources of the wage differentials.

4.1 The wage model

Consider worker i who holds job k in firm j. For this worker we observe (wjki, sjki,xjki) ,

where wjki is the log wage, sjki is the female dummy, and xjki is a vector of other

individual characteristics. Observations across firms are regarded as being indepen-

dent. But within firms workers are expected to be interrelated and those who are

doing the same job even more so. This dependence can arise in a variety of ways.

9Obviously we could go further and introduce an additional level on top of this hierarchy by

grouping firms by industry. For simplicity, we focus on the three levels and treat industry as a

characteristic of firms rather than a hierarchy level of its own.
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First, workers in the same workplace are affected by many common factors, such

as the same working conditions, management, and reward schemes, which may give

rise to wage differentials between firms and jobs within firms beyond the individual

characteristics of employees. Second, workers are not allocated randomly to firms

and jobs. Different jobs require different skills and qualifications, and the firms are

different with respect to the palette of jobs they offer. This means that the alloca-

tion of workers to firms and jobs generally depends on the individual characteristics,

some of which may not be observed. This kind of reasoning suggests that the wage

outcomes will be correlated within jobs and firms, even after conditioning on the

observable individual characteristics.

We model the log wage of worker i who holds job k in firm j as

wjki = fj + vjk + ηsjki + β0xjki + εjki, (1)

with

j = 1, 2, ..., F ; k = 1, 2, ..., cj; i = 1, 2, ..., njk.

The intercept of the model is given by the sum of firm effect f and job effect v, where

the latter is ’nested’ within the former. The job effects are defined in deviation from

the firm effect, with the expected value within each firm equal to zero. Thus,

E(f + v |firm j) = fj+ E(v |firm j) = fj . For the error terms εjki, we assume

E(εjki |Xj, sj ,vj, fj) = 0, (2)

and

E(εjkiεjk0i0 |Xj , sj ,vj, fj) =

½
σ2ε, if k = k0 and i = i0;
0, otherwise;

(3)

where Xj and sj are the matrix of observed characteristics and vector of female

dummies for all employees of firm j respectively, and v0j =
¡
vj1, vj2, ..., vjcj

¢
.

Wage variation between firms and jobs beyond the observable individual charac-

teristics is captured by f and v respectively. If fj > fj0, workers in firm j earn more

on average than workers in firm j0, after controlling for s and x. Similarly, provided

that vjk > vjk0, workers in job k are more highly paid on average than those in job

k0 within the same firm j, after controlling for s and x. Obviously, when the worker

moves from one firm to another, a new value of v must be drawn along with f , as

one cannot change the employer without giving up his or her current job.

Within jobs wage differentials are related to workers’ sex (s), other individual

characteristics (x), and unobservables (ε). Economic rewards associated with the
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individual characteristics are measured by β.10 Of particular interest is parameter η

that gives the expected wage differential between an equally qualified (in terms of x)

woman and man who are doing the same work for the same employer. A negative

value of η may be viewed as evidence of wage discrimination against women, i.e.

women are paid less for equal work. However, such an interpretation is justified

only if all relevant explanatory variables were included in x. Since this may not be

the case in practice, we take a more conservative view and interpret η as a measure

of unexplained within-job wage differentials between sexes. In other words, we

emphasise that the influences of possible discrimination and unmeasured individual

characteristics are generally indistinguishable in the value of η. Furthermore, one

should recognise that the interpretation of η (and β) is always conditional on the

underlying definition of the job, and how to group workers into separate jobs is

certainly not a clear-cut exercise.

The debate on the role of sex segregation in explaining wage differentials suggests

that the realizations of f and v are not independent of a worker’s sex. In particular

we expect that women are concentrated in firms with low values of f, and further in

jobs with low values of v. Moreover, since different firms and jobs require different

qualifications, the group effects f and v are expected to be correlated with some or

all variables in x.

4.2 Decomposing the gender gap in pay

The gender wage gap is defined as the difference in mean log wages between men

and women. Using the wage model outlined above we can decompose it as

wm
··· − wf

··· =
FX
j=1

³
omj − ofj

´
fj| {z }

sex segregation

among firms

+

FX
j=1

cjX
k=1

³
omjk − ofjk

´
vjk| {z }

sex segregation among

jobs within firms

− η + β0
¡
xm··· − xf···

¢| {z }
unexplained

within-job gap plus

sex differences

in characteristics

, (4)

where wf
··· is the mean wage among women; x

f
··· is the grand mean of x among

women; ofj is the fraction of all women employed by firm j; and ofjk is the fraction

10Note that the interpretation of β is conditional on the position held in the labour market. If,
for example, the years of schooling is included in x, its coefficient, say βs, should be viewed as
the expected wage gain from one additional year of education provided that the worker keeps his

or her current job; that is, βs measures the returns to education within a given job. In practice,
additional education may qualify the worker for more demanding tasks, having an indirect impact

on the wage rate through the selection into a higher-paying job. This implies that we should expect

the firm and job effects to be correlated with the schooling years.
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of all women allocated to the kth job of firm j (note that
Pcj

k=1 o
f
jk = ofj ). The

variables with superscript m have analogous meanings for men.

The wage gap contribution of sex segregation among firms is represented by

the first term on the right-hand side of (4). It is the empirical counterpart of

E(f |s = 0) − E(f |s = 1) , and equal to the difference in the mean values of firm
effects over men and women. A positive value of it indicates that women are dispro-

portionately concentrated in lower-paying firms. This term would be zero if there

were no variation in f across firms or if women and men were identically distributed

across firms (i.e. when ofj = omj for all j). The middle term is the contribution

of sex segregation among jobs within firms. It is obtained by taking the difference

between the mean values of job effects over men and women, and it can be viewed as

the empirical counterpart of E(v |s = 0)−E(v |s = 1) . If women are relatively more
frequently allocated to lower-paying jobs within firms, this term will take a posi-

tive value. It would be zero if there was no systematic variation across jobs within

firms beyond the differences in individual characteristics (i.e. when vjk = 0 for all j

and k) or if, within all firms, women and men were allocated identically across jobs

(i.e. when ofjk/o
m
jk = ofj /o

m
j for all k and j). The contribution of sex differences in

individual characteristics is captured by the last term on the right-hand side. The

remaining term, −η, is the amount of within-job wage differentials between sexes
not accounted for by the explanatory variables in x.

The decomposition (4) departs from the decompositions in Groshen (1991),

Datta Gupta and Rothstein (2001), and Bayard et al. (2003) in two essential ways.

First, the segregation contributions are defined as differences in the mean values of

the firm and job intercepts, f and v, between men and women. Second, η and β

measure wage differentials conditional on the job held (not the ’femaleness’ of the

worker’s job, firm, industry, and occupation).

4.3 The fixed effects approach

The decomposition (4) contains several unknown components that need to be es-

timated. The key question is how we should model the unobservable firm and job

effects. Our first approach treats them as fixed parameters to be estimated along

with η and β. By averaging (1) within jobs and subtracting the result, we obtain

wjki − wjk· = η (sjki − sjk·) + β0 (xjki − xjk·) + εjki − εjk·, (5)

where wjk·, sjk·, and xjk· denote the sample means of wjki, sjki, and xjki over workers

who hold job k within firm j respectively. Under the assumptions (2) and (3), OLS
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applied to the transformed model (5) produces consistent and unbiased estimates of

η and β. The resulting estimators, say bη and bβ, have an appealing property of being
robust with respect to arbitrary correlation between the individual characteristics

and unobserved group effects.11

Under the restriction E(v |firm j) = 0 for all j, the firm and job effects can be

estimated by

bfj = wj·· − bηsj·· − bβ0xj··, (6)bvjk = wjk· − bηsjk· − bβ0xjk· − bfj , (7)

where wj··, sj··, and xj·· denote the means of wjki, sjki, and xjki over employees of

firm j. The estimators bfj and bvjk are unbiased but noisy and inconsistent. They
are noisy because the number of observations per firm and, especially, per job is

often small. They are inconsistent because collecting more data would not increase

the number of observations available for the group effects already in the sample

but simply introduce new firm and job effects to be estimated. Although the point

estimates of f and v for individual firms and jobs are likely to be poor, the estimates

of their expected values among women and men based upon sample averages are

expected to be reasonably accurate. Thus, we proceed by inserting the estimates of

f and v from (6) and (7) along with bη and bβ into (4). This gives the first version of
our wage gap decomposition.

