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1 Introduction

Since the 1980’s, relative wages in the financeistiy have risen dramatically in many countries
around the world (e.g., Kaplan and Rauh, 2010jijoh and Reshef, 2012; Bell and Van Reenen,
2013a,b; and Boustanifar et al., 2014). As a pdaettalanation of these patterns, Philippon and
Reshef (2012) propose that financial deregulatiotné 1980’s led to an increase in skill intensity
and job complexity in finance relative to otherustties, and that finance wages, especially for

skilled workers, increased as a consequence.

These findings raise important issues about thepetition for talent across sectors and its
implications for the allocation of talent in theoeomy. First, the results of Philippon and Reshef
(2012) and Ceélérier and Vallée (2015) suggest @hsignificant part of the increase in finance
wages is due to the increase in the marginal ptodiycof skilled workers in finance, that is,
finance has become more skill-biased. Consistettit this hypothesis, Goldin and Katz (2008),
Oyer (2008), and Shu (2013) document that a lawgeibn of students from top universities have
joined the finance sector in recent decades. Maedu the extent that higher wages may draw
talent into the financial sector, this could alswé negative effects on the productivity of other
sectors in the economy (Baumol, 1990; Murphy et2391). Exploiting variation in financial
liberalization across countries and time, Kneerl@0b) argues that financial deregulation led to
a flow of talent into finance, which resulted irreduction in productivity in non-finance skill-

intensive industries.

In this paper we use Swedish population data fromimistrative records for the period of 1991 to

2010 to examine whether finance has become mollebgdsed during the last two decades and
whether it has been increasingly absorbing talesmfother sectors. Our wage data from tax
records is uncensored, includes bonuses and atini@ble pay, and contains separate information
on capital income as well as disposable income &tes and benefits. We focus primarily on

talent whose distribution is constant in the popatarather than education and other time-varying
skill proxies. Our talent measures have the beméfdontaining a substantial innate component
and of being largely exogenous to career choiag tlagy are not sensitive to composition changes
over time (as opposed to education). Accordingly, @imary measures of talent are fine-grained

ability assessments from military enlistment at 48€l9, including cognitive and non-cognitive



test scores, which are available for most of théenSavedish populatioh.In addition, we use
detailed information from secondary education, saglyrades, program, or school characteristics,
which are also available for the female part of pbpulation. The level of detalil in the data also

allows us to analyze the right tails of the talemd wage distribution’.

We first address the question whether finance leasrhe more skill-biased compared to other
sectors. A simple Roy (1951) model of workers’ eeat choices predicts that if this were true,
average relative talent in finance should haveeased compared to the rest of the economy. If
finance skill-bias only rises at the top of thells#tistribution, or if skill demand polarizes, the
relative share of top talented workers enterindfithence sector should still increase. In addition,
the dispersion of talent in finance should declitdent should become a more important
determinant of an individual choosing finance, ameasing returns to talent should explain the

rising wages in finance.

While average talent is indeed higher in finanamapared to other sectors, and thus consistent with
the Roy model in the cross-section, our empiricalihgs do not support the prediction of a rising
skill-bias over time. Despite finance wages havimgeased dramatically in Sweden during the
period 1991-2010, particularly at the top of thegwadistribution, we do not find any
contemporaneous increase of talent in the finaseialor Both average talent in finance and the
fraction of top talented workers going into finameenain roughly constant over this period. At
the same time, the finance sector’s share of tleeatMabor force is constant, implying that there
is no inflow of low-talent individuals that offset® increase in talent-intensity. In addition tsec
choice regressions at the individual level do ndidate that talent has become a more important
determinant of entering finance over time. Finalle run wage regressions, where we include

individual and individual-firm fixed effects in oed to control for additional unobservable

1 Cognitive and non-cognitive test scores also paitipend on schooling and other investments duyringh. We

nonetheless call them talents, because they daicoatsubstantial innate component and becausegbpulation

distribution is constant across cohorts, whiclhédomparison we make in this paper. We refer te&tibn, potential
experience, and other characteristics that mayndegenous to sector choice and not constant ipdpelation as
skill proxies. In the theoretical model of Secti®ntalents and skill proxies combine into skill, ieh ultimately

generates earnings in the two sectors.

2 Previous research employing similar Swedish dasashown that our talent measures are indeed gredigtors of
future income, as well as other labor market oue®such as unemployment or the likelihood of bengraimanager
(see e.g., Lindgvist and Vestman, 2011; Hakansah,&012; Grongvist and Lindgvist, 2015, or Adaghal., 2015).
3 Even when we restrict the comparison to other4skjiied sectors, such as IT, law, consulting, andounting, we
see a significant and steady increase in relaiinante wages during 1991-2010.
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components of skill. We find that rising skill asing returns to talent can at best explain a small
part of the increase in finance wages, and thdinhace pay premium rises across the whole talent

distribution.

These empirical results hold regardless of whetleedefine talent as (a combination of) cognitive
or non-cognitive test scores for men, separateescor various cognitive sub-tests, or predicted
cognitive test scores and high school grades ftr ben and women. They also hold for the sub-
sample of 30 year old workers, for which the staredividuals with enlistment scores and high

school grades has been high and constant oveampls period.

We then ask the more general question of whetlgefitancial sector has been absorbing a larger
fraction of the most talented people in the Swegigpulation. We focus on 30-year olds, whom
we use as a proxy for recent entrants into thesdate find that the share of (top) talent thatkegor

in the financial sector has stayed roughly constaet the entire period. We also replicate our
analysis for subgroups for which the concern aleatgrnalities of an absorption of talent may be
particularly strong, such as science, technologgireeering, and mathematics (STEM) graduates
or graduates from top university programs. We dofind any substantial increase in the fraction
of finance sector workers for these subgroups eithdinal concern is that talented people may
move abroad to work in large financial centers saghondon or New York, which would not be
picked up in our data. In order to address thisipdgy, we also analyze whether the likelihood
of finance workers moving abroad or business schyomiiuates starting their career abroad has
increased over time, and find that this is notdhse.

Taken together our findings do not support the bypsis that finance has become more skill-
biased over time. More broadly, they alleviate @ns about a “brain drain” into finance at the
expense of other sectors, e.g., along the lin&aafmol (1991) and Murphy et al. (1991).

While it is not obvious that all of our results ageneralizable beyond the Swedish context, the
Swedish financial sector is similar to that of ctrigs such as the US and the UK in many respects.
As in the UK and the US, the Swedish financial reéikas deregulated in the mid-1980’s, and
growth of the industry has been comparable in tleesatries over our sample period. We show

that the time-series of both relative wages andtike education in the finance sector look



remarkably similar in Sweden and the ¥@/hile the finance wage premium in Sweden increased
from more than 30% in 1991 to almost 70% in 2048 finance wage premium in the US increased
from about 20% to almost 50% over the same pehftmdeover, previous research has documented
that the post-secondary and college education stdre/orkers in finance compared to the real
economy have risen substantially (e.g., Philippath Reshef, 2012, and Boustanifar et al., 2015).
While we show that this is also true for Swedere,also show that overall post-secondary and
college education attainment rates in the popuidtieve increased substantially over our sample
period, and, as a consequence, the average taggiy educated workers has declined. This
suggests that the increase in relative educatioatia sign that more talented individuals are goin
into finance over time, but rather that conditional talent, an individual entering the sector in
recent years is more highly educated than béfdnecontrast, our talent measures, which are
immune to such composition effects (the high sclgyatles are scaled to achieve this), do not

indicate any increase for finance workers over time

The remainder of our paper is organized as folloBextion 2 explains the data and the talent
measures, and it establishes the main stylized fla¢he finance sector in Sweden, where possible
comparing it to the evidence in the US and the B&ction 3 presents our model and derives the
empirical predictions. Section 4 tests the preditdj analyzing average and top talent selection,
workers’ sector choices, and wages in financeivedb the rest of the economy. In Section 5, we
investigate whether the financial sector is abswylonore talent over time, by examining the career
choices of high-talent workers. The last sectionchades.

2 Data and Stylized Facts

2.1 Sample Construction from Different Registers of Stastics Sweden
Our basic sample is the longitudinal integratiotatdase for health insurance and labor market
studies (LISA) provided by Statistics Sweden (SCBie database presently holds annual registers

since 1991 and includes all individuals 16 yearage and older that were registered in Sweden as

4 Boustanifar et al. (2015) analyze the developneénelative finance wages for 22 different courgr{@sing data
from KLEMS), and find that not all countries displaimilar patterns. In particular, deregulationais important
predictor of increasing finance wages and relasiié in their data. Although Sweden has a smdileaince sector
than the US and UK, it is still sizable comparedni@ny other countries.

5 Consistent with this, Boustanifar et al. (2015)nas find that higher skill-intensity as proxied glative university
shares explains the dynamics of the finance wagmipim in a panel of countries from 1970 to 2005.
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of November for each year. The dataset containdoyment information (such as employment
status, the identity of the employer, and wagesyelsas demographic information (such as age

or family composition).

Our main measure of wages is the annual labor iedoom the largest source of income, in case
somebody has multiple employers. One advantageadihy annual wages compared to hourly
wages is that they include bonus payments thalileely an important part of compensation in
finance. In robustness checks we also includealagains (annual labor income plus annual capital
gains) and other benefits and deductions (dispesabbme) To compare wages over time, we

deflate all wages using the consumer price index.

We supplement the initial sample with various itetimst are also provided by SCB: We obtain
information on education (grades, track, schoold amiversity) from the high school
“Gymnasieskolan” and university “Universitet/hogk@’ registers and further details on the job

from the “Jobb” register.

We define individuals’ sectors according to the 8wl Standard Industrial Classification (SNI)
code reported for the establishment at which thieyeaployed. Our sample years are covered by
the SNI11992 (1990-2001), SNI2002 (2002-2010), axtP807 (2011) classification. We construct
a balanced SNI industry code for the years 199@22sed on the SNI2002 by aggregating non-
unique mappings between SNI11992 and SNI2002.

To arrive at our analysis sample, we first dropabervations with incomplete data (e.g., missing
gender information or age). Following Edin and ferddson (2000), we only keep workers whose
declared labor income exceeds the minimum amoumaafings that qualifies to the earnings
related part of the public pension system. In 1988, amount was 36,400 SEK per year. Finally,

in line with Philippon and Reshef (2012) we onlggavorkers who are dependently employed in

8 One argument for including capital income in o@ge measure is that it would capture equity-basetpensation.
The drawback is that our data cannot distinguislitedpased compensation from other capital incosneh as return
on personal savings and investments. Importartigtret was no particular tax advantage in Sweden fraging
employees in options or restricted stock as opptisesjular bonuses over the time period we stildgrefore, equity-
based compensation was uncommon in Sweden, evgulitic company CEOs. The exception is employeeealvn
businesses, where the owner-employees would ngtbeacompensated through dividends.
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the private, non-farming sector. This selectioncpss results in a sample of about 65 million

individual-year observations. Table 1 provides samynstatistics for our sample.

2.2 Talent and Skill Measures

Following Philippon and Reshef (2012) we use edanagiroups as a first proxy for skill. We
assign individualgducation groupb®ased on their highest level of education. Ounngabups of
interest are “post-secondary education” and “ursitgidegree”, which are classified in the same

way as in Philippon and Reshef (2012).

Similar to the US, the fraction of people with pestondary and college education has increased
in most Western European countries including Swe@wen that the composition of college
graduates has shifted significantly, it is uncledrether the relative increase of education in
finance, documented in Philippon and Reshef (2042) other studies, coincides with a
commensurate rise in relative human capital in gleator. In particular, it is not clear whether the

relative innate skill component of human capitdiiance actually increased.

Using our data we are able to address this queasoh) we have direct ability measures with a
substantial innate component (e.g., cognitive an@aognitive test scores), 2) the distributions of
these measures in the overall population are kasgable over timéand 3) they are elicited before
most individuals choose their careers. Moreoverséhproxies for talent are fine-grained, which
allows us to examine the tails of the talent disttion. Given that the finance wage premium rises
strongly at the top, this is of special interest.

