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Abstract

Using the British Household Panel Survey we exantwsv the Big Five
personality traits — openness to experience, censoilisness, extroversion,
agreeableness, and neuroticism — affect wages.stifaate mean and quantile pay gaps
between people with low and high levels of eaclhefBig Five, and decompose these
pay gaps in the part explained by differences irrkexs’ characteristics and in the
residual unexplained part. We find that opennes&xperience is the most relevant
personality trait followed by neuroticism, agreeatdss and extroversion. Openness and

extroversion are rewarded while agreeableness ematicism are penalized.



1. Introduction

In recent years there has been an increasing nuafilEzonomic papers looking at the
relationship between earnings and personalitystraitd there is strong evidence that
personality matters (in the labor market) as muchagnitive skills or education. We add
to this literature by deepening the understandingtty people with different personality
traits get paid differently.

While it is generally considered fair that workersh better cognitive abilities or
education be paid more, unequal pay across wovkigngdifferent levels of a personality
trait, but who are otherwise identical, could bensidered unfair. In this paper we
estimate the counterfactual pay gap between workighsdifferent levels of a personality
trait which we would observe if they were equatenms of all other characteristics that

are rewarded in the labor market.

In theory this counterfactual pay gap reflects aequal and potentially unfair
treatment of workers with different personalityitsa but this could also reflect an
omitted variables problem if we cannot observe sahéhe workers’ characteristics
which are relevant to capture their productivity Bsing the British Household Panel
Survey we control for a large set of charactesstdich allows us to reduce, although
not completely eliminate, the omitted variableshjemn. For example, a pay gap for high
neurotic workers could be a consequence of a redpeeductivity or of employer’s
prejudices against neuroticism. High levels of n&aism which limit productivity are
probably the consequence of a mental health proldenwe expect that once we control
for the presence of health problems and for thergxo which health limits the amount
of work, the reduced productivity effect of neucttim will be eliminated (or reduced)
and the estimated pay gap between high and lowotieuypeople will better reflect

discrimination.

We use the Big Five trait taxonomy (openness teggpce, conscientiousness,
extroversion, agreeableness, and neurotictenglassify people into different personality
groups (e.g., high agreeable and low agreeabld, éxgovert and low extrovert, etc.)

and then decompose the pay gap between these grntagso additive components: a



component explained by differences in workers’ abtgristics and a residual
unexplained component (the counterfactual pay gaje decompose further the
explained component to identify the contribution edch specific characteristic in
explaining pay differences (detailed decompositiofg implement the decomposition
analysis we adopt an innovative method proposelifpp et al (2007) which overcomes

some of the shortcomings of the Oaxaca-Blinder oekth

Our main contribution to the literature is twofoldirst, we conduct a detailed
decomposition of the personality pay gap to idgntife importance of differences in
occupation, education, health and other charatitsrisn explaining these pay gaps.
Second, we provide a more complete picture of #ationship between wage and
personality traits by analyzing the personality gayps not just at the mean but also at
different points of the wage distribution.

2. Background

Recently economists (see Goldsmath al. 1997, Bowleset al, 2001, Nyhus and Pons
2005, Mueller and Plug 2006, Cebi 2007, Heineck 720@iinikainen et. al 2007,
Heckmanet al. 2008, Fortin 2008, Heineck and Anger 2009) haveubety study the
effect of personality traitson labor outcomes and in particular earnings. &lsésdies, as
well as earlier research by psychologists (Bareok Mount 1991, Mount and Barrick
1998 and Saldago 1997), have found strong assatsabetween personality traits and
different labor outcomes.

Personality traits are generally defined as stpbléerns of thought, feelings and
behaviour (Borghangt. al. 2008). It does not mean that persons with certadits
behave in the exact same way in every situatiohthat they have a higher tendency of
behaving in particular ways than others. While ¢héits are relatively steady in
adulthood, they can be affected by parental backgto environmental factors and

interventions, during childhood and also duringlasicence (Cunha and Heckni2008,

! Some researchers use the term non-cognitive sither than personality traits. As advised by Barts
et. al.(2008) we avoid the term non-cognitive skills hesmit seems to suggest, erroneously, that
personality skills are independent of cognitiveiies. Henceforth we will use the term personalisits,
characteristics, skills or abilities.



Cunhaet al. 2006). This implies that early interventions taegeat improving personality
skills can have effects on adult outcomes sucltaasregs (see Heckmaat al 2008).

It is possible to define a large number of person#hits, but here we restrict our
attention to the Big Five personality traits taxormothat includes openness to experience
(vs. closed to experience), conscientiousness l@ek. of direction), extraversion (vs.
introversion), agreeableness (vs. antagonism) andoticism (vs. emotional stability), as
it has received a general consensus among psyasisidgee John and Srivastava 1999).
The Big Five taxonomy does not have a theoretieakfround, but there is empirical
evidence that the Big Five are the only replicdbletors. Goldberg (1990) and Saucier
and Goldberg (1996) analyze large sets of perdgradiectives and find factor structures

similar to the Big Five personality traits.

Recent studies that have examined the effect of Hig personality traits on
wages using different datasets (Nyhus and Pons, 2008ller and Plug 2006, Heineck
2007, Heineck and Anger 2009) find that agreealskenepenness to experience and
neuroticism are significant in explaining pay ewter controlling for other relevant
explanatory variables; whereas Viinikainenh al. (2008) find that only extraversion
matters. Some of these studies have acknowledgedo#int of the wage differential is
due to occupational sorting by personality typesiéNer and Plug 2006) but they have
not tried to quantify how much of the personalitpypdifferences is related to
occupational sorting or to differences in other poid personal characteristics. In this
paper we try to fill this gap by answering the daling questions: Why are people with
diverse personality traits paid differently? To wWwletent is it because persons with
certain personality traits happen to have certdmaracteristics that are rewarded
differently in the labor market? And how importaateach of these characteristics in

explaining pay gaps across personality groups?

To highlight why this may happen let us considgyuanents for why we expect

labor market earnings to differ by personalitytsai

First, as with cognitive ability, personality skilmay increase productivity and
therefore wages. Of course certain traits may as®ea person’s productivity in certain

activities and tasks but not necessarily all. Psladists find, for example, positive



associations between conscientiousness and jobrpenfice for all types of occupations
and between extraversion and job performance feumations which require social
interaction or team work (see Mount and Barrick99 hey also find that openness to
experience makes training more effective, whichtum can increase productivity in
some occupations. Finally, Bowlest. al. (2001) suggest that, in the presence of
incomplete information, employers could be willitgypay a premium for persons with
personality traits that are incentive enhancinghe® employers can encourage higher

productivity by using incentives.

Second, employers may pay persons with differemsquality traits differently
for reasons other than their effect on productivkye refer to this as taste based
discrimination. It could be that employers prefemtork with people with certain types
of personality traits and so are willing to pay emaven if these persons are not
necessarily more productive. Similarly, there caremployee (colleague) and consumer
taste based discrimination against workers witlti§iggoersonality traits. Consumers, for
example, may prefer to buy from sellers who areenagreeable and extrovert and to buy
from less agreeable or introvert sellers only € grice is reduced (see Altonji and Blank
1999).

