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Abstract

Over the period 1994-2012, immigrants’ wage groimtfrrance outperformed that of natives. We invegégo
what extent changes in task-specific returns ttiss&ontributed to this wage dynamicdfdrential through two
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1 Introduction
Immigrants are a major workforce component and rifeén source of workforce growth in most developed
countries. Not surprisingly, therefore, immigratiand immigrants are at the forefront of wide-raggpolicy
debates. One central and often contentious isstleigxtent to which immigrants are successfuhirthost
countries’ societies, of paramount importance igigling sustainable migration policies. This suscgspends
largely on immigrants’ labor market integration,inba determined by their skills and how these akigd in their
host country labor markets. In this paper, we aehow the relative wage performance of immigraassevolved
in France over recent decades in relation to latanket changes (i.e. labor demand shifts and vamiat returns
to skills).

Immigrants’ relative wage performance and wage thjioa are widely documented in the literature. THeators
are traditionally put forward to explain wagdtdiences between immigrants and natives. A firdbfas human
capital in a broad senske. including schooling, experience and language sk8kee Boudarbat and Lemieux
(2014), Algan et al. (2010), Card (2005), Kee (1986 Katz and Murphy (1992})A second factor refers to
differences in reservation wages between natives amignants, which put immigrants in a lower bargagnin
position compared to natives when they negotiate thages with employers (see Nanos and Schlu@drd(2for
Germany, Moreno-Galbis and Tritah (2016) for the Bldnzalez and Ortega (2011) for Spain). A thirgamant
factor is discrimination (see Algan et al. (2010ard (2005) or Kee (1995)).

Over recent decades, globalization, technologizavations, and other structural changes have ealboth labor
demand shifts and changes in returns to skillss process has changed workers’ occupational chaieasorkers
are likely to have moved towards occupations réagliskills that offer increased returns. Beyond tifaglitional
factors outlined in the literature, we expect clemn returns to skills and the ensuing changexaupational
choices to influence how the immigrant-native wggp evolves over time. The objective of this papéo assess
the contribution of these two factors to the rekativage performance of immigrants and natives anée since
the early 1990s.

Immigrants’ and natives’ wage performance are lyrigimmarized in Figure 1. Based on the French L&boce
Survey, we ranked occupations in ascending ordmrding to the median wage paid in each occupatidarm

a ladder of 20 equal-sizede( vigintiles) occupational employment group3he left-hand panel of Figure 1
displays yearly average employment growth anditifg-hand panel yearly average wage growth, botr that
same skill ladderie. wage ladder). We can see that immigrants’ yearlgeagrowth out-performed that of natives
over the whole occupational wage distribution, padicularly at the bottom of the distribution, whehe annual

difference in wage growth is around one percentage.bairthe top of the skill distribution, the yearlifi@drence

! The debate is centered on the role of the weigbfirpmigrants’ different countries of origin and ohanges itraditional measures of skillsaswell astheir
portability. Onthe otherhand, the debate also$eson the relative deterioration of immigrants’ lantairket outcomes upon arrival in the host countroyjds
(1995), Friedberg (2000), Card (2005) or Dustmé&nattini, and Preston (2013)), as well as on tgmssive convergenas immigrants’ wages to those of
natives with years of residence in the host coufsieg Chiswick (1978), Borjas (1994) or Borjas @98r the US, Chiswick, Lee, and Miller (2005) for
Australia, FriedbergandHunt(1995)for IsraeLam and Liu (2002) for Hong Kong).

2 Following Autor and Handel (2013) this grouping dsnviewed as a skill ladder.

8 The divergentwage dynamics by nativity group isfitaned when estimating a quadratic equation negaflog) wage changes to initial wages.



in wage growth is around.® percentage point in favor of immigratslote that this higher wage growth of
immigrants is robust to changes in population casitipn in terms of age, education, and length sfdence®
(see Figure 8 in Appendix C.1). The pattern of igmants’ employment across the occupational wagelision

in France is unusual, contrasting sharply with tfagerved in the US. In particular, Basso, Peril Rahman
(2017) show a sharp increase in the share of inantgrat the lower end, with a decrease at the wggkrand thus

a larger immigrant-native wage gap.
INSERT FIGURE 1

What explains the relatively good wage dynamicdnafnigrants in France over the period? We go beyond
traditional factors studied in the literature anddstigate the role of fierences in workers’ (unobserved) relative
skill endowments, which we proxy using the taskteahof occupations. Considering occupations amit task
content in the migration literature is relativegcent. According to the seminal Roy (1951) modetupational
specialization is due to workers’ self-selectioisdshon comparative advantages. Following thatdin@quiry,
Peri and Sparber (2011a), Peri and Sparber (20B#m),and Sparber (2009), Amuedo-Dorantes and DRita
(2011), D’Amuri and Peri (2014) or Basso, Peri, &ahman (2017) underline that natives and immigrdiier

in their relative skill endowments. In these stsdignmigrants’ and natives’ unobserved skill end@mis are
assessed according to the task requirements ofpatons. A similar approach is applied by Warman an
Worswick (2015) to the Canadian case to explain rigipg education levels of immigrants during tf9Qas did
not lead to a large improvement in immigrants’ @sgs. In Imai, Stacey, and Warman (2019), the asthiso use
tasks to proxy skill requirements in pre- and postigration occupations and evaluate the returribése skills
through immigrants’ weekly earnings. Adsera andrdte(2014) analyze the skill assimilation trajegtaf
immigrant women in Canada (particularly women gedds) using occupational tasks as skill proxieseRgy,
Yamaguchi (2018) focuses on gender issues toojrgrdiat workers accumulate skills with experienta task

requiring particular skills.

We follow a similar line of inquiry in our papéiVe assume that to perform the occupation-spes#fiof tasks,
workers need a bundle offtiirent skills whose importance depends on task fiiperefore, both the nature of the
within-occupation tasks performed and the withimd abetween-occupation wage changes provide useful
information about workers’ skill endowments. Sinwerkers in diferent occupations performfidirent tasks
requiring diferent types and levels of skills, we can relafiedénces in task specialization tdfeiiences in skill
endowments. Thus, immigrants and natives may haffereht skill endowments if they are employed in

occupations with dierent task conterit.

4 This finding is consistent with Manacorda, Manniagd Wadsworth (2012) who, working with UK datksgashow evidence of convergencenages of
immigrants and natives between 1973 and 2007.

® Unfortunately, our database does not contain inétion on language proficiency. Consistent withfthdings of Lewis (2013), we proxy this variabhg b
years of residence in the host country.

6 This is also similar to the employer- or occupatspecific skill-weighted approach proposed by l2a22009) to study wage and employment mobility

" A major limitation of this migration literature ging occupations and their task content at thet lifaeconomic analysis is that the task content of
occupations is assumed time-constant. This assamigtipre-determined by the data sources used IEFNET). While we acknowledge this limitation,
the time-constant task composition of occupatidfects both natives and immigrants. Since we areyaimg the wage dynamicsftérential between the
two nativity groups, this data limitation shouldlees problematic.



Immigrant job specialization may therefore explegmtain changes in returns to skills relative toves. In this
setting, the same set of skills may betently rewarded across occupations dependingesntdsk compositian
Moreover, changes in returns to skills (or chariggask prices) will &ect wage changes both within and across
occupations (Acemoglu and Autor, 2011). For instatite premium on cognitive skills is lower in hiamanual
occupationsd.g.movers) than in occupations involving more abstrasks €.g.actuaries). An increase in returns
to cognitive skills is expected to have a greatgydct in the latter occupations, increasing wagpetsion within
occupations (between a good and a mediocre actaadydlso across occupations (between an averagayaand

an average mover).

The contribution of our paper to the literaturéhiseefold. First, while most of the literature fees on theféect
of immigration on natives’ wages and occupatioe® @mong others Peri and Sparber (2009), Amuedaries
and De La Rica (2011), D’Amuri and Peri. (2014)Barsso, Peri, and Rahman (2017)), we analyze immigjra
labor market performance and how changes in taskgaffect this performance, an aspect seldomideresl
(see however the papers by Warman and Worswiclsj20hai, Stacey, and Warman (2019) or Lubotsky (9D
We dfer a more nuanced view: by characterizing changestirns on dferent tasks at fiierent positions in the
wage distribution, we show that immigrants tendake advantage of changes in the wage structucan8ewe
estimate changes in occupation-specific returrskilts and correlate these changes with immigraants! natives’
occupational choices, drawing conclusions on thauion of their relative skill endowments. Thisasclear
departure from the existing literature. Yamagud@1@), Warman and Worswick (2015) or Imai, Staay
Warman (2019) also analyze changes in returnsills bkit do not compute any resulting occupaticcianges.
Adsera and Ferrer (2014) analyze immigrant women&ipational choices but not how returns to skitipact
these choices. Third, not only do we explore thgavdynamics of the aggregate pool of immigrantsrato/es
to isolate the ffect of price changes on wages, but we also proposgiginal approach based on residual wages
combined with a reweighting approach at the occapaével to control for factors thaffact wage changes, such

as country of origin, education, age, years simgead, and sectoral distribution.

Our data source is the yearly French Labor ForageyuLFS) between 1994 and 2012the first stage of our
analysis, we estimate the pricfeet. Given a set of individual characteristics (aggucation and length of
residence), individuals located at the same pasitie. decile) in the residual occupational wage distiitutat
different times are likely to have similar skills. Téfere, we can link wage changes over time in octoipa
specific wage deciles to changes in occupationiipeeturns to skills. Keeping the population’sls&omposition
constant, this allows us to estimate a priffeat not greatly contaminated by changes in popriatbomposition

within an occupation. Then, we analyze what pathefprice &ect can be attributed to specific ta8ks.

In a second stage, we relax the assumption of @onskill distribution and analyze how it evolveidferently for

immigrants and natives between 1994 and 2012, meyrthis the quantity feect. To do so, we rely on an

8 We do so under the assumption that the task coot@ecupations can be related to workers’ skil@vments. For instance, an occupation
scoring high in the index of non-routine abstrasks will require relatively more non-routine abstrskills (such as analytical or managerial
skills) than occupations with a lower score.



occupational choice model and estimate how immigtaand natives’ occupational choices reacted ® th
previously estimated pricefects. In addition, we relate immigrants’ and natiwaistribution across occupations
to occupational task contehfThe pattern of immigrants’ and natives’ occupadiodistribution allows us to

characterize changes in task specialization tfia¢ @nmigrants’ and natives’ relative wage perfono@over time.

We show that immigrants’ wage growth performancerawe period is essentially due to their occupetio
employment dynamics.€. quantity éfect) rather than to changes in the value of thelisgi.e. price dfect). This
suggests that the comparative advantage of thenatigity groups shifted over the period. Relatigenttives,
immigrants gained comparative advantage as theyethap the skill ladder away from manual and routasks
towards better-paid analytical and abstract tasksnauch faster rate than natives. This patteim gharp contrast
to that documented for the US (see for example ®dari, and Rahman (2017)), but more in line withpattern

documented for immigrant women in Canada (see Adsed Ferrer (2014)).

The rest of the paper is organized as followselttisn 2 we present the data. In section 3 we geosipporting
evidence. In section 4 we propose a conceptuab getderive an empirical measure of the priffea and define
the quantity &ect. We describe the econometric approach andrirésemain results in section 5, concluding in

section 6. Additional results are presented inxdergled appendix.