4.4 The random effects approach

In an alternative approach we take an explicit account of the relationship between

the latent group effects and the explanatory variables. More precisely, we specify the

expected values of f and v conditional on observables via auxiliary linear regressions.

The firm effects are modelled as

fj = α+ δ0sj·· + δ0zj + ξj, (8)

where sj·· is the fraction of female workers in firm j; zj is a vector of firm covariates

(firm size, industry, the firm means of variables in x, etc.); and ξj is a random term

that captures the effect of unobservables specific to firm j. Similarly, the job effects

are modelled as

vjk = θ0 (sjk· − sj··) + θ0
¡
gjk − gj·

¢
+ ωjk, (9)

11Estimators analytically equivalent to bη and bβ can be obtained by applying OLS directly to
(1), with fj + vjk replaced with the full set of job dummies.
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where sjk· is the fraction of female workers who hold job k within firm j; gjk is a

vector of job covariates (job size, complexity level, the job means of variables in x,

etc.); and ωjk captures the effect of omitted job characteristics. All the explanatory

variables on the right-hand side of (9) are measured in deviation from the firm mean.

Provided that gj· is included in the set of firm covariates zj , this is only a matter of

parametrisation, which enforces the expected value of v within firms to zero. The

specifications (8) and (9) are auxiliary regressions; they do not represent causal

relationships.

Adding the group means of individual explanatory variables to zj and gjk pro-

vides a way of allowing x to be correlated with f and v (Mundlak, 1978).12 Coef-

ficients of the fraction female variables in (8) and (9) are of particular interest. A

negative value of δ0 implies that firms with a high density of female workers pay

lower wages after controlling for z. If within firms employees in predominantly fe-

male jobs receive lower wages given gjk−gj·, it will be indicated by a negative value
of θ0.

By inserting (8) and (9) into (1), we obtain the estimating wage equation

wjki = α+ δ0sj··+ δ0zj + θ0 (sjk· − sj··) + θ0
¡
gjk − gj·

¢
+ ηsjki+β

0xjki + ujki, (10)

where the composite error term

ujki = ξj + ωjk + εjki (11)

equals the sum of the firm random effect, job random effect, and individual dis-

turbance term. Given the observables, all components of ujki are assumed to be

mutually independent, with zero means and constant variances σ2ξ , σ
2
ω and σ2ε re-

spectively.13 This is known as the two-way nested error structure in econometrics

(Fuller and Batesse, 1973). While the errors resulting from different firms are inde-

pendent, within the same firm, say firm j, the variance-covariance structure of the

errors is given by

E (ujkiujk0i0 |Xj ,Gj , zj) =

⎧⎨⎩
σ2ξ + σ2ω + σ2ε, if k = k0 and i = i0;
σ2ξ + σ2ω, if k = k0 and i 6= i0;
σ2ξ , if k 6= k0 and i 6= i0;

12Testing statistical significance of the coefficients of the group mean variables can be interpreted

as a particular version of the familiar Hausman (1978) test for the error component specification

(Sevestre and Trognon, 1996).
13The model defined by (10) and (11) is known under a variety of names, including the nested

error components model, variance components model, random coefficients model, mixed model,

multilevel model, and hierarchical model.
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where Gj =
¡
gj1, gj2, ...,gjcj

¢
. This covariance structure models the residual corre-

lation within firms that remains after conditioning on the observed firm, job, and

individual characteristics. Such correlation is likely to exist owing to unobservable

job and firm factors.

If variances σ2ξ and σ2ω were both equal to zero, OLS would be the best linear

unbiased estimator of the regression coefficients in (10). However, when at least

one of σ2ξ and σ2ω is positive, the OLS estimator, although consistent and unbiased,

will be inefficient and its standard errors will be biased (Moulton, 1986). As this

is likely to be the case, we obtain efficient estimates with generalized least squares

(GLS) that exploits the particular form of the error structure for efficiency and

produces appropriate standard errors.14 The large unbalanced data at hand raise

some computational issues, which are discussed in the appendix.

Once the regression coefficients are estimated, we insert them into (8) and (9)

to obtain estimates for the firm and job effects. By averaging the estimates of firm

effects over women and men, we can express the contribution of sex segregation

among firms as

FX
j=1

³
omj − ofj

´ efj = FX
j=1

³
omj − ofj

´eδ0sj·· + FX
j=1

³
omj − ofj

´eδ0zj, (12)

where the tildes above the variables refer to estimated values. Similarly, the contri-

bution of sex segregation among jobs within firms is given by

FX
j=1

cjX
k=1

³
omjk − ofjk

´ evjk = FX
j=1

cjX
k=1

³
omjk − ofjk

´eθ0 (sjk· − sj··)

+

FX
j=1

cjX
k=1

³
omjk − ofjk

´ eθ0 ¡gjk − gj·¢ . (13)

Substituting (12) and (13) into (4) along with the GLS estimates of η and β gives

us the second version of our wage gap decomposition.

14Alternatives for GLS are the maximum likelihood (ML) and restricted maximum likelihood

(RML) methods, both of which require an additional distributional assumption for the error terms

(e.g. each component of ujki is an i.i.d. normal variable). The unknown variance components and
regression coefficients are then estimated simultaneously by maximising the likelihood function.

The RML method by Patterson and Thompson (1971) is a modification of the ML procedure

in which the loss of degrees of freedom due to estimation of regression coefficients is taken into

account when estimating the variance components. Monte Carlo evidence suggests that the GLS,

ML and RML methods all perform equally well in estimating the regression coefficients but the

variance components may be better estimated with ML and RML. See Maddala and Mount (1973)

for evidence for the simple error component models, and Baltagi et al. (2001) for the two-way

nested error structure.
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An advantage of the random effects approach is that it provides information

on the sources of wage differentials between firms and jobs. As a consequence,

the segregation contributions can be expressed as sums of various terms. These

terms pass on useful information. For example, if typical female jobs are found to

be characterised by low values of v, one may speculate that lower wages in such

jobs result from lower skill requirements. If this is the case, a large fraction of the

contribution of sex segregation among jobs in (13) will be attributed to differences

in the mean education and job complexity, while the component associated with

the fraction female will be close to zero. By contrast, if wage differentials between

typical female and male jobs arise to a large extent from some unobserved sources,

this will be indicated by a strong effect of the fraction female term in (13).

5 Results

5.1 White-collar workers

The results from various wage regressions for white-collar workers are given in Ta-

ble 4. The explanatory variables are grouped into three categories. The individ-

ual regressors cover the female dummy (sjki) and other person-specific explanatory

variables (xjki-variables), including the years of schooling, work experience, work

experience squared, and the time spent with the current employer. The job regres-

sors (sjk· and gjk-variables) include the job means of the individual regressors and

controls for the size, location, type, and complexity level of the job. Information

on job complexity is missing for all managerial jobs and for some non-managerial

jobs in which cases the dummy for missing job complexity takes a value of one. The

job regressors are measured in deviation from the firm mean. The firm regressors

(sj·· and zj-variables) are level variables, including the firm means of the individual

and job regressors plus industry dummies, the worker mix variable (= the ratio of

white-collar employees to all employees), and firm size.

Coefficients of all individual regressors are statistically highly significant in all

specifications. Let us consider the fixed effects (FE) model first. Recall that this

specification does not impose any restrictions on the correlation between the individ-

ual regressors and unobservable group effects. The coefficient of the female dummy

takes a value of —.0627, indicating that women and men are not equally rewarded

by employers.15 A woman can expect to receive a 6 percent lower wage than her

equally qualified male co-worker doing the same job within the same firm.