Third, some personality traits can enhance thataluf wage bargaining or the

workplace social networking and ultimately affe@ges (Mueller and Plug 2006).

While personality traits may be rewarded differgrftbr productivity or non-
productivity enhancing reasons, we may also obseersonality pay differences if
people with diverse personality traits sort intedent occupations and education levels
(Filer 1986, Jackson 2006 aKdueger and Schkade 2008). This is what makedficalit
to interpret observed personality pay differencesesvards for different personality traits

only.

3. Methods

There is a large literature on how to decomposedifégrences between groups into two

additive components: the composition component ampt by differences in



characteristics and the residual unexplained compiofsee Blinder 1973, Oaxaca 1973,
DiNardoet. al.1996, Barskyet. al.2002, and Firpet. al.2007).

The most well-known and popular decomposition agpinas the Blinder-Oaxaca
method (Blinder, 1973; Oaxaca, 1973). This appraacbased on the estimation of a
linear regression of the outcome varialylepn a set of explanatory variabbeseparately
for the two groups to be compared, which we cadl ¢cbmparison and reference groups.
In our analysis, the outcome variable is log wage the explanatory variables are a set
of personal and job characteristics. For each ef Big Five personality traits our
comparison (reference) group is defined by peopith vhigh (low) levels of the
personality trait. The estimated regression coieffics for the comparison group and the
mean values ot observed for the reference group are used to gréddiccounterfactual
mean log wage of the comparison group as if it thadsame distribution (or at least the
same mean) ok as that observed for the reference group. Therdifice between the
counterfactual mean log wage of the comparisongand its observed mean log wage
represents the explained component of the payrdifte (composition effect), while the
difference between the counterfactual mean andntban observed for the reference

group represents the residual unexplained payrdiifee.

If we represent the log wage regression by,
Y =XBj (1) + €
wherej takes value 1 for individuals belonging to the pamson group (group 1) and O
for individual in the reference group (group (iq, is a vector oK explanatory variables

(including the constant)(x) is the corresponding vector of coefficientgjenotes mean
regression coefficients, andj is an error term. Leb‘<j be the mean oij, then the
composition and residual effects are given(By—Xg)5.(4) and (20,81(;1)—7(0,80(/1)),
respectively.

Furthermore, the Blinder-Oaxaca method allows deumsimg the explained
component into additive parts representing therdmurtton of each explanatory variable

to the pay difference:



K
(X —X%0) Bu(u) = Z (ilk - Xo,k)lglk(,u)
k=1
where ij « Is thek-th component of the vector variabl&s.

The Blinder-Oaxaca method is the only statistical that allows us to estimate
the separate contribution of each variable to emlg the mean pay gap and for this
reason it is still largely used in applied econ@papers (see for example Antecol et al.
2008 and Chiswick et al. 2008). Nevertheless, thadBr-Oaxaca decomposition has
three main disadvantages: first, it is not direepplicable to decompose differences in
any statistics other than the mean; second, it s@pa linearity assumption between
outcomes and explanatory variables; and third, wtten range of possible values
assumed byx differ for the comparison and reference groups,camputes the

counterfactual mean by using out of the sampleigtieds.

A solution to the first disadvantage has been rdgeovided by Firpo et al
(2007) who show how to extend the Blinder-Oaxacaamimeecomposition to other
statistics by using the recentered influence fumc@RIF) approach (see Firpo et al 2009).
The recentered influence function for a statistiof y is a function RIFR{,v) which
satisfies the following propertiés

(a) its mean is equal to the actual statisti&[RIF(y,v)]= v;
(b) the mean of its conditional expectation giveik,[RIF(y,v)[X], is again equal to

the actual statistie, i.e. B{E,[RIF(y,v)[X]}= v.

Assuming a linear relationship betwe&tF(y,v) and x for both the comparison and
reference groups, we can estimajfRE-(y;,v)|x;] using a linear regression:

RIF(Y;,v)=X Bi(v)*ui,
wherej is, as before, the group indicator (0 orxX)s a vector of K explanatory variables
(including the constanty;(v) is the corresponding vector of coefficients foe statistior
and y; is an error term. Given the properties (a) and (b), it is easy tovprthat the

difference between the statistiéor group 1 and 0 is

2 For a more detailed definition of the recentergtlience function and a full list of properties veder to
Firpo et al (2009).

% When thev statistics is a quantile then the RIF-regressscami unconditional quantile regression (see
Firpo et. al. 2009).



vi-vo = B[RIF(y,v)xi]- E\[RIF(Yo,v)Xo]= % £y(V) =X Bo(V)
and can be decomposed into two additive componéméscomposition effect and the

residual effect,

% A) - %oo) = 5 % JB0) + % (B0) - H»).
This decomposition is equivalent to the Blinder-@ex method with the only difference

that it is based on tHelF-regression rather than the y-regression.

The RIF of the mean is equal o In this case th&IF-regression is equal to the
y-regression so that the Blinder-Oaxaca decompuosdf the mean difference is a special
case of theRIF based decomposition. So, we call tRé- based decomposition the

generalized Blinder-Oaxacar regression based method

This method can also be used also to produce dledetdecomposition to

evaluate the contribution of each variable (sepd-et. al. 2007),

K
V-V = Z(&k - Xo,k)ﬁlk(V) +%(Bv) - BV)).
k=1

In our application we consider the decompositiopay differences in quantiles

and mean. ThRIF of az-quantile is given by

r-I(y<q)
f(ar)

whereq; is ther-quantile,I(.) is the indicator function taking valdef the event between

RIF(y.q7) =ar +

parenthesis is true afidotherwise, and(.) is the density distribution gfcomputed at the
r-quantile. We estimatRIF(y,q) by replacingg, with its sample estimate and computing

the density distribution by using a nonparametamkl estimation.

While thegeneralized Blinder-Oaxacar regression based methades have the
advantage of providing a decomposition of diffeesn statistics other than the mean
such as quantile, variance, etc. the compositidecefestimated provides only an
approximation of the marginal effect on the statistof a change of the distribution »f
from the comparison group to the reference grougoFet al (2009) prove that the

approximation error goes Wfor infinitesimal changes in the distribution br in the



special case wheneis equal to the mean. Also, this method is stildzhon a linearity
assumption and on out of the sample predictionsnwthe explanatory variables have a

different range between the two groups comparedsiget. al.2002).

A more robust way to decompose pay differences @am quantile or other
statistics is by using weighting methods (DiNaetoal. 1996, Barskyet. al 2002). The
counterfactual statistic (mean, quantile, etc) stinmated by simply computing the
statistics using weights to equivalize the disttidiu of the explanatory variables)(
between the two groups compared. A counterfactiadilsic for the comparison group,
assuming the same distribution wfas that observed for the reference group, can be
computed using weightsy(x), given by the ratio between the probability ofdmging to
the reference group rather than the comparisonpg¢oenditional to the variable) and

its complement to one, i.e.
w(X)=Pr (d=1|x)/[1-Pr(d=1|x)],

whered is a dummy taking valué for the comparison group artiifor the reference
group.