Our main proxies of talent measure different agpettognitive and non-cognitive ability for 18-
19 year old males. They originate from the SwedBefence Recruitment Agency
(Rekryteringsmyndigheten) for cohorts enlisted ety 1983 and 2010 and from the Military
Archives (Krigsarkivet) for cohorts enlisted betwe#969 and 1983. Lindqvist and Vestman
(2011) provide a detailed description of the dawc iés collection.

7 Flynn (1984) reports substantial improvementsvierage intelligence during the mid28entury. However, these
gains seem to have petered out in the Nordic cmsnfior a large part of our study population. Fxaraple, Sundet et
al. (2004) find that 18 year old Norwegian maleswipts born after the mid-1950s had rapidly desirepgain rates
with a complete cessation of the Flynn effect fisthbcohorts after the mid-1970s (similar findingsist for Danish
conscripts and for Swedish 13 year olds born 1®#7Zlincluding girls). For our purposes, even if fopulation
distribution of cognitive ability changes acrosstibicohorts, it is still informative to study fixgaercentiles of the
ability distribution over time.
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The test of cognitive ability consists of four @ifént partsl¢gic, verbal spatial andtechnical
comprehensiognof which each is constructed from 40 questionse Test is arguably a good
measure of general intelligence and it thus hasoager fluid IQ component than the American
AFQT, which focuses more on crystallized 1Q (Lingghvand Vestman, 2011). We obtain both the
raw results of the subtests as well as a transirdiscrete variable, aggregating the individual
results into one score abgnitive ability This standardized variable ranges from 1 (lowts®
(highest) and follows a Stanine scale that appratés a normal distribution. While our main

analysis is based on the aggregated variable,seeeabmine the raw scores in parts of the analysis.

We obtain a standardized score fi@n-cognitive abilityranging from 1 to 9, following a Stanine
scale as wef. The score is based on a 25-minute semi-structimview by a certified
psychologist. It is designed to elicit, among oshewillingness to assume responsibility,
independence, outgoing character, persistence, i@mobtstability, and power of initiative
(Swedish National Service Administration referenbgdLindqvist and Vestman, 2011). At the end
of the interview, the psychologist assigns onelfiseore out of 1-9, weighing the different
components of the tests. Lindgvist and Vestmanatigat thenon-cognitive scores different from
other measures often used in the literature oropatity and labor market outcomes. Moreover,
instead of assessing a specific trait,riba-cognitive scorassesses the ability to function in a very
demanding environment (military combat) and is lijkéo be rewarded in the labor market
(Lindgvist and Vestman 2011, p109).

As an additional component of the military enlistinest, we obtain a measure of leadership. This
is the result from a test that assesses the ditijdbr a career as an officer and is conductely on
for those who scored above the mean in the cogniéist (score of 5 or higher). The leadership
score arguably captures additional characteribgg®nd the cognitive and non-cognitive that may
be valuable in the labor market, especially for aggment jobs. The leadership measure again
spans over a range of 1 to 9, follows a Staninkesaad it is relatively strongly correlated wittet

non-cognitive score.

8 Referring to this construct as non-cognitive &pils somewhat inaccurate as it is also influeniegdndividuals’
cognitive processes and therefore it might be bédteefer to it as character ability. Nonetheless, stick with the
literature on the Swedish enlistment scores andhesterm non-cognitives in the paper.
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The military test scores have been identified asngt predictors of labor market outcomes.
Lindgvist and Vestman (2011) show that controlfiogthe respective other score, cognitive ability
is a somewhat stronger determinant of wages whbiteaognitive ability is more important for not
being unemployed. The positive effect of non-cdgeg on wages is about linear over their
distribution, the effect of cognitives is strongehigher levels, and there seems to be no saiorati
point for either measureThe positive effect of better cognitives and nogritives holds up
within specific labor market groups such as marggeand cognitives, non-cognitives and
leadership also predict a higher likelihood of baot a manager (e.g., Grénqvist and Lindqvist
2015).

The availability of the military test scores is moinstant over time. For individuals born before
1950 we do not have the conscription informatiod @@ share of males for whom we observe the
score starts dropping for birth cohorts after 1980 to the gradual abolition of compulsory
military service. For men aged 30, the coverageughly constant at around 70-80 percent during
our whole sample period. We therefore redo alltalant analyses for this group born 1960-1980

separately?

An obvious limitation of the talent measures preddoy the recruitment agency is its gender
selection. While almost all men are required totli® enlistment tests when they turn 18 or 19,
only a small fraction of women are tested. For thason, we employ the type of program (“track”)

chosen in high school together with the grade pawerage as an alternative measure of talent.

We collect information from the high school registe the final grade, graduation year, and the
track the person was enrolled in from 1973 onwdd.then construct a predicted cognitive talent
measure for males and females by regressing cegmhility on a third order polynomial of high-

school grades interacted with track and the aggaatuation for each graduation year in the male
subsample. The resulting parameters are then ogaetdict individual cognitive ability for both

genders. This predicted talent measure alone @sgptaore than 35 percent of the variation in the
actual cognitives for males. Finally, we normalihes measure to percentiles (1 to 100) within

graduation year and gender to account for posgialde inflation and for the fact that females on

9n contrast, for alternative measures of non-cidggs, such as the Big Five personality traitsghleir or lower scores
may not always be better.
10 |n unreported robustness checks we use 35 yesibolth 1955-1975 and find the same results.
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average have better grades in high school. Asudtiee obtain a fine-grained relative and early

talent measure for both genders that is stablesagrears.

We also construct an alternative talent measuréeforales purely based on their grades in order
to potentially capture their non-cognitive abiléag well. Pooling grades across all the high school
programs of varying length and difficulty that Swetd students may be enrolled in would be
problematic in terms of comparability. We therefordy consider the students attending programs
that lead to university admission and compute stti@ercentile rankgraderani.'! We further
restrict our grades sample to the science tratkgh-school, which traditionally enrolls the most

able students.

As in the case of military enlistment scores, thare of individuals for whom we have grade and
track information is not to the same across cohéits 30-year olds of both genders coverage is
largely constant at around 60 percent. We theretate all our talent analyses based on grades for
this group born between 1960 and 1980.

2.3 Relative Earnings and Education in the Swedish Finacial Sector

We first show stylized facts about the evolutioreafnings and education in the Swedish financial
sector relative to the rest of the economy. Whenewessible, we relate these facts to evidence
available from other studies for the US and the We also use US Current Population Survey

(CPS) data to (re-)construct part of this evidemaeselves.

The top row of Figure 1 depicts the relative averagges in finance in Sweden (left panel) and
the US (right panel). Relative wages are definetthasatio of the average wage in finance and the
average wage in the non-financial, nonfarm prigatetor. Finance wages in Sweden are about 30-
35 percent higher than in the rest of the econamy991 and that they rise to being almost 70
percent higher in 2010. In the US over the sammggfinance wages rise from about 20 percent
to almost 50 percent above the wages of the refteobconomy. Moreover, there appears to be
some co-movement between the series in the twaotigesinin particular, after the crises of 2001
and 2008 relative finance wages, both in Swedeniratide US, dropped substantially, but they

recovered relatively quickly afterwards.

1 While there are about 20 different programs inl#te 1990s and 2000s, four programs (sciencealsscience,
“special programs”, and art) account for 85% ofualiversity admissions.
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While the trend and the fluctuations are similag level of relative finance pay in the US is lower
than in Sweden in the top row of Figure 1. Parthefreason for this is that we use CPS data for
the US, which is top coded and report hourly or kixegvages that do not include end-of-year
bonuses and other payments. Philippon and Resb&2) 2herefore approximate (top) wages using
US Industry Accounts. Comparing our Figure 1 touFggl in Philippon and Reshef (2012), we

observe that also the levels of relative wagesianice are about the same in Sweden and the US.

An important advantage of our administrative popaiadata, including end-of-year bonuses, is
that we can estimate all parts of the wage didfiobuwvith precision. The bottom row of Figure 1
depicts the relative percentiles of finance pagweden compared to the respective percentiles in
the rest of the economy. Relative finance wagestaoagly upward trending for all percentiles of
the wage distribution over our sample period. Yteayear fluctuations are larger for the top of the
distribution, especially for the 9%nd 99' percentiles, underscoring that bonus paymentsteot
performance-based compensation are particularlypitapt for this group. Bell and Van Reenen
(2013) document similar findings for the UK.

Despite the large fluctuations at the top, theeddhces between percentiles are increasing over
time. Therefore, finance’s relative wage distribatiis “fanning out”, with the top percentiles
experiencing the largest gains. While median fiesgarners obtain a 15% increase in their relative
earnings from 1991 to 2010, the top percentilegase is over 70%. This implies that in the end of
the 2000s, the very top earners in finance takeehamound 2.5 to 3 times as much pay as the very
top earners in the rest of the economy. The lagel land increase of finance wages at the top of
the distribution is also reflected by finance wakeepresentation among the highest percentile
earners. The share in our data of top 1 (0.1) perearners who hail from the financial sector
increased from 9 (16) to 16 (29) percent respelgtinering 1991-2010 (not tabulated but available
upon request). These shares are of a similar mafgés the ones that have been documented for
the US and the UK2

12 Using UK administrative records, Bell and Van Ree2013b) show that almost the entire increasiedrearnings
share of top earners during 1999-2008 is due tdinla@ce sector. For the US, Philippon and Resk@i?) estimate
that the fraction of finance workers in the topitieof earners in the nonfarm private sector inseelafrom 1.3% in
1979 to around 10% in 2009. Kaplan and Rauh (2@a@ulate that a subset of the highest paid finamaekers
(financial firm executives, investment bankers,deéund managers, and VC and private equity masagecount
for 5-10% of the top 0.5% of earners in 2004, anaghly twice this fraction of the top 0.01%. Thdgmargue that
the fraction of this group of finance workers irettop earnings distribution has increased substantver time.
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In Appendix A we report additional facts about Sisadinance wages. First, we concentrate our
analysis on Stockholm, where about 45 percent efadvand 80 percent of top 5% earning finance
workers in Sweden are employed. These (top) empoyrehares in finance are comparable to
London’s share in the UK (Bell and Van Reenen, 2)18Ve find that finance relative wage

increases are somewhat stronger in Stockholm thdnei rest of the country, indicating, among

other things, that higher finance wages do notrgfict the rising cost of living in Stockholm. We

also compare finance relative wages to other hkgh-8igh-earning sectors such as IT, consulting,
law, and accounting. Finance wages are risingrasgly compared to these high-skill peers as
compared to the whole rest of the economy. Finally,contrast our preferred measure of yearly
labor income to the alternatives of including capibhcome and to using disposable income after

accounting for taxes and benefits. Again, the di/eends are very similar using these measures.

In addition to the rising pay in finance, seveiaildées have documented high and rising relative
skill levels in the finance sector (e.g., Philippaomd Reshef, 2012, for the US; Boustanifar et al.,
2015, for a panel of developed countries), uselgtive education as a proxy for skill. In the top
left panel of Figure 2 we use our Swedish datddbtpe relative share of individuals who attained
more than a high-school degrems$tsecondary educatipand of those who attained a university
degree (niversity educationin finance compared to the rest of the economg. 3&e that the
increase in relative education is present alschen Swedish data, with relative postsecondary
(university) education increasing from about 2% J2861991 to 15% (12%) in 2010. Compared
to the US, which is computed using CPS data irritite panel, the level differences in relative
education are somewhat smaller but the trend igdasindS post-secondary education increases
from 14% to 18%, relative university education gases from about 11% in 1991 to about 16% in
2010.