2 Data

2.1  French Labor Force Survey

The French Labor Force Survey (LFS) was establisiseah annual survey in 1982. Redesigned in 20&3now
a continuous survey providing quarterly data orvgig households in mainland France. Participat®n i
compulsory, with all household members older thanslirveyed. The LFS provides detailed information o

respondent characteristics, in particular on cquottbirth, which we use to distinguish nativesnfranmigrantst?

The main topics of interest to us covered by th8 kBncern employment, unemployment, hours of wedges,
length of employment and unemployment, industrgupation, job status, education/qualification. Ehirlittle
information on employers, the worker simply indingtapproximate employer size by choosing fronsedf size-
intervals in the questionnaire. Moreover, inforraaton this variable is incomplete for some yeararmation on
occupations is available from a four-digit detailestl of occupations such as “gardener”, “messehdelerk in

banking activities”, or “financial manager”. We duxae farmers, civil servants, the military and gignen from
our sample. Over the period, jobs disappeared #mtemerged as the LFS modified the job clasgifin in

2003 to allow for changes in occupations. Howewer,are careful to maintain a consistent definitodrjobs

9 Basso, Peri, and Rahman (2017) also use occuphtibnices of highly and lowly qualified immigrargad natives to infer the evolution
of the supply of manual, routine and analyticaksam the US following the élusion of computersAdsera and Ferrer (2014) exploit the
allocation of immigrant women across occupationSamada to measure their skill assimilation.

19 The quarterly sample is divided into 13 weeksnfreotheoretical point of view, the sampling methodsists in stratifying mainland France
into 189 strata (21 French regions x 9 types omnbnit), with a first-stage sampling of areasactestratum (with dlierent probabilities,
the average sampling rate is 1/600). Areas cortiagut 20 dwellings; only primary residences areeygd. Each area is surveyed over 6
consecutive quarters, dividing the sample intol&samples. Every quarter, 1/6 of the sample iseyd for the first time, 1/6 is surveyed
for the second time, . . ., 1/6 is surveyed fer@th (and last) time. When it was run as an answaky, every year a third of the sample was
renewed, meaning that each individual was interggtwnly 3 times. The collection method has alwagsnba face-to-face interview.
However, since 2003, telephone interviews have kegpioyed for the'™, 39 and 4' surveys.



throughout the 18 years of our sample, excludingraaw occupations not included in the pre-2003si@stion.

This leaves us with 350 occupations consistentfindd over the period.

Because the paper focuses on wage dynamics, weleonsly individuals whose wage information is éafale.
For the whole period 1993-2012 we have more thah0DD observations. Immigrants represent around dfl%
the yearly sample. They are on average slightlerdfdearn a slightly lower average real wage, and @ss |
educated than native workéfsThe most important nativity groups are North-Adnis, followed by South-
Europeans and then other Africans. See Tables 3 améppendix A.1 for further details on the sampl

2.2 O*NET and EurOccupations databases

The O*NET index is provided by the Department obbes Occupational Information Network. For the tdwai
States (U.S.), the O*NET database provides a éetadlescription of workers, occupations or jobs. Wgée
information about occupational requirements to samire the specific types of tasks that may be jpexéad within
occupations. The O*NET index is compiled accordingthe American Standard Occupational Classificatio
(SOC). We expect the task content of occupatiotgamce to be similar to the U.S. content, makirg@®*NET
classification relevant to analyze the task contéfrench occupations. For our purpose, it isabtsuficient to
assume that occupational rankings do not diffetesyatically between France and the U.S., and thataupation
ranking high in one task dimension in the U.S. aksaks high in the same dimension in Fralida/e build a
mapping table from the French classification PCE&ESSOC 2010 using the EurOccupations databasehwh
covers 1,594 occupational titles within the ISCOeGsificationt* Comparing the French PCS-ESE occupational
classification with the EurOccupations classificatiwe find a perfect match for 412 occupationsiftbe French
classification with at least one from the EurOcdigues database. Finally, we use a mapping tabta ffe ISCO-
08 to the SOC- 2010 classification to link the PESE occupational classification with SOC-2010.

O*NET provides information on work activities, vegjose to the notion of task, for nearly 900 ocdigpes,
ranking 41 diferent tasks from 0 to 100 and indicating the defpepoint along a continuum) to which a particular
descriptor is required or needed in the occupaBatause the O*NET database does not provide iratom on

workers, we are unable to monitor the evolutiotask requirements within a given occupatioNote though that

11 Note that we are not tracking immigrant cohortg,the whole stock of immigrants with a positiveged.e. employed). Many immigrants
start their labor market careers in the host cguetatively late with respect to natives, whichyneaplain why the whole stock of immigrants
is found to be on average older, needing to wotK later in life to become eligible for a retiremtepension.

12 France has a long history of immigration. Sinc&4,9mmigration policy has been based mainly oniffareunification with very little
official labor-related immigration. Overall, and @omparison to other European countries, immignagiolicy has taken an increasingly
restrictive course. Immigration remains stronglfienced to the present day by the legacy of calim and the economic and political
situation in Southern Europe (Spain and Portud&@jv recent studies have analyzed the impact of grants on natives’ labor market
outcomes (see Edo and Toubal (2015), Ortega andliger(2014) or Mitaritonna, Orefice, and Peri (2017

13 In the extended version of their paperfficeeur and Mouhoud (2015) use the German “Qualificatind Career Survey” to build
occupational task indices that they apply to thenEh professional classification of occupationsyTtake as starting point the estimations
of Tidjens, Ruijter, and Ruikter (2011) who, wor§fiwith 8 European countries (including Germany Brahce), find that occupational tasks
performed in these countries are similarffireeur and Mouhoud (2015) show thatfeliences between estimates using the German
“Qualification and Career Survey” and those usif§{ET cannot be attributed toffierences in the task content of occupations bettreen
U.S. and Germany (and thus France). They use dsSnfitam the O*NET index since the O*NET providesrendetails on task intensity
over a wider range of tasks.

14 The EurOccupations project was aimed at buildipglaicly available database containing the mostroon occupations in a multi-country
data collection. The database includes a sourceflis,594 distinct occupational titles within tH&CO-08 classification, country-specific
translations and a search tree to navigate thrthegldatabase. It also provides a mapping tabledsgtihe EurOccupations classification
and the ISCO-08 classification, as well as a Fréerafslation of these occupations. We are veryefibto Professor Kea Tijdens for allowing
us to use this database.

15 This is done in Atalay et al. (2018). Using thet feom job ads, the authors construct a datasgeddcupational content from 1960 to 2000.



our objective is to analyze the wage dynamics difigal between natives and immigrants. Given émgtchange
in the task content of an occupation wiffet both immigrants and natives, this limitatiomwsld not therefore

impede our analysis.

We apply the strategy of Autor, Katz, and Kearr2§08) and Autor and Dorn (2013) to the 41 taskSiNET,
breaking them down into broad categories baseti@mictionary of Occupational Titles (DOT) provided the

US Department of Labor. The three broad categami@s® non-routine manual tasks, routine (manual and
cognitive) tasks, and non-routine (analytical amgr-personal) tasks. Once aggregated, we normihléze task
indices!’ The last category corresponds to what Autor, Katzl Kearney (2008) define as “abstract tasks?,
tasks performed by educated professionals and reséupt require cognitive and interpersonal skilRoutine
tasks refer to the clerical and routine cognitind enechanical skills implemented in many middleeaded white
collar and manufacturing production jobs. They espond to easily programmable tasks, which follepetitive,
precise and well-defined procedures. Non-routineuahtasks are performed in many “low-skilled” seevjobs
such as health aides, security guards, orderliesners, and servers. These manual tasks demangdrgonal and

environmental adaptability.

3 Empirical Motivation

Task-specific returns to skills have changed, felig structural changes due to technological intiona and/or
globalization, and may have contributed to the wéggamics differential between immigrants and reiin two
ways: ) by inducing differing changes in the value of ilgrants’ and natives’ skills in cases where initask
specialization differs between nativity groups (fhee dfect), i) by promoting differing task sorting in cases
where comparative advantage differs between natgrivups (the quantityfict). In this section, we show that
both the price fect and the quantityffect are actually good candidates to explain thertiig wage dynamics of
immigrants and natives, because immigrants andestivere dterently distributed across occupations and thus

tasks in 1994, and immigrants’ occupational sorfiogn 1994 to 2012 fiered from that of natives.

INSERT FIGURE 2
Figure 2 confirms that immigrants and nativefBaliin task specialization. The figure ranks indits in ascending
order into 5-percentile groups (20 groups) basetherwage distribution of natives in the initialrioel (1994).
Individuals in the same group (whether nativesronigrants) have similar levels of productivity, tigh they may
not have the same skill endowments and are notseatly in the same occupation. For each nativibug, we

report on the y-axis the average intensity of gaskk in the initial period, computed as followBasky 994 =

Zf sharejiq94 X Taskj,, Whereshare;;q94 is €qual to the share of occupatjom total natives’ or immigrants’

They document the importance of within-occupatasktcontent shifts in accounting for the recentegese in routine tasks.

16 1n Autor, Levy, and Murnane (2003) the authorssider five broad categories of tasks. Appendix futhmarizes the content of each of
the five categories.

7 For instance, using a two-digit classificationootupations; relative to blue collar workers, pssfenals (lawyers, doctors, etc.) perform
tasks that are less non-routine manual (0.0789Ms89), more non-routine abstract (0.9106 vs 0.1@88 less routine intensive (0.1104 vs
0.1795).

18 We do not distinguish between analytical and iptnsonal tasks within abstract tasks. As pointecbg Yamaguchi (2018), it is fiicult

to separately identify theiiffects on wages using the DOT, because of theirgtrorrelation. In addition, Yamaguchi (2010) stessthat
inter-personal tasks may be not adequately measyrtite DOT variables.



employment, andask, is the O*NET index of task in occupatiory, wherek is either (1) non-routine manual,
(2) routine or (3) non-routine abstract. The difigraverage task intensities reflect a differingtiution across
occupations (and thus across tasks) for immigramtisnatives, although they may be located in theesagintile
of the wage distribution. The left-hand panel shdhet at an identical position in the baseline-gerivage
distribution, immigrants are more specialized imuona tasks. The gap narrows sharply at the topeoflistribution.
The middle panel portrays a similar picture regagdioutine tasks. However, the pattern of specitibin is the
opposite for non-routine abstract tasks (see figimd panel), with natives more specialized thanigremnts across
the wage distribution. The gap between the twovitptgroups remains fairly stable across the wag#ridution

and only narrows slightly at the top.

These differing patterns of task specializatiothie two nativity groups provide the first potentiadplanation of
the wage dynamics fiierential between immigrants and natives displayegigure 1. Specifically, immigrants’
and natives’ returns to skills may have evolveedently, despite identical changes in returns stgskills for
both groups over recent decades, because of diffesan their initial task specialization. Beyohdtprice &ect,
such diferences in task specialization also underlie tlorak explanation of the wage dynamicfetential
between immigrants and native®. the quantity &ect. If diferent task specialization reflectdfdrent relative
skill endowment, immigrants and natives may hawseted diferently to changes in returns to tasks/skills and

experienced diierent occupational sorting.

