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Abstract: Using individual data from the French Labor Forcev@y and the Complementary

Survey on Working Conditions for 1998, we analyzenengs inequalities along the wage

distribution between workers using novel technasdiICT) at their job and those not using
them. We estimate quantile regressions with tedgichl dummies and carry out a

decomposition analysis, both at the aggregate lawdl by occupations. At the aggregate
level, most of the wage gap between both populatisrexplained by the divergence in their
labor characteristics. In jobs where ICT are noy\dffused, the technological premium is

larger than in jobs characterized by a large pmseari novel technologies. Whereas in the
former type of jobs, the technological premium @imty justified by a divergence in the labor

market characteristics between ICT users and nersus positions characterized by a wide
presence of novel technologies the technologicainprm responds rather to a divergence in
the returns to identical characteristics.

Keywords: Technological wage gap, information and commurocatechnologies, quantile
regressions
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1. Introduction

The introduction of information and communicatiechinologies (ICT hereafter) over
the past decades has fostered an upturn in theasetin human capital, and more particularly
in the rewards to workers using novel technologiesheir job. Traditionally, most of the
existing literature on the subject had focused lba éffects of ICT on average wage
inequalities between skilled and unskilled workersoetween workers using and not using
novel technologies (Davis and Haltiwanger, 1991ydger, 1993, Autor et alii 1998, Krusell
et alii, 2000, Lee and Kim, 2004). However, moreergly, some studies on the U.S. and the
U.K. economies have analyzed inequalities alongwhge distribution (Autor et alii, 2006,
Lemieux, 2006, Goos and Manning, 2003). Our pap#rigs to this last stream of literature.
Drawing on French data, we seek to provide a compbécture on earnings inequalities
between ICT users and not users along the wageébdisbn and target the problem through
an analysis by occupations.

Many papers studying the evolution of the skillprem over the past decades point
towards biased technological progress and the camgaitary relationship between new
technologies and skilled labor as the main faasponsible for the increasing trend observed
in high-skilled relative wages. Krueger (1993) claithat workers using computers at their
job earn 10-15% higher wages than non-users. Humtire, the tremendous expansion of
computers during the 80s accounts for one-thirdre-half of the rise in the returns to
education. Lee and Kim (2004) confirm Krueger'sliings for the nineties. They conclude
that the computer premium has been persistentgltinia decade, while the Internet premium
decreased sharply between 1997 and 2001.

Autor et alii (1998) or Davis and Haltiwanger (19%lso underline the role of skill-
biased technological progress as the driving fafteage inequalities in the U.S. since the
second half of the twentieth century. Using U.Sagd&rusell et alii (2000) find that during
the 90s, the development of better and cheapetata&gjuipment being more complementary
with skilled labor drove down relative wages of kiled workers. Concerning European
countries, Caroli and Van Reenen (2001) estimade tthe increase in earnings inequalities
inside French and British firms between high-skilend low-skilled workers is due to the
introduction of skill-biased technological and angational practices.

Studies on average wage inequalities agree orathetfat novel technologies increase
the returns to education and the rewards to ICTsuddéowever, as recently shown by the
gender gap literature (Albrecht et alii, 2003, aledt alii, 2008), a great amount of information
is lost when focusing on average inequalities. Acimumore complete picture on wage
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inequalities between two populations is achievecmwlonsidering inequalities along the
whole distribution (while controlling for labor nigat characteristics). Given that occupations
are spread along the wage distribution and that B2& not equally diffused among
occupations, we wonder whether the rewards assdci@t the use of novel technologies
differ depending on the considered occupation.

There starts to be nowadays a non negligible amofupapers interested in aggregate
wage inequalities along the wage distribution. Thisrature refers to the role of novel
technologies in promoting the upturn of wage inditjga along the distribution between the
90" and 58 percentiles and between the"sand 18 percentiles, but it does not deal at all
with earning differentials exclusively explained tyg use of novel technologies. Autor et alii
(2006) and Goos and Manning (2003) conclude thathm U.S. and the U.K., novel
technologies are promoting a polarization of théota market. Computer capital is
progressively replacing medium skilled workers autme tasks at the middle of the wage
distribution, while complementing labor input inmeooutine positions, particularly in non
routine cognitive positions at the top of the walggtribution. Productivity and thus wages at
the upper tail of the wage distribution have laygatrease with ICT adoption.