Education, however, may not be a good measureofoparing the skill intensity of the financial
sector over time. First, education is a relativelyde proxy of skill and will not allow us to idéfyt

the most talented individuals as a large fractibtme population increasingly completes some sort
of post-secondary training. It may further be eramys to an individual’'s sectoral choice. In

particular, individuals who wish to work in the dincial sector today are likely to need a university

Guvenen et al (2014) use administrative record¢hi®US and estimate that workers in Finance, brste, and Real
Estate (FIRE) accounted for 18.2% of the top peiieeof earners over the period of 1983-2006.
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degree. Finally, overall post-secondary and unitseegtainment has risen strongly over the last
decades, resulting in a likely decline of averagertt in the group of post-secondary education or
university graduates. The bottom panel of Figur#ugtrates this last point in our Swedish data,
plotting the post-secondary share in Sweden agawestage cognitive ability among those who
attained post-secondary education. During 1991-204ét-secondary attainment rose from 20 to
35 percent among males (left panel), while averagmitive ability in the post-secondary group
declined by about a quarter of a standard deviafibe results are similar for both genders (right

panel).

Given these caveats for using education as a gooxglent, we henceforth analyze skill selection

into finance using our fine-grained, predetermireed comparable-over-time talent measures.

3 Empirical Model of the Effects of Finance Skill-Bias

To fix ideas we propose a simple model of labompbupased on Roy (1951). This model delivers
empirical predictions on the selection of skillariinance as well as how workers’ sectoral choice
and wages should depend on skill, which we cannédsie data using our detailed talent and skill

measure$3

3.1 Average Skill Selection
We consider an economy with two sectors, the firrsectorF, and the real sect®. Suppose

that log wages in sectére {F, R} at timet are a function of workaei's skill s;;:14

Wit = Qe + PreSit (1

Changes i, correspond to percentage changes in the wagarmhabdependent of the level of
skill, while changes i), translate into percentage changes of wages depeadithe skill of the
workers. We can interpret;; as deviation from population average skill, thatsj, > 0 are
relatively high-skilled and;; < 0 are relatively low-skilled workers (see AppendiX2lC The

wages in (1) may, but do not need to, be determinetpetitively according to workers’ marginal

13 Qur results on (relative) talent selection belawngdt depend on the model and stand on their ownillEstrative
purposes we abstract from skills being sector-§ipecie., possessing an indéx

4 The model can be extended to more than two secfhesbinary choice regressions proposed below avthén
become multinomial choice regressions.
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product in sectok. Workers have preferences over wages and job cfeaistics. Hence, utility

from working in sectok is given by:
Uit = Wit + Vgt (2)

wherevy;; = p.: + €i¢ IS the worker’s preference for the job wijtp; the population mean and
xit|Sic = 1id(0,02) is the individual-specific deviation from that nmeaworkers are utility

maximizers and choose jobs accordingly.
It is convenient to define workers’ relative wagesl utilities in finance:
Wit = Wrie — Wrie = @ + BeSie 3)

Uit = Upie — Ugie = @ + Besie + e + &t 4)
lllustration 1 plots these relative wages and tiggi against workers’ skills for the expositionally
convenient case @f.=0. The distribution of individual-specific relaé\preferences for finance is
indicated by the two curves around the relativeerage. The finance sector is chosen when the
worker’s relative utility is positive. The left pahof Illustration 1 shows the case in which financ

is relatively skill-biased as the relative wageeliis upward-sloping (i.e3,>0). High-skilled

workers are therefore (relatively) more likely tater the finance sector than are low-skill workers.

Illustration 1

Wi, Ui Wit, Uyt

The idea of an increasing skill-bias in financec@ptured by an increase of the relatfen
equation (3) over time. Our main interpretatiorth# rising skill-biasg, is the one proposed by
Philippon and Reshef (2012), Cellerier and Val@#l6), and others whereby the relative marginal
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product of skill increases in finance. An altermatinterpretation could be that high-skill workers
are becoming relatively more effective at extragtients from their employers in the financial
sector. In either case, relative potential wagesniance for high-skill workers rise compared to
low skill workers. lllustration 1 (right panel) defs this by the steepé¥;; line. We see that now

a larger share of the high-skill and a smallersio@the low-skill workers enter the finance sector

For each value af, andS, we can compute the average skill of workers irfith@nce sector:
E(Sitlﬁit >0) = E(Sit|5it > —(@; + Pesie + i) 5)

Under standard assumptions, i.e., a normal digtabwf s;; andé;;, this conditional expectation
increases when the relative skill-biggin finance increases. Concurrently, the seleatibskill
into the rest of the econonﬂ(sit|l7it < 0) declines. Oufirst empirical test is therefore based

on sectoral skill composition by checking whether
E(sit|Uic > 0) = E(sue|U <0)  (6)

rises over timé® Empirically, we use components or determinantskif s;, that are arguably

comparable over time (i.e., our talent measures).

Philippon and Reshef (2012) also analyze how redakill proxies (in their case, the relative share
of workers who have attained some post-secondargagion) between the financial sector and the

rest of the economy, that B(s;;|U;; > 0) — E(s;|U;; < 0), evolve over time.

When finance’s skill-bias changes, the dispersioskdl in the sector should also be affected. A
well-known prediction from the Roy model under naiity (in the cross-section) is that self-

selection produces a lower dispersion of skill witbectors compared to the overall population:

15 This immediately leads to the rising relative waiefinance that we observe in the data. In aldjtivage inequality
in finance will increase when the increasgBjindominates the effect of a potentially more homagesn(high-)skill
selection into finance. The relative task priceviarking in financei, may also be affected in general equilibrium
(see Appendix C.2).

18 We could equally well check whethé(sit|l7it > O) rises over time and the empirical results belowldde the
same. We decided féi(s;,|U;; > 0) — E(s;|U;x < 0) because it is consistent with Philippon and Resdref because
it accounts for a potentially changing selectiorskifl into the labor market. Empirically, this te out not to be a
major issue.
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Var(si|Uis > 0) < Var(s;) (7

We can get an intuition for this effect in the Ipéinel of lllustration 1, as high-skill workers are
more concentrated in finance and low-skill workams more concentrated in the real economy. A
further increase in finance’s skill-bias in the htigpanel of Illustration 1 leads to a further
concentration and thus a lower dispersion of gkithe sector. We examine this prediction along
with the average skill (empirically, talent) seleatas goart of our first empirical test. Appendix

C.1 provides proofs of these claims and furthecudision of why we focus on expressions (6) and

(7).

One case in which skill selection into the finahsictor may not improve or the dispersion of skill
may not decline even under standard assumptidhthisre are many new entrants on the margin.
In lllustration 1 (right panel) we can see a snradingle spanned by the;;, w;, lines and the x-
axis. If there is enough mass of workers withirs tiniangle and their skill is sufficiently low, the
expression in (6) may actually not increase nd(s;.|T;; > 0) may actually increase. In that
case, however, relative employment in the finansgaitor will also need to be rising at the same

time (see Appendix C.1).

This last prediction of rising employment of skillevorkers in finance could also result from a
different interpretation of rising relative skilethand in that sector whereliy rises. Appendix
C.2 derives such a case where the relative margnoaluct of working in finance rises within a
general equilibrium extension of this model. Alitiwely, the increase i, may be due to finance
workers capturing more rents from their employénslllustration 1 (right panel) this would
constitute a shift up of the relative wage curnvaead of- or in addition to a rotation along the y-

axis. We check for rising employment in financea#d of our first empirical test.

The second empirical testof increasing skill-bias in finance is based orrkees’ choices. The

probability that a worker with skili;; chooses finance is given by
Pr(U; > 0) = Pr (5it > —(@ + Besic + ﬂt)) )

If we are willing to approximate the skill compasy;, by a linear combination of our talent

measures and an unobserved component, e.g.,
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Sit = ¥1€0gjt + y2noncogic+.. +5;; 9)

we can use choice regressions to identify the dharelopes, and intercepd, + ji, over time. In
addition, we can control in these regressions &ofables that one would want to hold constant
when examining talent selection, such as age @ngiat experience and possibly education. For
example, we can estimate this relationship in diproodel wherg;; andsj; are jointly normally
distributed. Without making particular distributedrassumptions, a linear probability model can
still estimate the changing marginal effects of thient measures for occupational choice over

time.

3.2 Skill Selection at the Top

An important variant of the skill-bias hypothesciises on the top of the skill and wage
distribution in finance. In particular, previouseliature has documented an extreme increase of
finance pay at the very top of the wage distribu{je.g., Kaplan and Rauh, 2010, for the US; Bell
and Van Reenen, 2013, for the UK) and we documeatsidhilar trend for Sweden in Figure 1.
This suggests that the most interesting changsgslirselection and compensation may have taken

place among the highest talented individuals.

Consistent with this idea, Philippon and Reshefl@d0and others have suggested at least two
distinct theoretical mechanisms of why increaseil demand in finance may be specifically

strong at the top of the skill distribution. Firgtseems plausible that there are superstar sffect
(Rosen, 1981) arising in the financial sector thave become stronger over time. Increased
financial globalization, skill-biased technologiadiange, deregulation, and financial innovation
may have contributed to a situation where highlydpictive individuals can manage more and
more assets as well as subordinates over time faglan and Rauh, 2010, 2013, Célérier and
Vallée, 2014), similar to the argument for incregsCEO wages made in Tervio (2008) or Gabaix
and Landier (2008). This situation where skill dachan finance only rises at the very top is

depicted in lllustration 2 (left panel).

Illustration 2
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WL'C’ Ui[ N _--Wi1 Wit, Ui[

In addition to superstar effects, skill demandhe tinancial sector may have become increasingly
polarized over time. For example, Autor, Levy, aidrnane (2003) propose a model of biased
technical change which postulates that, due toineBwmation and communication technology, it
is in fact the routine middle-skilled jobs that #ieeatened by technological change while the high-
and even the low-skilled jobs may be more shieldech it. Given that the financial sector has
been a quick adopter of ICT, this may have decretdsedemand for middle-skilled bank tellers,
accountants, or secretaries, who can be replacedrbputer/automation technology, compared to
both high-skilled professionals (e.g., tradersestment bankers) as well as low-skilled workers in
finance (e.g., janitors, receptionists, securitgrgs, etc.), who are non-routine and can thus not

easily be automated.lllustration 2 (right) plots the relative polariéskill demand in finance.

The two theoretical mechanisms depicted in lllugir2 could potentially be consistent with an
unchanged (relative) average skill in finance ambm@-decreasing dispersion of skill, despite the
increasing inequality and surging top wages inrfagthat we observe in the dé&taherefore, we

modify our first empirical test to focus on the top of the skill distribution:

E(Hy|U;e > 0) — E(Hy| Uiy < 0) (10)

17 Philippon and Reshef (2012, 2013), Boustanifaal ¢2015), and Célérier and Vallée (2015) presgittemice that

is consistent with this polarization of skill dendaim finance. Levy and Murnane (2002) document lommputer

technology replaced routine jobs in two departmefslarge bank.

Banalytically, one could model these hypotheses by odifiying equation (3) to
Wit = Writ — Wit = @ + BueHie + BueMic + BreLie,

where/;.e{H, M, L} is an indicator for being a high-, middle-, ooavitalent worker. The superstar hypothesis implies

thaty, rises, while the polarization of skill demand imeglthatg,,, falls compared t@,,, andg,,.
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where, empiricallyH;; is an indicator for belonging to the top perceagtiin terms of our different
talent measures. B(H;,|U;; > 0) — E(H;|U;; < 0) rose over time, this would be consistent with

the rising skill-bias at the top and the polariaatof skill demand hypotheses.

3.3 Skills and Wages

Ourthird empirical test of (the different variants of) the increasing kkias hypothesis in finance
examines the relationship between skills and wagiese this requires stronger assumptions than
the tests based on skill selection, we start witkistricted version of wage equation (1), which we

generalize later:
Wiie = Qpe + Fie @ + Bsie (11)

Herep is the (economy-wide) return to worker sk}, is an indicator for working in the financial
sector, andd, the time-varying finance wage premium in log psinAs we showed in the
descriptive part (Section 2), without accounting(fdhanging;;, the finance wage premium rises

strongly over time and especially so at the tothefwage distribution.

