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The Anatomy of Mismatch in the College Market∗

Tore Adam Reiremo†

February 2024

Abstract

Both the availability of college education and the demand for college skills have
expanded rapidly over the past decades in most countries. However, it remains an
open question whether the increasing number of college-educated workers are able
to successfully match with jobs where college skills are rewarded. Using rich Nor-
wegian administrative data, I provide evidence on the evolution of mismatch in the
college market. I further decompose the overall college mismatch into (i) a struc-
tural mismatch that captures misalignment between underlying demand and supply,
(ii) a geographical component, and (iii) a within-location assignment component.
Over the past two decades, overall mismatch in the college market has remained
relatively stable, affecting about 20% of workers, despite large shifts in both the
demand and supply of college workers. I further show that within-location assign-
ment mismatch can account for more than two-thirds of the overall mismatch and
its relative contribution has remained relatively unchanged. This evidence points to
the vital role of reassignment policies that improve matching in the college market.

∗The Norwegian Research Council supported this research under project no. 275906.
†Department of Economics, University of Oslo. Email: t.a.reiremo@econ.uio.no
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1 Introduction

Access to college education has expanded rapidly over the past decades. Among the

OECD countries, the average share of workers with a college education rose from 12

to 39% between 1996 and 2020 (OECD, 1996, 2021).1 At the same time, college wage

premiums rose sharply through the 1990s (Autor et al., 2020), and remain above 30% in

a majority of OECD countries (OECD, 2021).

The success of college expansion policies relies on the ability of college-educated work-

ers to match with jobs where college skills are rewarded. Mismatch in the college market

has adverse consequences for individual earnings as well as productivity and overall ef-

ficiency. This motivates my main research question: How prevalent is mismatch in the

college market? Furthermore, identifying effective policies to reduce mismatch requires

knowledge about the underlying sources of mismatch. Firstly, one has to know what

portion of mismatch is due to a misalignment between underlying demand and supply of

college workers? And secondly, what portion of mismatch can be explained by misalign-

ment between the location of college workers and jobs? While structural misalignment

points towards policies that aim to equalize supply and demand for college workers, geo-

graphical mismatch may suggest that policies that aim to increase geographic mobility are

more effective. The final source of mismatch is a within-location misalignment of college

workers and jobs, which points to policies that improve matching in the labor market.

To quantify mismatch in the college market, I start my analysis by classifying college

jobs. I classify college jobs as jobs in occupations that hold relatively high returns to

a college degree. Next, I measure mismatch in the college market as the number of

college workers in non-college jobs and non-college workers in college jobs. My approach

extends the one by Gottschalk and Hansen (2003) by allowing for unobserved individual

heterogeneity and addressing endogenous selection into occupations. The availability of

rich Norwegian data sources allows for estimation of college premiums that change over

time, while still preserving the granularity of the four-digit classification of occupations.

1For Norway, this share increases from 16 to 45%, while for the US and the UK, the share increases
from 24 to 50% and 12 to 50%, respectively.
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To decompose overall mismatch into three distinct components, I develop a novel

accounting framework that captures the part of mismatch that can be explained by mis-

alignment between supply and demand for college workers in the aggregate economy or

a corresponding misalignment between supply and demand within geographical regions.

To achieve this decomposition, I propose a counterfactual reassignment of college workers

to college jobs, where the overall supply and demand of college jobs are taken as given,

either in the aggregate economy or within each geographical region. This reassignment

procedure can be viewed as an analytical tool that allows the researcher to identify the

lowest attainable mismatch given the supply and demand of college jobs. The decompo-

sition I propose has policy relevance as it provides clear implications for the effectiveness

of alternative policies aimed at reducing the overall mismatch in the college market.

Applying these methods to Norwegian administrative data, I estimate that educational

mismatch affects around 20% among all workers between 2003 and 2018, as well as similar

and stable levels of mismatch among college and non-college workers. Despite a rise

in the share of college workers from 30 to around 40%, I find little contribution from

misalignment between overall supply and demand for college workers. This result is driven

by large positive shifts in college premiums across a wide set of occupations, suggesting

a rising demand for college skills within these occupations. Additionally, I find that

college workers and college jobs are largely concentrated in the same areas, and almost no

contribution to mismatch from geographical misalignment between college workers and

jobs. The within-location assignment component can account for more than two-thirds of

the overall mismatch, which is also relatively unchanged over time. This evidence points

to the vital role of reassignment policies that improve matching in the college market.

This paper makes several contributions to the literature. Firstly, the rich Norwegian

data records allow me to control for unobserved heterogeneity and non-random selection

into occupations by controlling for individual fixed effects. Comparing these results to

OLS regression used in Gottschalk and Hansen (2003) suggests that OLS estimates have

a positive bias that increases with college premiums. Adding controls for ability test

scores and father’s income to the OLS regressions alleviates a large portion of the bias,
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suggesting that non-random selection into occupations drives the difference between my

specification and OLS regression and that this bias is likely to affect mismatch measures.

Secondly, studying the contribution of misalignment in overall supply and demand forces

and the geographical location of workers and jobs brings new evidence of the sources of

mismatch.

Educational mismatch has a long history in labor economics. Consequences of mis-

match were first studied in a seminal paper by Duncan and Hoffman (1981), which led

to a large collection of papers commonly referred to as the ”overeducation”-literature.

More recently, Gottschalk and Hansen (2003) documents falling rates of mismatch among

college-educated workers in the US between 1982 and 1995. Two papers apply their

method to UK data with somewhat mixed results: Grazier et al. (2008) finds uniformly

falling rates of mismatch among college workers between 1994 and 2004, while O’Leary

and Sloane (2016) finds mismatch rates growing from 2001 to 2006 and falling from 2006

to 2010. This paper improves on the estimation procedure by controlling for unobserved

individual heterogeneity and extends the analysis by decomposing mismatch into three

different components.

Several papers have studied related notions of mismatch and their implications for

policy. Lise and Postel-Vinay (2020) investigates mismatch in cognitive, manual, and

interpersonal skills. They find that cognitive skills yield high returns, but adjust slowly

through on-the-job learning, illustrating the importance of alleviating mismatch in jobs

requiring cognitive skills. Fredriksson et al. (2018) studies mismatch along a large set of

cognitive and non-cognitive skills. They find that mismatched workers tend to improve

match quality by searching for new jobs, and that mismatch is most prevalent among

young workers. Their results shows that policies that improve matching in the labor

market are especially important for young workers. Liu et al. (2016) show that a significant

portion of the long-lasting wage penalty associated with graduating in a recession can be

attributed to a mismatch between field of study and early career jobs. This illustrates

that recent graduates are negatively affected by misalignment between supply and demand

forces early in their career and the importance of match quality in the college market.
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Compared to their paper, I abstract away from fields of study and focus on more structural

sources of mismatch.

The role of the geographical location of workers and jobs is a growing literature point-

ing to policies that aim to increase geographical mobility. Marinescu and Rathelot (2018)

finds that US job seekers are 35% less likely to apply for jobs 10 miles (16 kilometers)

away from home, implying a strong preference for working close to home and a reluctance

to move for a job. This result points to geographical misalignment as a potential source

of mismatch in the college market.