The probabilityPr(d=1|x) can be estimated non-parametrically if the exaiary
variables are low in number. On the contrary, when set of variables is large some
parametric assumptions are needed to avoid the afirdimensionality. In our empirical
application we consider a large set of explanatanables and we assume a logit model.
Notice that applying weighting methods is equivalém applying propensity score
methods (see for example Rosembaum and Rubin H&8)o et al. 2003, Wooldridge
2002 and 2007), where the propensity score is défoyPr(d=1|x).

The main advantage of weighting (or propensity sranethods is that these
require us to specify and estimate a model onlyPigd=1|x). On the other hand, their
drawback is that they do not provide a detailecbdgmosition of the difference n(i.e.,

a decomposition where the contribution of each Isirgxplanatory variable can be
separated out).

To compute counterfactual means, quantiles, vaemnand other summary

statistics, it is also possible to combine weighigl regression based methods. The

10



combined method is equivalent to the counterfacastimation used by Firpo et al
(2007). The combined weighting regression methotsists in estimating the RIF linear

regression for the comparison group,
RIF(y. )= BVRW) + w,

by using the above described weight$x). The superscriptVRin "% (v) stands for
weighted regression. The estimation is consistemither the weights (i.e. the logit
model) are correctly estimated or the linear regjorsmodel is correctly specifiédThe

counterfactual statistics are computed as in thmdBt-Oaxaca decomposition but

considering the coefficients estimated using thégkted RIF-regression(ioﬁ_LWR(v)).

Given the counterfactual, we can again decomposepthy gap into two additive
components:

1 ~vo = [faB, ) - %8R+ [Ro BYR) - By )|

The first addend between square brackets repregentomposition effect, whereas the
second addend is the unexplained residual. We wainef decompose the composition

effect into two parts:

%08, (V) - XBVRW) = (% - %) B, V) + %o, ) - BYRW) ),

with the first part equal to the composition efféx@sed on the generalized Blinder-

Oaxaca approach, and the second part equal toiffeeedce between the composition

effect in the generalized Oaxaca and in the contbimeighting and regression based

approach (and thus the reliability of the detaitlstomposition). The first paite., the

composition effect based on the generalized Blutdigxaca approach, can be further

decomposed into additive components reflecting dbitribution of each explanatory
K

variable,(Z(ilk - )_(o,k)ﬁlk(")} .

k=1

In our empirical application we apply both the gatieed Blinder-Oaxaca

decomposition and the more robust weighting andessgon based approach. In all our

* In summary, the combined weighting and regressiased estimation method is double consistent
(Robins and Rotnitzky 1995).
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estimation procedures we consider also weightemect for the sampling design and for

unit non-response (see for details Section 4).

4. Data

4.1 Sample definition

For our analysis we use data from the British Hboke Panel Survey (BHPS), a
longitudinal survey of a representative sample fgbe households in the UK. The
BHPS provides the ‘Big Five’ personality traits agetailed information on employment,
education, income, and other socio-economic vaggaht individual and household levels
making it particularly suitable for our study. Eagéar (wave) every adult (16+ years)
member of the original sample of households isit#&gfor interview even when they
move into a different household (as long as theycarrently residing in UK).All adult

co-residents of these original sample memberslaoestigible for interview.

We use data primarily from the wave 1®( year 2005) of the BHPS as the Big
Five personality traits are measured in that wawke restrict the sample to men
interviewed in wave 15 who are between the ageglaind 64 years by December 2005,
currently living in the UK and in paid employmeiu¢ not self-employed). This resulted
in a sample of 3025 men. After dropping cases witbsing values for the variables in
our analysis we were left with 2688 observatiorso(# 90% of the sample). In all our
analyses we take account of the sampling designuaitdnon-response by using the

cross-section weights for wave 15 provided in thilisly released BHPS data Set.

4.2 Variables

Personality traits

We consider the Big Five personality traits - opssmto experience, conscientiousness,
extraversion, agreeableness and neuroticism - whale been recognized by most

psychologists as a way to summarize the large ramofgendividual personality

® All children born to members of this original sdmplso become part of that sample and becoméigi
for interview when they turn 16.

® For details on the weighting procedure we refeBritish Household Panel Survey User Manual Volume
A, 2009, edited by Taylor M.F. with Brice J., Buldk, Prentice-Lane E.

12



characteristics (see John and Srivastava 1999)m@ésure these 5 personality traits by
using the 15-item personality inventory availalriehe BHPS. The Big Five are usually
assessed with a longer set of questions; howdwere is empirical evidence supporting
the reliability of measures based on concise inugn{see for example Benet-Martinez
and John 1998 and Goslieg al.2003).

In Table 4.1 we report for each of the 5 persopadidits the related personality
facets or adjectives (as in John and Srivastav)1&8d the three questions asked in the
BHPS to measure it. The BHPS asks each resporoleatet a set of claims on how they
see themselves on a 7-point scale, from 1 “doesmoty” to 7 “applies perfectly”. We
measure each personality trait as the average sttie responses to the three questions.
We adopt the standard approach to assess meastiemoerproblems by computing the
standardized Cronbach's alpha reliability indai/e find an alpha reliability equal to
0.68, 0.57, 0.59, 0.56 and 0.69 for openness, cmswISNess, extraversion,
agreeableness and neuroticism respectively. Thesexactly the same as the reliability
indexes found by Heineck (2007) who also uses tH®® and very close to the ones
found by Heineck and Ang€2009) who use the German Socio-Economic Panetland
same 15-item personality inventory, and they argeben 3 out of 5 cases than the
reliability indexes computed by Goslingt. al. (2003) using an even more reduced
number of questions (a 10-item personality invegntolOn the other hand, these
reliability measures are worse than in studies Wwhise a larger number of items to
measure each personality trait (see for exampla dod Srivstava 1999 or Mueller and
Plug 2006).

We report the mean, standard deviation, first, séa@nd third quartiles for each
of the five personality traits in Table 4.2. In amalysis we use the median, th&' 2&d
the 78" percentiles of each of these personality traitdistinguish between people with
low and high, extremely low and extremely high levef the trait. Each traiti.g. the
average of the three items used to measure itstakkies from 1 to 7. The largest

standard deviation and inter-quartile range (whale measures of variability) are

' This alpha reliability index is given by the rabietween the variance of the true unobserved palispn
measure and the variance of the observed persprmaidsure and it is computed under assumptions
equivalent to the classic measurement error maael Cronbach, 1951).
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observed for neuroticism, followed by extroversamd openness. For conscientiousness
and agreeableness there is less variability ane nian 50% of the people have values
higher than 5.