However, the skill-bias hypothesis predicts that tomposition of skill in finance improves over
time (equation 6), which should then (at leastlpgegccount for the rising,. We therefore run
wage regressions adding education, experiencejtoegand non-cognitive test scores, and other
variables as proxies of skill and talent. This tesded on wage regressions is also useful because
fixed effects in the estimation of equation (11)ymantrol for the selection according to additional
unobservable components of skiff. The fixed effects can further be made sectorewen
employer-specific. In addition, we let the econowige return to observable components of skill

vary over time.

Of course, the skill-bias hypothesis not only peeslihat the selection of skill into finance will
improve over time, but also that the relative nettor skill rises in the first place. This brings us

back to our original wage equation (1), presentigththy differently for the discussion here:

Wit = Qg + Fir @ + (Bre + Fitﬁt)sit (12)

The skill-bias hypothesis predicts tldatshould not rise in equation (12) once we allowafaising

B.. In a recent paper, Célérier and Vallée (2015p@rtat this is the case for graduates from
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French engineering schools, their findings thuspsujng the rising skill-bias hypothesis. The
rising B, also implies that the finance wage premium shasklmore strongly for higher talented
workers and most strongly for the very top talemteatkers. The secondart of our third

empirical test examines whether this is the case in the Swedith't

3.4 Summary of Hypotheses
We test the main hypotheses of the model in thé seotion. We first test hypothesis H1 whether

the average relative talent allocation in the feiahsector has improved over time.

H-1: Average talent in the financial sector relative ttte average talent in the real

economy, i.eE(s;|U;; > 0) — E(s;|U;; < 0), increases over time.

While the mean of the distribution may remain umged, there could be still improved skill
selection at the top due to superstar effects arization. Accordingly, we test hypothesis H2
whether the relative talent allocation at the toghie financial sector has improved over time.

H-2: Top talent in the financial sector relative to ttgdent in the real economy, i.e.

E(Hy|U; > 0) — E(Hy|U;; < 0), increases over time.

Moreover, in the last part of the next section @& tdditional predictions of the model that rely

on additional assumptions.

H-3: Thetalent dispersion within finance,i.€ar(s;;|U;; > 0) decreases over time. (This

prediction need not hold for skill demand onlynmgsiat the top or polarizing.)

H-4: Talents become more important for choosing a canedhne financial sector i.e. the

B, from a choice regressiafr («%’t > —(@; + Besic + ﬁt)) increases over time.

H-5: The changing composition of skills in the finansiattor and the changing economy-
wide return to talent explain (at least a signifitgart of) the trend in the financial wage

premiuma,.

19 However, note that ours as well as Célérier anit¥g2015)’s test only identify the structural garetersy,, 8,
under the assumption that the observable talensunes leave no room for additional skill compongfes, no
selection on unobservables). Therefore, one may tean addition run selection-bias adjusted waegressions.
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H-6: The risingfB, implies that the finance wage premium rises moangly for high(er)-

talent workers. Moreover, the premium for the lowakent workersi, stays flat.

4 Tests of the Skill-Bias Hypothesis

4.1 Has Finance Become more Talent-Intensive?

This section tests Hypothesis H-1 under which nedativerage talent in finance should have
increased over time. Figure 3 plots relative tafeaasures in finance and the rest of the economy
as defined in equation (6) between 1991 and 204¢h Ene displays the relative talent, defined as
the difference between the average levels of tiferdnt dimensions of talent for the financial
sector (finance) and the rest of the economy (iemte, private sector). As argued before, one
main advantage of our measures is that their digtans are time-invariant and thus comparable
across cohorts. The averages in the rest of theoety (as defined before) can still change over
time when the selection into the non-finance, gawector evolves (e.g., because of female labor
market participation or the allocation between plélic and private sector). These changes are
empirically very small. The left panel shows thsulés for men using the different talent measures
from the enlistment test. The right panel showsrdsealts for women using different measures
based on grades. The corresponding numbers ingdldenaverage levels for the two sectors can
be found in Table 2 (Panels A to C show the redaltsnen, women, and the whole population).

To preserve space, we display two-year averag&abte 2.

The left panel of Figure 3 and Panel A of Tablesgart relative talent for men. Throughout all
dimensions of talent we find that make workershie finance sector are more talented compared
to the rest of the economy, i.e., relative talenthe financial sector are positive. The average
aggregated test scores for cognitive, non-cognitaved leadership ability are between 0.66
(leadership) and 0.85 (cognitive) higher in thefioial sector. The raw scores of logic and verbal
comprehension are about 3.25 points higher. Fdr efihe measures, this is at least half a standard

deviation difference and it is consistent with fioa being a skill-biased sector.

We now turn to our main test. If the financial sediecame more relatively skill-biased over time,
we would expect to observe that average relatilemtas increasing over time (Hypothesis H-1).

Interestingly, and in stark contrast to relativeieation in Figure 2, we do not find that relative
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talent has improved. The premiums in the left parfidfigure 3 do not increase over time. The
composite talents (cognitive, non-cognitive, aratikrship) as well as the raw scores of logic and
verbal comprehension are relatively flat (or eveghdly decreasing). The picture looks similar for
women (right panel of Figure 3 and Panel B of T&)leUsing different proxies for talent based
on grades, we do not find any improvement over tiaxewomen working in finance either. In
Panel C of Table 2 we also show results for thelgvpopulation using the measures based on

grades.

We conclude that for all proxies / dimensions afilam capital there is no upward trend detectable,
neither on average nor for relative average tatefimance. If anything, there is a slight downward
movement in the relative test scores for males tines.

One potential caveat is that rising demand foil skily have coincided with an overall increase of
employment in the finance sector. In this caseragetalent may still not increase (and may even
decrease), because the inflow of more skilled wsrkdoosing finance is offset by the entry of
relatively low-skilled workers at the margin as #extor hires more people. This turns out not to
be the case, however. Figure 4 plots the evoluifadhe employment share, measured as number
of workers in the financial sector divided by tla¢at number of workers in the nonfarm private
sector. The left panel shows the evidence for Swddeluding and excluding health and education
from the public sector. The share of people workinthe financial sector is about 3.5% (2.5%)
when excluding (including) health and educatiomfrthe private sector, and this share has not
changed significantly over time. If anything, thegoyment share of finance has slightly declined.
The right panel of Figure 4 shows that the finam@gloyment share has been roughly stable in the
US as well, although the levels are different f{thance employment share is about 5-5.5% in the
US)2° These findings contradict the idea that the eofryelatively low-skilled workers on the

margin keeps down relative talent in finance, desahn increase if.

Overall, our results therefore do not support tsi@g skill-bias hypothesis, according to which the
increased relative finance wages should coincidé am improved selection of talent into this
sector.

201n the UK, the finance employment share declirigihtly from around 5.7 percent to 5.3 percent lesw 1997 and
2009 (Lindley and MacIntosh 2014).
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4.2 Talent Selection at the Top

As argued in Section 3.2, an unchanged relativeageeskill in finance, rising finance wages, and
rising dispersion of wages in finance, may be cgiest with a variant of the skill-bias hypothesis
whereby skill demand only rises for the most tadmivorkers or polarizes. We therefore test
Hypothesis H-2 in this section, by examining whetthe selection of top talent into finance has

changed.

The left panel of Figure 5 plots the relative shafrenales in finance who score the highest (9 out
of 9) in the cognitive and non-cognitive tests,resgnting a fraction of around 4.5 percent and 2
percent of the population, respectively. It alsatpthe relative share of males in finance whoescor
at least 8 in both of these tests (4 percent optpulation). This selection captures workers who
are elite in terms of both test scores and it maotne extent approximate high general talent. The
right panel of Figure 5 employs corresponding defins for women using grade information
(predicted cognitive ability for women within thegpt5% and the top 5% graderank in the university
high-school and science track). The graphs showelagive share of these top talented workers
over time by plotting the difference between tharstin the financial sector and the corresponding

share in the real economy.

Similar to the results on average talent, we also & higher fraction of top-talented men in the
financial sector. The relative share of top talarthe left panel of Figure 5 is positive betweeh .
(cognitive ability) and .025 (non-cognitive abilitfHowever, analyzing their developments over
time, we do not find any evidence that these ngddtiactions increase. While relative top cognitive
ability is more or less flat (with some fluctuat®)nrelative top non-cognitive and leadership abili
experience a slight down trend. This result holde &r women (left panel of Figure 5): There is
no obvious upward trend detectable. Interestiraghg in contrast to the results for men, the retativ
fraction of top talented women in the financialteeds negative. This means that the share of top

talented women in the real economy is higher thahe financial sector.

Overall, we conclude that the share of top talastrot increased in the financial sector either. We
find that finance talent selection at the top raitmproved on average nor in relative terms
between 1991 and 2010.
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4.3 Additional Evidence and Robustness

The results of the previous two subsections deapport our Hypotheses H-1 and H-2 that finance
has become more skill-biased over time. In thisigeave examine the additional Hypotheses H-
3 to H-6 by analyzing the dispersion of talent,nimg choice and wage regressions, and looking
at the subsample of 30 year olds.

4.3.1 Dispersion of Talent in Finance
In the following we test Hypothesis H-3 that anresasing skill-bias should lead to a higher
concentration, thus to a lower dispersion, of tailerinance.

Panel A of Table 6 displays the components of iaéty(7) over time. The dashed horizontal line
is the variance of taletar(s;,) in the population normalized to one in each y#ar solid line is
the dispersion of males’ (left panel) cognitivelipiand both genders’ predicted cognitive ability
(right panel) in financ&/ar(s;|U;; > 0). We find that the dispersion of talent in finarise
substantially lower than in the overall economyisTib consistent with the Roy model in the cross-
section. However, the dispersion of males’ and fesigpredicted) cognitive ability in finance
seems to moderately increase rather than declieetiome?! This is not consistent with the rising
skill-bias idea in the time series, which predittat the dispersion of talent in finance should

actually decrease with sharper selection accoridirsdill.

4.3.2 Probit Regressions for Choosing Finance

To complement the graphical evidence, we alsotkeshypothesis of an increased skill demand
parametrically by running choice regressions forkig in finance on our talent measures. This
has the advantage that we can control for variabled as potential experience or years of
schooling.

Table 3 reports estimates of equation (8) withgheametrization suggested in (9) using probit
choice regressions for working in the financial teecControls are a quadratic in potential
experience, a gender dummy, and a year trend nigent.eHypothesis H-4 predicts that the

coefficients on (predicted) cognitives should rser time, that is, that talent should become a

21 The unreported dispersions of logic, verbal, aatiérship scores as well as grades in the uniyensit science
tracks in high school are also flat or increases €Rception is males’ non-cognitive ability, themi#rsion of which
moderately decreases.
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more important determinant of choosing finance.3& e in the first column of the table that higher
predicted cognitives for both genders are stromgiyociated with working in finance. This, as
before, suggests that finance is a skill-biasetbseElowever, instead of rising, the estimafkd

parameter slightly declines. Economically, howetdis effect is negligible??

Column (2) of Table 3 controls for individuals’ ysaf schooling, and columns (3) and (4) use the
same specification for the subsample of males wiverdave actual cognitives as well as non-

cognitives. The remaining four columns (5)-(8) tloemcentrate on the subsample of 30-year olds,
who we consider as recent entrants and for whonedkerage of the talent measures is constant
over the sample period. In all of these sampleschianges in the coefficients on our talent proxies

are very small and most of them are negative.

In unreported robustness checks, we reran the eliegressions of Table 3 using the top talent
dummies from Section 4.2. We also estimated lipgabability models as a robustness check,
which yield an easier interpretation of changinggimeal effects than probit regressions. We have
fully interacted the talent measures with each .ydane of these analyses suggested that talent

became a more important determinant of workersrjgithe financial sector over time.