The remainder of this paper is organized as follows: Section 2 presents a conceptual

framework used to classify jobs as college or non-college, as well as the decomposition of

mismatch into structural and assignment mismatch. Section 3 discusses identification of

college premiums and presents the estimation procedure. The various data sources are

described in section 4 together with descriptive statistics. In section 5 I present the main

results, including the estimated premiums, observed mismatch, and the decomposition of

mismatch into three components. Section 6 concludes.

2 Conceptual Framework

This section outlines a conceptual framework building on Gottschalk and Hansen (2003).

The framework is used to motivate the classification of occupations to college and non-

college occupations, and give a framework for discussing the identification of college pre-

miums (see Section 3)

The framework abstracts away from several potentially important sources of mismatch,

such as search and information frictions. The model treats education as exogenous and

allows workers to self-select into jobs by considering wages and non-pay attributes. The

model abstracts away from friction and therefore predicts an efficient allocation of workers

to jobs.
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2.1 Demand for College Workers

In this section I outline a simple model of labor demand building on Gottschalk and

Hansen (2003). The model assumes that college and non-college workers are perfect

substitutes, exogenously fixing college premiums. This part of the model motivates the

process of classifying occupations into college and non-college occupations using estimated

college premiums.

Start by considering an economy with J employers in a single period t. Employers

represent groups of uniform jobs, and can be substituted with aggregate industries (as in

Liu et al., 2016), sectors, or occupations. Each employer is endowed with a production

function, characterizing the production technology2:

Qj = F j(Kj, Lj
0 + αjLj

1), j = {1, . . . , J}

αj is the efficiency units of college workers relative to non-college workers in each sector

j, and represents skill-biased technological change. Label these occupations from lowest

to highest α, and normalize the total number of workers to unity:

α1 ≤ α2 ≤ · · · ≤ αJ−1 ≤ αJ

J∑
j=1

(Lj
0 + Lj

1) = 1

Firms are price takers and maximize profits by choosing capital and employment. Because

college and non-college workers are perfect substitutes, the equilibrium wage of college

workers relative to non-college workers is exogenously given by

W j
1

W j
0

= αj, j = 1, · · · , J

For notational convenience, let ωj denote the log wage of non-college workers and δj the

2Time subscripts are suppressed for clarity.
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difference in log wage between college and non-college workers in job j:

ωj = ln(W j
0 )

δj = ln(W j
1 )− ln(W j

0 ) = ln(αj) ≈ W j
1 −W j

0

W j
0

Assume that there is a premium α∗ that perfectly balances the costs and returns to

college education, and label every job with αj
t ≥ α∗ as college jobs.

2.2 Job choice

This section outlines a model of job choice incorporating occupational preferences and

earnings, extending the model of Gottschalk and Hansen (2003). This part of the model

is used to investigate sources of educational mismatch and to discuss the identification

of college premiums (see Section 3.2). The model does not incorporate information- or

search frictions, potentially important sources of mismatch.

Earnings: Workers have either graduated from college or not (ci ∈ {0, 1}), self se-

lect into jobs (ji ∈ {1, . . . , J}), and are endowed with individual productivity terms λi.

Worker i’s log wage is a function of realized job choice, college education, and individual

productivity:

wi(ji, c) =
J∑

k=1

1(k = ji)
[
ωk + ciδ

k
]
+ λi

Utility: Let utility from working in job j be a function of wages and preferences for

non-pecuniary attributes. The utility worker i derives from non-wage attributes of job j

is characterized by γj
ci
+ ϵi. The first term, γj

ci
, captures correlation in preferences within

educational groups, and ϵji are iid. random utility draws from a type-I extreme value

distributed with scale parameter 1 and location parameter 0. Individuals choose jobs to
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maximize the following utility function:

U j
i = ωj + ciδ

j + λi︸ ︷︷ ︸
Log wage

+ γj
ci
+ ϵji︸ ︷︷ ︸

Preferences for
non-pay characteristics

2.3 Allocation of Workers

Denote the number of college (non-college) workers as p1 (p0). Given the distribution of

the random utility draws, the expected number of college (non-college) workers in job j

is given by

Lj
1 = p1

exp(wj + δj + γj
1)∑J

k=1 exp(w
k + δk + γk

1 )
(1)

Lj
0 = p0

exp(wj + γj
0)∑J

k=1 exp(w
k + γk

0 )
(2)

Note that increased wage level (wj) attracts both college and non-college workers from

other jobs, while increased premium (δj) only attracts college workers. The total number

of college and non-college workers in college jobs are calculated by summing over all jobs:

Lc
1 =

J∑
k=1

1(αk ≥ α∗)Lk
1 = p1

∑J
k=1 1(α

k ≥ α∗) exp(wk + δk + γk
1 )∑J

k=1 exp(w
k + δk + γk

1 )
(3)

Lc
0 =

J∑
k=1

1(αk ≥ α∗)Lk
1 = p0

∑J
k=1 1(α

k ≥ α∗) exp(wk + γk
0 )∑J

k=1 exp(w
k + γk

0 )
(4)

Equations (1) and (2) above highlight a problem of classifying jobs using the modal

worker, as pioneered by Verdugo and Verdugo (1989): The number of jobs classified as

college increases mechanically as the share of college worker grows. The equations above

suggest a simple correction: classifying using overrepresentation in jobs, rather than the

modal worker3.

3In Appendix A.1 I investigate the sensitivity of the main results to using these two alternative
classification methods.
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2.4 Decomposing Mismatch

Realized mismatch is the number of non-college (college) workers in college (non-college)

jobs:

mismatchnc = Lnc
1

mismatchc = Lc
0

Overall mismatch is the sum of mismatched non-college and college workers:

Mismatch = Lnc
1 + Lc

0

What is the role of overall supply and demand for determining mismatch in this model?

To fix ideas, consider the lower bound of educational mismatch, taking the number of

college and non-college workers and jobs as given. Table 1 provides a stylized example of

an economy with 100 workers and 100 jobs. Here, 30 non-college workers work in college

jobs and 10 college workers work in non-college jobs, i.e. 40% of workers are mismatched.

Table 1: Labor Market Mismatch, Stylized Example
Required education
Non-college College

Actual
education

Non-college 30 30 60
College 10 30 40

40 60

Note: Stylized example of the allocation of workers to jobs.

The lower bound if mismatch is realized by moving 20 workers into a better match:

Move 10 mismatched college workers into college jobs, and compensate by moving the

same number of mismatched non-college workers into non-college jobs. After doing this

reassignment, only 20% of workers are mismatched, while the overall number of college

and non-college jobs (workers) are unaffected.

In the main analysis, I use this method to decompose mismatch into a structural com-

ponent capturing overall demand and supply forces. I recover the geographical component

of mismatch by restricting the reassignment of workers to be within geographical units.
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3 Identification and Estimation

This section describes the conceptual and empirical challenges in taking the simple model

outlined in Section 2 to the data. First, I discuss how to use estimated college premiums

to distinguish between college and non-college occupations. Second, Section 3.2 and 3.3

discuss the empirical challenges associated with estimating college premiums.