In contrast, Autor et alii (2006) predict ambiguceféects on wages of manual non
routine jobs, since novel technologies are lessptementary with respect to these positions
and medium skilled workers displaced from routioes] are reemployed in manual non
routine tasks. This leads to less important in@é@asnequalities between the'5and the 16
percentiles. Finally, Autor et alii (2005) find thmale 98-10" residual wage inequality rose
sharply between 1973 and 1988, and then contrdogteabout 15 to 30% of its original rise
between 1988 and 2003 (holding composition constabhanging residual prices are
primarily responsible for the rise (1973-1988) ahdn contraction (1988-2003) of residual
inequality. Compositional effects are found to bedest relative to price effects

In this paper, we extend this literature wherertile of ICT as a factor responsible for
the rise in aggregate wage inequalities (partitular the upper tail of the distribution) is
mentioned, but not explicitly treated. Our analysges individual data obtained from the
French Labor Force Survey and the Complementaryeyuon Working Conditions during
the 90s. We first distinguish between workers udi@@ (modern workers) and those not

using them (traditional workers), and systematycalbnsider three different definitions of

! Lemieux (2006) attributes to compositional effettis rise in the variance of unobserved skills ol in the
U.S. over the past 30 years. Autor et alii (200&Jihgs can though be reconciled with Lemieux'sdlifigs if the
study is focused on the actual net rise in estichegsidual inequality from 1988 to 2003.
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modern/traditional workers to ensure the robustradseur results. We focus on earnings
differentials between ICT users and non users albegonditional wage distribution so as to
determine whether the use of a novel technolodpgiter rewarded at the top or at the bottom
of the conditional wage distribution.

A central concern is that comparing the earningkCaf users and non users may lead
to a selection problem. Using a novel technologlikisly to result from the discretionary
choice of a worker, this choice being based onni@tewages, so that estimates of the returns
to labor market characteristics of ICT users ana meers may be biased. From an empirical
perspective, a difficulty is to find suitable exslon restrictions, i.e. variables which influence
the use of ICT and not the level of wage. As thia @ hand do not provide such convincing
variables, we proceed in the following way to ciraeent this difficulty.

We first analyze the technological premium along tonditional wage distribution
for the whole population. We determine the shartheftechnological premium explained by
the objective differences in the labor market cbimastics and the share resulting rather from
a divergence in the rewards to identical charagties. Because the divergence in the labor
market characteristics arises as the main facgporesible for the technological premium, we
then discuss in more detail the potential bias stemg from selection issue and present
additional evidence on the basis of a propensityesapproach. Finally, we turn to a more
detailed analysis by occupations. Based on thenpatevage, we argue that people apply to a
particular occupation, but once they get in, the afsa novel technology is more likely to be
imposed by an external decision, i.e. the firmgoli

The remainder of this paper is organized as follo@sction 2 describes the data
sources, the used variables, and it also providkseriptive analysis of our sample. Section 3
implements a quantile regression analysis wherenwestigate differences in labor market
characteristics between modern and traditional feocks. It also includes a discussion and
results about the selection issue. The analysiBeotechnological gap by occupations is then

presented in section 4. Finally, section 5 condude

2. Data and descriptive statistics

2.1. The data sources

We use the French Labor Force Survey and the Congoiary Survey on Working
Conditions for 1998. In the Labor Force Survey, epresentative sample of 135000
individuals (belonging to 65000 households) beingeo than 15 years is annually
interviewed and questioned on their personal amdepsional status. The survey contains
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information concerning the main activity of the imidual during the survey week, seniority
at a job, occupation, wage, size of the firm, agarital status, number of children, education,
nationality and so forth. Every year, a third o€ teample is renewed implying that each
individual is interviewed only 3 times. The ratesaimpling is 1/300.

The Complementary Survey on Working Conditionsasaducted every seven years
on a representative sample of 21000 employed werkethe outgoing sample of the Labor
Force Survey. This survey covers four fields ofiast: i) organization and timetable of
working days, ii) workplace organization and jomtmt, iii) working risks, and iv) degree of
harmfulness of the job. We focus on the secondlfiethere we dispose information
concerning the use of new technologies by the werkgecause our paper seeks to analyze
earnings inequalities between ICT users and nomsusee eliminate from the sample all
individuals working in the public sector, where wagare fixed by law and do not respond to
productivity reasorfs Our remaining sample covers exactly 8794 indialddor 1998,

We adopt the log of the monthly wage as our depandariable. We classify every
worker as modern or as traditional depending ontlédreshe uses or not novel technologies.
The Complementary Survey on Working Conditions ptes information on the following
variables:

« COMPUTER1: The worker uses a computer connectedntanternal or external
network.