Finally, one might argue that although these chaomgressions do not yield any stronger
relationship between talent and working in finager time, the selection of unobservable skill
components into finance might still have improvatthough this is clearly possible, it does not
seem particularly plausible. Our observed meastapture several dimensions of talent that are
generally unobserved in standard data sets. Toohsistent with the results from the choice
regressions (and figures in Sections 4.1 and th&)improving selection or underlying skill-bias
would only have to affect these additional unobservable corapis of skill and it would have to

only affect the part of them thatusicorrelatedwith our rich set of observed talent measures.

4.3.3 Wage Regressions
The last two hypotheses (H-5 and H-6) from the tbioal model are related to the wage premium
and the wage return to skills in the financial sedn this section we run wage regressions intorde

to test these hypotheses. One advantage of the mgmgssions is that we can use fixed effects in

22 Take the year trend coefficient of 0.000046 tir@8syears between 1991 and 2010 compared to thedévee
coefficient on predicted cognitives of 0.0986.
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order to account for (time-invariant) unobservatdenponents of workers’ skills. As in the case of
the choice regressions, we can also account foefteets of potential experience, education, and

gender in the analysis.

We start with the estimation of equation (11). Gneph on the left column of Panel B of Figure 6
plots the@, from three different regressions over the peri®81:2010 for both genders (top) and
males (bottom). First, no measures for worker skilbre included, that ig; constitutes the raw
finance wage premium in log points. Second, thenlable component af; = s/, + s{; contains
the standard skill proxies of years of experienee iés square as well as our talent measties:
predicted cognitives for both genders in the topgband cognitives and non-cognitives for males

in the bottom panel. Third, we include years ofadion in the last specification.

The control variables decrease the level of thanfoe pay premium. Adding predicted cognitives
and potential experience alone explains about i€epéage points (slightly less than 20% of the
premium in 2010) of the premium in the regressiwiuding both genders, while cognitive and
non-cognitive talents explain around 15 percentagets. Hence, the fact that finance workers are
more talented than workers in other sectors expkasubstantial part of the pay premium, although
far from all of it. More importantly, even thoughciuding talent and education slightly attenuate
the rise in the premium (at least in the regresswith both genders included), most of the increase
remains unexplained. This result is not very ssimpg given our previous finding that the
distribution of talent in finance has remained roygonstant over time.

We have argued in the previous subsection thatawgal selection into finance according to skill
components unobserved in our data is unlikely teehaccurred. Nonetheless, as an additional
check, the middle column of Panel B of Figure 6oacts the wage premium for time-invariant
component of unobserved skiff by including fixed effects. The rich panel dimewsbf our data
allows us not only to compute worker fixed effedist also worker-firm match-specific fixed
effects?* The fixed effects bring the level of the financage premium down to about zero, which

#The remaining unobserved component of skill becopaet of the regression error. This could be mexdiake,, ;;, =

sit + My i, wheremy ;. is a remaining error which is not skill-relateddanhich may, for example, be the match
quality of workeri with firm j in sectork.

24 In terms of the previous footnote, the worker dixaffects capture the time-invariant part of unobse worker skill
sj; in the regression error. The worker-firm fixedeeffs capture that part plus the time-invariant conept of the
worker-firm match effectn, ;. (or alternatively, the time-invariant componentafrkeri’s firm j-specific skill).
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is somewhat mechanical since they constitute wéifiken)-specific intercepts. Yet, inclusion of
fixed effects has no impact on the increasing trienithe finance wage premium. In fact, the rise

in the premium is even larger for males when figédcts are included.

The last column of Panel B of Figures 6 allows tfione-varying (economy-wide) returns to
observed components of talent, thapisin equation (11) now obtains a time index (altHougds

still the same across sectors). It is well knowat the returns to education as well as to cognitive
and non-cognitive ability have increased in mostsW countries, including Sweden, over the
last couple of decades. Since finance absorbswalatalented individuals, the rising returns to
their talent should account for some of the trenthe finance premium. Indeed, we see in the last
column of Panel B of Figures 6 that the plotipfrotates slightly to the right and becomes flatter.
Still, sector-invariant time-varying returns todat explain only a small fraction of the overall

increase in relative finance wages.

To summarize, the above results to not lend sutistaupport to Hypothesis H-5. We find that
the changing talent composition of the finance @eanhd the changing returns to talent in the
overall economy can at best only explain a minat p&the rise in the finance wage premium
during 1991-2010. Given the previous results, thimmaybe not too surprising, since we found
there that the talent selection into finance haschanged detectably over time. Moreover, the
fixed effects results indicate that the importaotta changing selection of unobserved components
of skill is unlikely to be very strong, at leastlasg as the effect is not time-varying. This evide
underscores the argument from the choice regresgstmat unobservable skill components are

unlikely to be driving our findings.

Finally, theoretical Hypothesis H-6 goes one stegiher than H-5 and states that correctly
estimating the finance-specific rising skill-biiswould lead to a disappearance of the ris&,in
that we plotted in Panel B of Figure 6. Using a glenof French engineers and measuring their
talent by the ranking of the school that they geddd from, Célérier and Vallée (2015) estimate
equation (12) using OLS. They indeed find thatises strongly whilg, remains largely flat.

We estimate equation (12) with high-, middle-, fowl-talent dummies:

Wit = Qg + Fie @ + (ﬁMt + ﬁMt)Mit + (ﬁHt + ﬁHt)Hit +e (127)
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In Figure 6, Panel C we plot the resultibg @, + Sy, @ + By, for talent measures of cognitives,
non-cognitives for males, and predicted cognitifieedoth sexes. We split the sample into high-,
middle-, and low-talent groups to allow for taledgmand possibly only rising at the top or
polarizing over time (see definition of the groupshe Figure caption). Panel C of Figures 6 shows
that the finance premium for low-talent matgsincreases less than the premium for high- and
middle-talent workersa + By, & + fy.) When ranking them according to cognitive or non-
cognitive talent. Yet, the premium for the highetatiworkers does not rise compared to the middle-
talented. When including both sexes and using ptediicognitives, the premium of middle-talent
over low-talent workers does not rise. Moreovee, pinemium for the low talent group also rises

substantially for all three talent measures.

Interpreting these results within the context ofj@aquation (12), we neither find tifatincreases
across the distribution, nor that it polarizes wiiyancreases for high-talent workers. Moreovee, th
baseline premiun@, for low-talent workers rises considerably overdifor all talent groups. In
unreported analyses, the results are also quaétatrobust to different definitions of high-,
middle-, and low-talent groups and to includingrear coefficieni3, instead of the three groups.

Therefore, our results do not lend substantial sttgp Hypothesis H-6.

4.3.4 Relative Talent and Top Talent for 30 Year Olds

As robustness tests we redo our tests of the mgiotHeses H-1 and H-2 for the subsample of 30
year olds. As explained in Section 2.2, this hasativantage that the availability of military test
and grade information is high and constant over wele period of 1991-2010, addressing
potential concerns about a changing compositiomdividuals for whom we have the talent
information. 30 year olds also approximate receatraats into finance, so the effect of an increased
skill-bias in finance on the allocation of talerdyrbe most detectable in the group of recentlydhire

workers.

In Panel D of Figure 6 we redo the analysis of FegB and 5 for the subsample of 30 year olds.
We see in the top row that the relative talentnarice rises neither for men nor for women over
time. In the bottom row, there is also no trenthmrelative share of top talent in finance detaeta
Therefore, our findings from Sections 4.1 and 4e2rabust to this additional test and we conclude
that the main predictions H-1 and H-2 implied bg #kill-bias hypothesis are also not supported
in the data for 30 year olds.
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5 Is the Financial Sector Absorbing the Most TalentedVorkers?

In the previous section we found no evidence tinainice has become more skill-biased over time.
In particular, we have shown that the financialt@ebas not become more talented, neither on
average nor at the top. In this Section we go beyba somewhat narrow skill-bias hypothesis and
investigate more broadly whether the financial @etcreasingly attracts certain subpopulations

of particular interest.

In the discussion of a potential “brain drain” iffitance, the main concern is that the flow of some
of the most talented people in the United Statesfinancial services might be one of the sources
of low productivity growth (Baumol, 1990; Murphy &k, 1991; Kneer, 2013a,b). These talented
people may include those with the highest cognitiviities, graduates from elite universities, and
graduates from Science, Technology, Engineeringh&faatics (STEM) programs. Since these
talented individuals possess skills that may haenkhighly valuable in other “more productive”
activities, such as research and innovation, th&fildrain” into finance is argued to be particlylar

damaging for these groups.

The next two subsections analyze the sectoral ee@0-year olds, who should be representative
of recent job entrants. We show the top 3 sectotsrms of average employment over our sample
as well as the fraction that works in the finaneittor. The last subsection analyzes international

migration of workers in the financial sector.

5.1 Sector Choices of High (Non-)Cognitive Workers

We first consider all 30 year olds that belongte top 5% in the talent distribution in Figure dan
Table 5. High talent in Panel A of the figure idided as having cognitives of 9, non-cognitives of
9, or exceeding 8 in both cognitive and non-cogaitbility for males. For females we focus on
the top 4% in terms of predicted cognitives and tthye 5% of the grade rank distribution of
university programs or science programs. The grapRanel A of Figure 7 depict the fraction of
these top talent subgroups working in the finaneggitor over time. Table 5 Panels A and B show
the corresponding numbers. Moreover, the tablestsws the top three sectors in terms of average

employment for the different top talent groups.

With respect to the financial sector, there are important facts to note. First of all, there is no

clear trend over time for any of the talent measule the case of cognitives, the fraction of high
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talent males choosing finance fluctuates betwe@% 2&and 3.6%. The shares are bigger when top
talent is solely based on non-cognitive ability @r a combination of cognitives and non-
cognitives). For these two measures, the fractiandividuals who work in the financial sector is
between 4.3% and 5.9% (3.75% and 5.1%). Stillgtieeno clear trend and the share of top talented
people based on non-cognitives shows quite somatier around a level of about 5%. When
analyzing women we observe qualitatively similasules, with no upward trend. If anything, the

fractions slightly decrease over time.

Second, the fraction of high-talent people in therkiiorce that chooses a career in finance is
relatively small. Depending on the employed meaduPeto 5.9% of the most talented people
choose a career in the financial sector. For menl¢lel is a somewhat higher than the overall
employment share of the finance sector of arouBd®3.5% (see Figure 4), consistent with the
previous finding that average talent is highehimfinancial sector. Top talented women, however,
are underrepresented in the financial sector.

Table 5 also shows the top 3 sector choices dabjhéalented groups. The largest employers of top
talented males are Manufacturing, Business Servieesl IT, and Trade/Hospitality and
Utility/Construction/Transportation to a smalletent. While Manufacturing is a big employer for
top talented men throughout the analyzed periaett down from about 30% for cognitives, for
instance, in the beginning of the sample to leas #0% in the most recent years. At the same time
business services and in particular the IT seaergnown strongly as a talent absorber. These two
trends — the decreasing share of talent goingmaoufacturing and the increasing share going into
IT — are an order of magnitude more important ttienrelatively small fluctuations in the share

going into finance over this period.

Talented women, in contrast, choose quite diffesmators. While there is also evidence that the
most talented women go into Manufacturing and BessnServices, the dominant sectors are in
fact Health and Education, with a combined sharabolut 40% on average. Again, the share of

talented women going into finance is quantitativeilymportant compared to these sectors.
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5.2 Sector Choices of STEM and Top Business School Gragtes
We replicate our analysis for subgroups where tireeern about externalities of a “brain-drain”
may be particularly strong, such as science, tdoggpengineering, and mathematics (STEM)

graduates or graduates from elite university pnogra

First, we consider the destinations of universitgdyates in STEM fields over time. Panel B of
Figure 7 shows the industry destination of higlenalSTEM graduates (males’ cognitives of 9,
women top 4% predicted cognitives) in the left graPnly between 0.4 to 2.9% of high talent
STEM graduates go to the financial sector. Thetifvacs relatively flat in the first half of the
sample (0.4%-1.3% between 1990 and 2005), whilleanast five years of our sample it increases
somewhat but with a relatively high volatility (keten 1.3% and 2.9%). Still, the average is about
2.1% and thus the financial sector is not a sigaift destination for high-talent STEM graduates

in Sweden.