3.1 Classifying Jobs as College or Non-College

In a model with only two jobs, as in the model used by Gottschalk and Hansen (2003), a

simple classification would be to classify the jobs with the highest college premium as the

college occupation. In an economy with more than two jobs, however, it is unclear where

one would draw the line between non-college and college jobs.

One possible solution is to classify every job with a positive college premium as a

college job. That way, we would label any worker with an absolute disadvantage as

mismatched.

A policymaker, on the other hand, would be interested in increasing access to college

education to a level equating the marginal cost and return to college education. Since we

do not observe the social cost, this approach is infeasible.

As a baseline, I will use the threshold that minimizes pooled mismatch. Using the min-

imum mismatch ensures that the choice of threshold does not create an excess mismatch.

Additionally, this implies that the classification of jobs depends only on the ordering by

estimated college premiums and not their magnitude, which is helpful because relative

premiums are better identified than magnitudes.

3.2 Identification

This section discusses identification of job specific college premiums in light of the model

outlined in Section 2.

Assume we have panel data on i ∈ {1, . . . , I} workers, covering the period t ∈

{1, . . . , T}. This extends the model discussed previously by allowing for more than one

10



time period. Each realization of worker i’s wage is given by the potential outcome wage

equation:

wit =
J∑

k=1

1(jit = k)(ωk
t + ciδ

k
t ) + λi (5)

The parameters of interest, δjt , is the college premium associated with job j in year

t. The realizations of λi are allowed to correlate with ci and jit due to self-selection into

education and jobs.

Estimating college premium using within year comparisons of college and non-college

workers in job j likely gives biased estimates, due to endogenous selection into education

and jobs:

E(w|jit = j, c = 1)− E(w|jit = j, c = 0)

= δjt + E(λi|jit = j, c = 1)− E(λi|jit = j, c = 0)︸ ︷︷ ︸
Selection bias

= δjt + E(λi|c = 1)− E(λi|c = 0)︸ ︷︷ ︸
Selection into education

+ [E(λi|jit = j, c = 1)− E(λi|c = 1)]− [E(λi|jit = j, c = 0)− E(λi|c = 0)]︸ ︷︷ ︸
Selection into jobs

The bias coming from non-random selection into education is the well documented dif-

ference in average ability between college and non-college workers, and is likely to bias

estimated premiums upwards. Notice that this bias term is independent occupation and

less problematic because I use relative premiums to classify occupations as college or

non-college.

The last term comes from systematic differences in assignment of college and non-

college workers into jobs. To illustrate this bias, consider an economy where college

education is randomized. This implies that college and non-college workers are comparable

in the overall economy. However, if job j attracts relatively productive college workers

and relatively unproductive non-college workers, within j comparisons still yield biased

inference. Furthermore, the sign of the bias is ambiguous and can vary from job to job.
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Hence, selection into jobs likely affects the classification of jobs using OLS to estimate

college premiums.

The panel future of the data can be used to recover unbiased estimates of relative

wage levels and relative premiums. This is accomplished by comparing the wage level of

worker I across different jobs:

Et′(w|jit′ = j′, c = 0, i = I)− Et(w|jit = j, c = 0, i = I) = (ωj′

t′ − ωj
t ) (6)

Et′(w|jit′ = j′, c = 1, i = I)− Et(w|jit = j, c = 1, i = I) = (ωj′

t′ − ωj
t ) + (δj

′

t′ − δjt ) (7)

Relative premiums are identified by taking the difference. Note that the relative wage

levels include time trends in wages (j = j′ and t′ ̸= t), while the relative premiums capture

how the premiums change over time.

The full set of relative wage levels is identified when jobs form a complete graph

among non-college workers4. Similarly, relative premiums are identified when jobs also

form a complete graph among college workers. Premium levels are identified by individuals

observed both before and after graduating from college.

This identification strategy relies on the strong assumption of separability between

jobs and unobserved heterogeneity, i.e. that the only source of comparative advantage

across jobs is college education. However, because we condition on realized matches, it

is sufficient that workers move between jobs where they have a similar advantage. To

see this, allow individuals to be endowed with job-specific productivity terms, λj
i . For

the within-individual comparisons in equations 6 and 7 to give unbiased results, we need

to assume that individuals do not systematically switch between jobs where they are

relatively productive and relatively unproductive:

Et′(λ
j′

i |jit′ = j′, ci, i = I) = Et(λ
j
i |jit = j, ci, i = I) (8)

There are multiple ways this assumption can be violated. If for example college workers

4I.e. every pair of jobs are connected by a sequence of workers.
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are more likely to work in retail jobs after experiencing a negative productivity shock, this

will bias premium estimates. Another way this assumption can break down is if workers

are forced to switch from occupations where they are relatively productive to occupations

where they are relatively unproductive. Say that a large group of workers lose their job

due to a negative industry shock, and that many take on jobs where they are relatively

unproductive.

The model also rules out on-the-job learning and workers improving the match quality

over time by engaging in on-the-job search. In the empirical section, I address these

sources of bias by controlling for tenure and labor market experience.

Identification and estimation used in the analysis are similar to the specifications used

in the literature initiated by Abowd et al. (1999) (AKM hereafter). AKM aims to separate

the contribution of unobserved worker productivity and differences in employer pay policy

on the distribution of wages by including worker and employer fixed effects in a Mincer

wage regression. Estimation of the AKM model suffers from a potential ”limited mobility

bias”, originating from employers being weakly linked by having few workers moving

between them (Bonhomme et al., 2023). There are two reasons why limited mobility bias

is less of a concern in this paper. First, limited mobility bias in the AKM setting arises

when decomposing the variance of low wages into worker and employer components using

estimated fixed effects. The estimated fixed effects are unbiased but noisy. Secondly, the

number of unique employers commonly used when estimating the AKM-model (∼ 100, 000

for the Norwegian data in Bonhomme et al. (2023)) by far outweighs the number of unique

occupation-year combinations used in this paper (∼ 4, 600), limiting the concern of limited

mobility between occupations-years.

3.3 Estimation

I estimate college premiums using a Mincer wage regressions5. The main specification

includes individual fixed effects, which perform within-individual across occupation-year

5All estimations are implemented using the user-written Stata command reghdfe, described in Correia
(2016).
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comparison as highlighted in the previous section:

Log wage︷︸︸︷
wijt =

Experience,
tenure,
age︷︸︸︷
X ′

it β +
∑J

k=1

Occupation indicators︷ ︸︸ ︷
1(jit = k) ωk

t +
∑J

k=1

Occupation
×

college indicators︷ ︸︸ ︷
1(jit = k)cit δ

k
t +

indiv. fe.︷︸︸︷
λi +εijt (9)

In the above specification, Xit contains age squared, and a second-order polynomial in

labor market experience and firm tenure. ϵit is the residual.

Unbiased estimation requires the following mean independence assumption to hold

(Bonhomme et al., 2023):

E[εijt|X11, . . . , XIT , j11, . . . , jIT , c11, . . . , cIT , λi, . . . , λI , ω
1
1, . . . , ω

J
T , δ

1
1, . . . δ

J
T ] = 0

This assumption allows selection into occupations to be based on individual productiv-

ity, college education, occupation wage levels, and premiums (e.g. college workers in

high-premium jobs). However, it rules our selection on time-varying occupation-specific

productivity shocks captured by ϵijt. This assumption captures the separability between

individual heterogeneity and occupations discussed in the last section, as variation in

unobserved productivity across occupations (λj
i ) would be captured by the residual in

Equation (9).