« COMPUTER2: The worker uses a computer not conneotady network.

* TERMINAL: The worker uses a console.

« INTERNET: The worker uses internet with a professicmbjective.

e ROBOT: The worker uses robots or other machine stdming able to move
autonomously.

* OTHERS: The worker uses other informatics material.

« ORDERINT: The worker receives internal orders framomputer.

» ORDEREXT: The worker receives external orders feonomputer.
In order to assess the robustness of our resudtsyi systematically implement the

analysis considering three indicator variables aidbd the one in the other. The variable

2 We choose to exclude all individuals who are mdittfme workers so as to avoid preference issueblpms,
and also because for partial time workers it is alotays a choice to be at part time. We also ebarall
individuals with missing observations.

% A shortcoming of these data is that they concedividuals. Not working with plant data limits tpessibility
of our econometric study to capture the positivedpctivity spillovers that someone not using ICTt being
employed in a plant where everybody uses them, nezgive.
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MODERNL1 adopts the unitary value when the individuges at least one of the novel
technologies. In 1998, 53% of the individuals wiaréhis situation. The indicator MODERN2
is equal to one when the individual uses two oranmvel technologies. Finally, MODERN3
adopts the unitary value when the individual ugeleast 3 novel technologies. These three
indicators, MODERN1, MODERN2 and MODERNS, incregsegressively the tightness of
the definition of modern workers, providing variamgasures concerning the intensity of use
of novel technologies.

2.2. The sample characteristics

The existence of wage differentials between modeih traditional workers is clearly
displayed in Figure 1. On average, an ICT usersed®7% more than a non-user. Besides,
the technological premium increases smoothly altmg distribution, even though it is
slightly accelerating at the top of it. Such a @attis quite different from the glass ceiling
phenomenon traditionally observed when focusinghengender gap. In the first decile, we
find that modern workers earn 14.3% more. In th& fjuartile, they earn 21.2% more, in the
second quartile this difference raises to 28.7%ttéins 36.7% in the third quartile and 53.2%
in the ninth decile of the distribution. The waggmdetween both types of workforces reaches
therefore a maximum at the top of the distribution.

Insert Figure 1 here

These results are merely descriptive. As such, tiae to be interpreted with caution
since we are not controlling for the fact that am® deciles of two distinct populations, we
find individuals with very different characteridi¢hat influence their wages (for example
labor market characteristics in terms of educat@tupation, etc). The observed gap does
not exclusively respond therefore to the use ofehtechnologies, but also to other differing
characteristics that we will have to control foithe econometric analysis.

Descriptive statistics summarized in Panel A ofl&abindicate that on average, ICT
users have the same age as non users. Howevehdlieymore seniority at the job. In terms
of years of schooling, the share of highly-educatextkers (baccalaureate, undergraduate,
graduate and postgraduate diploma) is also moreortaupt inside the modern group of
workers. Finally, people using novel technologies @more likely to work in large firms of
more than a hundred employees than traditional @rerk

A more detailed analysis by type of technology @arB and C of Table 1) reveals
that people using internet or a computer connettdea network are younger and have less
seniority than non users. Moreover, people recgiviriernal or external orders through a

computer, using internet, an informatics termir@lgomputer or other informatics material
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have a higher educational level, are more likelyp@omanagers, technicians or intermediate
professionals and work more often in very largm&rimore than five hundreds employees).
Insert Table 1 here

At the same time, differences between being a aisaot of a novel technology may
lead to a selection problem. Working at a moreitbetdevel allows to greatly reduce the bias
entailed by selectivity issue, at least under gsumption that using ICT at work is a decision
made by the firm that does not depend on unobskrveliaracteristics of the worker.
Specifically, we distinguish six types of occupasoin the French data: managers,
intermediate professions, technicians, employedied production workers and unskilled
production workers. Inside each occupation, weirdjsish between the group of workers
using ICT (modern) and those not using them (tia@l). Again, we consider three
definitions of modernity, i.e. MODERN1, MODERN2 aMDDERNS3.