Panel C of Table 5 also reveals that the largestitin of top STEM graduates goes, as expected,
into the Manufacturing sector (about 30% on avexaeector that increases strongly, in particular
at the end of the 1990s, is the IT sector. Theem®e is not only big in relative terms, but also in
absolute magnitude. By 2010, Business Servicestitaes the largest sector of employment for
these graduates, representing about 40-50%. Asdhee time, the share of STEM graduates
working in manufacturing falls from about 40% tedethan 30% in 2010. In Appendix B we

contrast the development of the IT sector withdhe in finance in more detail.

Finally, we look at graduates from the Stockholn@&xd of Economics (SSE), the top business

school in Sweden, which only admits students wigih+school grades in the top 3%. Panel B of

Figure 7 and Panel C of Table 5 reveal that thetiva of students who enter the financial sector

is much higher compared to the previous analyzedpy of interest: between 20% and 30% of

SSE’s graduates work in the financial sector atattpe of 30. Thus finance represents the biggest
employing sector for SSE graduates for most y€amsaverage about 24% of an SSE cohort work
in the financial sector. Although the variation@ss years is relatively large, there is no obvious
upward trend, except that the average fractioherfitst part of the sample is 4.7% lower compared

to the second half (26.2% vs 21.5%).
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To sum up, our evidence in Sections 5.1 and 5.2 do¢ suggest that the absorption of highly
talented and potentially productive individualsoitihe financial sector is excessively large or that
it increased a lot during these 20 years of surfiimapnce wages. This alleviates potential concerns

about an increasing brain drain into finance duthéoextraordinary earnings opportunities.

5.3 International Migration

Finally, one last concern may be that highly tadrindividuals would move abroad to work in the
financial sector in London, Frankfurt, or New Yddk instance. This would effectively understate
our previous estimates of the absorption of taletat finance and may affect our assessment of
whether finance became more skill-biased. To apprate migration, we consider individuals who
disappear from our sample for at least 2 yearss Babsample includes cases of individuals
permanently disappearing (moving away or passingyafor instance) and of individuals who
move away but re-appear in our sample.

If there is “brain drain” into the financial sectoutside of Sweden, we would expect to see that
more people move to work in the financial sectoroald. Unfortunately, we do not have
information on the jobs the leavers obtain abrd&d.do however observe the last position of a
leaving individual, which we use as a proxy foritlmext job. This assumption is motivated by the
arguments in Oyer (2008) and Axelson and Bondhtmning), who argue that it is increasingly
hard to enter the financial sector later in a p@ssoareer, In our analysis we focus on individuals
between 25 and 40 years of age, the idea beingviiv&ers are more likely to move abroad earlier

in their careers.

In the left panel of Figure 8 we analyze our prdotyemigration. The red solid line depicts the
fraction of the population that works in the finalcsector and leaves our sample for at least 2
years. This fraction in the 25-40 age group is werage less than 0.1% of the total population.
Given that the finance sector represents about ®5&te private sector, this number means that
about 2.9% of finance sector workers may emigitee importantly, there is no obvious upward
trend detectable. The green dashed line showsdenanrkers as a fraction of all emigrants. About
1.7% of all emigrating workers had a last positiothe financial sector, which is about half of the

labor share of finance. There is also no obviowsargs trend.
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In the right panel of Figure 8 we also look at ftaetion of graduates from the Stockholm School
of Economics who emigrate. The fraction of SSE ge&els who leave Sweden is very high (about
10% to 20%). Again, however, there is no visiblevap trend. This underscores that skilled

emigration into finance seems not to have increasédtantially over time.

Overall, our — for now approximate — evidence sgtgéat migration is unlikely to turn around
our conclusions about the absorption of talentfim@nce and the finance skill-bias. There are also

no quantitatively important trends that are coesistvith the dynamics of the wage premium.

6 Conclusion

We study the evolution of skill selection and wagethe financial sector for the population of 65
million individual-year observations of Swedish Wwers between 1991 and 2010. Over this period,
average wages in finance relative to the reste@tttonomy rose from around 130% to 165%, with
even stronger increases at the top of the wagehdison. Employing detailed talent measures,
which include cognitive and non-cognitive test ssofrom military enlistment, we find no
evidence that these facts may be driven by a riskilgbias of the financial sector. There was no
improved talent selection into finance, neitheraoerage, nor at the top. Moreover, finance is not

absorbing a substantially higher fraction of higtent workers.

We also repeat the analysis on subgroups whereotieern of “brain-drain” may be higher, such
as science, technology, engineering, and mathesn¢8itEM) graduates, and we find negligible
changes in the fraction of these workers going fitance. Hence, there is no evidence of the
increase in finance wages leading to an incredeeddf talented workers into the financial sector.
These findings are important as they alleviate eom about a “brain drain” into finance at the
expense of other sectors. They also inform poli@ppsals currently discussed in Sweden (and
other countries) for taxing bankers’ bonuses imteof their impact on the allocation of talent into

finance.

Our findings finally suggest that — even accounfiogtalent in a rich way — pay in finance is
extremely high, increasing, and largely unexplainéthether this is driven by compensating
differentials or an increase in the rents captusgdworkers in finance due to moral hazard,
asymmetric information and/or governance problentsrant-seeking are important questions that
will be an avenue for future research.
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8 Figures

Figure 1: Relative Wages in the Financial Sector

This graph depicts the evolution of the relativegevan the financial sector compared to the rest of
the economy during 1991-201Relative wages defined as the ratio between the wage in fiaanc

and the wage in the non-financial, nonfarm privsgetor. The top row shows the evolution of the
average relative wage in Sweden (left panel) aadJ8 (right panel). The bottom row shows this

evolution for different percentiles of the Swedwsfage distribution, that is, it compares the

respective aercentile in finance with their coupdetrs in the real economy. Source: Swedish
population data LISA from Statistics Sweden; Curféopulation Survey for the US.
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Figure 2: Relative Education in the Financial Sector

The top row graph shows the evolution of the reéagducation between the financial sector and
the rest of the economy during 1991 to 2(Re6lative Skilis calculated as the share of individuals
who attained more than a high-school degree (postskary education) and of those who attained
a university degree (university education) in fioeminus the corresponding share in the rest of
the economy. The graph on the left shows the eeEléor Sweden, the right one corresponding
evidence for the US. The figures in the bottom depict post-secondary education attainment for
men (both genders) and the average level of cegndbility (predicted cognitive ability) for
individuals with at least a post-secondary educatio the left (right). Source: Swedish population
data LISA from Statistic Sweden; Current Populatmvey for the US.

Sweden us

Relative Education Relative Education

o4 -

1990 1995 2000 2005 2010 1990 1995 2000 2005 2010

year year
I Post-secondary Education ~ ————- University Education‘ ‘ Post-secondary Education ~ ———-—- University Education |
Pos-second. educ. & avg. cognitivability Post-second. educ. & avg. predicted cognitiv
(men) ability (all)
Education and Cognitive Ability Education and Cognitive Ability

6.7
5
2

* .
ol SRSt XN

> -e
>-te o

‘
6.6
4
‘

3

!

T
70

T
6.5
cognitive
coghnitive (pred.)

25
|
T

Post-sec. Attainment
68

Post-sec. Attainment
35
L

6.4
3
L

\,
L - “
o 3 &+ 8
T T T T T T T T T T
1990 1995 2000 2005 2010 1990 1995 2000 2005 2010
Year Year
—=—— Post-sec. Attainment ——® — - cognitive ——=#—— Post-sec. Attainment - —® —- cognitive (pred.)

36



Figure 3:-Relative Talent in the Financial Sector

This graph shows the evolution of relative talegtileen the financial sector and the real economyng1991 to 2010Relative talent
is defined as the average talent in the finan@ela minus the corresponding average of the rEal@my. The panel on the left shows
the results for men. The left y-axis displays thlative levels for cognitive ability, non-cognitiability, and leadership, while the right
y-axis displays the relative levels of logic andbad comprehension. The graph on the right showssponding evidence for graderank
in the university and science tracks on the ledixis and evidence for predicted cognitive abilitytbe right y-axis for women. Source:
Swedish Defence Recruitment Agency (Rekryteringsiighreten) for persons enlisted between 1983 and,2Bllitary Archives
(Krigsarkivet) for persons enlisted between 196@ #983. Swedish population data LISA from StatiStreeden.
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Figure 4: Size of the Financial Sector

This graph shows the evolution of the employmeatsiof the financial sector between 1991 and 2Bfrfployment Share of Financial
Sectoris measured as number of workers in the finarsg@ator divided by the total number of workers ia ttonfarm private sector.
The solid line shows the case when we include heaid education to the nonfarm private sector. gita@h on the left shows the
evidence for Sweden, the right one correspondimdeerce for the US. Source: Swedish population HEg& from Statistics Sweden;
Current Population Survey for the US.
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Figure 5: Relative Share of Top Talent in Finance

These graphs show the evolution of relative shafégp talent in the financial sector and the wdsthe economy between 1991 and
2010. The graphs plot the difference between theestrf top talent workers in the finance sectoriarttie real economy. Top talent is
defined in various ways: cognitive ability equaBtdabout 4.5% of the male population), non-cogaifbility equal to 9 (about 2% of
male population), and cognitive & non-cognitivelapiabove 8 (about 4% of male population) for nsal€op predicted cognitive ability
for women (5% of population) and graderank in tbiersce track for women (about 5% of full populajiocBource: Swedish Defence
Recruitment Agency (Rekryteringsmyndigheten) forspas enlisted between 1983 and 2010, Military At (Krigsarkivet) for
persons enlisted between 1969 and 1983. Swediskigimm data LISA from Statistics Sweden.
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Figure 6: Additional Tests and Robustness
Panel A:Dispersion of Talent

These graphs depict the dispersion of talent ifiti@ace, 1T, and manufacturing over time. The allefispersion in the private nonfarm
sector is normalized to one in each year, i.eglaevbelow one indicates that the talent dispergitimn the sector is lower than in the
overall population. Source: Swedish Defence Remeritt Agency (Rekryteringsmyndigheten) for persansied between 1983 and
2010, Military Archives (Krigsarkivet) for persomslisted between 1969 and 1983. Swedish populat&a LISA from Statistics
Sweden.
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Panel B:The Finance Wage Premium

These graphs show the evolution of the finance vpagmium between 1991 and 2010. The wage premiwbtaéned from estimating
equation (11w = ags + Fir@; + Bs;: by OLS. Thep is the (economy-wide) return to worker sk, is an indicator for the financial
sector, andxp(d&;) — 1 the time-varying finance pay premium. Three défgrmodels are estimated. (i) no controls, (ii)toas for
observables (age, gender, potential experiencejad@ick, and (iii) ads education (years of schapliihe first row reports results for
the whole population, the second row for males .dpgdicted cognitive ability is used as a popatatvide talent measure and cognitive
and non-cognitive ability are used for the malessutple. Specifications in the middle row add perBoed effects and person-
organization fixed effects to (iii). The specifiat on the right row allows for time-varying retgrto experience, talent, and education.
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Panel C:The Finance Wage Premium across Talent Groups

These graphs show the evolution of the finance vpagmium for different talent groups between 198d 2010. Three different talent
measures (cognitive, non-cognitive ability, anddoced cognitive ability from grades) are usedamf three talent groups: Low Talent
(cognitive and non-cognitive ability 1-3 or predidtcognitive percentiles 0-39), Middle Talent (citige and non-cognitive ability 4-8
or predicted cognitives percentiles 40-95), andhHiglent (cognitive and non-cognitive ability 9aedicted cognitives percentiles 96-
100). Source: Swedish Defence Recruitment AgenekiReringsmyndigheten) for persons enlisted betw&¥83 and 2010, Military

Archives (Krigsarkivet) for persons enlisted betwd®69 and 1983. Swedish population data LISA f&iatistics Sweden.
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Panel D:30 Year Olds’ Relative Talent and Share of Togemaln Finance