Wage

We compute hourly wage using the usual gross mpntabe of the current job and the
number of hours normally worked per week. When ithfermation is missing we
consider the imputed value provided in the BHR8e find that the average log hourly
wage for those with high levels (above the med@ng personality trait are different
from those with low levels (below the median) céttipersonality trait (see Table 4°3).
The largest difference in mean is between high &wd openness, 0.089, which
corresponds to about £1.04 (10%) difference in lgowage. Extroversion is also
positively rewarded and implies on average an asmeof about 5% (63 pence) of the
hourly wage. On the contrary, high agreeablenedsnauroticism are penalized in the

labor market with an average reduction of the howdge of about 6% (72 pence).
Other control variables

In our empirical application we also control foset of workers’ characteristics relevant

in the wage determination, which we describe below.

Every person in paid employment is asked to repenbatim what sort of work
they do and their job title. BHPS provides the @idiStandard Occupational
Classification (SOC 2000) of the current job basadhe verbatim reports and we use
that to classify people into nine occupational gatees fccupation: managers and
senior officials; associate professional and temddniadministrative and secretarial,
skilled trades; personal service; sales and custeemwice; process, plant and machine

operatives; and elementary occupations .

We also use other information about the job thatréspondents report — the firm
size or rather whether the firm has fewer thanrhpleyees firm sizg, whether the firm

is public or not ublic) and whether the job is temporary, i.e., fixedrterontracts,

8 See for details on wage imputation British Housetfimnel Survey User Manual Volume A, 2009, edited
by Taylor M.F. with Brice J., Buck N., Prentice-laaR.
° Test results on significance of the pay differenaee reported in Table 5.1 in Section 5.
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seasonal or casual jobrfhporary. To identify whether a person is employed futhi
or part-time we use the BHPS derived variable witictes all those whose total hours
worked (including overtime) in a week is less tf#has part-time employed and more

than 30 hours as full-time employquh(t-time employed)

We compute the potential work experienaxperience)of a person in the
standard manner by subtracting the age the worderfull-time education (school,

college or university) for the first time from Hgfr current age.

Using questions on the training received in thet plaage years we compute a
variable to identify whether respondents have kexkiraining (of 30 hours or more per

week) in the last three yearsat training.

We also compute the proportion of time people tspant in unemployment since

they were first interviewedést unemployment

We also consider a variable for the highest edagati qualification achieved
which we categorize in college or university degredevel or other higher education but
below college degree, GCSE or O-level, and vocatioor technical education

(education).

Respondents are also asked to report whether they &ny health problems or
disabilities'® We summarize this information with a dummy varabsidicating whether
a person has any of these health probleany fiealth problemsWe also consider the
extent to which health limits the amount of workaifiour-point scale — a lot, somewhat,

just a little and not at all -héalth limits worl

The BHPS provides also information on which stadd&gion or metropolitan
area the person lives in. We consider the follownimge regions London, Rest of South-
East, South-West, Anglia & Midlands, North WestsRef the North, Wales, Scotland,
Northern Irelandregion).

19 More specifically, respondents report if they hiealth problems or disabilities connected witmsr
legs, hands, feet back, or neck (including arthatid rheumatism); difficulty in seeing (other tmeeding
glasses to read normal size print); difficulty iahing; skin conditions/allergies; chest/breathpngblems,
asthma, bronchitis; heart/high blood pressure @odkirculation problems; stomach/liver/kidneys or
digestive problems; diabetes; anxiety, depressidrad nerves, psychiatric problems; alcohol or drug
related problems; epilepsy; migraine or frequemrtdaehes; cancer; stroke; or other health problems .

15



In Table 4.4 we report the mean and standard efwotbe variables just described.

5. Reaults

Relationship between wage and personality traits

We analyze the pay difference between workers wighh and low levels (above and
below the median) of each of the Big Five persapalaits (openness, conscientiousness,
extroversion, agreeableness and neuroticism). IbleT&.1 we report these pay
differences computed at the mean as well as atlffe 25" 50" 75" and 9§
percentiles. Pay (wage) is defined as the logaritfirhourly wage. As a consequence,
differences in mean and quantiles are approximagbal to relative instead of absolute

changes in mean and quantiles.

We observe statistically significant mean pay dédfees (different from O at the
5% level) for openness, agreeableness, neurot@istrextroversion. High agreeable and
high neurotic people are paid on average less; e@sepeople with high openness and
high extroversion tend to be paid more. Consciestiess, however, does not lead to any
statistically significant difference in pay. Thegsults seem in line with previous studies
by Letcher and Niehoff (2004) and Mueller and P(2§06), who consider a sample of
people graduated from high schools in Wisconsid, with Heineck (2007) and Heineck

and Anger (2009), who use the British and Germanddbold Panel surveys.

Results in Table 5.1 suggest that the pay diffeaenare approximately invariant
across the distribution for conscientiousness. l@ncontrary, neuroticism, agreeableness
and introversion pay gaps are more significant geople at the bottom of the pay
distribution, whereas openness to experience pesval pay advantage especially for
people in the top half of the pay distribution.dther words, there seems to be a sticky
floor effect for highly neurotic, highly agreealgeople and highly introvert people and a

glass ceiling effect for people who are closedxjpegience.

Pay differences observed for people with diversesqmelities could be in part
explained by the fact that people with differentgemality characteristics sort out in

different occupations, level of education, etc.vitnes papers find for example that

16



conscientiousness and openness are correlatededitbation (see Barrick and Mount
1991, and Raad and Schouwenburg 1996) and thiexqdain part of the pay differences
observed for conscientious and open people. Thoigirmed by our decomposition
results. Before moving to describe in detail thessults, we provide some empirical
evidence on the sorting out of people with divgysesonalities in different occupations,
levels of education and other characteristics wtach usually rewarded in the labor

market.

More precisely, we study how a personality traiates to education, occupation,
potential work experience and its square, partstiteeporary job, public sector, firm
size, health dummies for bad health and for hegadtdiblems limiting amount of work,
past training and past unemployment experiencapmegummies, and the other four
personality traits (dummies for low and high legékach personality trait}. We analyze
this multivariate relationship by considering logibdels for the probability of having

high rather than low levels of each of the Big Fpezsonality traits.

In our logit model used to predict the probabilifyopenness to experience, we
find that it is statistically significantly posigély related to college or university degree,
and negatively related to no educational qualiftcatand elementary occupations. The
most significant explanatory variables positivedfated to conscientiousness are work
experience and having a GCSE or O level, whereasndes for part-time job and
administrative-secretarial and sales or customevicgs occupations are statistically
significantly negatively related. Agreeablenessated positively to no educational
gualification as well as to college or degree etona and negatively to work
experience. Neuroticism is positively correlatednvwad health, health problems which
limit amount of work, past unemployment experieacel administrative and secretarial
occupation, and negatively with past training. Hnaextroversion is positively
correlated with having a GCSE or O level, pasintreg and working in big firms, and
negatively correlated with college or degree edanatprofessional occupations and

work experience.