15The coefficient of the female dummy takes a value —.0632 if we do not control for x.
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Table 4: Wage regression results for white-collar workers

Model specification

FE OLS RE1 RE2 RE3

Intercept 1.3483 (.0054) [.0834] 1.8744 (.0083) 1.6734 (.0555) 1.6540 (.0561)

Individual regressors

Female —.0627 (.0012) —.0732 (.0022) [.0054] —.0653 (.0015) —.0627 (.0012) —.0627 (.0012)

Schooling years .0257 (.0003) .0886 (.0003) [.0051] .0425 (.0003) .0258 (.0003) .0257 (.0003)

Experience .0151 (.0002) .0182 (.0003) [.0013] .0175 (.0002) .0151 (.0002) .0151 (.0002)

Experience2/100 —.0228 (.0004) —.0224 (.0006) [.0040] —.0254 (.0004) —.0228 (.0004) —.0228 (.0004)√
Firm tenure .0138 (.0004) —.0065 (.0005) [.0038] .0085 (.0005) .0138 (.0004) .0138 (.0004)

Job regressors

Fraction female —.1794 (.0028) [.0124] —.2155 (.0026) —.1266 (.0022) —.0779 (.0023)

Mean schooling .0324 (.0006) .0218 (.0006)

Mean experience .0075 (.0005) .0046 (.0005)

Mean (experience)2 /100 —.0084 (.0010) —.0044 (.0010)

Technical .0317 (.0030) .0363 (.0029)

Managerial .3070 (.0022) .3112 (.0030)

Mean
√
firm tenure —.0102 (.0010) —.0110 (.0009)

Complexity level .0457 (.0006)

Complexity missing .0348 (.0027)

Large city .0535 (.0029) .0460 (.0028)

Log (job size) —.0151 (.0009) —.0137 (.0008)

Firm regressors

Fraction female —.1796 (.0046) [.0572] —.1407 (.0157) —.0758 (.0129) —.0637 (.0130)

Mean schooling .0280 (.0037) .0258 (.0038)

Mean experience —.0006 (.0030) —.0067 (.0030)

Mean (experience)2 /100 .0179 (.0064) .0198 (.0064)

Fraction technical jobs .0496 (.0127) .0554 (.0128)

Fraction managerial jobs .2021 (.0120) .1667 (.0138)

Mean
√
firm tenure —.0329 (.0030) —.0321 (.0030)

Mean job complexity .0099 (.0015)

Fraction complexity missing .0681 (.0108)

Fraction jobs in large cities .0441 (.0044) .0438 (.0044)

Worker mix .0734 (.0106) .0688 (.0107)

Mean log (job size) —.0187 (.0046) —.0198 (.0048)

Log (firm size) .0197 (.0028) .0191 (.0029)

Variance components

σ2ε (individual error) .0270 .0173 .0173

σ2ω (job random effect) .0192 .0117 .0101

σ2ξ (firm random effect) .0115 .0029 .0031

Notes: FE is the fixed effects model with the heteroskedasticity-consistent standard errors in parentheses. For the

OLS model the classical standard errors are in parentheses and standard errors robust to arbitrary

heteroskedasticity and intrafirm correlation are in square brackets. RE1-RE3 are the random effects models with

the GLS standard errors in parentheses. All job regressors are measured in deviation from the firm mean. The

clerical jobs include also non-managerial jobs in industries where no distinction between the clerical and technical

jobs has been made. Models RE2 and RE3 include 38 industry dummies. Number of observations is 148,944 in all

regressions.
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One additional year of schooling is estimated to increase the expected wage in

a given job by 2.6 percent. This is clearly below the conventional estimates for

the returns to schooling. The much lower estimate obtained here by conditioning

on the job held suggests that the wage effect of education works largely through

the differential allocation to jobs. That is, better educated workers are qualified

for more demanding jobs that pay higher wages than the jobs held by their less

educated counterparts (see discussion below). As expected, wages increase with

tenure and the effect of work experience takes the familiar quadratic form. It should

be stressed that the potential years of experience has a tendency to overestimate

women’s experience because of their higher propensity to be out of work owing to

family responsibilities. Asplund’s (2001) findings, however, suggest that this may

be a less serious problem in our case.16

The RE1 model is the most parsimonious version of our random effects models,

including only the fractions of female employees in the set of job and firm regressors.

This specification resembles the specifications estimated by Groshen (1991), Bayard

et al. (2003), and Datta Gupta and Rothstein (2001).17 As expected, the coefficients

of both fraction female variables are negative and statistically highly significant,

indicating lower wages for predominantly female firms and jobs mainly occupied by

women within firms. A firm whose total workforce is female is estimated to pay 13

percent lower wages on average than a firm that employs only men. Within a firm,

a hypothetical switch to a job with a 10 percent points higher female share would

cause an expected wage loss of about two percent.

It is illustrative to consider the OLS estimates of the same model. The usual OLS

standard errors adjusted for heteroskedasticity but derived under the assumption of

random sampling are given in the parentheses. In addition, the standard errors that

are robust to heteroskedasticity and arbitrary intrafirm correlation are shown in the

16Asplund (2001) has studied this issue within the Finnish context. Using survey data she found

that among women the mean potential work experience exceeds the mean of actual (self-reported)

one by three years while among men the difference is close to zero. Replacing potential work

experience with the actual one in the standard gender-specific wage models had only a small and

statistically insignificant impact on the experience (and schooling) coefficients for both women and

men. Moreover, note that the coefficients of work experience in Asplund’s setting comprise wage

growth resulting from accumulation of general human capital as well as movements in the job

ladder towards better paid jobs over time. In our setting, by contrast, we are conditioning on the

job held, and this conditioning picks up — without error — wage growth that is due to climbing up

the job ladder. Thus we expect the potential bias resulting from measurement error in experience

to be more limited in our case.
17The main differences are: (1) we measure the fraction female in job as a deviation from the

firm mean, and (2) we do not include the fraction female in occupation nor in industry in our

model.
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square brackets (see Wooldridge, 2002, pp. 328-331). The difference between the

standard errors is substantial for all coefficients. The usual OLS standard errors

that do not take into account the grouped structure of the underlying data are

dramatically understated.

Compared with the fixed effects model, the coefficients of the RE1 and OLS

models are quite different for some individual regressors. Within the random effects

framework, this calls into question whether the random effects associated with firms

and jobs are uncorrelated with the individual explanatory variables. In the presence

of such a correlation the regression coefficients in the RE1 model are biased and

inconsistent. In the RE2 model a number of job and firm controls, including the

group means of the individual variables, are added to the model. Testing statistical

significance of the coefficients of the group means can be interpreted as a version of

the Hausman test for the random effects specification. Since the coefficients of the

group means of x in the RE2 model are highly significant, we conclude that the RE1

model is not valid (i.e. the firm and job error components are correlated with x).

By implication, the OLS model must be miss-specified as well. In the RE2 and RE3

specifications this problem is solved by adding the group means of x to the model,

as proposed by Mundlak (1978). As a consequence, the coefficients of all individual

regressors are identical to those of the FE model.

In the RE2 model the coefficients of the fraction female variables are reduced by

one-half in absolute value when compared with the RE1 model. This implies that

the fraction female variables in the RE1 model serve in large part as a proxy for

other factors responsible for wage differentials between firms and jobs within firms.

Coefficients of job and firm regressors generally have signs that seem intuitively

reasonable. Larger firms pay higher wages. Firms and jobs within firms that require

higher education are associated with higher wages. This is consistent with the

claim above that better educated workers are allocated to firms and further to jobs

that pay higher wages. Workers whose jobs are located in large cities receive better

wages, perhaps to compensate for higher living costs. Within firms wage differentials

between technical and clerical jobs are relatively small, being around 3 percent in

favour of technical jobs. A white-collar worker holding a managerial job receives 36

percent higher wage than an equally qualified worker doing clerical work within the

same firm.

In the RE3 specification the job complexity level is added to the model. One

additional level of (re-scaled) job complexity is found to be associated with a wage

increase of almost five percent. Compared with the RE2 model, the coefficients
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of managerial and technical job dummies remain almost unchanged. Provided that

more complex jobs require higher education, it is not surprising to find a considerable

fall in the effect of the mean schooling years in job. The coefficient of the fraction

female in job is reduced by over one-third in absolute value. Even after controlling for

job complexity, average education, and many other factors, it is quite remarkable

that wages remain negatively associated with the fraction female variables. This

indicates that firms and jobs within firms mainly occupied by women pay lower

wages for reasons that cannot be explained by observables. This may be due to sex

differences in preferences but it may also reflect discrimination through differential

access to higher-paying jobs at the point of hire or subsequent promotions. On the

other hand, these findings may be driven to some extent by missing job complexity

information for the managerial jobs. We elaborate on this issue below.