The top row graphs show relative talent betweerfittacial sector and the real economy for 30
year olds during 1991 to 2010 (for definitionsareto Figure 3). The bottom row graphs show the
evolution of relative shares of top talent for Zaolds (for definitions, refer to Figure 5). Logi
and verbal comprehension are mostly not availadnleeflistment cohorts after 1978, this is why
these series stop in 2007 in the panels on theSefirce: Swedish Defence Recruitment Agency
(Rekryteringsmyndigheten) for persons enlisted betw 1983 and 2010, Military Archives
(Krigsarkivet) for persons enlisted between 1968 4883. Swedish population data LISA from
Statistics Sweden.
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Figure 7: Sector Choices of High Talent Workers

These graphs show the evolution of the fractiotopftalented 30 years old individuals that worltha financial sector between 1991
and 2010. Panel A shows results for top talent ef rfleft) and women (right). Top talent is defireesl cognitive ability of 9, non-
cognitive ability of 9, or scoring at least 8 intbaognitive and non-cognitive ability for men. Ttaent for women is defined as
belonging to the top 5% in terms of predicted ctigaiability, grade rank in the university trackidagrade rank in the science track.
Panel B shows corresponding evidence for top tateSTEM graduates (left) and graduates from thekBtwm School of Economics
(SSE) (right). Top talent is defined as a STEM gedd that belongs to top cognitive (male) or tagdjmted cognitive (female) group
of the population. Source: Swedish Defence Recentmi\gency (Rekryteringsmyndigheten) for persoristd between 1983 and
2010, Military Archives (Krigsarkivet) for persomsilisted between 1969 and 1983. Swedish populat&a LISA from Statistics
Sweden.
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Panel B:Top STEM and SSE graduates
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Figure 8: Emigration

The graph on the left shows the fraction of indists between 25 and 40 years who are emigrating Baeden with prior work
experience in the financial sector (solid line #&ftly-axis). The right y-axis shows the financeigmants as a fraction of all emigrants.
The graph on the right shows the fraction of stisléom the Stockholm School of Economics (SSE) winwve abroad within 2 years
after graduation. Source: Swedish population dé&#Lfrom Statistics Sweden.
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9 Tables

Table 1: Summary Statistics
This table shows summary statistics of the maimbées. Source: Swedish Defence Recruitment
Agency (Rekryteringsmyndigheten) for persons esdisbetween 1983 and 2010, Military

Archives (Krigsarkivet) for persons enlisted betwel®69 and 1983. Swedish population data
LISA from Statistics Sweden.

Panel A: Population

count mean sd pl0 p25 p50 p75 p90
Age 65,664,203 41.32 12.29 25 31 41 51 58
Gender 65,664,2031.49 050 1 1 1 2 2
Cognitive 20,179,1325.16 189 3 4 5 6 8
Non-cognitive 19,379,7115.12 169 3 4 5 6 7
Leadership 12,711,5875.31 165 3 4 5 6 7
Logic 16,386,163 25.12 6.45 16 21 26 30 33
Verbal 16,280,847 24.15 6.07 16 20 24 28 32
Spatial 16,288,13019.09 7.76 10 13 17 25 31
Technic 16,169,19728.13 7.50 19 23 28 33 38
Grade Rank 28,831,52149.13 28.51 10 24 49 74 89
HS2y 65,382,6140.83 0.38 O 1 1 1 1
HS3y 65,382,614 052 050 O 0 1 1 1
Postsec 65,382,6140.32 0.47 O 0 0 1 1
University degree 65,382,6140.18 0.38 O 0 0 0 1
PhD 65,382,6140.01 0.10 O 0 0 0
Years of School 65,382,61411.74 2.73 9 105 12 135 16
Potential experience 65,664,2022.39 12.32 6 12 22 32 39
Labor Income 65,664,2032,331 1,782 885 1,431 2,076 2,829 3,809
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Panel B: Men with Non-Missing Cognitive Ability @nl

N mean sd pl0 p25 p50 p75 p9o0
Age 19,245,525 35.90 9.31 24 29 35 43 49
Cognitive 19,2455255.21 187 3 4 5 7 8
Non-cognitive 19,245,5255.12 169 3 4 5 6 7
Leadership 12,648,8925.31 165 3 4 5 6 7
Logic 16,010,681 25.20 6.42 16 21 26 30 33
Verbal 15,909,970 24.20 6.05 16 20 24 29 32
Spatial 15,916,92219.11 7.77 10 13 17 25 31
Technic 15,804,22128.24 7.50 19 23 28 33 39
Grade Rank 12,763,17445.06 28.31 8 21 43 68 86
At least 2-year high-school 19,225,958.87 0.34 O 1 1 1 1
At least 3-year high-school 19,225,958.52 050 O 0 1 1 1
Any post-secondary education  19,225,9%830 0.46 O 0 0 1 1
University degree 19,225,958.16 0.36 O 0 0 0 1
PhD degree 19,225,958.01 0.10 O 0 0 0
Years of School 19,225,95811.91 2.29 9 105 12 135 16
Potential experience 19,245,5287.05 9.29 5 9.5 165 24 30
Labor Income (SEK ‘00’s) 19,245,525,794 2,222 1,163 1,810 2,471 3,296 4,494
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Table 2: Relative Talent in the Financial Sector

This table shows the evolution of relative taleatween the financial sector and the real economyngd991 to 2010. The first two
rows of each panel show the average level of té¢erfinance and for the real economy. The thirg shows the difference (Premium).
Panel A shows results for men, Panel B for womed Ranel C for the whole population. Source: SwebDisfence Recruitment Agency,
Military Archives, and Swedish population data LI8Am Statistic Sweden.

Panel A: Men

Cognitive ability

1991-1992 199:-199/ 199E-199¢ 1997-199¢ 199¢-200( 2001-200z 2003-200¢ 200¢5-200¢ 2007-200¢ 200¢-201¢
Non-fin. 5.13 5.16 5.16 5.17 5.15 5.13 5.13 5.12 115. 5.12
Finance 6.04 6.04 6.06 6.04 5.98 5.95 5.95 5.96 459 5.92
Premiun 0.91 0.8¢ 0.8¢ 0.87 0.8:2 0.81 0.82 0.8:2 0.8:2 0.8C
Non-cognitive ability

1991-1992 1993-1994 1995-1996 1997-1998 1999-2000001-2002 2003-2004 2005-2006 2007-2008 2009-2010
Non-fin. 5.1C 5.1% 5.12 5.12 5.1C 5.0¢ 5.0¢ 5.0€ 5.04 5.0f
Financ 5.91 5.91 5.92 5.91 5.8¢ 5.87 5.87 5.87 5.8¢ 5.82
Premium 0.81 0.78 0.79 0.78 0.78 0.78 0.79 0.81 00.8 0.77
Leadership

1991-1992 199:-199/ 199:-199¢ 1997-199¢ 199¢-200( 2001-200z 2003-200¢ 200%-200¢ 2007-200¢ 200¢-201(
Non-fin. 5.29 5.31 5.31 5.31 5.30 5.28 5.27 5.26 245, 5.24
Financ 6.0C 6.0C 6.0C 5.9¢ 5.94 5.91 5.91 5.91 5.8¢ 5.8¢
Premiun 0.71 0.6¢€ 0.6¢ 0.67 0.64 0.62 0.64 0.6¢ 0.64 0.6
Logic

1991-1992 1993-1994 1995-1996 1997-1998 1999-2000 001-2002 2003-2004 2005-2006 2007-2008 2009-2010
Non-fin. 24.70 24.85 24.93 25.03 25.08 25.10 25.11 25.10 25.08 25.11
Financ 28.2¢ 28.27 28.3¢ 28.3 28.3¢ 28.32 28.3¢ 28.4( 28.3¢ 28.4(
Premium 3.55 3.38 3.42 3.34 3.27 3.21 3.23 3.30 133 3.28
Verbal

1991199z 199:-199/ 199E-199¢ 1997-199¢ 199¢-200( 2001-200z 2003-2004 2005-200¢ 2007-200¢ 200¢-201¢
Non-fin. 23.79 23.91 23.96 24.05 24.11 24.13 24.13 24.13 24.12 24.15
Finance 27.22 27.18 27.29 27.34 27.28 27.27 27.30 7.312 27.31 27.30
Premiun 3.4z 3.27 3.3¢ 3.2¢ 3.1 3.14 3.17 3.1¢ 3.1€ 3.1¢
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Panel B: Women
Pred. cog. ability (women)

1991-1992 1993-1994 1995-1996 1997-1998 1999-2000001-2002 2003-2004 2005-2006 2007-2008 2009-2010
Nonfin. 48.8¢ 49.0¢ 49.01 49.1¢ 48.9¢ 49.0% 49.1¢ 49.21 49.1( 49.21
Finance 60.98 60.82 60.90 60.77 60.09 59.29 59.35 9.685 59.45 59.50
Premium 12.11 11.79 11.89 11.61 11.12 10.26 10.20 0.471 10.35 10.30
Grade rank university (women, std.)

1991-1992 1993-1994 1995-1996 1997-1998 1999-2000001-2002 2003-2004 2005-2006 2007-2008 2009-2010
Non-fin. 48.72 48.89 49.02 49.19 49.21 49.37 49.49 49.56 49.48 49.54
Financt 52.6] 52.5¢ 53.3( 53.4¢ 53.2¢ 52.7: 52.8t 53.1] 52.9¢ 52.9¢
Premiun 3.8¢ 3.67 4.2¢ 4.21 4.0% 3.3¢€ 3.3¢€ 3.5¢ 3.47 3.44
Grade rank science track (women, std.)

1991-199: 199:-199/ 1995-199¢ 1997-199¢ 199¢-200( 2001-200z 200:-200< 200¢5-200¢ 200%-200¢ 200¢-201(
Non-fin. 47.61 48.30 48.77 49.09 49.23 49.41 49.48 49.64 49.55 49.60
Finance 44.83 45.17 46.98 47.47 47.07 46.59 46.47 6.844 46.80 47.32
Premium -2.78 -3.13 -1.79 -1.62 -2.16 -2.82 -3.01 2.80 -2.75 -2.28

Panel C: All

Pred. cog. ability (all)

1991-1997 199:-199¢ 199E-199¢ 1997-199¢ 199¢-200( 2001-200z 2003-200¢ 200¢-200¢ 2007-200¢ 200¢-201(
Non-fin. 48.70 49.16 49.00 49.10 48.95 48.96 49.00 49.02 48.96 49.09
Finance 62.16 62.19 62.46 62.53 62.03 61.40 61.45 1.846 61.80 61.87
Premiun 13.4¢ 13.0¢ 13.4¢ 13.4¢ 13.0¢ 12.44 12.4¢ 12.81 12.8¢ 12.7¢
Grade rank university (std.)

1991-1992 1993-1994 1995-1996 1997-1998 1999-2000001-2002 2003-2004 2005-2006 2007-2008 2009-2010
Nonfin. 48.4( 48.71 48.9( 49.0¢ 49.14 49.2% 49.3¢ 49.4¢ 49.3] 49.4¢
Finance 52.56 52.77 53.56 53.96 53.81 53.39 53.58 3.975 54.01 54.16
Premium 4.15 4.00 4.66 4.86 4.67 4.12 4.22 4.53 446 4.70
Grade rank science track (std.)