' A more detailed description of these variablgsr@vided in Section 4.
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Decomposition results

As a first step towards estimating the decompasstiowe estimate mean and
unconditional quantile wage regressions separdtelyeach personality group (unlike
previous studies), therefore allowing the returnatgersonality trait to differ across
occupations, levels of education and other exptagatariables. Next we decompose
these pay differences for each personality traitha mean and at 5 different quantiles,
into two main components: a component, called catipn effect, which is explained
by differences in the explanatory variables, amdsadual unexplained component. These
are computed using both the combined weighting ragdession based method and the
the generalized Blinder-Oaxaca method describe®ention 2. The weights for the
combined method are based on the logit models ibescabove. In the second and third
column of Tables 5.2 and 5.4 we report the comjosiand residual effect estimated
using the combined method and in the fourth coluhecomposition effect estimated
using the generalized Blinder-Oaxaca decomposi#snalready explained in Section 2,
while the generalized Blinder-Oaxaca decompositppavides an estimation of the
composition effect which could be biased; the dgowosition based on combined
weighting and regression based method providesra nobust estimation but does not
allow us to estimate detailed decompositions. H®rnewhere we find that the
composition effects estimated using the two typgedecomposition are similar, we can

use the generalized Blinder-Oaxaca method to peoaittliable detailed decomposition.

In the log wage equations we control for the saargables as in the logit model

(described earlier).

Looking at the decomposition results for the meidfier@nces (see Table 5.2) we
find that differences for openness and consciestiess are almost completely related to
a composition effect; whereas differences in thesgeal and job characteristics do not
explain the pay differentials between low and Hig\els of agreeableness, extroversion

and neuroticism.
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In Table 5.3 we present the results of the germ@dlBlinder-Oaxaca detailed
decompositioff to evaluate the contribution of different variableo the mean pay
difference. It is meaningful to discuss these tsstdr the mean difference between
people with high and low openness to experience @mrcientiousness because the
composition effect for these cases is large (90% @0% of the total difference).
Additionally, in these two cases the Blinder-Oaxagaproach provides an accurate
estimate of the composition effect because itaselto the more robust estimate provided
by the combined weighting and regression basedoappr The pay advantage for high
open to experience persons is explained mainlyducation (and in particular by the
dummies for no educational qualification and cadlegr university degree) and
occupation (especially professional, associateggsadnal and technical, and elementary
occupations); whereas the pay disadvantage for ¢ogiscientious people, although not
statistically significant, seems to be explainedebdycation, occupation, region and other

job characteristics (in particular part-time).

Looking at the pay gaps at different quantiles (§able 5.4), we find a similar
story. Differences in pay percentiles between peapith high and low openness to
experience is mainly explained by differences iraralteristics but differences in
percentiles for agreeable, extrovert and neurcmpfe are not. Conscientiousness does
not imply any significant difference in pay perdtrg and these small pay differences are

not explained by characteristics either.

Notice that the apparent glass ceiling effect forkers who are more closed to
experience disappears once we control for the cempo effect. This implies that the
bigger pay advantage of openness to experiencevaosat the top percentiles is related
to the fact that people with low and high openressexperience have different job and
personal characteristics. On the contrary, thekgtitoor effect observed for highly
neurotic people and highly introvert workers pdrssen after controlling for the
composition effect. This seems to suggest that iemalt stability and extroversion are
personality traits better rewarded in low paid gations (such as plant and machine

12 Notice that the generalized Blinder-Oaxaca decaitipn for mean differences is identical to the
standard Oaxaca decomposition (see Section 3 fog details).
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operatives and elementary occupations) as confitoyatie estimated coefficients in our

wage regressions.

In case of agreeableness, once we control for #reop’s personal and job
characteristics (moving from the first to the thedlumn in Table 5.4), the pay gap
increases at the higher end of the wage distributiat decreases at the™percentile,
thus equalizing the pay gap across the whole bigtan. In that sense the sticky floor
disappears. Since we find that agreeableness @xias=d with both no educational
gualification as well as with college or degree @tion, an explanation for this result is
that at the high (low) end of the wage distributiarorkers are better (worse) educated
which masks (accentuates) the pay penalty for agteress. So, once we control for
education the pay penalty for agreeableness inese@ecreases) for the workers at the

top (bottom) of the pays distribution.

To better assess possible determinants of thesepg@apentile differences, we
consider the detailed decomposition but only far tdases where there is a substantial
composition effect and where the estimates oféffect using the two methods are close
to each other. This seems to hold for the decortipnsof the pay differences between
high and low openness to experience (see secondaandolumn in the first panel of

Table 5.4). We report the detailed decompositiculte for these cases in Table 5.5.

We find that educational level and type of occupatare the main variables
explaining the differences in pay between high &w openness to experience (see
Table 5.5). More precisely, at the bottom quantites differences are explained mainly
by the dummies for no educational qualification dod@ paid occupations such as
elementary occupations, while at the top quantike difference is explained mainly by
the dummies for college or degree, professionap@ate professional and technical
occupations. In other words, pay differences foeromess to experience is almost
completely explained by the sorting out of peopléhvspecific personality levels into
specific levels of education and occupations. Ty reflect that occupational and
educational choices are related to the level ofnpbpss or a personality-based
discrimination in the hiring process especially ingapeople with low openness and in

some occupations.
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Summary and some reflections

It seems that the most relevant personality traitexplaining differences in pay are
openness, agreeableness, neuroticism and extrovelhile pay advantages associated
to openness are explained mainly by differencesharacteristics; the pay differences
associated with extroversion, neuroticism and ademess are not. Finally, the pay gap
for openness and agreeableness does not changdicaigly across the wage
distribution, at least after controlling for thensposition effect; whereas there seems to

be a sticky floor effect for introversion and netigism.

As we see, for extroversion, agreeableness andtaam the pay difference (at
the mean and quantiles) is significantly differéaim zero and mostly unexplained by
characteristics. By its very definition, there aceempirical explanations for the residual
difference. Here we reiterate some of the possdyplanations for this unexplained
difference as put forth by economic theory. In tase of agreeableness, what perhaps
could explain the residual pay gap is being leseeaple (more antagonist) could be
related to better skills in the wage bargaining.ta contrary, the pay disadvantage for
neuroticism could be related to a reduced prodifgtiin our wage equations we take
account of the possible reduced productivity bysudering dummies for bad health and
presence of health problems which limit amount ofky which are indeed correlated
with neuroticism. However, the residual unexplaipay difference is still negative and
this could in part be related to taste based disoation. Notice that the unexplained pay
disadvantage for neuroticism is bigger at the Imttbhan at the top of the distribution
perhaps indicating that neuroticism is a more mhiepd trait for low paid occupations
such as blue-collar. Finally, extroversion couldoiove workplace social networking

which could in turns increase productivity or thences of career advancements.