Notice that if all individuals are only observed either with or without college education,

there would be perfect multicollinearity between the college-occupation indicators and a

combination of occupation and individual indicators. In that case, we could specify a base

occupation and estimate college premiums relative to that. As the relative premiums are

what I will be using to distinguish between college and non-college jobs, this is sufficient

for the rest of the analysis. However, the model fixes the premium levels because we

observe some individuals both before and after graduating from college. Estimated levels

should be interpreted with caution because many of the job spells used before individuals

graduate from college are very early in their careers and side jobs while studying, and

therefore less likely to capture variation in individual productivity.

To shed light on selection bias I compare estimates using two-way fixed effects (FE)
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to estimates from four different OLS specifications: without additional controls, with

controls for socioeconomic background, and with ability test score controls.

4 Matched Employer-Employee Data

This section describes the matched employer-employee data used in the empirical analysis,

presents descriptive statistics of the main variables, and describes the Norwegian higher

education and labor market.

4.1 Data

The analysis employs administrative registry data from Norway, linked with unique iden-

tifiers for individuals, firms and establishments. The linked employer-employee data com-

prise the near-universe of employments between 1995 and 2018, including information

on occupation, earnings, and hours per week. This data is supplemented with data on

education, parental income and education from administrative records, as well as data on

ability test scores from Norwegian military conscriptions. The analysis will be restricted

to the years following 2003, as occupations were not reported before that. Together, the

data gives detailed information on labor market outcomes, socioeconomic background and

ability for the near universe of employments in Norway.

4.1.1 Registry Data Sources

The linked employer-employee data is built from two different data sources, covering

the periods 1995-2014 and 2015-2018. Until 2014, employers were required to report

employments once a year. Starting in 2015, employers were required to report more

detailed data each month. Both data sets consist of multiple within-year records of

the same workers and have been aggregated to unique yearly combinations of workers,

establishments, and occupations.

The registry data prior to 2015 covers all jobs, with the exception of spells with less

than four hours per week, annual duration less than a week, or annual earnings below
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10, 000 NOK (≈ 1 100 USD) per year. Similar restrictions have been imposed on the data

following 2015 to ensure consistency across the two data sets.

Total hours, used in recovering hourly wage rates, are constructed using reported start

and stop date of spells together with (average) weekly hours. Due to measurement errors

in hours, yearly observations with a total number of hours less than 1,5 weeks of full-

time work are removed. This is done to omit outliers in calculated wages 6. Firm tenure

and labor market experience are calculated using the complete data set starting in 1995,

meaning that experience and tenure are censored, especially early in the period.

The change in reporting between 2014 and 2015 happened around the same time as

a substantial decline in oil prices, negatively affecting oil and gas-related sectors, and

increasing unemployment (Hvinden and Nordbø, 2016; Norwegian Ministry of Finance,

2015). This co-occurrence makes it somewhat difficult to distinguish real changes in

observed earnings and employment and differences in reporting practice.

The occupational identifiers used in the analysis are four-digit occupation codes based

on ISCO 88. Some employers (mainly public) were allowed to report occupations follow-

ing different standards than the main occupational standard. To overcome this issue, I

construct a mapping from reported occupations to the main classification. The cross-

walk relies on mapping occupations from before and after employers switch to the main

standard. Although the crosswalk is likely to be imperfect, the narrow definitions of oc-

cupations increase the likelihood that imputed occupation does not differ to greatly from

actual occupation. In total, 4,9 million observations (12%) have imputed occupations.

There are 289 unique occupations in the data set. To reduce noise in estimated

premiums, I follow Gottschalk and Hansen (2003) in aggregating occupations with less

than 50 college or non-college workers in any year together with similar occupations.

After this I am left with 289 unique occupations in the main data set, giving a total of

4,624 unique combinations of occupations and years. The grouping of these occupations

changes the occupation of 0.5 million observations (1.4%).

In a supplementary part of the analysis, I include data on socioeconomic background

6A substantial amount of these observations are associated with extraordinarily high wage levels
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and ability test scores for a subset of observations. Socioeconomic background is measured

using paternal income rank. Fathers’ income is constructed using a unique data set on

yearly income (wage and capital income), covering the period between 1967 and 2017.

To remove the time component of income, I demean earnings within years. As a proxy

for parental lifetime income, I use the average income between ages 51 and 53, shown

to be a good proxy for lifetime income in Markussen and Røed (2016). Income ranks

are constructed within cohorts and excludes women. Father’s income rank is missing for

25% of observations, either because I don’t observe father’s id, or because some fathers

are born before 1916 or after 1964. This data set excludes almost all immigrants and

second-generation immigrants.

Ability test scores were gathered by the Norwegian Armed Forces as part of mandatory

conscription to Norwegian military service after 1950. The tests combine a measure of

arithmetic ability, and figure and word comparison, usually measured when individuals

are between 17 and 20 years old. These tests are used to give each individual a score on

a discrete scale from one to nine, which are the scores I have access to. This aggregation

is likely to remove a substantial amount of information relative to the score on each test.

Participation was compulsory for men and voluntary for females prior to 2014, after which

it became mandatory for both men and women. Ability test score is therefore observed

for most men, but few women and immigrants.

In the part of the analysis that investigates the geographical component of mismatch,

I utilize the regional partition of Norway into 46 commuting zones developed in Bhuller

(2009). The classification is based on existing regional partitions of Norway, adjusted to

minimize commuting across commuting zones. Subsection A.2 documents the commuting

zones and the number of workers in each commuting zone.

4.2 Sample of College and Non-college Workers

Table 2 describes the sample used in the main analysis. The complete data set has almost

42 million observations7. The data consists 3.5 million workers in a total of 400,000

7Yearly jobs, i.e. yearly combinations of workers, establishments and occupations.
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establishments. The share of college graduates in the labor market increased from 30.6%

percent in 2003 to 42.5% percent in 2018.

Table 2: Descriptive Statistics

Full Sample College Non-college

Wage 240.86 277.77 218.26
Log wage 5.38 5.54 5.29
Age 40.69 41.17 40.39
Woman 0.50 0.56 0.46
College graduates 0.38 1.00 0.00
In education 0.12 0.12 0.12
Immigration background 0.11 0.12 0.10
Tenure 4.71 4.63 4.75
Experience 11.03 11.76 10.58
Hours (yearly) 1324.00 1379.03 1290.31
Father’s income rank (51-53) 51.31 58.35 46.70
Ability test score 5.14 6.19 4.60

Observations 41,888,574 15,906,939 25,981,635
Workers 3,543,506 1,349,589 2,612,160
Workers in more than one occupation 2,365,831 1,009,477 1,757,112
Establishments 400,983 253,745 353,717
Firms 336,742 193,136 294,863
Occupations 289 289 289
Occupation-year combinations 4,624 4,616 4,623

Note: Observation count is lower for fathers income and ability test scores, which is non-missing for

31 million and 13 million observations respectively. The number of observations with observed father’s

income rank and ability test scores is 11,327,796.