To assess the relevance of this second and complampesxplanation, we report in Figure 3 changdsvéen
1994-96 and 2010-2012 in the average task intews$itsnmigrants’ and natives’ occupational employineks
previously, the average task index is a weighteth s a given task category index computed across th
occupational employment distribution, with weigtegual to the yearly share of each occupation ial tot
employment of immigrants or nativE€sBetween 1994-96 and 2010-12, both immigrants atides moved away
from non-routine manual and routine task-intensigeupations towards occupations intensive in notie
abstract tasks. Consistent with results displaggeigure 1, natives and immigrants reacted in #mesdirection
following changes in returns to tasks. However, dgaamics were clearly more pronounced for immitgan
Overall, Figure 3 suggests that the occupationdingpinduced by changes in returns to tasks doutieid to a
convergence in the type of tasks performed by imanitg and native®.The pace of immigrants’ task sorting

portrayed in Figure 3 may have contributed to theire favorable wage growth over the period.
INSERT FIGURE 3

These descriptive statistics suggest that bothepaicd quantity fects could explain the difference in wage
dynamics between immigrants and natives over th@®ge994-2012. The next section derives an engliric

definition of the components of the pricgeet and provides a definition of the quantiffeet.

19 The average intensity for each task k in perisdegual tdrask,, = Zf share;, x Tasky whereshare;, is equal to the share of occupatjon
in periodt in total natives’ or immigrants’ employment ahabk;, is the intensity of task in occupatiory, wherek is either (1) non-routine
manual, (2) routine (both cognitive or manual) 3rrfon-routine abstract.

20 This convergent pattern of task specializatioim isharp contrast with that observed for the UBhgso, Peri, and Rahman (2017). They
show that unlike natives, immigrants increasinglgupy manual jobs, and are less likely to be foperdorming abstract tasks.



4 Conceptual framework

We consider a perfectly competitive environmenthwékogenous wages. The production side employs,labo
measured inféiciency units, as a unique production input usitigear technologyife. marginal productivity of
labor equals unity). At the competitive equilibriuthe price of the good produced will thus equal wage per

efficient unit of labor.

On the labor supply side, individualgt@r in their skill endowment. To simplify, we focaa a particular skilk

(e.g. cognitive skills) heterogeneously distributed asrindividuals within the intervdl, S]. We normalize to
unity the remaining skill bundle2(g. manual skills) and we assume that it is homogengdalistributed across

workers?

4.1 Occupation-specific production function

The earning capacity of an individual with a relatskill endowmens; will depend on her occupation, since task
composition and relative task intensity differ asroccupations. As a consequence, each occupetjoings more
or less ofS to produce one efficient unit of labor. Since wagee defined by efficient units of labor, the éagn
capacity of an individual endowed wiffy varies depending on the task composition of heupation. More
precisely, we consider 3 occupation catego(igshose highly intensive in skifl (denotedH); (i) those requiring
both skills and in which the tasks call for a mederdegree of skiff (denoted); and(iii) those weakly intensive

in tasks requiring skilf (denoted.).

For a given relative skill endowmesitthe quantity of efficient units of labas;;, provided by individual depends
on her occupation according to:
eﬁL‘H/LtSi for ] =1L

Sij = eBM'H/MtSi for ] - M
eVHtSi for ] =H

Since we assume a linear technolagy,is also the quantity of potential output of a wekn each occupation.
Coefficientsp; andy;; are respectively the contributions of the genskal bundle and of skilb to the production
of efficient units of labor in each type of job.€&hatioy;; /§; measures the relative intensity of tasks requiskity

type S in occupation j. Parameterg; andy;; are proportional to the earning capacity of a ok a particular

occupation. Moreover, we assume that > vy > v andg, > By. The earning capacity of skillswill then
be highest irH occupations and lowest Inoccupations, while for the complementary skill Bienwe assume the
opposite: highest earning capacityLifobs. Similarly to Gibbons et al. (2005), thesiedéntial weights generate
a sorting of workers based on their comparativeaathge.

4.2 Workers’ earnings

21 This simplification is consistent with our econdrieapproach, where we look at the partidieet of a task dimension, keeping constant
other measures of task intensity. We thereforedagurelative task or skill intensity.



Wages perfécient unit of labor dfer from one occupation to another and returns tol@mtical skill endowment
differ depending on the task composition of an occapaiiherefore, the wage of a worker with a quarntity
efficient labor equal te;; will differ depending on her occupation. Workers gaid the value of their marginal
product. The wage received by a worker in each p&ton is equal t&V;;; = s;;; X pj¢, forj = L, M, H, where
pj: stands for the time-varying price index of the sfiegoods or services provided by the occupatibfith the

log-specification:

In(Wire) = wie = In(pre) + Br + vieSi

In(Wine) = wiye = In(pye) + By + YueSi 1)

In(Wine) = wige = n(pye) + VaeSi

wherep;; andy;, are allowed to change over time. In this settingditional on distribution of skills, the dynamics
of wages (within and across occupations) and wetlarcupational sorting will depend on occupatipessfic
price changep]’-s, and changes in occupation-specific skill retqrfss

4.3 Worker sorting across occupations

Income maximization implies that each worker cheabe job ffering the highest wage given her relative skill

endowment;

Wi = argjlrLllfjlWPfH{Wiu. Wime, Wine } @

We illustrate in Figure 4 one pattern of workertsgy across the three occupations. Those with dhestS
endowment choosk occupations, where the earning capacity of skif lowest and the earning capacity of the
complementary bundle of skills is highest. Workegith a mediuns endowmenthooseM occupations, and those

with the highess endowmenthooseH occupations.

Within a given type of occupation, workers are hageneous in terms of skill endowment and thereéam
different wages. Since workers’ earning capacity isaatonic transformation of their skill endowmentyarker’s
position in the wage distribution within an occupatcorresponds to her position in the relativel gkidowment
distribution of the occupatioff.We will rely on this rank-order preservation asgtion in our econometric

approach.

INSERT FIGURE 4

4.4 The dynamics of occupational wages

4.4.1 Parameter identification: the price effect
Using this basic conceptual framework, we charémtethe factors driving the dynamics of wage diijea.

Individual (log) wages in a particular occupatips: L, M, H are given byw;;; = In(W;;;) = In(p;¢) + B; +

22 While working with skills rather than qualificatie allows us to partially control for traditiondbdrimination against immigrants (non-
recognition of foreign qualifications or foreigngfessional experience), the wage received by arignamt may still under-represent her skill
endowment due to discrimination issues. In thiskware are unable to control for this type of disgriation.
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¥;¢S;- Under the assumption of constant skill distribotivithin occupations, that is, under the assumptiat
there is no sorting of workers across occupati@fiewviing changes in returns to skills, we can eatenthe
proportion of the wage dynamics that correspondkéeqrice &ect. In our simplified Roy-type wage setting, we
distinguish between two determinants of wage dynanfivhen the skill distribution within occupatiois
constant): ij returns to skillsy;.), and (i) a demand/supplyfiect inducing a change in prige;. This last &ect

is driven by potential changes in demand and/oplsuipr the occupation-specific good/service.

The demand/supplyfiect induces wages to evolve across occupatiorfiinghthe whole wage distribution up or
down. Changes in returns to skillg,) induce wages to evolve both within and acrossipations. Occupations

characterized by decreasing (increasing) returrskils will be characterized by a reduced (incezgswithin-

occupation wage inequality and, at the same tinlemave downward (upward) on the occupational wikgkler.

Because we do not have individual longitudinal detesimply a pool of cross sections, we assuntantiaviduals’
position in the wage distribution within a parti@ulbccupation corresponds to their position onrétative skill
endowment distribution of the occupation, consistgth our theoretical framework. Moreover, whetenpreting
our results, we will assume that, conditional aetof observable characteristics, the skill distiion within an
occupation remains constant over tifh&@e will use counterfactual weights to ensure that age-education
composition (and the length of residence compasitiben working with immigrants) within every occtipa is
identical across periods. Under the hypothesistti@telative skill distribution within an occupatiis constant,

we can denotEj the time-invariant distribution offécient units of Iaborsl-j, in an occupatiop = L, M, H. With
a suitable normalization, thg" quintile of the distribution of wages can be writtes:

(Uj% = Wjr + VjtF}'_l(Q) 3)

where @;; = ln(pjt) + B+ )’jtS_i j is equal to the average (log) wage. The wage attitig equals the average
wage in the occupation plus the marginal skill mety, multiplied by the skill level at the correspondingjntile.

Taking differences over time leads to:

Awi =A@ + FH (@)D 4

Solving foer‘l(q) in (3) at the base period giv@§1(q) = (wj% - @jo) /Vjo- Replacing in the previous equation
yields:

Awjp = Ay, + [(wfy = @) [vj0]Ayje = Adje + (%) (0 = @jo) = a; + by(wjg = @jo) ()

where(w]% - 6]-0) is simply a normalization (quintiles are writtesideviation from occupation average wage in

the base period).

Under the hypothesis of time-invariant skill distriion within occupations, we can exploit decilegfic wage

2 A similar assumption is for instance exploited Agemoglu and Autor (2011) to infer the impact ofinges in task prices on wage
inequality.
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changes within each occupation to identify two kegtit measures of the dynamics of wage distribufienprice
effect) across and within occupations. The first meagummarizes changes in the average wage of the
occupationsj.e. between-occupation wage changes, and is represégtéhe termy = A, = Aln(pjt) +

S_L-j Ayj; in each occupation This dimension of wage growth will vary acrosgwgations due to the differing
evolution of the market price of occupation-specibods and services and/or due to changes irethens to
skills used to perform the set of occupation-speddsks. The second measure summarizes changeage
disparities within the occupatiome. within-occupation wage changes, and is represebjethe termb; =

Ayt /v;jo- It measures how changes in returns to skills rapacted wage differences between workers employed
in the same occupation but having different lewékskills, as measured by their position in theugation-specific

wage distribution.

Under the assumption that the skill distributiorthivi occupations does not change over time, thew dlear
positive correlation between average wage changess occupations.€. between-occupation wage changes)
and wage changes within occupations, Cov(a;, b;j) > 0, since both dimensions depend on returns to skills
componeny;,.

4.4.2 Identification issues: the quantity effect

Our identification strategy for the pric&ect strongly relies on the hypothesis of time-imnaair skill distribution
within occupationg; since otherwise we are not able to identify thisveen- and within-occupation components.
This assumption is clearly inconsistent with theting behavior of workers across occupations, basetheir
comparative advantages. Job selection will be dipyeboth components of the pridéeet: between- and within-
occupation wage changes. The quantffga refers to the part of the wage dynamics driwethe diferential in
immigrants’ and natives’ sorting across occupatfoliswing similar changes in price and skill retar This section

explains the quantityffect in more detail.