But it is obviously difficult to speculate furthen possible explanations for the
unexplained pay gaps. The only safe conclusionamencake is that the unexplained pay
gaps can be related to unobserved differences adugtivity and/or to some sort of

discrimination.
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6. Some senditivity analyses

In this section we consider some sensitivity aregy® address some possible limits of
our analysis: (i) non-monotonicity of the wage-pa@ity traits relationship (ii)
endogeneity (reverse causality) of personality tdrai(iii) measurement error of

personality traits and (iv) common support problem.

Non-monotonicity issue

To verify whether the relationship between wage pexsonality traits is monotonic, we
repeat our analysis by considering extremely lowdimm and extremely high levels of
each personality trait, which correspond to sctrlew the 2% percentile, between the
25" and 7%' percentile and above the"7percentile, respectively. In Table 6.1, we report
the pay difference in mean and at different quastibetween workers with extremely
high and medium levels as well as between worketls medium and extremely low
levels of each personality score. We cannot reaj@etassumption that the relationship
between wage and the personality level is monot@rieach of the personality traits.
This is because in the majority of cases the pHgrdnces between extremely high and
medium levels have the same sign as the differdne®geen medium and extremely low
levels of each personality trait, and in the casd®re the sign changes the pay
differences are not statistically different fromrae For this reason we decided to
concentrate our attention on the pay differenceéwden people with personality levels

above and below the medi&h.

Endogeneity and reverse causality issues

Another potential limitation of our analysis is teadogeneity of the personality traits
with respect to pay. Decomposition analyses arallysapplied to explain differences in
pay between two sub-groups of the population ifiedtiby an exogenous variable such
as characteristics fixed at birth, say gender. lm ocase, the personality traits are
exogenous for the part explained by genetic endowsngredetermined for the part

explained by the family background characteristing, they are potentially endogenous

13 Results on decomposition comparing people witlsqeality score extremely low, medium and
extremely high are in line with the ones reportedetand are available upon request from the authors
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for the part explained by the type of labor markeperience. This endogeneity problem
is more precisely a reverse causality problem whickcurs for example when a
successful career implies a change in personadiitst

Previous papers on the relationship between theHBig personality traits and
wage (see for example Muller and Plug 2006 andikéinenet. al.2007) recognize the
potential reverse causality issue and suggesitthatagnitude should be small given that
personality traits are found to be quite stabler dvee and especially after the age of 30.
Other researchers who have focus on the Rosenbi+gsseem scale or the Rotter locus
control scale (which refers to the extent to whiddividuals believe that they can control
events that affect them) have also recognized ldegeneity issue. Some of them have
tried to take account explicitly of the issue byther using instrumental variable
estimation or by using a latent factor model apphnoaor example, Osborne-Grove
(2005) estimate the effect of personality on wagen@ as main instrument for the
personality score (the Rotter locus control sc#ie) same personality score measured
early in life. Goldsmithet. al. (1997) use as instrumental variable for self-estésm
prediction based on a number of presumably exogenanables. Heckmaet al. (2006)
take account of endogeneity by estimating a factmdel to identify two factors
representing latent cognitive and personality aédi

We do not have adequate instruments for our Big B®rsonality traits and we
do not have enough multiple measures for each paligp trait to make it possible to
consider a latent factor model approach as in Haden al. (2006). As a consequence,
we decided to adopt a different strategy. We retstur sample to people aged 30 years
or morei.e,, to an age range when personality traits are rstakle (see for example
Costas and McCare 1988, Rantaperal.2007). This should help in reducing the reverse
causality bias and we find that our decompositiesults do not change. However, this
does not imply that our results are free of anyogedeity bias and interpretation of the
personality effect as a causal effect should beeméth caution.

Note, however, that in our wage regressions we ltargrolled for variables
which could be related to changes in the persgnafdits and hence could have

contributed to the reverse causality. In particulae have considered variables that
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represent the person’s past labor market experiénckiding past unemployment and
training) and dummies for the presence of healtdblems. We find that these variables
affect personality traits, especially neuroticisgrance controlling for them should reduce
the reverse causality problem.

Measurement error issue

We are also concerned with measurement error issaeause personality traits are
difficult to measure. Osborne-Grove (2005) and NMureand Plug (2006) try to correct
for the potential measurement error bias by assymairnclassical measurement error
model, and inflating the otherwise attenuated éftéche personality skills in the wage
regression. This type of procedure is not appleablour study because our personality

trait effect is not given by an estimated coeffntian the wage equation.

Since we use our personality trait score to ditlte population of workers into
two groups with scores above and below the mediais, possible that measurement
errors are relevant only for individuals with sco@ose to the median. For this reason,
we test how sensitive our results are to the ekartusf individuals whose personality
scores are between 90% and 110% (and also betviéera®d 105%) of the median. We

find that our results hardly change when we dr@gséhindividuals.

Common support problem

One of the main problems when considering the Rlirdaxaca or generalized Blinder-
Oaxaca decomposition is the fact that the explapatariables could have different
supports for the two groups to be compared andittipdies that counterfactual statistics
are computed using out of the sample predictioe @arskyet. al. 2002). A similar
problem, but less troublesome one, exists whergusgights. To avoid the last problem
we repeat our analysis by restricting our sampléhéopeople with common support for
the predicted probability of having high ratherrthaw level of the personality trait
studied on each occasion. We find that there alefew cases with no common support

and the decomposition analysis results do not ahangll.
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6. Conclusions

In this paper we estimate the total effect of peadity traits on wages and we decompose
it into its indirect effect which operates througHucational, occupational choices and
other personal and job characteristics, and a uakieffect. We implement this analysis
by using the generalized Oaxaca-Blinder decompuséind the combined weighting and
regression based approach proposed by Fepoal (2007). These decomposition
approaches allow us to analyze the total effeetach of the Big Five personality traits at
the mean as well as at different quantiles andvalle reward of each personality trait to

vary across occupations, and other job and persbaahcteristics.

Our main results can be summarized in the follovihrge points. First, it seems
that the most relevant personality trait in explagndifferences in pay is openness
followed by neuroticism, agreeableness and extsimer Second, there is a glass ceiling
effect for people who are closed to experience tede is a sticky floor effect for
introvert, high agreeable and neurotic people. &stigky floor effects are more relevant
in low paid occupations such as blue-collar ocdopat In case of agreeableness
however, this sticky floor effect disappears once wontrol for personal and job
characteristics. Third, pay advantages associatéd @penness to experience are
explained mainly by differences in characteristisdiereas pay advantages associated
with extroversion and pay penalties linked to n&aiem and agreeableness remain
unexplained. These unexplained differences could absociated with unobserved
diversity in skills enhancing productivity, caremilvancements or wage increases, and

with taste based wage discrimination.