4.3 Inconsistency Across Registry Data Sources

Figure 1 documents some indication of inconsistency between the registry data sources

used before and after the beginning of 2015. Panel (a) displays the yearly number of

observations and full-time equivalent positions8. In particular, the data collected after

2015 contains more workers than before, but not a significant increase in the total number

of hours worked. Panel (b) documents the increased share of college workers measured

in both workers and hours. Table (c) shows a steady and parallel increase in average log

wages for college and non-college workers. Taken together, these results suggest differences

8hours/1960
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in sampling that primarily affect spells with few hours, and similarity in the inconsistencies

across college and non-college workers.

Figure 1: Descriptive Statistics

(a) Number of observations (b) Share of College Workers

(c) Log wage and average college premium

Note: This figure documents time trends in (a) the number of workers (full-time equivalent jobs), (b)

share of college workers (college-worker hours), and (c) log wage by education. The vertical line is in

2015 when employer’s reporting changed from annually to monthly.

4.4 Descriptive Evidence of Sorting Into Occupations

Figure 2 documents the selection into one-digit occupations. This figure indicates that

aggregating jobs within occupations is likely to capture a large portion of the differences

in educational requirements across occupations. College workers are strongly selected

into managerial, professional and technical occupations, while non-college workers are
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selected into occupations having a first digit between 5 and 9. This selection mirrors

ILO’s mapping of one-digit occupations into the required level of education (ILO, 2006),

classifying occupations with a first digit between 1 and 3 as requiring at least some higher

education, and occupations starting on the digits 4 to 9 as requiring high school or lower.

Jobs in the armed forces are not mapped to required level of education.

A major weakness of ILO’s mapping of occupations to required levels of education is

that it does not capture within-occupation changes in educational requirements. Addi-

tionally, the mapping is silent about variation within one-digit occupation.

Figure 2: Selection into Occupations (1-digit)

Note: This figure shows the distribution of workers across major occupations. Major occupations are

one-digit occupations (shown in parentheses).

5 Main results

This section presents the main empirical result. The distribution of premiums estimated

with fixed effects are presented in Section 5.1, with additional comparison between the

fixed effects and OLS specifications. Section 5.2 documents how occupations are classi-

fied into college and non-college occupations. Section 5.4 decomposes of mismatch into a

structural component, a geographical component, and a within-location assignment com-

ponent. Lastly, section 5.5 shows that the observed increase in the share of college jobs

is driven by an upward trend in estimated premiums.
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5.1 Estimated Premiums

The distribution of estimated yearly college premiums across jobs are reported in Figure 3.

The figure pools the estimates from all years, including occupations with a share of college

workers below 10 and above 90 percent for completeness 9. The densities are weighted

by the number of hours worked in each job, meaning that the high density around 0.7

represents a large number of hours worked in jobs with premiums ≈ 0.7, not the number

of occupations.

As documented in Figure 3, Around 2/3 of hours worked are performed in occupations

with an estimated premium above 5%, while occupations with a negative premium account

for around 1/5 of hours worked.

Table 3 documents the occupations that account for the largest shares of hours worked

in negative-, medium, and high-premium occupations. These occupations make intuitive

sense. Almost 40% of negative premium occupations are accounted for by shop assistants,

while large premium occupations are populated with specialized professional occupations

and CEOs.

Figure 3: Distribution of College Premiums Across Jobs (pooled)

Note: This figure documents a kernel density plot of estimated yearly college premiums, weighted by

hours worked (4,624 parameters in total). The figure includes occupations with a share of college workers

between 10% and 90%.

9These occupations are classified based on the share of college workers, and not the estimated college
premium.
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Table 3: Largest Low- Medium- and High Premium Occupations

Occupation Share Premium
(1) (2) (3)

A: Estimated premium below 0%
Shop assistants 0.39 −0.06 to −0.02
Company cleaners 0.08 −0.05 to +0.02
Personal care and related workers 0.07 −0.02 to +0.03
Waiters, waitresses and bartenders 0.05 −0.06 to −0.04
Car, taxi and van drivers 0.03 −0.05 to −0.03

B: Estimated premium between 0 and 10%
Institution-based personal care workers 0.13 +0.04 to +0.08
Child-care workers 0.11 +0.02 to +0.07
Office clerks 0.06 +0.00 to +0.07
Secretaries 0.05 +0.03 to +0.07
Personal care and related workers 0.04 −0.03 to +0.03

C: Estimated premium above 10%
Computing professionals 0.06 +0.07 to +0.17
Directors and chief executives 0.06 +0.12 to +0.20
Public administration professionals 0.05 +0.08 to +0.13
Technical and commercial sales representatives 0.05 +0.09 to +0.16
Personnel and careers professionals 0.03 +0.09 to +0.15

Note: This table shows the largest occupations among low, medium, and high-premium occupations. The

premiums change over time, meaning that some occupations change groups. Shares are only calculated

using occupation-year combinations where estimated premiums are in the specified range. Premium

ranges show the maximum and minimum estimated premiums across all years.

The premium estimates presented above are the baseline regression, controlling for

unobserved heterogeneity using individual fixed effects. Figure 4 compares these results

with OLS estimates with and without controlling for observed IQ-test scores and paternal

income rank. Panel (a) documents that estimated college premiums are biased upwards

in high-premium occupations relative to the fixed effects estimation. This bias remains

after controlling for fathers’ income and/or ability test scores, but are somewhat less pro-

nounced when I control for both. One possible reason for upward bias in high-premium

occupations is if human capital-intensive occupations tend to attract particularly produc-

tive college workers without simultaneously attracting productive non-college workers.
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Figure 4: Comparison Between Baseline and OLS Estimates of College Premiums

(a) OLS (b) Controlling for fathers’ income

(c) Controling for ability test score (d) Controling for ability test score and fathers’ income

Note: This figure compares premiums estimated using the baseline specification (x-axes) to (a) OLS, (b)

OLS with controls for father’s income rank, (c) OLS with controls for ability test scores, and (d) OLS

with both sets of controls. The figure shows parameters for occupations where the share of college workers

is between 10 and 90 %, meaning that the graph contains multiple data points for the same occupation

(across different years). All regressions are performed on the sample with observed ability test scores and

father’s income rank (i.e. 30% of the full sample).
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5.2 College and Non-college Jobs

Figure 5 documents selection into high and low premium occupations by education, which

will be used to classify occupations into college and non-college. Selection is particularly

strong in low-premium occupations, which employ almost exclusively non-college workers.

Although college-educated workers are overrepresented in occupations with estimated

premiums above approximately 8 percent, there is still a considerable amount of non-

college workers in these occupations.

Since the number of non-college workers is larger than the number of college workers,

the relative height of the densities in panel (a) does not represent the relative number of

workers. Panel (b) shows the same densities scaled to make the height densities compa-

rable in hours worked10.

Figure 5: College Premiums by Education (pooled)

(a) Densities by education (b) Scaled density by education

Note: This figure documents Kernel density plots of 4,624 estimated yearly college premiums, weighted

by hours worked. Panel (a) shows the densities separately for non-college and college workers. Panel (b)

displays the same densities scaled using the share of college and non-college workers. Panel (b) implies

that there are approximately the same number of hours worked by college and non-college workers in

jobs with around 9 percent college premium.