At the equilibrium, the mapping of abilities intfiieient units of labor and the optimal decision r(2 define two

thresholds determining occupational sorting:

(i) S = w , which corresponds to the skill level such tat, = Wy, and
Mt—VLt

(ii) Sy = w ,which corresponds to the skill level such tHag, = Wiy;.
Mt—VLt

As shown by Figure 4, all individualsvith S; < S;; choose thé occupation, all with S;; < S; < Sp; choose
the M occupation and all with S; > S, choose theéi occupation. Any exogenous variation in prige, or any
technological change modifying the relative conttibn of skills to #icient units of labor, will trigger a change
in these threshold values and thus workers’ reatlon across occupations, since the unitary pridéeir skills

will be modified. For instance, a decreasgjp (see left-hand panel of Figure 9 in Appendix Ciy¢ases;;

24 This hypothesis will be translated into a courstettial reweighting procedure in our econometriadaggh.
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and decreases,;. Workers move away frol occupations towards andH occupations. IM occupations, the
least skilled workers (those with a weak compaeatidvantage iM relative toL occupations) move towards
occupations, while the most skilled workers (thegth a weak comparative advantage h relative toH
occupations) move towards occupations. As a result, the labor share of odiupaat the upper and lower ends
of the skill distribution expands while that in tiiéddle contracts. Wage distribution will narrowMhoccupations
and will widen inH and L, even though returns to skills and/or skill prices/é not changed in these two
occupations. Similarly, if returns to cognitive li&kiy;) increase irH occupations (see right-hand panel of Figure
9 in Appendix C.2), there will be a decreaseSjp, with the most skilled workers itf moving towardsH
occupations and thus increased wage dispersiofinwittoccupations. Again, wage distribution will narrgwM

occupations.

Endogenous selective sorting of workers acrosspatans suggests that the skill distribution witbotupations
will not be fixed over time as we assumed whentifigng Ay;; andAp;.. Moreover, the direction of the bias is
unclear. Depending on the exact distributiors akills, stayers irtM occupations can be on average less or more
skilled than movers. For instance Mf occupations are intensive in routine tasks, Hnahd L occupations are
respectively intensive in non-routine abstract and-routine manual tasks, following a decreasé@price of
goods and services intensive in routine tasks Wewerestimate the importance of wage changésiocupations
(since newcomers are relatively more skilled), anderestimate wage changeglioccupations (since newcomers
are relatively less skilled). Therefore simply ddesing the average wage and wage dispersion ckanifjenot

explain the wage dynamicsfidirential between natives and immigrants.

To control for worker sorting, we would need told@l workers over time as in the recent contributidérCortes
(2016), to distinguish stayers from movers. Here,amly have successive cross-sectional data. Tdrerednd
following Acemoglu and Autor (2011), when estimatitne price ffect we will be able to control for selection
only on observable characteristics, that is we bgllmeasuring wage changes that occur among indilgdvho
are similar across a fixed set of observable chariatics. We will be using counterfactual weigtdscompare
wage changes along the wage distribution of evegupation for workers having the same observabiié sk
distribution within occupations, which we take ® dqual to that of the baseline period.pefore the change in
task returns). Moreover, in order to focus on oetigm-specific skills and not on general skills,ash returns may
have changed, we will rely on residual wage chamagda Autor, Katz, and Kearney (2008his is important, for
instance, if some occupations attract more educateklers and the returns to education rise ovee tiotherwise
we would be measuring the mechanicdiéet of rising returns to education instead of oetigm-specific skill

returns®

To assess the quantityfect, we relax the assumption of fixed distributimnworkers across tasks (and thus

constant skill distribution within occupations). \Wstimate a conditional logit model to assess vdrathmigrants

% Using Canadian data, Boudarbat and Lemieux (28dially find that both changes in the mean wagebgdween natives and immigrants
and changes in the gap affdient quantiles of the wage distribution are exydiby standard factors such as experience, edncatid
country of origin of immigrants
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and natives, facing similar changes in good/semriaes and skill/task returns, shovfdrent sorting patterns over
time across occupations and tasks. This approdmhsaals to draw conclusions on the potential immpactvage

dynamics of workers’ selective mobility across task

5 Results

5.1 The price effect

In this section we first estimate the pri¢ieet and then analyze how far thifeet can be attributed to the specific
tasks. To estimate the pricfiegt, we first compute the residual wage of everjerparticipant in the LFS by
estimating equation (13) in Appendix C.3. Becabsel~S provides information on individuals’ occupas, once
we have computed every participant’s residual wagealso have the wage distribution within evergugation.
We then decompose this wage distribution into 9ieeand exploit within- and between-occupationetvariation

in wage deciles to characterize wage changes. tWheccupation-specific components defined in thevipus
section -.e. the within- and between-occupation components -estienated under the assumption that the skill

distribution within occupations is constant. Theseponents are estimated separately for each tyagroup.

In a second step, we compare immigrants’ and reitivage growth within and across occupations caoad on
fixed task specialization. Throughout the procedwur apply counterfactual weighdda Lemieux (2002) to filter
out any effects from changes in population compmsiin terms of age, education and length of regide(see

Appendix B for a detailed explanation).
5.1.1 Estimating the price effect: between- and wiin-occupation components

We focus on males’ residual wage changes betweenpéniods 1994-96 and 2010-12=0 andt =1
respectively’’ Focusing on longer-termfiirences helps to limit the influence of short-teamiations and thus to
identify long-term &ects on wage dynamics of changes in prices anldretains. In addition, using longer-term
differences instead of year-to-year changes avoidal senirelation issues that could lead to undersgathe
estimated standard errors (see Bertrand, Duflo Muthinathan (2004)). Moreover, the number of olaagons
per occupation is increased by including threeyeédata in each of the two longer periods. Thisdcessary due
to the detailed definition of occupations used (fdigits)?® Residual wagew,,, for each periodt(= 0, 1) are
obtained from the estimation of a wage equationreviage partial-out the effects of observable charéstics (age,
education, length of residence, country of origir)see Equation (13) in Appendix C.3. Working wi#sidual
wages allows us to control for wage disparitie®ssmworkers that are not specifically related ®rtbccupation.
These residual wages are then grouped by decitbgwaiach occupation to form an occupation-specégdual

wage distribution (9 deciles per occupation) ahgaeriod. We focus on wage decile changes withoupations

% Excluding females simplifies the analysis by aimidconsideration of gender specificities in labapply choices. See Edo and Toubal
(2017) for an analysis of the impact of immigratmmthe French gender gap.

27 Data prior to 1993 are ffiicult to use because of a substantial change iffiisech Industry Classification (NAF) that preveassfrom
having an unequivocal correspondence between irydosties before and after 1993. This is a problemur case because some jobs are
defined for a specific industry. The Labor Forcev@y 2012 contained the most recent available alatiae time of writing this paper. Note
also that each period corresponds to the finalgfaatcrisis: the nineties crisis for period 19984 and the recent economic crisis for period
2010-2012.

28 Otherwise, when working with immigrants, we woulat have enough observations per occupation angdgierd.
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(e.g.between the 4th wage decile of actuaries in petiadd the 4th wage decile of actuaries in period 0)

To characterize these wage changes, we estimadeasely for each nativity group the two occupatspecific
components defined in equation (5): the betweemxuaiton component (intercepy) and the within-occupation
component (slopé;). Specifically, we estimate a linear relationshgtween the residual wage change at each

occupation-specific decilg, Aaijq, and the corresponding level of wage degite the base period & 0), (I)]%:

A(D]q = a]- + bjd)]% + /1J + qu, (6)

wherevjq is an idiosyncratic error term. We also considefeaile-specific error component;, representing a
generic change in returns to skills common to eiupations but specific to one wage detil€omputing wage
decile changese(g. between the 4th wage decile of actuaries in petiatid the 4th wage decile of actuaries in
period 0) requires a ficient number of observations in each occupafio@verall, we are left with 229
occupations for natives and 125 occupations forignants. Bothb; anda; measure the shift in the occupational
wage distribution and both aréfected by changes in occupation-specific returnskibs, Ay;;. In addition,
intercepta; alsodepends on changes in the price of occupationfspgaiods and services, which are not directly
related to changes in returns to skills.

We estimate separately the pridgeets b; anda;) for natives (over 229 occupations) and immigrdoter 125
occupations) and analyze their impact on the wggamiics diferential across nativity groups, under constant and
similar population composition. Results are sumpeatiin Figure 5 (as well as Figure 13 in Appendi#)CThe
X-axis represents the occupational wage or skitiéa (we rank occupations according to the nativeslian wage

in period 0), while the Y-axis represents the befweccupation component; (left-hand panel) and the within-
occupation componend; (right-hand panel). We restrict in this Figure teubset of 124 occupations where we
can estimate components andb; for both immigrants and natives. It can be sea fibr both immigrants and
natives, average occupational wage growth (the dmtwcomponent) is higher in better-paid (more el
occupations, and even higher for immigrants. Assshmn the right-hand panel of Figure 5 (within campnt),
this pattern is little influenced byfiierences in returns to skills between immigrantsratives. Thus, immigrants’

better average wage performance seems more dbeiteskill endowments than to the difference iniitheturns

to skills3*
INSERT FIGURE 5

Having estimated both components of the priffect we examine in the next section how far thteat is
attributable to skill endowmentférences between immigrants and natives. When eetaiidentical tasks (which

proxy skills) diferently impact the wage dynamics of immigrants aatives employed in the same occupations,

2 This would capture, for instance, thgeet of some labor market institutions (minimum waggcupation-level wage negotiations) which
will more greatly &ect the bottom wage deciles of all occupations.

%0 In fact, each wage decile needs to be separaieBreed in each period. This requires at leasb$@mations per period for each occupation
and nativity group.

%! To see this, note that the wage growth premiuimafigrants relative to natives within an occupati®equal toAw];’ — Aw}* = Ay;, X

(S — SN4), where(S/™ — SMA) s the diference in skill endowments in occupatjdpetween immigrants and natives.
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immigrants and natives can be considered ffein their relative skill endowments.
5.1.2 Task impact on price effect

As suggested by our Roy conceptual framework, wsriethe same occupation do not necessarily Heveame
skill endowments, even if they have the same olabdevcharacteristics.€. age, education and length of
residence). Even if returns to skills/tasks areniidel for all workers employed in a given occupatiand
performing the same tasks, two workers witffiedent skill endowments can experiendgedent wage changes. In

this case, returns to skills/tasks could contrilliféerently to wage changes between and within oconipsti

To assess native-immigrantieirences in skill endowments, we use as dependeables the coéicientsa; and

b; estimated in the previous section for each occapatVe collect as many coefficient estimaaéstj) as there
are occupations employing both immigrants and eaffeaving us with 124 occupations common to botlugso
(i.e. 248 observations). If within an occupation retumglentical task contribute differently to the occupational
wage dynamicsaj andb;) of natives and immigrants, it is reasonable guae that the skill endowment required
to perform task differs between natives and immigrafit&rom the pooled sample of coefficients estimated f

immigrants and natives, we estimate the followiaguced-form relationships:

A

d;; = ag + a;lmmigrant; + Y3 _; a, TCy + Xr-q agImmigrant; X TCy + pj, (7
b = 6 + 8, Immigrant; + Y3, 8, TCy + X1 OpImmigrant; X TCy, + vy, (8)

where Immigrant; is a dummy variable taking the value 1 if the &osfnt was estimated on the sample of
immigrants, 0 otherwisé'C;y, is the task intensity index for each occupafiand task categoty =(1) non-routine
abstract, (2) routine, and (3) non-routine maniNate that task intensity indices are unit-basednadized across
occupations and estimations are weighted accotditige size of the nativity group in the occupatiBacause we
are using initial period weights, we ensure théfedences in wage dynamics between immigrants ankesaire
not driven by changes in the occupational (or taskposition) distribution over time. Ceientsa; and§;
capture systematic flierences in wage dynamics between immigrants aridesatCodficient a; allows us in
particular to test for an immigrant wage growthrpigm, as suggested in Figure 5. @mgentsa;, andd,, measure
the impact from returns to each takkon natives’ wages acrosg;{) and within @i) occupationg} while
coefficientsa), ands.. capture the difference in these components’ impadmmigrants. By estimating the latter
coefficients, we can specifically test whether nesuto tasks differently impacted the wage dynaroicsatives

and immigrants performing similar tasks, and thigntify immigrant-native differences in skill endment®

32 The common support includes 124 occupations, givie 124 between-occupation fagents for natives and 124 between-occupation
codficients for immigrants; the same applies to withictgation coficients.