Before turning to the wage gap decompositions, let us take a look at the estimates

of variance components that are shown on the bottom lines of the table. Of course,

the magnitude of error variation falls as more controls are added to the model

(i.e. when we move from the RE1 model towards the RE3 model). Estimates of

variance components imply that most of the unexplained wage variation is related to

individuals within jobs. In the RE3 specification, for example, the individual error

variance σ2ε accounts for about 60 percent of the total error variance, σ
2
ε + σ2ω + σ2ξ.

Note also that the variance of firm random effects is clearly below that of job random

effects. This implies that adding firm level regressors to the model cannot notably

improve the model’s fit.

The residual intrajob correlation,
¡
σ2ω + σ2ξ

¢
/
¡
σ2ε + σ2ω + σ2ξ

¢
, describes correla-

tion between the wage outcomes of two randomly chosen workers in a randomly

chosen job within a randomly chosen firm, after controlling for s and x. In the RE3

model this correlation is as high as .43. This highlights the importance of accounting

for the grouping in the econometric modelling.

Table 5 shows the gender wage gap decompositions for white-collar workers based

upon the different model specifications. The first two columns report the sample

means of the regressors among men and women, and the third column shows the

difference. The absolute contribution of each variable to the wage gap is obtained

by multiplying the sex difference in the sample means by the associated regressor

coefficient. These contributions are reported in the last five columns of the table,

where each column corresponds to the model specification in Table 4. The aggregate

contribution of each group of regressors is shown below the horizontal lines.

From the fixed effect specification we conclude that roughly one-third of the
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Table 5: Gender wage gap decompositions for white-collar workers

Sample means Contribution to the wage gap

Men Women Diff. FE OLS RE1 RE2 RE3

Individual regressors

Female .0000 1.0000 —1.0000 .0627 .0732 .0653 .0627 .0627

Schooling years 12.8100 12.0654 .7446 .0192 .0660 .0316 .0192 .0192

Experience 21.3181 22.0808 —.7627 —.0115 −.0139 —.0133 —.0115 —.0115

Experience2/100 5.6217 6.0056 —.3839 .0088 .0086 .0097 .0088 .0088√
Firm tenure 3.0579 3.1327 —.0748 —.0010 .0005 —.0006 —.0010 —.0010

.0781 .1344 .0933 .0781 .0781

Job regressors

Fraction female —.2011 .3420 —.5431 .0974 .1170 .0688 .0423

Mean schooling .1784 —.3033 .4817 .0156 .0105

Mean experience —.0465 .0791 —.1257 —.0009 —.0006

Mean (experience)2 /100 —.0242 .0412 —.0654 .0005 .0003

Technical job .0334 —.0568 .0901 .0029 .0033

Managerial job .0620 —.1054 .1674 .0514 .0521

Mean
√
firm tenure —.0066 .0112 —.0178 .0002 .0002

Complexity level .2075 —.3527 .5602 .0256

Complexity missing .0340 —.0579 .0919 .0032

Large city .0008 —.0014 .0022 .0001 .0001

Log (job size) .1778 —.3023 .4801 —.0073 —.0066

.1334 .0974 .1170 .1312 .1304

Firm regressors

Fraction female .3318 .4359 —.1042 .0187 .0147 .0079 .0066

Mean schooling 12.6462 12.3440 .3022 .0085 .0078

Mean experience 21.3802 21.9753 —.5950 .0033 .0040

Mean (experience)2 /100 5.6635 5.9345 —.2711 —.0049 —.0054

Fraction technical jobs .1353 .1122 .0231 .0011 .0013

Fraction managerial jobs .3992 .3274 .0719 .0145 .0120√
Mean firm tenure 3.0445 3.1554 —.1108 .0036 .0036

Mean job complexity 4.2717 4.0381 .2336 .0023

Fraction complexity missing .5345 .4952 .0393 .0027

Fraction jobs in large cities .5859 .5698 .0161 .0007 .0007

Worker mix .6724 .6855 —.0131 —.0010 —.0009

Mean log (job size) 2.8923 2.8272 .0651 —.0012 —.0013

Log (firm size) 6.8822 6.8259 .0563 .0011 .0011

Industry dummies .0043 .0051

.0391 .0187 .0147 .0380 .0395

Overall sum .2505 .2505 .2243 .2473 .2480

Notes: The raw wage gap, as measured by the sex difference in mean log wages, is .2505. The first two columns

report the samples means of all regressors among men and women; the third column gives the difference. The last

five columns show the absolute contribution of each regressor obtained from the fixed effects (FE) model, OLS

model, and three random effects (RE1-RE3) models. The contributions are obtained by multiplying the

coefficients in Table 4 by the sex differences in sample means in Table 5. The cumulative effect of each group of

regressors is shown below the horizontal lines.
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overall gender wage gap of .2505 can be attributed to unexplained within-job wage

differentials between sexes (.0627) and within-job sex differences in education, work

experience, and firm tenure (.0154). Sex segregation among firms explains 16 percent

(.0391), while over one-half of the overall gap is owing to sex segregation among jobs

within firms (.1334).

The OLS and RE1 models, which were found to be inconsistent, give a different

picture about the relative importance of the various determinants of gender wage

differentials. The RE2 and RE3 models, however, produce decompositions consistent

with the fixed effect specification. Contrary to the fixed effects approach, the random

effects models allow us to address the question as to why predominantly female firms

and jobs are lower paid.

Consider the decompositions associated with the RE2 and RE3 models. There

are no dominating factors that could be argued to be responsible for most of the

aggregate effect of sex segregation among firms (which in turn is quite moderate).

The fraction female in firm especially has only a minor impact on the gender wage

gap, accounting for less than .0080 in both specifications. Likewise, the industry

dummies and hence sex segregation among industries do not play any role in ex-

plaining the gender wage gap. Sex segregation among jobs within firms is a more

interesting case. It appears that over .0500 of the overall wage gap is explained

by the disproportionate concentration of men in high-paid managerial jobs. This

accounts for about 40 percent of the aggregate effect of sex segregation among jobs.

Among technical and clerical jobs women are more likely to hold less complex jobs,

which explains .0256 of the overall gap in the RE3 decomposition.

Once we control for job complexity, the contribution of the fraction female in

job falls from .0688 to .0423, where the latter figure still accounts for 17 percent of

the overall wage gap. In other words, predominantly female jobs pay lower wages

for reasons that cannot be explained by differences in schooling requirements or job

complexity levels between jobs. However, it will turn out that this result is partly

driven by the missing complexity information of managerial jobs (we will discuss

this below).

5.2 Blue-collar workers

Table 6 displays the results of wage regressions for blue-collar workers. The coef-

ficient of the female dummy in the fixed effects specification indicates that a blue-

collar woman receives a 3.5 percent lower wage for the same job than her equally

qualified male co-worker does. This amounts to one-fifth of the overall gender gap of
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Table 6: Wage regression results for blue-collar workers

Model specification

FE OLS RE1 RE2 RE3

Intercept 2.2557 (.0046) [.0182] 2.2712 (.0050) 1.7501 (.0930) 1.8373 (.0921)

Individual regressors

Female —.0357 (.0009) −.0389 (.0016) [.0035] —.0372 (.0009) —.0357 (.0009) —.0357 (.0009)

Schooling years .0023 (.0003) .0090 (.0004) [.0011] .0034 (.0003) .0023 (.0003) .0023 (.0003)

Experience .0038 (.0001) .0054 (.0002) [.0008] .0047 (.0001) .0038 (.0001) .0038 (.0001)

Experience2/100 —.0075 (.0002) −.0120 (.0003) [.0012] —.0092 (.0002) —.0075 (.0002) —.0075 (.0002)√
Firm tenure .0123 (.0003) .0283 (.0003) [.0032] .0141 (.0003) .0123 (.0003) .0123 (.0003)