As shown in Figure 2, novel technologies are notially diffused among all
occupations. Actually, around 62% of managers hssetor more technologies at their job.
For intermediate professions or technicians, theseentages are reduced respectively to
36% and 46%. Only 28% of employees and less th&h dOproduction workers (skilled or
unskilled) employs more than three ICT at their. jdéhen considering larger definitions of
modern workers (either MODERN1 or MODERN2), thiskimg of occupations concerning
the use of novel technologies is repeated. The muatsive use of ICT corresponds thus to
managers, followed by intermediate professionshrteians, and to a lesser extent by
employees and production workers.

Insert Figure 2

Among highly paid positions (managers, intermediatefessions and technicians),
the use of a computer connected to a network amdeteption of internal orders through a
computer are strongly related. Around two thirdstefse highly paid workers employing a
computer connected to a network receive interndersr through it. Results concerning
MODERN1 and MODERN2 are very similar. For middledatow paid positions,
COMPUTER1 and ORDERINT continue to be the two IClesenting the strongest
correlation, but only 28% of the middle paid and @¥%the low paid uses a connected
computer at their job Middle and low paid people classified as modemder MODERN1
are more different from those classified as moderder MODERNZ2, than when working
with highly paid positions where MODERN1 and MODERMBIre very similar.

4 Around 59% of the formers and 51% of low paid vesskusing a connected computer at their job reseileo
internal orders through a computer.
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This unequal use of novel technologies among odmnmis expected to influence the
wage gap observed between modern and traditioneder within each type of occupation.
In Figure 3, we find that in occupations where 1&€ the least diffused, i.e. for employees,
skilled and unskilled production workers, earnimiferentials between ICT users and non
users are the most important. In contrast, in ogtops characterized by a wide usage of
novel technologies, the earning gap is more redutkd use of ICT seems therefore to be
better rewarded in positions where its presenseasce.

Also, Figure 3 suggests that the definition of t@dern indicator may have an impact
on the magnitude of the technological premium, h@wethis effect is not homogeneous
among categories. Whereas in occupations wherd temrenologies are not largely diffused a
tighter definition of modern worker (MODERN3) is rggrally associated to a larger wage
gap, this result does not hold when considering agars, intermediate professions and
technicians.

Insert Figure 3

Again, these results do not control for differen@eslabor market characteristics
between traditional and modern workforces withincugmations. This is certainly less
problematic in a context where wage inequalitiess avalyzed by occupations. People apply
to a particular job based on potential wage and #@r content, knowing that the labor
market characteristics they have match well togipecific position they apply. Divergences
in the labor market characteristics of modern aratitional workers within a given
occupation are likely to be smaller than when weagare both workforces at the aggregate
level, an expectation which is clearly supportedh®yresults reported in Table 2.

Insert Table 2

Among managers and technicians, differences in athmal levels between
traditional and modern workforces arise essentiatlthe undergraduate and postgraduate
levelS. Two of the most important differences betweerhhebrkforces inside occupations
are age and nationality. ICT-users are systembtigalinger than non-users, the difference
being particularly large when considering high-paidcupations. Furthermore, modern
workers are more likely to have French nationdlitsn traditional ones when we focus on
low-paid occupations. Finally, modern workers a@erikely to be employed in larger firms
than traditional ones. These findings hold for theee indicators MODERN1, MODERN2

and MODERNS3. Whatsoever, to better control foraeti#ihces in individual characteristics, we

® For the rest of the occupations, there are not significant differences in terms of diploma beendCT-users
and non-users, apart from the baccalaureate aretgnadiuate diploma in the employees’ case.
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now turn to an econometric analysis where we estirttee magnitude of the technological

premium using quantile regressions both at theeaggge at the level and by occupations.

3. Quantile regressions on the aggregate technologl premium

3.1. Pooled quantile regressions with technologaiainmy

Using the whole sample, we first investigate théeeikto which the gap in the log
wage distribution between modern and traditionatkfayces can be attributed to differences
in the labor market characteristics of these warksuch as age, years of schooling, seniority
or nationality. The effects of the covariates oa lication, scale and shape of the conditional
wage distribution can be easily estimated usingiantile regression framewdtkThis is a
major advantage compared to the least square matieth leads only the effects on the
location, i.e. the conditional mean of the disttibn.