The scaled densities cross at 9.2%, meaning that occupations with a higher estimated

premium employ more college workers than non-college workers. Classifying occupations

with estimated premiums above 9.2% as college occupations, therefore, gives the lowest

pooled level of mismatch. To see this, consider Figure 6 where I have augmented Figure 3

10I.e. scaled by the relative number of college and non-college hours.
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(c) to indicate mismatch using this threshold (colored regions). If we move the threshold

upwards (downwards), we move more college (non-college) workers into mismatch than

non-college (college) workers out of mismatch, showing that using this threshold minimizes

pooled mismatch. For the remainder of the analysis, 9.2% will be used as a baseline

threshold for classifying occupations into college and non-college11.

Figure 6: Premium Density With Mismatch

Note: This figure documents kernel density plots of college premium across occupation by education,

rescaled to make the densities comparable in absolute hours. The dashed vertical line represents the

premium that minimizes overall (pooled) mismatch. The blue (red) region indicate mismatched college

(non-college) workers using this threshold.

5.3 Mismatch

Figure 7 documents the allocation of workers to jobs using the baseline classification of

occupations. The share of workers in college jobs grows, both among college and non-

college workers. As shown in section 5.5, this is driven mostly by increased premiums

changing the classifications from non-college to college over time. The overall share of

mismatched workers, however, is stable slightly above 20% of workers throughout the

period. The share of mismatch is generally decreasing among college workers, and growing

for non-college workers.

Table 4 documents some stylized facts about workers by education and job classifi-

11While classifying occupations with a college share below 10% and above 90% using the college share.
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cation. Workers in college jobs have higher wages, are on average older, and have a lot

more experience than workers in non-college jobs. These patterns suggest that workers

tend to move towards college jobs after spending some time in non-college jobs, consistent

with search and information frictions. The table also documents that non-college workers

in college jobs have higher ability test scores and socioeconomic backgrounds than non-

college workers in non-college jobs, suggesting that high ability can substitute for college

workers in some of the occupations classified as college jobs.

Figure 7: Matched and Mismatched Workers by Education

Note: This figure shows the monthly allocation of college and non-college workers into college and non-

college occupations, measured in hours.
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Table 4: Descriptive Statistics by Education and occupation classification

Education: Non-college College

Job: Non-college College Non-college College
Panel 1: Average across jobs
Wage 206.84 272.67 232.49 295.74
Log wage 5.24 5.52 5.35 5.61
Age 39.33 45.42 37.11 42.79
Woman 0.48 0.36 0.55 0.57
In education 0.13 0.05 0.22 0.08
Immigration background 0.11 0.06 0.19 0.10
Tenure 4.54 5.75 3.38 5.12
Experience 9.95 13.63 9.29 12.73
Hours (yearly) 1234.76 1554.89 1124.61 1480.03
Father’s income rank (51-53) 45.59 51.49 56.85 58.90
Ability test score 4.48 5.09 5.98 6.29
Panel 2: Observations
Observations 21,473,810 4,507,825 4,520,359 11,386,580
Full time equivalent (fte) 13,528,102 3,5761,11 2,593,703 8,598,208

Note: This table describes workers by education and by job-type (college or non-college). Panel 1 shows

averages across jobs, meaning yearly combinations of employees, employers, and occupations. Fte is total

number of hours within a year divided by 1,960. Note that fathers’ income rank and ability test scores

are observed for a subset of 30% and 74% of observations, respectively.

5.4 Decomposition of Mismatch

This section documents the decomposition of mismatch into a (i) a structural mismatch

that captures misalignment between underlying demand and supply factors (ii) a geo-

graphical component, and (iii) a residual within-location assignment component.

5.4.1 Structural Mismatch

To recover the component of mismatch driven by underlying demand and supply, imagine

that we can freely reallocate workers between occupations. As an example, consider

January 2006 in figure 7. A feasible reduction in mismatch within this month is to

swap every mismatched college with a mismatched non-college worker. Because there

are approximately the same number of mismatched college and non-college workers, the

lowest attainable level of educational mismatch within this month is approximately zero.

Compare this to January 2003, where there are fewer mismatched non-college workers
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than college workers, meaning that the lowest level of mismatch is greater than zero.

As the example above makes clear, structural mismatch is apparent in Figure 7 as

the absolute value of the difference between mismatched college and non-college workers.

Similarly, the lower bound of mismatch is equal to the difference between the share of

college workers and college jobs, documented in Figure 8. This figure shows the share

of college jobs growing more than the share of college workers, in particular in the first

half of the period. Assignment mismatch is the residual mismatch caused by the realized

assignment of workers to jobs.

Figure 8: Share of College Workers and Jobs (monthly)

Note: This figure documents the monthly share of college workers and college jobs, both measured

in hours. Within year changes in the share of college jobs are driven by changes in hours worked in

occupations. The yearly jumps in the share of college jobs are driven by changes the binary classification

of occupations.

5.4.2 Geographical Mismatch

The decomposition above is based on the thought experiment of moving workers freely

between jobs. To recover the geographical component of mismatch, this section considers

the lower bound of mismatch by restricting the reassignment of workers within commuting

zones.

The geographical component of mismatch depends on the correlation between the

share of college workers and jobs across commuting zones. Figure 9 documents the joint
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distribution of college workers and jobs. Panel (a) documents a high correlation in the

pooled data set. Panel (b) documents that most commuting zones had a higher share of

college workers than jobs in 2003, a relationship that is inverted in 2018. Both panels

suggest that geographical mismatch might not be a prominent source of mismatch.

Figure 9: Share of College Workers and Jobs Across Commuting Zones

(a) Pooled (b) Over Time

Note: These figures compare the share of college jobs to the share of college workers, documenting that

commuting zones with a large share of college workers have correspondingly high shares of college jobs.

The scatter plot in Panel (a) plots every commuting zone-year combination, showing regions with more

workers as less transparent, while Panel (b) compares 2003 to 2018. The local average lines weights by

hours worked in both panels.

5.4.3 Results

Figure 10 decomposes overall mismatch into (i) a structural mismatch that captures mis-

alignment between underlying demand and supply factors (ii) a geographical component,

and (iii) a residual within-location assignment component.

Overall mismatch is stable, affecting around 20% of workers. The structural compo-

nent is somewhat stable with a slight dip around 2006-2008. Comparing this to Figure 7

reveals that the structural mismatch is driven by a higher share of college workers before

29



2006, while this relationship is reversed for the remainder of the period. Within-location

assignment mismatch accounts for 60% or more of mismatch throughout the period.

Year-to-year changes are affected by variation in estimated premiums around the

threshold and are visible as discontinuities at the beginning of most years. Regardless, of

these instabilities, within-location assignment mismatch is accountable for a majority of

mismatch throughout the period.

Figure 10: Mismatch Decomposed

Note: This figure documents overall mismatch, and the decomposition into three distinct components.

Structural mismatch captures misalignment between underlying demand and supply factors, geographical

mismatch captures the misalignment between the location of workers and jobs across commuting zones,

and within-location assignment is the residual mismatch attributed to the assignment of workers to jobs

within commuting zones. The discontinuities around the beginning of most years are driven by small

changes in estimated premiums around the threshold used to classify occupations.