The results clearly show that neuroticism and aplemess are penalized in the
labor market while openness to experience and extsmn are rewarded. We would
however be cautious in making any policy presaimgi about encouraging the
development of certain personality traits basedh&se results alone as these rewards
and penalties pertain only to the labor market @oicko other meaningful aspects of life.
For example, while agreeableness is penalized enlahor market, it may be highly
rewarded in family and personal relationships.
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Furthermore, rewards and penalties related to pal$p could be considered
unfair if not justified by differences in produdti. In our analysis we have been able to
identify the part of the personality pay gaps exwd by differences in workers’
characteristics and the residual gap which wouldigeeven if workers with different
personality traits were otherwise identical. Howewee are not able to disentangle the
reasons behind the residual pay gap which coulcelag¢ed to unobserved productivity
differences but also to taste based discriminadiorthe part of the consumer, coworker

or employer.
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Table 4.1 The Big Five personality traits: relatacdet-adjectives and the BHPS questions

Big Five trait: Personality facets, adjecti Respondent see himself hersel
someone who

Openness to Ideas (curious) OL1. is original, comes up with

experience Fantasy (imaginative) ideas

(openness) Aesthetics (artistic) 02. values artistic, aesthetic
Actions (wide interests) experiences
Feelings (excitable) 03. has an active imagination
Values (unconventional)

Conscientiousness Competence (efficient) C1. does a thorough job
Order (organized) C2. tends to be lazy (reversed
Dutifulness (not careless) score)

Achievement striving (thorough) C3. does things efficiently
Self-discipline (not lazy)
Deliberation (not impulsive)

Extraversion

Gregariousness (sociable) El. is talkative
Assertiveness (forceful) E2. is outgoing, sociable
Activity (energetic) E3. is reserved (reversed score)

Excitement-seeking (adventurous)
Positive emotions (enthusiastic)
Warmth (outgoing)

Agreeableness

Trust (forgiving) Al. is sometime rude to others
Straightforwardness (not demanding)(reversed score)
Altruism (warm) A2. has a forgiving nature
Compliance (not stubborn) A3. is considerate and kind

Modesty (not show-off)
Tender-mindedness (sympathetic)

Neuroticism

Anxiety (tense) N1. worries a lot
Angry hostility (irritable) N2. gets nervous easily

Depression (not contented) N3. is relaxed, handles stress well
Self-consciousness (shy) (reversed score)

Impulsiveness (moody)
Vulnerability (not self-confident)
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Table 4.2. Mean, standard deviation, first, secamd third quartiles for each of the five

personality traits.

Mean s.d. 25th percentile Median 75th percentile
Openness 4.59 1.05 4.00 4.67 5.33
Conscientiousness 5.30 0.98 4.67 5.33 6.00
Extroversion 4.36 1.10 3.67 4.33 5.00
Agreeableness 5.21 0.98 4.67 5.33 6.00
Neuroticism 3.31 1.16 2.33 3.33 4.00
Table 4.3: Mean and quantiles of wage by persongiidup
Log wage
10th 25th 50th 75th 90th
Mean percentile  percentile percentile percentile percentile
High openness 2.512 1.919 2.177 2.516 2.817 3.138
(0.019) (0.033) (0.021) (0.024) (0.027) (0.038)
Low openness 2.424 1.841 2.101 2.429 2.741 3.014
(0.017) (0.033) (0.022) (0.019) (0.020) (0.024)
High 2.456 1.852 2.143 2.459 2.770 3.080
conscientiousness (0.020) (0.039) (0.022) (0.020) (0.024) (0.034)
2.464 1.893 2.139 2.461 2.757 3.056
Low conscientiousness (0.016) (0.031) (0.020) (0.018) (0.021) (0.030)
High extroversion 2.490 1.946 2.180 2.488 2.771 .083
(0.018) (0.023) (0.020) (0.022) (0.024) (0.036)
Low extroversion 2.437 1.821 2.095 2.436 2.759 638.0
(0.017) (0.031) (0.022) (0.019) (0.021) (0.030)
High agreeableness 2.422 1.805 2.101 2.426 2.726 .0213
(0.021) (0.0412) (0.030) (0.027) (0.029) (0.034)
Low agreeableness 2.477 1.905 2.158 2471 2.791  0813.
(0.015) (0.027) (0.016) (0.017) (0.021) (0.028)
High neuroticism 2.419 1.831 2.081 2.409 2.752 18.0
(0.021) (0.0412) (0.029) (0.026) (0.026) (0.031)
Low neuroticism 2.481 1.903 2.170 2.484 2.781 8.07
(0.016) (0.028) (0.016) (0.018) (0.021) (0.028)

Note: Standard errors are reported in the seconchra in parenthesis for each personality group.
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Table 4.4: Summary statistics

Variables

M ean

Wage
Work experience
Current occupation (3 digit code)
Managers and senior officials
Professional
Associate professional and technical
Administrative and secretarial
Skilled trades
Personal service
Sales and customer service
Process, plant and machine operatives
Elementary occupations
Current job is temporary
Working part-time
Working in a private firm
Size of the firm is less than 10
Region of current residence
London
Rest of South-East
South-West
Anglia & Midlands
North West
Rest of the North
Wales
Scotland
Northern Ireland
Highest educational qualification received:
None
Vocational or technical education
GCSE or O-level
A-level or other higher education but below colleggree
College or university degree
Any health problems or disability?
The extent to which health limits the amount of kvor
A lot
Somewhat
Just a little
Not at all
Received any training (of 30hrs or more) in the Bagears?
Proportion of time unemployed since first intervesiv

13.277 (0.147)
25.007 (0.220)

0.193
0.131
0.145
0.062
0.166
0.021
0.025
0.152
0.105
0.027
0.033
0.776
0.170

0.085
0.193
0.095
0.222
0.110
0.142
0.044
0.089
0.021

0.072
0.049
0.145
0.529
0.205
0.467

0.011
0.018
0.031
0.941
0.516
0.035 (0.002)

Note: Standard errors are in parenthesis.
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Table 5.1. Difference in wages at the mean andtdesaetween workers with high
level (greater than median) and low level (less ttmedian) of each personality trait

Differences in

10th 25th 50th 75th 90th
Personality Mean percentile  percentile percentile percentile percentile
Openness 0.089 * 0.079 * 0.076 ** 0.087 **  0.076 ** 0.124 **
(0.025) (0.047) (0.030) (0.031) (0.034) (0.045)
Conscientiousness -0.008 -0.041 0.003 -0.002 0.013 0.024
(0.025) (0.049) (0.029) (0.028) (0.032) (0.046)
Extroversion 0.053 **  0.125 ** 0.085 ** 0.052 * 0.012 0.022
(0.025) (0.039) (0.030) (0.029) (0.032) (0.047)
Agreeableness -0.055 * -0.101 ** -0.056 -0.044 -0.065 * -0.061
(0.026) (0.049) (0.034) (0.031) (0.035) (0.044)
Neuroticism -0.062 ** -0.071 -0.088 ** -0.075 ** -0.028 -0.060
(0.026) (0.050) (0.033) (0.032) (0.033) (0.042)

Note: Standard errors are reported in the secondrr@arentheses for each personality group.
* and ** indicate statistical significance at 10%de5%.