Since the quantile regression framework allows attaristics to have different
returns at different quantiles, at each point @& thistribution it can control more fully for
differences between wages paid to ICT users andusers that are attributable to divergent
labor market characteristics. More precisely, teishnique estimates th8" quantile of a
variable conditional on covariates. T quantile of a random variablg (which is the

monthly wage in our case) conditional anis the value ofg(8) such thatPr(y<q,/x)=6
for 00 (0). The quantile regression model assumes )& is )inear in x, that is
0y =XxB(6) .

We carry out a series of quantile regressions paaked 1998 dataset, resulting from
combining the dataset of modern workers with thiaskt of traditional workers. Importantly,
these pooled quantile regressions impose the ctstrithat the returns to included labor
market characteristics are the same for ICT ussishan users. More precisely, et be the
log wage of individual and x, a vector of explanatory variables excluding thétedtogical
dummy (either MODERN1, MODERNZ2 or MODERNS3). The nebd/e estimate is:

ds (W[x) = %" 5(6) + MODERN y(6) (1)

where q, (wi|>q) is the 8" conditional quantile ofn, . The set of coefficientg3(6 provides

the estimated rate of return to the covariateb@®t” quantile of the log wage distribution.

We introduce as covariates in the quantile regoaesaigender dummy, the age of the worker,

® See Koenker and Bassett (1978) for a detailedrigtisn of the quantile regressions.
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a quadratic profile of the age, seniority, a quadrarofile of seniority, years of schooling,
occupatiorh, nationality of the worker, the firm's size andet of 35 sectoral dummies. The

estimated technological dummy coefficiend@ , rgspectively for MODERN1, MODERN2

and MODERNS, indicates the extent to which the nedbgical wage gap remains
unexplained at the various quantiles when we corfwo differences in the observed
characteristics of modern and traditional workers.

In Table 3, we summarize the estimated technolbgluenmy coefficients and the
returns to the considered labor market charadsisit the 10th, 25th, 50th, 75th and 90th
percentiles using the pooled 1998 data and the MRNDE indicator. We find that the
technological premium remains fairly stable and lsnaong the conditional wage
distribution, at around 78t is equal to 7.7% at the first decile, 6.6%tts first quartile,
7.1% at the median, 6.4% at the third quartile a/8%6 at the ninth decile. When controlling
for differences in labor market characteristics a@n assuming that modern and traditional
workers are equally rewarded for identical chamdsties, wage differentials between ICT-
users and non-users are greatly reduced and thardpvend displayed by the observed gap
disappears.

Two additional comments are in order. First, thmglihg is not really sensitive to the
definition of the technological variable. In Figude we compare the magnitude of the
estimated technological premium with the three datbirs. Interestingly, we evidence very
similar profiles for MODERN1, MODERN2, MODERN3, n@ag that the premium at the
aggregate level is mainly due to the use of newrtelogies and not to its intensity. The
premium is around 1 or 2 points of percentage lomigr a more intensive use of ICT, except
at the top of the distributidn

Insert Figure 4

Second, there are some strong differences in theings pattern depending on
occupation, as shown in Table 3. For instance,imgsnof managers are on average about
71.4% higher than those of unskilled manual worKegference group), and the gap is still
more than 30% for intermediates and technicianghAdliffusion of ICT also varies with the
occupation, this suggests that this aggregate sisatyay lead to an overestimated impact of

the use of new technologies on earnings.

" Evidently, occupations are differentiated by thiliT content. Therefore, not controlling for them the
regression would leave a lot of noise and wouldl lEaan overestimation of the impact of ICT. Welude
occupations in the aggregate analysis and impleafearwvards a detailed study by occupations.

8 At the mean of the sample (OLS regression), tblertelogical premium amounts to 7.3%.
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3.2. The specific returns of ICT and quantile resgien decomposition

A difficulty with the above findings is that theyeabased on a somewhat restrictive
constraint, i.e. the equality in the returns toluded labor market characteristics between
modern and traditional workers. In order to testethler the rewards to individual
characteristics are equal between the modern anttalitional workforces, we implement a
quantile regression analysis distinguishing betwtbencommon effect affecting both types of
workers, which is represented by means of the iddal covariate variables, and the specific
effect exclusively associated to ICT users. Thss édfect is captured through the introduction
of interacted explicative variables resulting fronultiplying the dummy MODERN by the
corresponding covariate. If these interacted tearsgointly significant, we cannot accept the
hypothesis of equality in the returns to labor neaitharacteristics since there are significant
specific effects linked to the use of ICT.