5.5 What is Driving the Growth in the Share of College Jobs?

This section shows that the increase in the share of college jobs observed in Section 5.2

is driven by an upward trend in estimated premiums, consistent with a growing number

of jobs requiring college education.

The observed increase in the share of college jobs can in theory come from many

changes in the labor market. First, growth in college jobs can be driven by employment

moving from non-college to college occupations, or alternatively by occupations changing
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classification over time. Second, changes in classifications can be driven by trends in

estimated premiums or college worker shares 12. Third, changes in classification can be

an artifact of small changes around the arbitrary thresholds used in the classification

procedure, or systematic shifts in premiums over time.

Figure 11 documents that the time trend in the share of college jobs is almost flat when

classification is not allowed to change over time, meaning that changes in classification

drive the increasing share of college jobs.

Figure 11: College Job Share with Fixed and Variable Classification

Note: This figure compares the estimated time trend in the share of college jobs to alternative classifica-

tions that fix occupations to the 2003 and 2018 classification. “Actual classification” allows occupation

to change between college and non-college across years by changes in estimated premiums or the share

of college workers, while the red lines use the estimated premiums and shares in 2003 (2008) across all

years.

Figure 12 shows that both classification methods13 leads to an increase in the share

of college jobs. Among occupations classified using premiums, this is happening mostly

before 2008, while the college job share is growing steadily throughout the period among

occupations with a college share below 10% or above 90%. The share of college jobs

among the first group shows a sizable decline between December 2014 and January 2015,

possibly indicating inconsistency between the two registry data sources (see Section 4).

Around 50 − 60% of jobs are classified using estimated premiums, growing somewhat

12Because occupations with more than 90 or less than 10% college workers do not use estimated
premiums for classification.

13College premium above 9.2% or share of college workers above (below) 90%. (10%).
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throughout the period, as seen in Panel (b).

Figure 12: College Job Share by Classification Method

(a) College Job Share by Classification Method (b) Share of Jobs Classified Using Premiums

Note: This figure documents the relative contribution of the two methods used to classify occupations.

Jobs with a college worker share below (above) 10% (90%) are classified as non-college (college) without

inspecting the estimated premiums. The remaining jobs are classified using estimated premiums. Panel

(a) shows that both classification methods contribute to a rise in the share of college jobs, with a slightly

higher contribution from using the college job share. Panel (b) shows a relatively stable contribution in

the share of jobs classified using premiums.

Figure 13 Panel (a) documents how estimated premiums change between the first and

last year of the period. On average, premiums tend to increase over time, and this pattern

holds regardless of estimated premiums in 2003. The occupations located in the upper

left square of Panel (a) change classification from non-college in 2003 to college in 2018.

Panel (b) shows how the overall distribution of premiums shifts over time. The distri-

bution in 2003 is close to unimodal, indicating many occupations in the middle of the skill

distribution between 2 and 15 percent in 2003. This picture is severely altered in 2018,

with one peak for jobs with negative permiums, and a large mass of jobs with estimated

premiums above 15 percent.

The polarization of premiums visible in Figure 13, Panel (b), is analogous to the po-

larisation of the US labor market documented in Autor and Dorn (2013). Autor and Dorn

shows that occupations around the top and bottom of the skill distribution experienced

growth in employment and wages relative to jobs around the middle of the skill distribu-

tion. The premium estimates here suggest that there is also a tendency for polarization in
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Figure 13: Estimated Premiums in 2003 and 2018

(a) Change in Premiums Between 2003
and 2018 (b) Distribution of Premiums, 2003 and 2018

Note: This figure compares estimated premiums in 2003 and 2018. Panel (a) compares estimated pre-

miums within occupations, while panel (b) shows the overall distributions of premiums in 2003 and

2018.

skill requirements. While many occupations had a premium of 5 to 10% in 2003, the 2018

labor market is split between jobs giving small college premiums and occupations with

large premiums. The significance of this distributional shift, however, is not assessable

due to the lack of standard errors of estimated premiums.

Table 5 takes a closer look at the occupations that are driving most of the change in

the share of college jobs. Almost 20% of the increase is driven by computing professionals

and public administration professionals. While it might make intuitive sense to think

about some of these occupations as requiring a college education, the prevalence of non-

college workers in these occupations suggests that at least some of the tasks performed by

workers classified using these occupations may be performed by workers without college

education (potentially workers with particular skills acquired by on-the-job learning or

elsewhere).

Lastly, Figure 14 documents why there is a growth of college jobs among jobs classified

using the college worker share. Panel (a) shows that there has been a steady decline in

occupations with less than 10% college workers, and a steady increase in occupations with
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Table 5: Occupations Accountable for Increase in College Job Share

Share of
college workers Estimated premium

Occupation 2003 2018 2003 2018
Share of

increase in demand

Computing professionals 60.2% 70.2% 7.4% 16.5% 10.7%
Public administration professionals 58.6% 71.7% 8.2% 12.1% 8.4%
Civil Engineers (construction) 76.5% 64.7% 9.1% 16.1% 4.8%
Physical and engineering science technicians 40.2% 52.9% 7.7% 14.1% 4.7%
Social workers and child welfare officers 86.6% 92.6% 7.1% 10.4% 4.7%
Auditors and accountants 52.3% 65.4% 4.2% 14.3% 4.3%
Customer service in banking 28.0% 59.3% 3.5% 13.1% 3.7%
Computer engineers and technicians 55.6% 57.3% 8.5% 13.9% 3.7%
Economics and business administration 63.2% 74.5% 7.4% 18.1% 3.0%
Civil engineers (natural resources) 80.8% 79.3% 4.5% 17.8% 2.7%

Note: This table documents the share of college workers and estimated in premiums in occupations that

are contributing most to the increase in the college job-share between 2003 and 2018. The rightmost

column is calculated by comparing the share of college jobs with and without fixing the occupation at

the 2003 classification (college or non-college). The 10 occupations listed here account for around 50% of

the observed increase in the share of college jobs.

a college worker share above 10%. This trend is partially mechanical: As the share of

college workers increases in the overall economy, the expected number of occupations with

less than 10% college workers decreases, and the number of occupations with more than

90% college workers increases, all else constant. Panel (b) shows that there were many jobs

in occupations with almost no college workers in 2003, and that these occupations increase

their college share over time. This reduction is the main driver behind the increase in

college jobs among occupations with a college share outside the interval 10− 90%.

Overall, around half of the increase in college job share can be attributed to a general

increase in estimated college premiums, while the other half of the increase is due to a

reduction in the number of occupations with less than 10% college workers. In Appendix

C, I show that the large increase is the share of college jobs is not due to the mechanical

effect of increasing the share of college workers pointed out above. This is because oc-

cupations with less than 10 or more than 90% college workers have estimated premiums

that lead to the same classification as using the college share.
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Figure 14: Change in College Share

(a) Classified by College Share (b) Distribution of College Shares, 2003 and 2018

Note: This figure documents the share of jobs with less than (more than) 10% (90%) college workers.