Job regressors

Fraction female −.1101 (.0022) [.0063] —.1002 (.0023) —.1011 (.0022) —.0521 (.0023)

Mean schooling .0119 (.0010) .0033 (.0009)

Mean experience .0087 (.0004) .0051 (.0003)

Mean (experience)2 /100 —.0159 (.0008) —.0091 (.0007)

Mean
√
firm tenure .0103 (.0009) .0003 (.0008)

Complexity level .0286 (.0005)

Complexity missing —.0500 (.0060)

Large city —.0173 (.0024) —.0202 (.0022)

Log (job size) .0161 (.0006) .0135 (.0005)

Firm regressors

Fraction female −.3102 (.0023) [.0240] —.2943 (.0116) —.2632 (.0127) —.2421 (.0136)

Mean schooling .0250 (.0083) .0120 (.0083)

Mean experience .0186 (.0034) .0159 (.0033)

Mean (experience)2 /100 —.0277 (.0072) —.0236 (.0071)

Mean
√
firm tenure —.0187 (.0036) —.0219 (.0036)

Mean job complexity .0234 (.0026)

Fraction complexity missing .0697 (.0147)

Fraction jobs in large cities —.0272 (.0056) —.0258 (.0055)

Worker mix .0226 (.0142) .0223 (.0141)

Mean log (job size) .0126 (.0036) .0174 (.0039)

Log (firm size) .0238 (.0028) .0199 (.0031)

Variance components

σ2ε (individual error) .0088 .0085 .0085

σ2ω (job random effect) .0054 .0049 .0041

σ2ξ (firm random effect) .0113 .0060 .0059

Notes: FE is the fixed effects model with the heteroskedasticity-consistent standard errors in parentheses. For the

OLS model the classical standard errors are in parentheses and standard errors robust to arbitrary

heteroskedasticity and intrafirm correlation are in square brackets. RE1-RE3 are the random effects models with

the GLS standard errors in parentheses. All job regressors are measured in deviation from the firm mean. The

reference category in the job regressors is job located outside large cities. Models RE2 and RE3 include 49

industry dummies. Number of observations is 170,033 in all regressions.
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blue-collar workers, i.e. the similar amount that we found for white-collar workers.

Compared with the random effects results for white-collar workers in Table 4,

the qualitative results in Table 6 are rather similar, though the coefficients of the

job size and large city dummy have reversed signs. Some interesting discrepancies

in the magnitude of different factors exist, however. Education, for example, con-

tributes very little to wage differentials within jobs. Conditional on the job held, one

additional year of schooling results in an increase of only .2 percent in the expected

wage rate.

As expected, the coefficients of the fraction female variables are always negative

and statistically highly significant. When the measure of job complexity is added

to the analysis, the absolute value of the coefficient of fraction female in job is re-

duced by one-half, as in the case of white-collar workers. Interestingly, the effect of

the fraction female in firm exceeds that of the fraction female in job and remains

very strong in all random effects specifications. A firm with only female blue-collar

employees is found to pay over 20 percent lower wages than a firm employing only

male blue-collar workers, suggesting that sex segregation among firms is an impor-

tant piece of the explanation of the gender wage differentials between female and

male blue-collar workers. In the RE3 specification, each level of job complexity is

estimated to increase the wage rate by two percent, i.e. much less than what was

the case with white-collar workers.

By looking at the estimates of the variance components on the bottom lines of the

table, we see that the largest fraction of unexplained wage variation occurs between

workers within jobs, which is in accordance with the findings for the white-collar

workers. Interestingly, the variance of the firm random effects exceeds that of the

job random effects in all specifications. This further supports the view that wage

differentials between firms play a more important role for blue-collar workers than

for white-collar workers.

Table 7 shows the decomposition results for blue-collar workers. It appears that

sex segregation among firms accounts for over one-half of the wage gap. This is in

contrast with the finding that segregation of white-collar workers among firms does

not play an important role in explaining the gender wage differentials. The explana-

tion is two-fold and related to the fraction female variable. First, among blue-collar

workers, there exists a much stronger negative association between the wage rate

and fraction female in firm, which does not get weaker even after controlling for a

number of firm level factors. Second, the strong effect of the gender composition

of the firm is reinforced in the wage gap decomposition by a large degree of sex
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Table 7: Gender wage gap decompositions for blue-collar workers

Sample means Contribution to the wage gap

Men Women Diff. FE OLS RE1 RE2 RE3

Individual regressors

Female .0000 1.0000 —1.0000 .0357 .0389 .0372 .0357 .0357

Schooling years 10.4790 10.1956 .2835 .0006 .0026 .0010 .0006 .0006

Experience 23.0571 25.4285 —2.3715 —.0089 −.0128 —.0111 —.0089 —.0089

Experience2/100 6.5024 7.7185 —1.2161 .0091 .0146 .0112 .0091 .0091√
Firm tenure 3.4148 3.2060 .2088 .0026 .0059 .0029 .0026 .0026

.0390 .0492 .0412 .0390 .0390

Job regressors

Fraction female —.0853 .2747 —.3600 .0396 .0361 .0364 .0188

Mean schooling .0309 —.0994 .1303 .0016 .0004

Mean experience —.2135 .6879 —.9014 —.0078 —.0046

Mean (experience)2 /100 —.1196 .3854 —.5049 .0080 .0046

Mean
√
firm tenure .0287 —.0926 .1214 .0013 .0000

Complexity level .1886 —.6080 .7966 .0228

Complexity missing .0021 —.0067 .0088 —.0004

Large city —.0018 .0058 —.0076 .0001 .0002

Log (job size) —.0451 .1454 —.1905 —.0031 —.0026

.0444 .0396 .0361 .0364 .0392

Firm regressors

Fraction female .1678 .4594 —.2916 .0905 .0858 .0768 .0706

Mean schooling 10.4289 10.3570 .0719 .0018 .0009

Mean experience 23.7848 23.0838 .7010 .0130 .0112

Mean (experience)2 /100 6.8443 6.6170 .2273 —.0063 —.0054

Mean
√
firm tenure 3.4219 3.1832 .2387 —.0045 —.0052

Mean job complexity 3.9454 2.9767 .9687 .0227

Fraction complexity missing .0614 .0439 .0174 .0012

Fraction jobs in large cities .6890 .7197 —.0306 .0008 .0008

Worker mix .2844 .2774 .0069 .0002 .0002

Mean log (job size) 2.9812 3.1357 —.1545 —.0019 —.0027

Log (firm size) 6.3066 6.2456 .0610 .0015 .0012

Industry dummies .0177 .0066

.0958 .0905 .0858 .0991 .1020

Overall sum .1793 .1793 .1631 .1745 .1802

Notes: The raw wage gap, as measured by the sex difference in mean log wages, is .1793. The first two columns

report the samples means of all regressors among men and women; the third column gives the difference. The last

five columns show the absolute contribution of each regressor obtained from the fixed effects (FE) model, OLS

model, and three random effects (RE1-RE3) models. The contributions are obtained by multiplying the

coefficients in Table 6 by the sex differences in sample means in Table 7. The cumulative effect of each group of

regressors is shown below the horizontal lines.
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segregation among firms (see the sex difference in the sample means of the fraction

female). In other words, firms with a high fraction of female blue-collar employ-

ees pay lower wages for unobservable reasons, and this widens the sex gap in pay

considerably because of the large degree of sex segregation among firms.

The segregation of blue-collar women into lower paying jobs within firms accounts

for one-fifth of the wage gap, which is clearly less than what was the case with

white-collar workers. Most of the aggregate effect of job segregation in the RE3

specification (.0392) results from the allocation of women to less complex jobs (.0228)

but almost one-half is attributed to the fraction female in job (.0188). The aggregate

contribution of individual characteristics is .0390, which is attributed almost entirely

to unexplained gender wage differentials within jobs.

5.3 Robustness of the results

In this section we test how sensitive our regression and decomposition results are

with respect to the model specification and data restrictions adopted.