Specifically, to assess the joint significativene$she different interacted terms, we
rely on a F-test for each quantile regression. 1@swlts reveal that the value of the joint F-test
is always significant at the 1 percent level, inmpdythat the hypothesis of equal returns to
labor market characteristics has to be rejé€tédthis means that we cannot properly measure
the technological gap from the pooled sample inatoth types of workers.

Because we are working with a linear model, we kgvéhe well known Oaxaca-
Blinder decomposition, which permits to decompdeedstimated technological gap into one
component that results from the difference in tgol market characteristics between ICT
users and non users, and another component teaplgined by the difference in the rewards
to identical labor market characteristics (see @axand Ramson, 1994). As we are interested
in the technological premium over the wage distidiny we implement such decomposition
at each quantile of the wage distribution followiihg technique developed in Machado and
Mata (2005).

Let B' and 8™ denote respectively the returns to individual elgaristicsx' and x™

in the traditional and the modern group of workdiise decomposition of the technological

wage gap can be expressed as follows:
X"B"(6) - X B'(8) = x"[B"(6) - B (O] +[x" -X]5'(6) (2)
where [x"-x']B'(8) stands for the part of the technological premiurpl@ned by

differences in labor market characteristics betwtdenhigh-tech and low-tech workforces.

° At the top of the distribution (i.e. the ®ercentile), the premium is slightly higher wittO®ERN3 than with
MODERN1, while there is no difference between MODNERand MODERNZ2.
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The term x"[B™(8) - B'(8 )] corresponds to the fraction of the premium attabie to

differences in the returns to these characterigtics
When using the Machado-Mata approach, we generatauiaterfactual density. We
proceed in the following way to generate. First, dvaw n numbers at random from the

interval (01) , sayd,, 6,, ..., 8,. Then, using the traditional group dataset, wenede the
quantile regression coefficient vectof®(g) for i =1,...,n. Finally, we maken draws at
random with replacement from the modern group éatakenoted byx™ for i =1,...,n. The

counterfactual density is generatedx@@' (4 for)i =1,...,n, i.e. we have traditional workers

with the labor market characteristics of modernspiheit paid as non ICT users.

Results of both the linear and quantile decompmwsstiare in Table 4, with different
definitions of modern worker. At the mean of thenpée, with the MODERNL1 indicator, we
find that the estimated gap is equal to 33.7%. Bll& of this gap stems from differences in
characteristics between traditional and modern ek which amount to 28.9%. The
component due to differences in the rewards of miadde characteristics is much lower,
around 4.7%. Very similar conclusions are reachdéti he MODERN2 and MODERN3
indicators. In all cases, the technological premisnof a very similar order, about 35%.
Furthermore, it mainly results from differencestle characteristics between non-ICT users
and ICT users.

Insert Table 4 here

When turning to the quantile decomposition, indeleenly of the technological
indicator, the divergence in the labor market ctimrastics arises as the main factor
responsible for the earning differential betweeil I3ers and non users. The only exception
is for the f' decile with MODERN1, where the component due fedénces in the returns to
identical characteristics stands for one thirdhef total difference.

So, the estimated technological premium along thgendistribution seems to respond
to differences in the workers’ characteristics.sTéuiggests that the observed wage inequality
between the two labor forces is more likely to leBom a segmentation of the labor market

between workers having the required skills and attaristics to use novel technologies, and

1% Results from the quantile regressions with intemwariables are available from the authors upguiest.