33 Again, significantly diferent impacts of returns to tasks on between- drigithin-occupation wage changes could suggeserith
discrimination {.e. identical skill endowments arefiirently rewarded) or a skill endowmentffeiential between natives and immigrames.
returns to skills are identical but the skill enaoent difers between the two nativity groups). However, ueltang these two explanations
is beyond the scope of this paper.

34 parameter estimates of the above equations whekingoseparately with the native and the immigranpgle are available from the
authors upon request.

35 The fact that the dependent variable is estimatedduces measurement error and lossfidiency, but unlike measurement error in
independent variables, does not hinder regressialysis (see Maddala (2001), p. 64, for a standzfetence). These measurement errors
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Our estimates also take into account two otherrpiatedrivers of the wage dynamicsfiérential between
immigrants and natives. First, labor demand mayvevdue to changes in the national output mix, #msl may
affect occupations fierently depending on their initial distribution ass sectors. Given that immigrants and
natives, within the same occupation, may be emplogedifferent sectors, they will befterently impacted by
these changes regardless of their relative skibaments. To mitigate thidfect, we include in our regressions
an occupation-specific labor demand shift indda& Bartik (1991). This index is constructed from thstribution

of occupations across sectors in 1994-1996 andstake account changes in industrial compositiotwben
periods 1994-1996 and 2010-20%2.

INSERT TABLE 1

Second, our estimates take into account workersingoon observable characteristics so as to ediirirgfects
from a composition dierential between immigrants and natives. We congidee diferent weighting schemes,
as described in Appendix B: baseline, weightingyd weighting 2 schemes. The baseline scenariotheds=S
original population sample weights; populationsthegefore representative of their specific nagigitoup in each
period. Weighting scheme 1 ensures a constant atipul(ageeducation) composition within occupations for
each nativity group separately. We therefore famughe sub-population most likely to work in an wgation
before the shift in skill returns. Weighting schethensures that within occupations the populatmmmosition
(in terms of age anelducation) is not time-varying and is the samebfith nativity groups, thereby controlling for
different compositionféects across nativity groups and over time. Estionatusing weighting scheme 2 are thus
the most consistent with the assumption of congtaptlation composition within occupations in owyRype
framework. Depending on the scenario, sample sy from 248 to 144 observatiorie(from 124 to 72

common occupations per nativity group, respectively

Estimates from equations (7) and (8) are reporietable 1. The cdicient of thelmmigrant dummy variable
is consistent with the finding reported in Figureaross occupations, immigrants’ relative wageagjno(i.e.
between-occupationfiect) outperformed that of natives by 24% over tBey@ars (see column 3). This is quite
substantial given that we control for observablkerahteristics such as age, education and lengésiofence. Wage
returns to non-routine skills (abstract and manaafjtributed to average wage growile.(between-occupation
effect), while returns to routine skills had a rathegative influence. Including immigrants’ specifeturns to
tasks in the regression does not significantly geathe estimated wage growth premium of immigrants the
period (see Tables 5 and 6 in Appendix D forfficient estimates without these controls). Thus;iimigrants’

wage growth premium does not seem to be drivemmipgigrant-specific returns. Estimates in Table lesdthat

will introduce heteroskedasticity if they are nainstant across observations. We correct for thisgugvhite (1980)'s standard error
adjustment. While some authors have suggested uginyited least-square adjustment, through a sefrig®nte Carlo experiments, Lewis
and Linzer (2005) show that thfieiency gains are generally very limited.

36 We define as follows the labor demand shift indicdor occupatior) and origini: DemandShift;; = ¥ [?ANsi], whereN;;;, stands
jio

for the number of employees of origiin sectors, occupatiorj in period 0 (base period)j;;, represents the total number of employees of
origini in occupatiorj in period 0.ANg; is the variation in the number of employees ofjiori in sectors. To obtain the labor demand shift
associated with an occupation, we must sum shifts all sectors composing occupatign
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there is virtually no immigrant-specific task retuhat significantly differs from that of natives its impact on
between-occupation wage changes. This suggestsrtimgrants’ wage growth performance is not relatetheir

specific skill endowment for certain tasks.

However, the picture changes when we look at tr@ugen of returns to skillsi.e. within-occupation wage
changes). Once compositioffexts have been controlled for (column 6), in octiopa requiring non-routine
manual skills we find immigrants’ wages compressingile natives’ wage dispersion increases. Thisepa is
likely due to changes in the skill endowments ofniigrants and natives in non-routine manual occopaff As
the next section shows, immigrants’ specializationon-routine manual tasks decreased sharply theeperiod
(see also Figure 3). If this occurs within age @ddcation groups, it may lead to wage compressinang

immigrants in these occupatioffs.

Immigrants may have responded differently fromvetito incentives driven by price effects. In tleatrsection,
we relax the assumption of constant relative skditribution within occupations over time. Firstevassess the
dynamics of occupational sorting for immigrants aradives depending on the between- and within-catop
components of wage changes. Second, we relate irant$j and natives’ occupational sorting to thé eentent

of occupations.

5.2 Quantity effect

How have immigrants’ and natives’ occupational chsibeen impacted by changes in average wagesefretw
occupation wage change) and returns to skills (mititcupation wage change)? Both are likely toraftdividual
decisions on skill acquisition and occupationalicés. Differing occupational choices between imiaings and
natives facing identical price changes would suggiering changes in their respective skill endognts.
Patterns of occupational sorting may explain imamgs’ relatively higher wage growth across the petional

wage distribution.

To capture the occupational sorting pattern difited between immigrants and natives, we firstreate the
quantity dfect by relating occupational choices to the two gonents of wage changes previously estimated for
each occupation.é.between- and within-wage components). This allos@udest whether immigrants and natives
sort diferently across occupations in response to idenwegle changes. Second, we characteriferdnces in
the occupational sorting of immigrants and natikigselating their occupational choices to the tegktent of

occupations. We do so by estimating a simple odtwe choice model.

3" Note that whether initial skill endowment is tizaree or not for natives and immigrants, the negatiisignificant caicient associated with the variable
“Img- Non-routine manual” (compared to the positarel significant cdcient associated with “Non-routine manual”) caryaaise if there is a shift in the
relative skill endowment of immigrants versus nesiv

% To test the robustness of these results, we peoppoappendix D an alternative strategy consistingegressing the immigrant-native gaps in estichate
between- and within-occupation components ovetahk indices:

3
d; — dy = 1o + 1 DemandShift; + z o TCG™ + W
k=1

3
ﬁ] - bN =@, + <p1DemandShiftj + z (kaCﬂ{orm + v
k=1

whereT(j” ™ again stands for the normalized task content measureinvitach occupatiok = (1) non-routine abstract, (2) routine and (3) -noutine
manual. Results in Table 7 in Appendix D are cdestswith estimations in Table 1.
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Our occupational choice model, based on the conaefrtamework presented in Section 4, is easilynéd within

a probabilistic or random utility choice model. Vdesume that when choosing their occupation, indal&l
consider not only potential income related to thelative skill endowment but also some stochaatd
idiosyncratic characteristics of occupations, whdsgribution is assumed to be independent of wstkskill
endowments. From a variety of occupations, theyosadheir best option, taking into account bothittteme
potential and these specific characteristics. Tildeect utility that a worket derives from choosing an occupation
j depends on her potential earnings in the occupatichich we assume is a linear function of indi&du
characteristicg;, occupation-specific characteristié;s(occupation-specific returns to skills), and amsyincratic

stochastic component:
Ui*j = PiXi + KUZ] + 5ij (9)

An individual will choose amonfjoccupations the one that provides the highestytilVe assume that théects
of occupation-specific characteristics on individulity (x;;) vary across individuals, for instance according to

their specific skill endowment8 An individual will choose occupatign if Ujj > Uj Yk # .

We definel;; = 1ifindividuali chooses occupatigrandU;; = 0 otherwise. Assuming that the disturbance terms

areidentically and independently distributéia) and follow a Type-I extreme value distrikoni®® we can estimate

this random utility model using McFadden (1974)sditional logit

Py = 1) = 7 e (10)

Terms that do not vary across alternatives andeeific to the individuali . X;) are irrelevant and fall outside
the probability. Therefore, we cannot estimatedffiect of individual characteristics on occupatiortadice p)
since they are invariant to choice. However, we estimate the feect on occupational choice of occupation-
specific characteristics), such as their task content, or their wage groeitial also the interactions of these with
individual-specific characteristics. To track théeet of changes in occupation-specific charactesstive allow
the dfects to vary over time by interacting each charéstie with a dummy variabl&ear, equal to one in 2010-
12. Therefore, we interpret déieients from a dynamic point of view, with respexttie base period (1994-1996).
Codfticients associated with these interaction termsucahange relative to the base period in the ibtyaof

choosing an occupation on the basis of its chaiiatts.
5.2.1 Estimating the quantity effect: occupationathoice

Let us begin by estimating the pure quantifiget, which relates occupational choice to the betwand within-
occupation components of wage changes dj.@ndb;). To do so, we include the two wage growth compésie

in the conditional logit as explanatory variableggeracting them with the period dumniear. Therefore our

39 this setting, Xi can be considered as the veaftordividual skill endowments and Zj as a veaenoting the sensitivity of the occupation
to each skill component &f.

40 Under the independence of irrelevant alternativ&@8) assumption, choices are independent of irr@fg\alternatives and therefore the
omission of a choice does not significantly altetireates.
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analysis focuses on the d¢beients associated with the interaction terfesr X a; andYear X b;. Using the
estimated conditional logit model, we graphicakypresent the change in the predicted probabilityhobsing a
given occupation in period 2 relative to perioctidifferent values of; andb; components. Results are given in
Figure 6. The X-axis of the left-hand and right-tiganels displays, respectively, the 10th, 25thh 506th and
90th percentiles of the distribution of the betwesmd within-occupation components of wage chapgegously
obtained from estimating equation (6) over the danop natives when controlling for compositioffezts (.e.
Weight 2). The Y-axis represents the variation lie probability of choosing an occupation locatecdthat
corresponding percentile of the specific componémtage changes with respect to the base period-1996 {.e.
relative marginal ect estimated at a given percentile of the wagepoment). An upward profile along the
distribution of the between- (within-) occupaticongponent indicates that occupations showing aivelgthigher
average wage (wage dispersion) increase are nkaly to be chosen over time. In contrast, a dowdvaofile
indicates that these occupations are less likelyet@hosen over time. The interpretation of regultSigure 6
should therefore focus on the slope of the curwk raot the associated absolute values of the mdrgifects,

which are actually defined in relative terms.