Missing job complexity information. In the case of white-collar workers,

information on job complexity is missing for many observations, including all work-

ers in managerial jobs and some workers in technical and clerical jobs. This has two

implications. First, the degree of detail in the classification of managerial jobs is

low compared with the classification of technical and clerical jobs. This is likely to

have an effect on the relative importance of job segregation and that of within-job

wage differentials. Secondly, job complexity is only partly controlled for in the RE3

specifications in Tables 4 and 5. Therefore, we have performed the same analysis for

a white-collar sample that excludes observations with missing values for the level

of job complexity. This sub-sample represents only technical and clerical workers,

among whom the raw wage gap is much lower (.1570). The regression results are

shown in Table 8 in the appendix. Compared with the previous results, the mag-

nitude of coefficients is different but signs remain unchanged. In the fixed effects

model the coefficient of the female dummy equals —.0283. In the RE2 specification

both fraction female variables have coefficients around —.150. Adding the level of job

complexity to the analysis reduces the unexplained segregation effects considerably.

The coefficient of the fraction female in job drops to a value of —.0335, and that of

the fraction female in firm is reduced by one-third. This means that a major part

of wage variation between jobs within firms can be explained by differences in the

complexity levels of jobs.
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In the appendix Table 9 displays the wage gap decompositions for the sub-

sample of technical and clerical workers. The overall relative contribution of wage

differentials arising from wage differentials within jobs is lower for the sub-sample as

for the entire white-collar data in Table 5. In particular, the unexplained within-job

wage gap of .0283 accounts now for 18 percent of the overall gap among technical

and clerical workers (compared with 25 percent for the entire data). The importance

of sex segregation among firms appears to be slightly weaker now, whereas the

contribution of segregation among jobs dominates, accounting for two-thirds of the

overall gap. The major part of the effect of sex segregation among jobs within firms

(.0738) is attributable to sex differences in complexity levels in the jobs held by

women and men. This in fact explains approximately one-half of the overall gender

wage gap among technical and clerical employees.

In the sample of blue-collar workers, we have valid information on the job com-

plexity level for 96 percent of observations. Dropping those with missing information

out of the sample does not change the results in Tables 6 and 7.

Varying size thresholds for jobs. Obviously, our definition for the job is

quite strict. This leads to a large number of jobs with only one or two workers in

the white-collar data. One might wonder whether this feature of the data would be

partly driving the results. To explore this possibility, we replicated our analysis by

excluding all white-collar workers in jobs with less than three workers (17 percent

of all observations). As a result the raw wage gap changes by less than one per-

centage point. While the regression results of the RE3 model remain qualitatively

unchanged, the variance of the job random effects shrinks (by 20 percent) and the

coefficients of the job regressors change to some extent. Importantly, changes in the

wage gap decomposition turned out to be very small.

In the blue-collar data, the weight of small jobs is much lower — less than 4

percent of blue-collar workers are in jobs with less than three employees — and their

exclusion from the analysis does not change the results.

Jobs with both sexes present. Another potential problem with our data

setup is that apart from being small, quite many jobs consist of only men or women.

It is obvious that observations in such jobs contribute to the role of sex segregation,

but not to the role of gender wage differentials within jobs. So we replicated our

analysis using samples restricted to integrated jobs with at least three workers.

This restriction results in considerably smaller sub-samples. In the case of white-
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collar workers, the number of jobs drops from 40,663 to 3,890, that of workers

drops from 148,944 to 76,375, and the raw wage gap shrinks from .2505 to .2070.

Considering the RE3 specification, the coefficients of job regressors are affected but

those of individual and firm regressors remain almost unchanged. The most notable

differences are more negative coefficients for the fraction female variables. In the

wage gap decompositions these changes are reflected in the relative importance of the

various sources of gender wage differentials. In the RE3 decomposition the absolute

contribution of job segregation drops from .13 to .05, that of firm segregation rises

from .04 to .09, whereas the contribution of unexplained within-job wage differentials

and sex differences in individual characteristics remains around .08. The decrease

in the importance of job segregation stems from a smaller degree of sex segregation

among jobs and from smaller complexity differences between female and male jobs

in this sub-sample.

By imposing the same restriction to the blue-collar data, the number of jobs

drops from 24,020 to 3,446, that of workers drops from 170,033 to 78,937, and the

raw wage gap reduces from .179 to .126. The regression and decomposition results

change in the same way as was the case with the white-collar workers. Namely,

the regressor coefficients do not change much, but the relative importance of job

segregation in the wage gap decompositions falls, owing to a smaller degree of job

segregation and reduced sex differences in the job complexity levels.

Gender-specific slopes. In the Oaxaca-type decompositions the regression

coefficients are usually allowed to be gender-specific. When β is allowed to differ

between women and men, we find a drop in the female dummy coefficient and

different experience coefficients for women and men but roughly equal education

and tenure coefficients for both sexes. These findings suggest that the unexplained

wage gap within jobs is small for workers with little experience but grows with

experience, the average being equal to the value of the female dummy coefficient

in the corresponding specification where β is restricted to be equal for both sexes.

These observations apply to both groups of workers.

5.4 Comparisons with results from other studies

We conclude this section by contrasting our main findings with the findings from

other countries and a related Finnish study. One should not forget that the results

of different studies are not directly comparable owing to dissimilarities in the data

coverage, occupational classification, and statistical methods used.
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White-collar workers in Nordic countries. Our results for white-collar

workers are most directly comparable with evidence for Norway (Petersen et al.,

1997), Sweden (Meyersson Milgrom et al., 2001), and Denmark (Datta Gupta and

Rothstein, 2001). We found that in Finland white-collar women earn some 22 per-

cent less on average than men do, compared with 29 percent in Denmark and 27

percent in Norway and Sweden. Sex segregation among firms accounts for about 16

percent of the Finnish raw gap, while the industry effects have no significant role

at all. These results are consistent with the findings for other Nordic countries that

sex segregation among industries or employers does not play an important role in

the case of white-collar workers.

Roughly one-half of the raw gap of the Finnish white-collar workers is attributable

to the disproportionate concentration of women in lower-paying jobs within firms.

Within firms high-paid managerial jobs are mainly occupied by men, and among

other types of jobs men are concentrated in positions with higher skill requirements.

In Denmark occupational and job segregation explains less than one-half of the raw

gap but in Norway and Sweden as much as 80 percent. Finally, we found that within

jobs white-collar women are paid some 6 percent lower wages on average than their

male co-workers with equal education, work experience, and tenure. This figure is

roughly identical to the size of the (unconditional) within-job wage gap found for

Sweden and Norway but much lower than what has been found for Denmark (about

14 percent after controlling for a number of individual characteristics).

Blue-collar workers in Nordic countries. In the Finnish manufacturing

sector blue-collar women’s mean wage is 16 percent lower than men’s mean wage.

Petersen et al. (1997) and Meyersson Milgrom et al. (2001) report somewhat lower

wage gaps for blue-collar workers in Norway and Sweden respectively. We found

that most of the sex gap results from sex segregation among firms. This is in

accordance with a strong effect of establishment segregation among the Swedish

blue-collar workers. By contrast, Petersen et al. (1997) find employer segregation

less important in the case of Norway. Furthermore, we found that blue-collar women

are paid 3.5 percent less than their equally qualified male counterparts who are doing

the same job for the same employer. This figure is very close to the (unconditional)

within-job gap in Norway, being above the Swedish level.

U.S. evidence. Comparisons with U.S. evidence are less straightforward be-

cause the U.S. findings are mixed and because the U.S. studies do not make a clear
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difference between white-collar and blue-collar workers. Compared with the U.S.

results of Bayard et al. (2003), our results point to a smaller (unexplained) within-

job gender gap and a stronger role for sex segregation in Finland. These conclusions

are reversed, if the findings of Groshen (1991) or Petersen and Morgan (1995) are

taken as a reference.

Finnish service industries. In a complementary study Luukkonen (2003b)

explores gender wage differentials in the Finnish service sector using the methods

developed in this paper. His data, obtained from the records of the Employers’

Federation of Service Industries, cover some 190,000 workers in 3,900 private ser-

vices firms. In the service sector analysis white- and blue-collar workers were not

analysed separately, owing to a different occupational structure. Keeping this in

mind, the raw wage gap of 20 percent in the service sector corresponds quite closely

to our findings for the manufacturing industries. According to Luukkonen (2003b),

one-half of the overall gap in the service industries results from sex segregation

among jobs, one-third from sex segregation among firms, and one-sixth is owing to

unexplained within-job wage differentials and sex differences in individual charac-

teristics. Within-job wage differentials between sexes remain mostly unexplained,

women being paid 3.7 percent less for the same job than their equally qualified male

co-workers.