Panel (a) shows that there is a decline (increase) in the share of jobs in occupations with less than 10%

(more than 90%) college workers. Panel (b) compares the distribution of college shares across occupations

in 2003 and 2018. Both panels calculate shares and weights with hours worked.

6 Conclusion

In this paper, I provide evidence of the evolution of mismatch in the college market

between 2003 and 2018. I show that about 20% of Norwegian workers are mismatched,

with similar numbers for college and non-college workers.

Despite large shifts in the share of college workers, from around 30 to around 40%, I

find little contribution from misalignment between overall supply and demand for college

workers. This result is driven by large positive shifts in estimated college premiums across

a wide set of occupations, suggesting a rising requirement for college skills within occupa-

tions. Additionally, I find that college workers and college jobs are largely concentrated

in the same areas, and almost no contribution from geographical misalignment between

college workers and jobs for mismatch. The within-location assignment component can

account for more than two-thirds of overall mismatch, and its contribution has remained

relatively unchanged over time. This evidence points to the vital role of reassignment

policies that improve matching in the college market.
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Appendices

A Robustness to Alternative Classifications

A.1 Alternative Methods of Classifying Occupations

In this section I investigate how well the employed classification corresponds to alternative

ways of distinguishing between college and non-college occupations.

ILO classification: ILO classifies managers, professionals and technicians as college

occupations ILO (2006)14. The remaining occupations are classified as requiring high

school or less. ILO does not classify occupations in the Armed Forces as requiring college

education or not. Table 6, Panel (a), documents high correspondence between ILO’s

classification and the one used in this paper. The exception is some occupations classified

as requiring college education by ILO but not in the baseline specification used in this

paper.

Share of college workers: A method used in the literature is to classify occupations

that employ more college workers than non-college workers as college occupations (Kiker

et al., 1997; Verdugo and Verdugo, 1989). As mentioned in Section 3.2, this approach is

sensitive to the overall share of college workers in the economy.

To see this, consider a stylized example of an economy with two occupations, A and B,

100 non-college workers and 5 college workers. Suppose that 6 non-college workers and all

5 college workers are employed in occupation A, and that the remaining non-college work-

ers work in occupation B. Although college (non-college) workers are strongly selected

into (out of) occupation A, this occupation is classified as a non-college occupation.

In the lens of the model outlined in Section 2, the modal worker in occupation j is

realized by the following equation:

Lj
1

Lj
0

=
p1
p0

(
exp(wj+δj+γj

1)∑J
k=1 exp(w

k+δk+γk
1 )

)
(

exp(wj+γj
0)∑J

k=1 exp(w
k+γk

0 )

) > 1 (10)

14See 4 for more details
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Where the modal worker is not only a function of the distribution of preferences and

wages, but also the overall ratio of college to non-college workers. A simple correction for

this is to divide the within-occupation ratio of workers with the overall ratio of workers:

Lj
1/Lj

0

p1/p0
=

Lj
1/p1

Lj
0/p0

> 1 (11)

This can be interpreted as the actual share of college workers relative to the share un-

der random assignment. Alternatively, the expression above can be interpreted as how

strongly college workers are selected into occupation j relative to non-college workers.

Table 6, Panel (b) and (c), compares these two alternative methods for classifying

occupations with the baseline method, measured as pooled hours worked. These classi-

fication methods are well aligned with the main classifications, using the same labels for

86% and 90% of hours worked in the economy.
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Table 6: Comparison of Baseline Classification to Alternative Classifications
(a)

ILO’s Classification
Non-college College Not classified

Baseline
Non-college 48.4% 8.0% 0.6% 57.0%
College 0.1% 42.0% 0.0% 43.0%

49.4% 50.1% 0.6%

(b)

Modal Worker
Non-college College

Baseline
Non-college 52.5% 4.53% 57.0%
College 9.1% 33.9% 43.0%

61.6% 38.4%

(c)

Adjusted Share
Non-college College

Baseline
Non-college 50.7% 6.3% 57.0%
College 4.1% 38.9% 43.0%

54.9% 45.1%

Note: This table compares the baseline classification of occupations with three alternative approaches

to classifying occupations. Panel (a) uses ILO’s classification of occupations into college and non-college

using the first digit. Panel (b) classifies an occupation as college if the share of college workers is larger

than 50%. Panel (c) uses a similar approach to Panel (b), but compares the share of college workers

in an occupation to the overall share of college workers in the labor market. College worker shares and

relative cell-sizes are computed using hours worked.

A.2 Commuting Zones
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Figure 15: Commuting Zones and Number of Workers

Note: The map displays the number of workers within each commute zones in May 2010. The total

number of workers in this month is 1.9 million, meaning that 34% of workers lived in the largest region

(Oslo). The three commuting zones with the largest number of workers after Oslo, (Bergen, Stavanger

and Trondheim) consisted of 6− 7% of workers each.
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B CollegeWorkers and Jobs Across Commuting Zones
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Figure 16: College Worker and Job Share Across Commuting Zones

College workers, May 2003 College jobs, May 2003

College workers, May 2018 College jobs, May 2018

Note: This figure displays the share of college workers and jobs in 2003 and 2018, measured in hours

worked.
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C Occupations with High and Low College Shares

The baseline method classifies occupations using estimated college shares, except for occu-

pations with less than 10 or more than 90 percent college workers. This section documents

the robustness of the main results with respect to changing how these occupations are

classified.

Figure 17 shows how the share of college jobs varies with the choice of which occu-

pations to classify using the share and which occupations are classified using estimated

premiums. The baseline classifies occupations with a share of college workers in the range

10 to 90 percent, indicated with the red line in Figure 17. The remaining lines show the

share of college jobs corresponding to varying this range.

The share of college jobs increases more than the increased share of college workers

regardless of the threshold. However, the increased share of college jobs falls from 20 to

13 percentage points when classifying all occupations using estimated premiums. This is

possibly due to the large amount of noise in estimated premiums for occupations where

almost all workers are either college or non-college workers.

Figure 17: Sensitivity of College Job Share to Classification Method

Note: This table documents sensitivity of the share of college jobs to classification method. As a baseline,

occupation-years with more than 90% (less than 10%) college workers are classified as college (non-

college) occupations. This figure shows how changing this threshold from the baseline case to alternative

thresholds affects the calculated share of college workers.
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Figure 18 documents estimated premiums around the thresholds of 10 and 90 percent

college workers. On average, estimated premiums in occupations with around 10% (90%)

college workers are below (above) the premium threshold 9.2%, meaning that the classi-

fication induced by using college worker shares corresponds to the classification induced

by estimated premiums. Note that estimated premiums tend to get noisy as the college

job share decreases (increases) towards zero (one).

Note that every occupation with more than 10 and less than 90% college workers has

been merged with other occupations to make sure there are at least 50 college and non-

college workers every year. This is not done for occupations with less than 10 or more

than 90% college workers.

Figure 18: Estimated College Premiums Around Share Thresholds

(a) Around Lower Threshold (b) Around Upper Threshold

Note: This figure documents estimated premiums for occupations with close to 10 and 90% college

workers. Occupations with college shares below (above) 10% (90%) are classified using the share, while

the remaining occupations are classified using estimated premiums.
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