The solid curves represent the results for the rebsiepopulation sample, while the dashed curvesesent the
results with a reweighted sample keeping populat@mposition constant over time and across natyiups
(i.e. same age-education composition in both periodgfarigrants and natives and same length of residfce
immigrants in both periods). The latter resultsqfe a more consistent estimate of the contributicthe quantity

effect to the wage dynamicdfdirential between immigrants and natives.

The left-hand panel of Figure 6 reveals that sgrisnpositive: occupations with greater betweerdpation wage
changesi(e. average wage growth) are increasingly likely tahesen by both immigrants and natives. Natives’
sorting in such occupations is entirely driven bgit skill upgrading in terms of age and educatiafien
composition &ects are removed, we actually find that the prdiiglof natives choosing occupations with a higher
between-occupation wage change decreased betw@4r1996 and 2010-2012. In contrast, at similarcrstant
population composition, immigrants were more likiechoose such occupations in 2010-2012 than9d-1996.
The right-hand panel of Figure 7 shows that thébabdity of natives choosing occupations showinbigher
within-occupation wage change increased, whilectiteesponding probability among immigrants decréagéis
pattern persists, although clearly smoothed, aftentrolling for population compositionffects. Overall,

immigrants’ and natives’ occupational choiceatied despite identical changes in returns to skills
INSERT FIGURE 6
5.2.2 Characterizing the quantity effect: the roleof tasks

Next we relate occupational choices to the taskesanof occupations. Differing occupational choie&soss

nativity groups result from ffierent changes in comparative advantage, whichedaiged to dierent changes in

20



skill endowment! Our analysis focuses on the fiogents associated with the interaction teifear x Task;,
which capture changes over time in the probabditychoosing an occupation relatively more intensivehe
corresponding task. To take into account inter-pational differences in probability of exposureatoninimum

wage change, we also control for the share of mininwage earners.

Figure 7 displays on the X-axis the 10th, 25thh5@6th and 90th percentiles of the intensity indistribution
for each task and on the Y-axis the variation (leetw1994-96 and 2010-12) in the probability of g an
occupation located at the corresponding perceottiégach task category. An upward (downward) profil€igure

7 along the task intensity index distribution iraties that occupations relatively more intensivbéncorresponding
task are more (less) likely to be chosen over tiff@se graphs show the type of tasks in which imemig and
natives have become increasingly concentrated hadefore reveal how the pattern of their compaeativ
advantages has evolved over time. Again, solideurepresent the results for the observed popalatmple
while dashed curves represent a constant populetioyposition over time and across nativity groupggrms of
age, education and length of residence). Dashedesuwill reveal then whether fiBrences in occupational
mobility are due to genuinely fierent comparative advantages within age*educakdhgsoups or are due to

standard dferences in observable age*education characterétics
INSERT FIGURE 7

The left-hand panel displays the predicted chafrigen(1994-1996 to 2010-2012) in probability of ckom an
occupation along the distribution of the non-roetmanual task index. The probability that immigsamil choose
an occupation more intensive in non-routine manasks has declined over time. Instead, there isakly
increasing probability of natives choosing occugpragimore intensive in non-routine manual taskstiGtimg for
changes and flerences in population composition does ni¢c this pattern. Therefore, relative to natives,
immigrants are losing comparative advantage innootine manual tasks. Immigrants seem to have mawey
from non-routine manual-task-intensive occupatiortsis pattern of mobility is consistent with thecdsasing

wage dispersion estimated for immigrants in Tabile dccupations requiring non-manual skifls.

The middle panel of Figure 7 displays changes éptobability of choosing an occupation dependingite
intensity in routine tasks. Natives seem to havegadaway from routine task-intensive occupatiomsnigrants

have too, but to a much lower extent. The pattaththe diference between the two nativity groups are expthine

41 Qur approach is similar to that adopted in theragiconomic literature on revealed preferences.rigglts given changes in returns to skills,
we infer immigrants’ and natives’ changes in refitskill endowment by looking at differences inittreaction to changes in the pricing of
skills. Our approach is also related to that of®a®eri, and Rahman (2017) for US data or Adseddarrer (2014) for Canadian data, who
provide a descriptive analysis of the evolving sym analytical, routine and manual tasks by imraigs and natives inferred from their
distribution among occupations over time.

“2The extent to which immigrants and natives amaetitd by occupations whose wage changes arechesatled to minimum wage changes
may differ if, owing to specific characteristicketr likelihood of being minimum wage earners d#feThis feature is particularly relevant in
the French context, where the minimum wage levaeiased sharply over the period.

43 For instance, the fact that more educated workenssimve a comparative advantage in less routingpations.

44 In contrast to our findings, Basso, Peri, and Rah2®17) show that in the US since 1980 immigrdratee become relatively more
concentrated in non-routine manual tasks than esitiwho have become concentrated in non-routingtara tasks. These flerences with
respect to our findings may be due to botfiedénces in the composition of the pool of immigsaint France and the US (in terms of
qualifications, countries of origin, length of rsnce or age), and, on the demand sid&rdnces in the dynamics of the occupational
structure in France and the US.
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by changes andflierences in the composition of the populations.ofistant and identical population composition,
we find that natives are more likely than immigsatd choose routine occupations. Therefore, urdimtical
characteristics, natives have gained comparativardgege in these occupations. Combined with thékefid panel
of the figure, this suggests that despite theiradepe from non-routine manual-task-intensive oetigms,
immigrants do not seem to be streaming towardsimedask-intensive occupations. This is consisteith
estimations in Figure 6. Over the past decades,ignamts have increasingly shifted towards occupatio
experiencing high between-occupation wage chargdigh average wage growth). Recent technologicaigbs
have promoted a relative decrease in the priceoatire-task-intensive goods (see Autor, Levy, anaridne
(2003), Autor, Levy, and Kearney (2006), Goos arahing (2007), Spitz-Oener (2006) or Maurin andshinar
(2004)) implying a reduced average wage growthoitine-task-intensive occupations. Immigrants hees

drifted away from this type of occupation.

The right-hand panel of Figure 7 displays the potedi change in probability of choosing an occupatiepending
on its relative intensity in non-routine abstraxgkts. Occupations more intensive in non-routingratistasks are
increasingly likely to be chosen by both immigraatsd natives, although for natives this is mainle do
specialization in abstract tasks with increasingegience (proxied here by age) and education. \&berposition
effects are removed, we find that the probability afives choosing occupations more intensive in roorine
tasks has only slightly increased. In contrast,eural similar and constant population compositioa, aserve
greater specialization of immigrants in non-routadgstract-task-intensive occupations, which apptatsave

given them a comparative advantage in occupatfons.

Figures 6 and 7 combined portray an immigrant pefpen that has experienced upward occupational libobi
relative to natives and has moved towards occupsitadfering the highest increase in average wagéween
1994-96 and 2010-12, immigrants were upgrading ftoenlower (manual tasks) to the upper part (narine

abstract tasks) of the wage distribution.

6  Conclusions

Using the French Labor Force Survey, the EurOcdopsiand O*NET datasets, we analyzed two cruciafcss
of immigrants’ labor market performance: immigrarstsills and how these skills are valued. Althougky are
non-observable, we were able to assess changesnigiants’ and natives’ relative skill endowmentsng
dimensions that have so far been overlooked ifitdrature. These endowments are related to taskHspreturns

to skills.

French immigrants’ wage growth is shown to haveperfbrmed that of natives throughout the wage iistion
over the period 1994-2012. While a substantial pdrimmigrants’ wage growth is due to their spexifi
characteristics, we show that immigrants also acdated skills that are more highly rewarded as theyed up

the occupational wage ladder. In particular, thaitern of occupational sorting over the periodggsgs that they

45 This result is particularly interesting since iaghly contrasts with the findings of other papezalthg with migration in the US (see Peri
and Sparber (2011b), Peri and Sparber (2011a)aRdrSparber (2009), D’Amuri and Peri. (2014)) as8o, Peri, and Rahman (2017).
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moved upward in the occupational wage distributawards high-wage-growth occupations faster thaives

Though not unequivocal, our results show that ¢tetive “labor market quality” of immigrants hasproved over
the last two decades in France. Interestingly,ithigovement is the consequence not only of chaimgie market
reward for skills but potentially also of immigrahbuman capital adjustment. Overall, it seems itmaigrants
have been able to better price their skills by mgvacross tasks. We hope to confirm these patterfiigure
research by investigating, using individual parahdhow the dynamics of wages and human capifasiaents
are driven by globalization and technological clemgn addition, while this paper focuses on malmiags,

taking gender dierences into account would be a worthwhile compherteethe present research.

FIGURES

Figure 1: Average yearly employmentand wage growth ovet &8 median wage in the ogration. French LFS
1994-2012
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Figure 2: Intensity, along the skill distribution, of immigrs’ and natives’ occupational employment in non-
routine manual tasks in 1994
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Figure 3: Variation in task intensity of immigrant and natioccupational employment between 1994-1996 and
2010-2012
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Figure 4: Wages and skill returns

Wage

wy = In{py) +7u Si

wy = Infpa) + S+ S

wy, = n(py) + By, +71.5

|
|
|
|
|
|
|
|
|
|
L
S

Cognitive skill level
Si
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Figure 6: Change in probability of choosing an occupatiomating to wage changes between 1994-1996 and 2010-
2012
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Figure 7: Change in probability of choosing an occupatioroading to intensity in each task category
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TABLES

Table 1: Task contribution to between- and within-occupati@ye changes, from 1994-962010-12. Natives vs.

Immigrants.
Dependent variables: Between- and within-occupatiage changes
Between-occupation wage change Within-occupatiage change
Scenarios Baseline Weight 1 Weight P Baseline Welgh  Weight 2
1) 2 3) 4) ®) (6)
Immigrant 0.209***  0.438**  (.238*** -0.0477 0.432* 0.0529
(0.0571) (0.0614) (0.0507) (0.113) (0.158) (0.197)
Non-routine abstract 0.159%** 0.124** 0.0637 0.353*  0.419%** 0.296*
(0.0484) (0.0478) (0.0454) (0.114) (0.149) (0.156)
Routine -0.272%%*  -0.159***  -0.180*** | -0.581*** -0396** -0.459***
(0.0688) (0.0588) (0.0587) (0.161) (0.178) (0.173)
Non-routine manual 0.302***  (0.205***  0.270*** 0.272 0.230* 0.363***
(0.0597) (0.0509) (0.0530) (0.112) (0.119) (0.1112)
Immigrant*Non-routine abstract 0.130 0.0598 0.0749 -0.109 -0.262 -0.0480
(0.0976) (0.182) (0.0768) (0.220) (0.304) (0.303)
Immigrant*Routine -0.0642 0.0667 0.0645 0.433* @8t 0.431
(0.113) (0.156) (0.0844) (0.251) (0.276) (0.326)
Immigrant*Non-routine manual 0.0869 -0.110 -0.0773 -0.382* -0.928*** -0.551*
(0.117) (0.181) (0.0875) (0.222) (0.317) (0.290)
Population composition constant
within groups NO YES YES NO YES YES
within and across groups NO NO YES NO NO YES
Control for length of residence NO YES YES NO YES EY
Observations 248 162 144 248 162 144
R-squared 0.530 0.767 0.687 0.190 0.266 0.124