1991-1992 1993-1994 1995-1996 1997-1998 1999-2000001-2002 2003-2004 2005-2006 2007-2008 2009-2010
Non-fin. 47.86 48.66 48.93 49.23 49.36 49.49 49.58 49.61 49.49 49.59
Finance 48.57 49.20 50.77 51.57 51.28 50.88 50.94 1.285 51.60 52.01
Premiun 0.71 0.54 1.84 2.32 1.92 1.3¢ 1.3¢ 1.67 2.1C 241
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Table 3: Probit Occupational Choice Regressions

This table reports probit regressions of choosingdrk in finance as opposed to other sectorshérfitst column the finance dummy
is regressed on predicted cognitive ability andrtimeraction with a year trend for both gend&sntrols are a quadratic in potential
experience, the year trend, and a sex dummy. Col@nadds years of schooling interacted with a yesrd. In the third and fourth
column the subsamples of males is used togethbrasttial cognitive ability (different scale thae firedicted ones) and non-cognitive
ability. Columns (5)-(8) repeat the analysis fory@@r olds. T-statistics below the coefficients* *** indicate significance at the ten,
five, and one percent level. Source: Swedish DefdRecruitment Agency (Rekryteringsmyndigheten)dersons enlisted between
1983 and 2010, Military Archives (Krigsarkivet) fpersons enlisted between 1969 and 1983. Swedishlgitmn data LISA from

Statistics Sweden.

(1) (2) 3) (4) (5) (6) (7) (8)
(pred) cog 0.0527*** 0.138*** 1.633*** 2.090*** 0.378*** 0.749*** 1.631* 2.579**
(8.70) (18.72) (12.38) (14.16) (12.75) (20.33) 8.3 (3.35)
year # (pred) cog -0.0000226***  -0.0000652***  -0.000778**  -0.00103* -0.000185*** -0.000372*** -0.000786* -0.00129***
(-7.47) (-17.77) (-11.81) (-14.03) (-12.51) (-20.16 (-2.29) (-3.36)
noncog -0.125 -0.217 4.671%* 3.937**
(-0.87) (-1.50) (6.11) (5.09)
year # noncog 0.000108 0.000146* -0.000786* -0.00129***
(1.51) (2.01) (-2.29) (-3.36)
yearsofschool -2.026*** -0.953*** -8.620*** -4.028***
(-21.02) (-8.57) (-17.76) (-6.74)
year # yearsofschool 0.00102*** 0.000523*** 0.00432*** 0.00207***
(21.13) (9.42) (17.80) (6.93)
Observations 31,382,865 31,378,421 20,025,822 20,004,843 1,339,7 1,239,690 722,399 721,831
Sample Both Both Men Men Both 30 yo Both 30 yo Men 30yo em30 yo
Sex dummy Yes Yes N/A N/A Yes Yes N/A N/A
Pot experience Yes Yes Yes Yes No No No No
Year trend Yes Yes Yes Yes Yes Yes Yes Yes
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Table 4: Probit Occupational Choice Regressions — Talenus

This table reports probit regressions of choosmgdrk in finance as opposed to other sectors iféerdnt talent groups: Low Talent
(cognitive ability 1-3 or predicted cognitive pentiees 0-39), Middle Talent (cognitive ability 4€8 predicted cognitives percentiles
40-95), and High Talent (cognitive ability 9 or gieted cognitives percentiles 96-100). The actugndtives are used for the male
subsample and the predicted cognitives for botldgen Controls are a quadratic in potential expegethe year trend, and a sex
dummy. T-statistics below the coefficients. *,***indicate significance at the ten, five, and oeegent level. Source: Swedish Defence
Recruitment Agency (Rekryteringsmyndigheten) forspas enlisted between 1983 and 2010, Military Aeh (Krigsarkivet) for
persons enlisted between 1969 and 1983. Swedishgimm data LISA from Statistics Sweden.

(1) (2) (3) (4) (5) (6) (7) (8)
Mid Talent 7.133*** 8.510*** 8.584*** 9.672%** 23.0L*** 30.82%*=* 22.68*** 26.17%**
(18.42) (20.37) (10.22) (11.03) (11.88) (14.60) .38 (5.91)
year # Mid Talent -0.00332%** -0.00403*** -0.00401* -0.00465***  -0.0113*** -0.0152**  -0.0111*** -0.0129%**
(-17.15) (-19.33) (-9.56) (-10.62) (-11.63) (-1en.4 (-5.20) (-5.84)
High Talent -8.708*** -7.154%** 5.987*** 3.902** 1704*** 25.41%** 10.33 4,976
(-10.17) (-7.80) 4.72) (2.90) (4.15) (5.74) (D.54 (0.72)
year # High Talent 0.00450%*** 0.00367*** -0.00270** -0.00188**  -0.00838***  -0.0126*** -0.00491 -0.0018
(10.53) (8.02) (-4.26) (-2.79) (-4.09) (-5.72) .4a) (-0.70)
yearsofschool -0.681*** -0.00381 -3.755%** -1.730**
(-7.66) (-0.04) (-8.43) (-3.20)
year # yearsofschool 0.000356%*** 0.0000564 0.00190%**=* 0.000926%***
(8.01) (1.12) (8.52) (3.43)
Observations 31,382,865 31,378,421 20,025,822 20,004,843 1,239,7 1,239,690 722,399 721,831
Sample Both Both Men Men Both 30 yo Both 30 yo Men 30yo  emv30 yo
Sex dummy Yes Yes N/A N/A Yes Yes N/A N/A
Pot experience Yes Yes Yes Yes No No No No
Year trend Yes Yes Yes Yes Yes Yes Yes Yes
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Table 5: Sector Choices of High Talent Workers

This table shows the evolution of sector choicetopftalented 30 years old individuals between 184 2010. In Panel A Top talent
is defined as cognitive ability or non-cognitivelli of 9, or scoring 8 in both cognitive and neognitive ability for men. Panel B
shows corresponding results for women. Top takehased on predicted cognitive ability for womethiai the top 5% and a grade rank
in the university track or science track of abo®e Panel C shows results for top STEM graduatesgaaduates of the Stockholm
School of Economics (SEE). Top STEM graduates aEeMsgraduates who score in the top 5% in termsoghdive ability (men) or
predicted cognitive ability (women). The first tereows show the top 3 largest industry sectorerims of average employment for the
group of interest, while the fourth row shows tteefion that goes into the finance sector. SouBeedish Defence Recruitment Agency
(Rekryteringsmyndigheten) for persons enlisted betw1983 and 2010, Military Archives (Krigsarkivit) persons enlisted between
1969 and 1983. Swedish population data LISA froati§ics Sweden.

Panel A: Men

Cognitiveability
1991-1992  1993-1994 1995-1996 1997-1998  1999-2000001-2002  2003-2004  2005-2006  2007-2008  2009-2010

#1 Manuf. 29.86% 29.22% 31.51% 30.43% 25.95% 22.38% 22.33% 21.22% 19.36% 18.81%
#2 Bus. Serv. 13.93% 15.03% 14.55% 14.56% 1538% .37 16.41% 16.34% 16.89% 16.46%
#3 1T 7.89% 8.55% 10.10% 13.59% 18.73% 20.60% 2839 17.60% 20.19% 19.28%

Finance 2.73% 2.33% 2.28% 2.03% 2.32% 2.34% 2.65% .89%2 3.10% 3.59%

Non-cognitive ability
1991-1992  1993-1994 1995-1996 1997-1998  1999-2000001-2002  2003-2004  2005-2006  2007-2008  2009-2010

#1 Manuf. 23.31% 22.46% 24.63% 25.33% 22.62% 21.58% 23.10% 22.33% 21.37% 19.15%
#2 Trade/Hos} 18.44% 19.12% 20.77% 18.94% 16.73% 14.68% 13.30% 14.80% 13.71% 15.97%

#3 Utility/Const./Transp. 15.26% 15.02% 13.48% 0Y¥6 9.34% 8.55% 11.29% 11.31% 12.82% 14.37%
Finance 6.45% 5.44% 4.52% 5.36% 4.67% 4.31% 5.03% .30% 5.86% 5.02%

Cognitive & Nor-cogntive (above ¢
1991-1992 1993-1994 1995-1996 1997-1998  1999-2000001-2002  2003-2004  2005-2006  2007-2008  2009-2010

#1 Manuf. 25.65% 26.80% 29.04% 28.30% 24.05% 21.12% 20.80% 22.24% 22.39% 19.39%
#2 Bus. Sen 11.49% 13.34% 12.48% 11.84% 14.38% 15.23% 14.96% 15.12% 15.69% 15.61%
#3 1T 6.55% 7.02% 7.96% 10.73% 15.90% 17.47% 15.35% 13.22% 14.29% 12.82%
Finance 5.13% 3.97% 4.29% 4.18% 3.75% 4.31% 475% .70% 4.63% 4.76%
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Panel B: Women

Pred. cognitive ability (women)

1991-1992 1993-1994 1995-1996 1997-1998  1999-2000001-2002  2003-2004  2005-2006  2007-2008  2009-2010
#1 Manuf. 17.73% 20.65% 23.12% 23.63% 21.30% 17.93% 18.07% 18.57% 16.58% 15.18%
#2 Health 20.69% 17.31% 16.52% 15.66% 15.59% 18.29% 19.13% 20.28% 22.30% 24.23%
#3 Education 19.25% 17.24% 16.00% 15.63% 16.74% 5496. 17.15% 17.41% 15.54% 14.38%
Finance 3.95% 3.85% 2.70% 2.42% 2.38% 2.06% 1.99% .78% 1.81% 2.28%
Graderank uni (women)

1991-1992 1993-1994 1995-1996 1997-1998  1999-2000001-2002  2003-2004  2005-2006  2007-2008  2009-2010
#1 Health 26.27% 24.65% 22.82% 22.09% 22.84% 23.25% 23.31% 23.54% 24.49% 25.21%
#2 Educatio 24.55% 21.27% 18.21% 17.05¥% 16.37Y% 17.11% 18.04¥% 18.06% 15.96¥% 16.09¥%
#3 Manuf. 11.80% 13.21% 15.90% 15.79% 14.28% 12.28% 10.94% 11.46% 11.82% 11.78%
Financt 4.69% 4.88% 4.63% 4.68% 3.91% 3.25% 3.51% 4.00% 3.44% 3.58%
Graderank science (women)

1991-199: 199:-199¢ 1995-199¢ 1997-199¢  199¢-200( 2001200z 2003-200¢  2005-200€ ~ 2007-200¢ ~ 200¢-201C
#1 Healtt 50.57% 46.69% 40.51% 36.93¥% 37.91% 42.95% 46.01% 43.74% 39.93% 41.08%
#2 Manuf. 14.09% 16.60% 19.23% 18.00% 17.11% 14.39% 11.58% 12.63% 11.56% 11.67%
#3 Bus. Sen 9.22% 11.71% 10.26% 12.54Y 14.229% 12.66% 12.64% 12.45% 15.54% 13.71%
Financ 1.68% 1.87% 2.08% 2.04% 2.22% 1.65% 1.68% 1.19% 1.50% 1.61%
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Panel C: STEM and SSE Graduates

STEM (top)

1991-1992  1993-1994  1995-1996  1997-1998  1999-20001-2002  2003-2004  2005-2006  2007-2008  2009-2010
Manufacturing 29.32% 34.72% 37.81% 34.60% 32.29% .21 31.56% 31.62% 30.41% 28.12%
Business Services 29.56% 23.03% 22.41% 21.17% 20.89 23.04% 22.65% 20.16% 22.00% 24.07%
IT 8.23% 6.46% 11.06% 14.23% 17.21% 19.95% 17.18% 5.14%% 17.26% 17.33%
Finance 0.82% 0.84% 0.81% 0.77% 1.65% 0.95% 0.94% .52% 2.55% 2.51%
SSE

1991-1992  1993-1994  1995-1996  1997-1998  1999-200M01-2002  2003-2004  2005-2006  2007-2008  2009-2010
#2 Accounting 13.83% 20.07% 22.37% 16.35% 2451%  .8@h 23.26% 20.66% 18.94% 26.26%
#3 Trade/Hosp. 20.08% 14.27% 9.22% 10.30% 9.56% 2%.8 11.81% 11.07% 15.70% 12.58%
#4 Manuf. 15.34% 9.26% 16.23% 13.66% 4.17% 8.73% 72%. 11.87% 9.93% 8.00%
#1 Finance 18.47% 21.41% 22.45% 23.90% 21.20% 28.41 24.52% 25.95% 26.58% 25.51%
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