6 Conclusion

In this paper, we have introduced the new way of decomposing the gender wage

gap based upon the nested random effects model. Our modelling approach took

an explicit account of the hierarchical grouped structure of the matched employer-

employee data. The decomposition allowed us to assess the extent to which the

overall sex gap is attributable to within-job wage differentials and sex segregation

among firms and jobs within firms. Importantly, by explicitly modelling the firm

and job effects, the approach proved to be informative about the sources of lower

pay in predominantly female firms and jobs.

Our findings shed some light on the expected effectiveness of various policy mea-

sures for narrowing the gender wage gap in the Finnish manufacturing sector. In

the case of white-collar workers, the major part of gender wage differentials was at-

tributed to the disproportionate concentration of women in lower-paying jobs within

firms. Within firms high-paid managerial jobs are mainly occupied by men, and
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among other types of jobs men are concentrated in positions with higher skill re-

quirements. Therefore equal opportunities in hiring and promotions should be of

great importance from the policy point of view. But, even after controlling for the

complexity level and skill requirement of jobs, predominantly female jobs are associ-

ated with lower wages. Although this gives support for comparable worth policy, the

scope of such measures for narrowing the gender wage gap of white-collar workers

seems rather limited.

Designing an effective policy for reducing the gender wage differentials of blue-

collar workers turned out be a trickier task. Among this group of workers, much

of gender wage differentials results from sex segregation among firms. The origin

of such a strong effect of firm segregation, however, remains a puzzle. That is,

firms with a high fraction of blue-collar female employees pay lower wages for some

unobserved reasons.

Finally, it is notable that we found women to be lower paid within narrowly

defined jobs within firms. Compared with equally qualified men who are doing

similar work for the same employer, white-collar women are paid 6 percent less

(2.8 percent less in the case of non-managerial white-collar workers) and blue-collar

women 3.5 percent less on average. Eliminating the sources of unexplained within-

job wage differentials can at most account for a quarter of the overall gap of white-

collar workers and one-fifth of the overall gap of blue-collar workers.
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(The gender wage gap in private service occupations), VATT Discussion Papers,

forthcoming.

37



[14] Maddala, G. S. and T. D. Mount, 1973, A comparative study of alternative

estimators for variance components models used in econometrics applications,

Journal of the American Statistical Association 68, 324-328.

[15] Meyersson-Milgrom, E., T. Petersen and V. Snartland, 2001, Equal pay for

equal work? Evidence from Sweden and a comparison with Norway and the

U.S., Scandinavian Journal of Economics 103(4), 559-583.

[16] Moulton, B. R., 1986, Random group effects and the precision of regression

estimates, Journal of Econometrics 32, 385-397.

[17] Mundlak, Y., 1978, On the pooling of time series and cross section data, Econo-

metrica 46(1), 69-85.

[18] Patterson, H. D. and R. Thompson, 1971, Recovery of inter-block information

when block sizes are unequal, Biometrica 58, 545-554.

[19] Petersen, T. and L. A. Morgan, 1995, Separate and unequal: Occupation-

establishment sex segregation and the gender wage gap, American Journal of

Sociology 101(2), 329-365.

[20] Petersen, T., V. Snartland, L.-E. Becken and K. Modesta Olsen, 1997, Within-

job wage discrimination and the gender wage gap: The case of Norway, Euro-

pean Sociological Review 13(2), 199-213.

[21] Searle, S. R., 1961, Variance components in the unbalanced 2-way nested clas-

sification, Annals of Mathematical Statistics 32(4), 1161-1166.

[22] Sevestre, P. and A. Trognon, 1996, Linear models with random regressors,
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A Generalized least squares estimation

A.1 Regression coefficients

We rewrite the regression model defined in (10) and (11) for the block of observations

resulting from the jth firm as

wj = eXjϕ+ uj , j = 1, 2, ..., F,

where ϕ is a vector of all regression coefficients and eXj is a matrix of all explanatory

variables in (10), including a column of ones for the constant. The observations are

stacked group-wise in such manner that the slowest running index is the firm index

j, the second slowest running index is the job index k, and the fastest running index
is the person index i. Given this ordering of observations, the wage vector can be
decomposed as w0

j = (w
0
j1,w

0
j2, ...,w

0
jcj
)0, with w0

jk = (wjk1, wjk2, ..., wjknjk). The
eXj

and uj are constructed similarly.

Given the independence of observations across firms, the GLS estimator is

eϕGLS =
Ã

FX
j=1

eX0
jΣ

−1
j
eXj

!−1 FX
j=1

eX0
jΣ

−1
j wj, (A1)

and its variance-covariance matrix is

V (eϕGLS) =
Ã

FX
j=1

eX0
jΣ

−1
j
eXj

!−1
. (A2)

The error variance-covariance matrix for the jth block of observations can be ex-
pressed as

Σj = σ2ε
¡
Inj +DjD

0
j

¢
,

where Inj is an identity matrix of dimension nj , and Dj = [dj1 Dj2] is a matrix

of dimension nj × (cj + 1), where nj ≡
Pcj

k=1 njk is the size of firm j. All elements
of the first column of Dj (= dj1) are equal to σξ/σε, and other cj columns are
represented by the block diagonal matrix Dj2, where the kth block is a column
vector of dimension njk, with all elements equal to σω/σε, k = 1, 2, ..., cj.
The direct computation of eϕGLS from (A1) would require inverting matrices

Σj ’s, whose dimensions correspond to firm sizes nj, j = 1, 2, ..., F. If, as in our
application, there are several large firms in the data, the numerical inversions of

Σj ’s would become computationally burdensome. With balanced data, inversions

of the error variance-covariance matrices can usually be avoided by use of certain

variable transformations. Fuller and Batesse (1973) consider a special case where

njk is constant for all k within each j. They show how the GLS estimator can be
obtained by applying OLS to the transformed model. This transformation method,

however, does not easily generalise to the case where njk varies within firms, so we
remain stuck with the problem of inverting a series of potentially very large matrices.
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Fortunately, the computational burden can be considerably reduced by the use

of a bit of matrix algebra. More specifically, using Lemma 2 of Davis (2002), we can

express Σ−1j as

Σ−1j =
ejQj −Qjdj1d

0
j1Qj

ejσ2ε
, (A3)

where

Qj = Inj −Dj2

¡
Icj +D

0
j2Dj2

¢−1
D0

j2,

ej = 1 + d
0
j1Qjdj1.

Icj +D
0
j2Dj2 is a diagonal matrix with the kth element equal to 1+njk(σ

2
ω/σ

2
ε), k =

1, 2, ..., cj , and so its inverse is obtained analytically by inverting each of the diagonal
elements.18 With this in mind, it is evident that the expression in (A3) provides

a very convenient way of computing Σ−1j as it avoids numerical inversions entirely.

Consequently, using (A3) for Σ−1j ’s the GLS estimator and its standard errors can be
computed rather easily from (A1) and (A2) even for very large unbalanced problems.

A.2 Variance components

In practice Σj ’s depend upon unknown variances σ
2
ε, σ

2
ξ, and σ2ω. These have to be

estimated in the first step to make the GLS estimator operational. The consistent

estimates of the variances can be obtained by equating the various sums of squared

residuals to their expected values. From Searle (1961) we obtain

FX
j=1

cjX
k=1

njkX
i=1

E
¡
u2jki

¢
= N

¡
σ2ξ + σ2ω + σ2ε

¢
,

FX
j=1

cjX
k=1

njkE
¡
u2jk·
¢
= N

¡
σ2ξ + σ2ω

¢
+ Cσ2ε,

FX
j=1

njE
¡
u2j··
¢
= Nσ2ξ + k12σ

2
ω + Fσ2ε,

NE
¡
u2···
¢
= k1σ

2
ξ + k3σ

2
ω + σ2ε,

where the job, firm, and grand means of the residuals ujki are denoted with ujk·,
uj··, and u··· respectively; N =

PF
j=1 njk is the sample size; C =

PF
j=1 cj is the

aggregate number of jobs; k12 =
PF

j=1 n
−1
j

¡Pcj
k=1 n

2
jk

¢
; k1 = N−1PF

j=1 n
2
j ; and

k3 = N−1PF
j=1

Pcj
k=1 n

2
jk.