Notes: Robust standard errors in parenthesessttatisignificances * xp < 0.01, *  p < 0.05, *p < 0.1. In all regressions we control for an occupaspecific
labor demand shift index (see text for details)giResions are weighted using the initial period leyment level. In all columns, natives’ wage resiuare
computed by including in the wage equation a fedlaf age*education dummies. In all columns, immigs’ wage residuals are computed by includingpénvtage
equation a full set of age*education*(residenceatian) dummies and 27 country of origin dummiesvéighting scenario Weight 1, population compositidthin
occupations is kept constant, as in the baselinegoh nativity group. In weighting scenario Weighpopulation composition within occupations ipkeonstant,
and the baseline population composition of natisespplied to both immigrants and natives. In calar(2), (3), (5) and (6) the control for populat@ymposition

effects includes immigrants’ length of residence.
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Appendices

A Databases

A.1  Sample Characteristics
Table 2: Sample characteristics per year, French LFS 1992-20
Immigrants Age Age Education | Education Wage Wage Years of
N (%) immigrants | natives | immigrants| natives | immigrants| natives | residence
1993 39515 11.05 40,46 37,13 1,52 1,55 1326,45 3882 18,51
1994 40059 11.23 41,04 37,34 1,51 1,56 1542,84 7,939 19,12
1995 40814 11.39 41,05 37,46 1,53 1,59 1389,61 8,820 18,66
1996 41186 11.41 41,43 37,63 1,59 1,60 1539,49 1941 18,94
1997 40505 11.31 41,66 37,86 1,60 1,64 1211,57 A822 19,30
1998 41070 11.03 41,73 37,94 1,59 1,66 1217,72 A234 19,46
1999 41969 11.23 42,11 37,94 1,62 1,69 1282,Y9 9,693 19,83
2000 35922 10.66 41,95 37,84 1,68 1,71 1261,94 8297 21,87
2001 43525 11.33 42,51 38,02 1,66 1,75 1342,89 A856 19,33
2002 43287 10.82 42,53 38,22 1,69 1,78 1292,65 5299 19,28
2003 25950 10.52 42,43 38,22 1,77 1,84 1454,25 AB13 25,41
2004 24694 10.74 41,96 37,97 1,83 1,90 1496,839 0309 25,05
2005 26256 10.36 42,34 38,46 1,89 1,92 1430,54 2698 25,26
2006 26068 10.55 42,60 38,64 1,88 1,93 1431,43 6901 25,51
2007 27423 10.99 42,43 38,69 1,89 1,97 1401,80 A3219 25,13
2008 27995 11.57 42,49 38,79 1,93 2,01 1448,50 2509 24,52
2009 32348 11.39 42,75 39,24 1,97 2,03 1465,90 0859 24,78
2010 37169 11.51 42,66 39,5¢ 1,96 2,06 1477,09 J957 24,44
2011 39598 11.36 43,10 39,75 2,00 2,09 1502,83 8366 24,87
2012 39553 11.54 43,21 40,36 2,03 2,11 1525,00 4967 24,48

Notes: French Labor Force Survey 1993-2012

. Indiaisl in the private sector declaring a strictlyipies wage. Education: “1: Less than secondary

education, 2: Secondary education, 3: Baccalaur@atears, 4: University studies”. Real wages imsuForthe period 1994-2002 there are only 11,187
immigrants whose date of entry to France is knathis; rises to 77,316 immigrantsr the period 2003-2012. This probably explaiesshift in length
of residence observed from 2003.

Table 3: Population composition by nativity group, FrenchSL.E993-2012.

Frequency Share (%)
French 635277 89.41
North African 26842 3.78
African 9291 1.31
South-Eastern Asian 3083 0.43
South-European 20609 2.90
North-European 6984 0.98
East-European and
Russian 5334 0.75
South-American 1561 0.22
North American 264 0.04
Turkish 1287 0.18
Total 710532 100

Notes: French Labor Force Survey 1993-2012. Indiafslin the private sector declariagtrictly positive wage. There are 4374 obserwatfor which the

countydf origin is unknown.
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A.1  Occupational task composition

Table 4: Occupational tasks.

Non-routine Analytica

Organizing Planning anc Prioritizing Work ; Gettinc Informatior ; Analyzinc Date or in-

formation; Making Decisions and Solving Problereyeloping Objectives ; Judging the Qualities offifis,
Services, or People ; Updating and Using Relevantiedge ; Interacting with Computers ; Thinking Creatively
; Estimating the Quantifiable Characteristics obdrrcts, Events, or Information ; Evaluating Infotioa to
Determine Compliance witBtandards; Scheduling Work and Activities ; Intetjirg the Meaning of Information
for Others ; Processing Information and Strategies.

Non-routinelnter-personz

Guiding Directing anc Motivating Subordinate ; Communicatin with Supervisor: Peers

or Subordinates ; Communicating with Persons Oetsite Organization ; Developing and Building Teams
Resolving Conflicts and Negotiating with Otherserférming for or WorkingDirectly with the Public ; Stéing
Organizational Units Providing Consultation and Agvto Others ; Coordinating the Work and Acti\tief
Others ; Selling or Influencing Others

; Training and Teaching Others ; Assisting and @gfor Others ; Coaching and Degping Others ; Establishing
and Maintaining Interpersonal Relationships ; Moriitg and

Controlling Resources.

Routine Cognitiv

Performing Administrative Activities, Documenting/&eding Informatior

Routine Manuz

Handling anc Moving Objects Performing Genere Physica Activities; Repairing anc Maintaining Mechanici
Equipment; Repairing and Maintaining Electronic Baoent.

Nonr-routine Manug

Operating Vehicles, Mechanized Devices, or Equipirinspecting Equipment, Structur or Material; Monitorin
Processes, Materials, or Surroundings; Draftingying Out, andSpecifying Technical Devices, Parts,
Equipment.

Source: Constructed using data from O*NET.

B  Removing composition ects in wage changes

In order to capture the precise contribution ok¢a® the estimated residual wagfatientials between 1994-1996
and 2010-2012, we remove the proportion of thedtesi wage change resulting from changes in worker
composition in terms of age, education and lenfjtesidence. We successively propose two alteraatienarios
keeping the age-education-length of residence ceitipo of occupations constant in both periods, @itier
considering each nativity group separately or igkiatives as reference.

B.1 A cell-by-cell approach

We rely on the cell-by-cell approach suggested émieux (2002), which is equivalent to the reweigitinethod
of DiNardo, Fortin, and Lemieux (1996) but morexitde. This non-parametric procedure consistsrst fiividing
the data into a limited numbér of cells, in each occupatigrand at each perioij according to a set of dummy
variablese;jz = (X;1¢, ) Xicje» -, Xicj¢)- This procedure is based on the definition ofstiee age-education cells
for natives and the same age-education-lengthsideace cells for immigrants within each occupatie keep
only cells that are observed in both periods taisnsonsistency when applying this reweighting rodth

For both native and immigrant workers, we use ttieing dummies to define age-education cells:camsider
9 distinct 5-year interval age groups (from 15 @), &nd within each age group we distinguish 4 ation levels
(below baccalaureate, baccalaureate or equivdlantalaureate+2 years, higher degree). For immtigrarkers,
we additionally distinguish within each age-edumaitell two lengths of residence: less than 10g/ead0 years
and more. Thus, we can define up to 36 age-educatls for natives and up to 72 age-educationtrerad
residence cells for immigrants. Age is often usedrbxy actual work experience in the literature. sdternative
would be to use potential work experience, whighurgder the standard assumption, equal to the werkege
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minus the typical age at which she is expectedat@tompleted her educatifm caveat to using such proxies
is that actual work experience is measured witbreaxcept for individuals who work full-time andrginuously.
When work experience is acquired immediately aftelhooling, potential experience and actual expegen
coincide. In contrast, potential experience mag beisy proxy of actual experience for women or igrants (see
Barth, Bratsberg, and Raaum (2012)).

For each celt, in occupatiory and at period, we then estimate a reweighting fact;; that will be used to
calculate a counterfactual sample Weigelrﬁ]ft = ¥, jiweje, Wherew,j, is the original sample weight of cell in
occupatiory and perioct. The reweighting factor of each celis built up first from the sample share of workers
in the cell (natives or immigrants), in occupatjand period, denoted;.;;, which is given by the sample average
of the dummy variable;;:

Xejt = Li Wit Xicje = Logyege Wit = Nejt (11)

wherew;, is the original LFS sample weight that we havetipligéd by monthly hours of work, following for
instance DiNardo, Fortin, and Lemieux (1996), aminieux (2002). To ensure that the age-educatiorsyefa

residence composition is the same for each ocaupatiperiods 0 and 1, we assign to eachcacttle same average

weight as the cell at period 0. This means inclgdire sample share of celin period 0 in the calculation of the
corresponding reweighting factors. Thus, the retiing factor of celt in occupatiory and period is defined as:

g,y = Te0 Ineje (12)

wheren,;; corresponds to the observed share of cgdlefined by a particular age-education-length sfdence)
in occupatiory in periodt, andn,, is the same share in period 0. That is, the nuimestands for the counterfactual
sample share of cellin occupatiory that we require to be identical for both periods.

We use the resulting counterfactual sample weiglﬁﬁ = ¥, jiwcje to estimate the individual wage distribution
that would have arisen if the age-education contiposifor natives and age-education-length of resige
composition for immigrants in each occupation hadrbconstant over time.

B.2  The alternative scenarios

We measured the contribution of tasks’ returns éowben- and within-occupation wage changes undeeth
alternative scenariosftiring in ) the explanatory variables considered to estimetiglual wages with the Mincer
equation, andii() the sampling weights employed to estimate océopapecific residual wage deciles used in the
regression and to compute the between and withmpoaents.

+ Inthe “Baseline” scenario, residual wages areinbthby regressing the log wage over standard blasa
in a Mincer equation, age x educ, and country @firer Then, occupation-specific residual wage aeil
are estimated using the LFS sampling weights.

* In the “Weight 1" scenario, residual wages for igrants are obtained by regressing the log wage over
age x educ x resitland country of origin. Residual wage deciles hemtobtained using counterfactual
weights ensuring a constant composition of worlkeracteristics (age x educ x resid) by nativityugro
within occupations.

* In the “Weight 2" scenario, residual wage deciles abtained using counterfactual weights ensuring a
constant composition of worker characteristics (xgeduc x resid) across nativity groups within

46 Borjas (2003) assumes that age of entry to the ffvoe is 16 for high school dropouts with no vii@aal education, 19 for high school
dropouts with vocational education or high schasldgiates without vocational education, 21 for héghool graduates with vocational
education, 24 for those who completed non-univefsgher education and 25 for workers who hold &ersity degree. Ottaviano and Peri
(2012) calculate years of potential experience uvtitke assumption that high school dropouts enteiahor force at age 17, high school
graduates enter at 19, those with some univerditgaion enter at 21, and people with a univegstyree enter at 23.

4T The resid variable is defined for more than teary®f residence or less than ten years of residenc
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occupations: the age-education composition of eatim period 0 is taken as reference.

Additional estimates were performed without takingp account length of residence for immigrants and

keeping age-education composition constant. Thesea reported in the paper but are available upguest
from the authors.