Table 5.2. Decompositions of mean pay differences

Combined weighting and regression

Generalized Blinder-

Mean method Oaxaca
Personality Difference Composition effect Residzfédct Composition effect
Openness 0.089** 0.080 0.009 0.071
Conscientiousness -0.008 -0.005 -0.003 -0.009
Extroversion 0.053** 0.016 0.037 0.013
Agreeableness -0.055** 0.008 -0.063 0.001
Neuroticism -0.062** 0.001 -0.063 0.001
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Table 5.3. Generalized Blinder-Oaxaca detailed ohpasition of mean pay differences

Detailed

decomposition Openness Conscientiousness ExtroversiAgreeableness  Neuroticism
Education 0.031 -0.009 -0.007 0.003 0.007
Occupation 0.052 -0.009 0.009 -0.005 -0.003
Other job

characteristics -0.003 -0.009 0.007 0.001 0.001
Health 0.002 -0.001 0.002 0.002 -0.008
Past training/

unemployment 0.003 0.006 0.000 0.004 -0.006
Personality traits -0.003 0.006 0.010 0.003 0.012
Region -0.004 -0.009 -0.006 -0.009 -0.001
Work experience -0.006 0.015 -0.002 0.003 -0.001

Generalized Blinder-
Oaxaca Composition

effect 0.071 -0.009 0.013 0.001 0.001
Residual effect 0.018 0.002 0.040 -0.057 -0.063
Total mean difference 0.089 -0.008 0.053 -0.055 -0.062

Note: The effect of composite variables which subsua set of univariate variables are computed by
summing the effect of each of the univariate vdesbOther job characteristics include dummiespiant-
time, temporary job, public sector and firm sizealh includes dummies for bad health and for healt
problems limiting amount of work,
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Table 5.4. Decomposition of percentile pay diffexn

Combined Weighting and Regression  Generalized
Method Blinder-Oaxaca
Composition Composition
Personality Difference effect Residual Effect effect
Openness to experience
10" percentile 0.079 * 0.081 -0.002 0.083
25" percentile 0.076 * 0.039 0.037 0.049
50" percentile 0.087 * 0.105 -0.018 0.118
75" percentile 0.076 ** 0.079 -0.003 0.079
90" percentile 0.124 * 0.113 0.011 0.100
Conscientiousness
10" percentile -0.041 0.035 -0.076 0.043
25" percentile 0.003 -0.008 0.012 -0.011
50" percentile -0.002 -0.004 0.002 -0.003
75" percentile 0.013 -0.028 0.041 -0.030
90" percentile 0.024 -0.013 0.037 -0.042
Extroversion
10" percentile 0.125 ** 0.039 0.086 0.033
25" percentile 0.085 ** 0.013 0.072 0.021
50" percentile 0.052 * 0.012 0.040 0.013
75" percentile 0.012 -0.014 0.026 -0.013
90" percentile 0.022 -0.025 0.047 -0.033
Agreeableness
10" percentile -0.101 = -0.008 -0.093 -0.009
25" percentile -0.056 0.003 -0.059 -0.001
50" percentile -0.044 0.025 -0.069 0.016
75" percentile -0.065 * 0.027 -0.092 0.005
90" percentile -0.061 0.023 -0.084 0.018
Neuroticism

10" percentile -0.071 0.019 -0.090 0.006
25" percentile -0.088 ** -0.009 -0.079 -0.009
50" percentile -0.075 ** -0.013 -0.062 -0.008
75" percentile -0.028 0.009 -0.037 0.018
90" percentile -0.060 -0.002 -0.058 -0.001
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Table 5.5. Generalized Blinder-Oaxaca detailed apasition of percentile pay
differences between people with high and low lee¢lspenness to experience

10" 25" 50" 75" 90"

percentile percentile percentile percentile percentile
Education 0.042 0.012 0.037 0.045 0.057
Occupation 0.045 0.058 0.071 0.058 0.060
Type of job -0.008 -0.003 0.002 -0.001 -0.005
Health 0.002 0.001 0.000 0.001 0.003
Past training /
unemployment 0.005 0.002 0.003 0.002 0.000
Personality traits -0.002 -0.010 0.011 -0.014 0.002
Region -0.005 0.000 -0.003 -0.005 -0.007
Work experience 0.005 -0.011 -0.002 -0.007 -0.011
Generalized Blinder-
Oaxaca Composition
effect 0.083 0.049 0.118 0.079 0.100
Residual effect -0.004 0.027 -0.031 -0.003 0.024
Total pay difference 0.079 0.076 0.087 0.076 0.124

Note: The effect of composite variables which subsua set of univariate variables are computed by
summing the effect of each of the univariate vdesbOther job characteristics include dummiespiant-
time, temporary job, public sector and firm sizealh includes dummies for bad health and for healt
problems limiting amount of work.
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Table 6.1 Difference in mean and quantiles betvesgreme and medium levels for each

personality trait

Differences in

Personality Mean 10th ' 25th . 50th . 75th . 90th .
percentile percentile percentile  percentile  percentile
Openness
Extremely high 0.046 -0.050 0.036 0.066 * 0.023 0.080
Vs medium (0.032) (0.063) (0.028) (0.038) (0.041) (0059
Medium Vs 0.042 0.073 0.036 0.060 0.065 * 0.072
Extremely low  (0.031) (0.058) (0.038) (0.043) (0.035) (0.p57
Conscientiousness
Extremely high  -0.069 **  -0.066 -0.021 -0.067 * -0.106 ** -0.061
Vs medium (0.035) (0.061) (0.035) (0.039) (0.038) (0059
Medium Vs 0.009 -0.046 0.002 0.012 0.025 0.057
Extremely low (0.028) (0.048) (0.034) (0.032) (0.038) (0.p49
Extroversion
Extremely high 0.047 0.016 0.050 0.025 0.039 0.092
Vs medium (0.035) (0.057) (0.034) (0.042) (0.046) (0068
Medium Vs 0.017 0.096 * 0.042 0.030 -0.051 -0.014
Extremely low (0.028) (0.057) (0.033) (0.031) (0.036) (0.p49
Agreeableness
Extremely high  -0.093 **  -0.098 ** -0.092 ** -0.119 * -0.102 * -0.092
Vs medium (0.033) (0.048) (0.0412) (0.044) (0.041) (067
Medium Vs -0.019 -0.021 -0.009 0.009 -0.024 -0.070
Extremely low  (0.028) (0.050) (0.032) (0.031) (0.038) (0.p48
Neuroticism
Extremely high ~ -0.049 -0.039 -0.081 * -0.089 * 0.022 0.035
Vs medium (0.0412) (0.073) (0.048) (0.048) (0.066) (0079
Medium Vs -0.038 -0.041 -0.046 0.003 -0.032 -0.020
Extremely low  (0.027) (0.050) (0.030) (0.031) (0.033) (0p41

Note: Standard errors are reported in the secondrr@arentheses for each personality group.

* and ** indicate statistical significance at 1Q&d 5% level.
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