18Moreover, ej can be expressed as

ej = 1 + nj
σ2ξ
σ2ε
−

cjX
k=1

(njkσξσω)
2

σ4ε + njkσ2εσ
2
ω
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The expectations on the left-hand side of the equation system are estimated

using

dE
¡
u2jki

¢
= eu2jki, dE

¡
u2jk·
¢
= eu2jk·, dE

¡
u2j··
¢
= eu2j··, dE (u2···) = eu2··· = 0

where eujki denotes the OLS residual from the regression (10). By substituting these
into the equation system and solving for the variance components, we obtain the

following estimators:

eσ2ε = 1

N − C

Ã
FX
j=1

cjX
k=1

njkX
i=1

eu2jki − FX
j=1

cjX
k=1

njkeu2jk·
!
,

eσ2ω = 1

N − k12

Ã
FX
j=1

cjX
k=1

n2jkeu2jk· − FX
j=1

njeu2j·· − (C − 1) eσ2ε
!
,

eσ2ξ = 1

N − k1

Ã
FX
j=1

njeu2j·· − (k12 − k3) eσ2ξ − (F − 1) eσ2ε
!
.

Using the estimated values of σ2ε, σ
2
ξ , and σ2ω, we can construct estimates for the

Σj ’s. In the second step the feasible GLS estimator of ϕ and its variance-covariance
matrix are obtained from (A1) and (A2) computing the inversions using (A3).

There are several alternative methods available for estimating the variance com-

ponents (see e.g. Baltagi et al., 2001). We adopted perhaps the simplest one here.

However, by means of Monte Carlo simulations and empirical examples, the two-step

GLS estimator has been found to be reasonably robust with respect to a particular

choice of the method used in estimating the variance components (see Maddala and

Mount, 1973, for the one-way error components models, and Baltagi et al., 2001,

and Davis, 2002, for the nested error components models).
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Table 8: Wage regression results for technical and clerical workers

Model specification

FE OLS RE1 RE2 RE3

Intercept 1.6210 (.0065) [.1557] 2.1733 (.0088) 1.9896 (.0609) 1.9827 (.0597)

Individual regressors

Female —.0283 (.0011) −.0343 (.0036) [.0036] —.0293 (.0015) —.0283 (.0011) —.0283 (.0011)

Schooling years .0098 (.0003) .0596 (.0004) [.0090] .0191 (.0003) .0098 (.0003) .0098 (.0003)

Experience .0061 (.0002) .0090 (.0003) [.0010] .0081 (.0002) .0061 (.0002) .0061 (.0002)

Experience2/100 —.0084 (.0004) −.0076 (.0006) [.0023] —.0110 (.0004) —.0084 (.0004) —.0084 (.0004)√
Firm tenure .0145 (.0004) .0044 (.0006) [.0034] .0130 (.0005) .0145 (.0004) .0145 (.0004)

Job regressors

Fraction female −.1714 (.0032) [.0118] —.1646 (.0026) —.1463 (.0024) —.0335 (.0021)

Mean schooling .0391 (.0007) .0101 (.0006)

Mean experience .0096 (.0005) .0009 (.0004)

Mean (experience)2 /100 —.0123 (.0010) —.0002 (.0008)

Technical .0447 (.0030) .0629 (.0026)

Mean
√
firm tenure —.0074 (.0010) —.0141 (.0009)

Complexity level .0666 (.0005)

Large city .0482 (.0033) .0309 (.0025)

Log (job size) —.0131 (.0011) —.0097 (.0008)

Firm regressors

Fraction female −.0474 (.0042) [.0737] —.1770 (.0133) —.1545 (.0129) —.1025 (.0128)

Mean schooling .0271 (.0040) .0115 (.0041)

Mean experience —.0010 (.0030) —.0036 (.0030)

Mean (experience)2 /100 .0068 (.0064) .0198 (.0064)

Fraction technical job .0398 (.0131) .0312 (.0123)

Mean
√
firm tenure —.0252 (.0030) —.0225 (.0031)

Mean job complexity .0433 (.0025)

Fraction jobs in large cities .0496 (.0051) .0499 (.0051)

Worker mix .0314 (.0104) .0274 (.0104)

Mean log (job size) —.0057 (.0049) —.0097 (.0049)

Log (firm size) .0056 (.0026) .0071 (.0026)

Variance components

σ2ε (individual error) .0106 .0064 .0064

σ2ω (job random effect) .0111 .0115 .0052

σ2ξ (firm random effect) .0121 .0035 .0043

Notes: FE is the fixed effects model with the heteroskedasticity-consistent standard errors in parentheses. For the

OLS model the classical standard errors are in parentheses and standard errors robust to arbitrary

heteroskedasticity and intrafirm correlation are in square brackets. RE1-RE3 are the random effects models with

the GLS standard errors in parentheses. All job regressors are measured in deviation from the firm mean. Models

RE2 and RE3 include 38 industry dummies. Number of observations is 71,504 in all regressions.
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Table 9: Gender wage gap decompositions for technical and clerical workers

Sample means Contribution to the wage gap

Men Women Diff. FE OLS RE1 RE2 RE3

Individual regressors

Female .0000 1.0000 —1.0000 .0283 .0343 .0293 .0283 .0283

Schooling years 11.8415 11.5404 .3012 .0030 .0180 .0057 .0030 .0030

Experience 23.7720 23.2968 .4753 .0029 .0043 .0038 .0029 .0029

Experience2/100 6.7065 6.5161 .1904 —.0016 −.0015 —.0021 —.0016 —.0016√
Firm tenure 3.4688 3.3031 .1657 .0024 .0007 .0022 .0024 .0024

.0349 .0558 .0390 .0349 .0349

Job regressors

Fraction female —.2358 .3074 —.5432 .0931 .0894 .0795 .0182

Mean schooling .0968 —.1262 .2230 .0087 .0023

Mean experience .2190 —.2855 .5045 .0049 .0004

Mean (experience)2 /100 .1004 —.1308 .2312 —.0029 .0000

Technical .0607 —.0792 .1399 .0063 .0088

Mean
√
firm tenure .0260 —.0339 .0599 —.0004 —.0008

Complexity level .4808 —.6269 1.1077 .0738

Large city —.0042 .0055 —.0097 —.0005 —.0003

Log (job size) .0846 —.1103 .1949 —.0026 —.0019

.1086 .0931 .0894 .0930 .1004

Firm regressors

Fraction female .3599 .5308 —.1710 .0081 .0303 .0264 .0175

Mean schooling 11.7460 11.6645 .0818 .0022 .0009

Mean experience 23.6655 23.4357 .2298 —.0002 —.0008

Mean (experience)2 /100 6.6642 6.5713 .0929 .0006 .0008

Fraction technical jobs .2805 .1701 .1104 .0044 .0034√
Mean firm tenure 3.4145 3.3739 .0406 —.0010 —.0009

Mean job complexity 4.1964 4.2619 —.0655 —.0028

Fraction jobs in large cities .5217 .5477 —.0260 —.0013 —.0013

Worker mix .6688 .6710 —.0022 —.0001 —.0001

Mean log (job size) 2.7546 2.1469 .6077 —.003 —.0064

Log (firm size) 6.8983 6.6157 .2826 .0016 .0020

Industry dummies —.0078 .0052

.0136 .0081 .0303 .0214 .0176

Overall sum .1570 .1570 .1587 .1493 .1529

Notes: The raw wage gap, as measured by the sex difference in mean log wages, is .1570. The first two columns

report the samples means of all regressors among men and women; the third column gives the difference. The last

five columns show the absolute contribution of each regressor obtained from the fixed effects (FE) model and three

random effects (RE1-RE3) models. The contributions are obtained by multiplying the coefficients in Table 8 by

the sex differences in sample means in Table 9. The cumulative effect of each group of regressors is shown below

the horizontal lines.
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