Cc Additional Figures

C.1  Immigrants and natives’ wage dynamics at equand constant composition

Figure 8: Average yearly wage growth in relation to the 18%tlian wage in the occupation whentcoling for
composition €ects. French LFS 1994-2012
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Notes: Occupations are ranked in the X-axis indicg order according to their median real wagédf4, computed on native full-time equivalent
workers, andthengathered withinoccupational wagietiles. The Y-axisrepresents the averagelyeaal wage growth by vigintile over the perio®#9
2012. Age*education composition is kept constardsgyears and equal to that of natives in 1994gtteof residence for immigrants is kept constant
across years and equal to thatin 1994.

C.2  Worker sorting following changes in occupatiorspecific goods and services
Figure 9: Wages and skill returns
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C.3  Variance decomposition analysis

To assess how occupations impact the dynamicsoiéiye dierentials between individuals, we propose a wage
variance decomposition analysis for each nativibug. We first remove for each nativity group thegortion of
total wage variance (“Total” line) due to obsenelmdividual characteristics, considering the realdwage
variance (“Residual” line),e.the variance of residuals from the following wageation:

Inwip: = e + B age X educ X residipe + Vuet COUNETViner + Wing, (13)

wherew,,,; stands for the hourly wage of an indivitlidrom nativity groupn (natives, immigrants) in yeat
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age X educ X resid;,; stands for the dfierent individual cells (up to 72 for immigrants a8l for natives) we
define each year from the following groups : 9 ggeups (from 15 to 60 years old using five-yeaeiwals), 4
educational groups (less than Baccalaureate, Bagesilte or equivalent, Baccalaureate plus two yeadshigher
degrees) and 2 length of residence intervals {fess 10 years, more than 10 yeatsluntry;, . contains a set of
dummy variables for geographical origins of immigga(a dummy for each of the 27 countries distisiged in
the LFS).w;,,; are the estimated residual wages that we thennggzse into between- and within- occupation
components by relating them to a full set of octigpadummies as follows:

Wine = Hnjtoccupationin}-t + Vint

whereoccupation;,;; stands for thg-th occupational dummy variable;,. is the proportion of the first-stage
wage residual that is not explained bffeliences across occupations but rather by unobsdifetences across
individuals working in the same occupations.§kill endowments, skill returns, unobserved algititor reservation
wages). The within-occupation residual wage vaeaffeVithin-occupation” line) is obtained by compmgi for
each year and for each nativity group the variafog, and represents the proportion of residual wagenee
explained by wage disparities within occupationtsug; the vertical distance between the residuakwagiance
and the within-occupation residual wage varianaeesponds to the proportion of residual wage vagahat is
explained by dferences between occupatioag.different task content and occupation- specific sktlims. In
contrast, the vertical distance between the x-axithe within-occupation residual wage variangeesponds to
the proportion of residual wage variance explaibgddifferences across individuals employed in the same
occupation.

Figure 10: Variance decomposition analysis by nativity groefance 1994-2012
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Notes:The vertical distance between the Total line ardRBsidual line corresponds to wage disparitietaéexd by age, education, length of residence and
country of origin diferences. The vertical distance between the Reslideadnd the Within- occupation line correspormighie proportion of residual wage
variance explained by flierences between occupations. The vertical distagiveeen the X-axis and the Within-occupation liagesponds to the proportion
of residual wage variance explained by wage ditipanivithin occupations. In the panels “Originaligigs” we use the sample weights provided by th8.LF
In the panels “Counterfactual weights” we reweighth nativity group so that the age-education-yefarssidence composition is constant over all year

Wage dfferences within and between occupations continbe faredominant in total wage variance even afger th
mechanical fect from changes in the composition of observahtegacteristics on residual wages.composition
effects) is removed by reweighting each nativity savga as to obtain the same composition in termegef
education and length of resideffcésee “Counterfactual weights” panels in Figure. Itus, quantitatively,
occupations appear relevant as a unit of analysisge diferentials between individuals and their evolutioner
time, especially since the role of observable attartics tends to decrease over time for bothigremts and
natives (particularly under constant population position).

48 as explained in Appendix B, we reweight our sampyew?, = ¥,,w.;, Wherew,, is the original sample weight of celland period and¥., is the
reweighting factor we estimate for each ceft perioct. More precisely¥,, = n./n.. wheren, is the share of workers (natives or immigrantghmage-
education cell c over the whole considered perl@®4-2012) and,, is the share of workers (natives or immigrantghamage-education ceilin periodt.
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C.4  Between- and within-occupation wage changes

Consistent with our conceptual framework, we fingbaitive correlation between the two componentsefprice
effect: higher values of the between fiméent are associated with higher values of theiwitodficient, so that
Cov(a;, b;) > 0, as predicted by our Roy-type model.

Figure 11: Between- and within-occupation dteients using LFS weights.
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occupation coficients are computed considering 10 deciles. Cortippsifects are not controllédr.

Figure 12: Between- and within-occupation dfeients with constant labor force composition.
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Figure 13:Between- andwithin-occupation wage changes: NatigelmmigrantsLFSweights.

Between component Within component

o 09 & °
Eo O-Bo # . § : X
g pe ° - go« 2 8 ¢
~ i; 2
5 o
' - o

v ™ T
%0 100 1%0
Nasves inmimedan wage

od

T v T T
[} “0 100 1%0
Nagves’ risal modan wage

® Nalives © Immigrants
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D Estimations

Table 5: Immigrant dfect on between- and within-occupation wage charfges, 1994-96 t02010-12. Pooled

sample.
Dependent variables: Between- and within-occupatiage changes

Between-occupation wage change Within-occupatiogeachange
Scenarios Baseline Weight 1 Weight 2 Baseline Welgh ~ Weight 2
1) 2 ®3) 4) () (6)
Immigrant 0.271%** 0.434%** 0.259%*+ -0.0855** 0.28** -0.0405
(0.0202) (0.0208) (0.0160) (0.0393) (0.0442) (03u3

Population composition constant

within group NO YES YES NO YES YES

within and across groups NO NO YES NO NO YES
Control for length of residence NO YES YES NO YES EY
Observations 250 164 146 250 164 146
R-squared 0.371 0.715 0.556 0.014 0.124 0.004

Notes: Robust standard errors in parenthesessttatisignificances * xp < 0.01, * * p < 0.05, *p < 0.1. In all regressions we control for an occupation-
specific labor demand shift index (see text fomds}. Regressions are weighted using the inigaiqal of employment in the occupation of the cquoesling
nativity group. In all columns, natives’ wage rests are computed including in the wage equatifull set of age*education dummies. In columns (g a
(4) immigrants’ wage residuals are computed incigdn the wage equation a full set of age*educatiommies and 27 country of origin dummies. In
columns (2), (3), (5) and (6) wage residuals fomigrants are computed including a full set of duesrfior age*educ*length of residence categories. In
scenario Weight 1, population composition withic@gations is kept constant, as in the baselinedoh nativity group. In Weight 2, population conipios
within occupations is kept constant and the basgliopulation composition of natives is appliedbtth immigrants and natives. Control for population
composition &ects includes immigrants’ length of residence.

Table 6: Immigrant and task contribution to between- andhim#occupation wage changes, from 1994-96 to 2010-
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12. Pooled sample.

Dependent variables: Between- and within-occupatiage changes

Between-occupation wage change Within-occupatiogeachange
Scenarios Baseline Weight 1 Weight 2 Baseline Welgh ~ Weight 2
1) @) 3) (4) (5) (6)
Immigrant 0.278%** 0.439%* 0.261*** -0.0661* 0.26%* -0.0316
(0.0170) (0.0205) (0.0134) (0.0378) (0.0458) (0945
Non-routine abstract 0.175%** 0.132%** 0.0740* 0.3#* 0.394%*x 0.295**
(0.0431) (0.0458) (0.0397) (0.100) (0.1312) (0.137)
Routine -0.277%** -0.149%* -0.169*** -0.524%* -0292* -0.403***
(0.0598) (0.0529) (0.0501) (0.141) (0.158) (0.152)
Non-routine manual 0.311%* 0.192%** 0.259%** 0.225 0.119 0.296***
(0.0532) (0.0482) (0.0460) (0.102) (0.115) (0.1012)
Population composition constant
within group NO YES YES NO YES YES
within and across groups NO NO YES NO NO YES
Control for length of residence NO YES YES NO YES EY
Observations 248 162 144 248 162 144
R-squared 0.526 0.766 0.685 0.183 0.229 0.110

Notes: Robust standard errors in parenthesessttatisignificances * *p < 0.01, * * p < 0.05, *p < 0.1. In all regressions we control for an occupation-
specific labor demand shift index (see text fomds}. Regressions are weighted using the iniggiqal of employment in the occupation of the cqoegling
nativity group. In all columns, natives’ wage rests are computed including in the wage equatifull set of age*education dummies. In columns (g a
(4) immigrants’ wage residuals are computed incigdn the wage equation a full set of age*educatiommies and 27 country of origin dummies. In
columns (2), (3), (5) and (6) wage residuals fomigrants are computed including a full set of duesrfior age*educ*length of residence categories. In
scenario Weight 1, population composition withic@gations is kept constant, as in the baselinedoh nativity group. In Weight 2, population conifios
within occupations is kept constant and the basgliopulation composition of natives is applied eshbimmigrants and natives. Control for population
composition fects includes immigrants’ length of residence.

Table 7: Task contribution to the estimated between- antlimioccupation wage change differential between
natives and immigrants, from 1994-96 to 2010-12.

Dependent variablegstimated dferential in between- and within-occupation wagengjes

Between-occupation wage change Within-occupatiogeachange
Scenarios Baseline Weight 1 Weight 2 Baseline Welgh Weight 2
(1) @) 3) (4) (5) (6)
Non-routine abstract 0.135** 0.133 0.0892 -0.119 320 0.110
(0.0671) (0.172) (0.0561) (0.178) (0.265) (0.284)
Routine -0.0909 0.123 0.0291 0.337* 0.692** 0.226
(0.0896) (0.162) (0.0736) (0.202) (0.309) (0.315)
Non-routine manual 0.0661 -0.193 -0.0873 -0.277 01g+** -0.598*
(0.0817) (0.201) (0.0638) (0.186) (0.334) (0.320)
Population composition constant
within group NO YES YES NO YES YES
within and across groups NO NO YES NO NO YES
Control for length of residence NO YES YES NO YES EY
Observations 124 81 72 124 81 72
R-squared 0.032 0.038 0.035 0.018 0.142 0.113

Notes: Robust standard errors in parenthesessttatisignificances * *p < 0.01, * * p < 0.05, *p < 0.1. In all regressions we control for an occupation-
specific labor demand shift index (see text fomds}. Regressions are weighted using the iniggiqal of employment in the occupation of the cqoesling
nativity group. In all columns, natives’ wage rests are computed including in the wage equatifull set of age*education dummies. In columns (g a
(4) immigrants’ wage residuals are computed incigdn the wage equation a full set of age*educatiommies and 27 country of origin dummies. In
columns (2), (3), (5) and (6) wage residuals fomigrants are computed including a full set of duesrfior age*educ*length of residence categories. In
scenario Weight 1 population composition within @gations is kept constant as in the baseline fcin eativity group. In Weight 2, population compiusit
within occupations is kept constant, and the basghiopulation composition of natives is appliedtth immigrants and natives. Control for population
composition fects includes immigrants’ length of residence.
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