1 We assume that all workers have the labor matiatacteristics of the modern workforce and captiveegap
attributable to a divergence in the rewards to dhebkaracteristics. Alternatively, we can do the esam
decomposition assuming that workers have the latarket characteristics of the traditional workforéée did
not find any significant differences between botfinitions with the data at hand.
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those workers not having them. Therefore, analyamgyegate earnings differentials between

ICT users and non users leads to a selection proble

4. Quantile regression decomposition by occupation

4.1. Selectivity issue

Our results suggest thus that it matters to addrespotential bias due to selection.
Ideally, we would like to rely on an instrumentalriable strategy to correct the bias. This
means that a variable strongly correlated withube of ICT, but not with individual wage, is
needed. Unfortunately, the French data do not aifer suitable instrument to correct the
selectivity bias. Note that this difficulty is nepecific to our study. For instance, using
panel data also from France, the different findinggorted in Entorf et alii (1999) suggest
that controlling for selectivity bias is not so iorpant in France when investigating the impact
of ICT on wages and employment, but these authsmsteeat as exogenous the use of new
technologies in their different wage equations

As the use of ICT may be seen as a treatment,rateaftempt to assess the importance
of the bias using a “selection on observables” apghn. On the basis of propensity score
matching estimators, this method is expected taigedthe bias in the estimation of a
treatment effect with observational data (Becked &ino, 2002). The idea is to compare
individual wages between ICT-users and non ICTs1geing treated and control subjects that
have to be as similar as possible. The charactarist the respondents are summarized into
the propensity score, and the extent to which tas is reduced depends on the quality of the
control variables selected to compute the propgssibre.

An important feature is that the means of eachviddal characteristic should not
differ between treated and control units after riintching. This condition is needed for the
balancing property to be satisfied, meaning thabbsxre to treatment has to be random for a
given propensity score. That the balancing conditioes not hold conditional on a set of
observables suggests that selection is a problerthemasis of the information taken into
account to calculate the propensity score. Whenirigrto the data, we first consider the

whole sample and attempt to explain the probabibtya respondent to be an ICT-user as a

12 For further insights on the selectivity issue, separticular Krueger (1993), DiNardo and Pisc(k@97), and

or Lee and Kim (2004). In these studies, theredsappropriate instrumental variable for computee tisat
would allow a direct estimation of the technologiggemium. To address the possibility of unobserved
heterogeneity, DiNardo and Pischke (1997) introdadditional control variables like parental backgrd and
achievement scores in their wage regressions. Blsgy point out the necessity to include a detadet of
occupation dummies, as we do in this section.
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function of individual characteristics using a Htolmodel. The different covariates are
gender, age, seniority, levels of education, sfzeefirm and occupational dummies.

Despite intensive efforts, we never succeed inifigéan appropriate specification of
the propensity score, i.e. a specification satigfythe balancing property. In particular, there
were always some differences by occupations betweated and control individuals. This is
undoubtedly due to the fact that the use of ICTheaworkplace strongly depends on the type
of occupation. We thus choose to implement a m@aggregated analysis by occupations.
Specifically, we examine the technological premiwmthin six types of occupations:
managers, intermediate professionals, technicemp)oyees, skilled production workers and
unskilled production workers.

The idea is the following one. Individuals applyjdbs implying or not the use of ICT
on the basis of the potential wage they might elarhis sense, all individuals applying, for
example, to manager positions expect to use atdeesmputer at their job, since this type of
occupation generally implies the use of novel tetbgies (see Figure 2). However, it may
happen that the firm offering the manager positias set up a policy such that none of the
managers uses computers since this task is impteohday their secretaries, the role of the
manager being exclusively to coordinate the teach give orders. In this case, even if the
worker applied to the job expecting to use a compaihd expecting a particular wage, the use
of a computer does not depend on her.

Interestingly, we succeed easily in finding a dugaspecification of the propensity
score once considering the different occupatiomaups®. This indeed suggests that an
analysis by occupations is likely to partially selthe selection problem, or at least to reduce
significantly the underlying bias. As the balancim@perty is satisfied for each occupation
(the common support condition being imposed), ventturn to a kernel matching estimator
to evaluate the effect of being an ICT-user ontoaithly wage (Heckman et alii, 1998). The
different results of the kernel matching method described in Table 5. For the sake of
comparison, we also report the coefficient of teehhological dummy given by an OLS
regression for each occupation.

Insert Table 5 here

13 See in particular Section 4 (Entorf et alii, 19983 these authors use panel data, they are alentool for
unobserved heterogeneity through the use of fiXfetteregressions.

4 The exact specification for the Probit model actsdor gender, age (25 and less, 26-35, 36-45546rore
than 55), seniority (5 and less, 6 to 10, 11 to16to 20, more than 20), education (no degree, GECAP-
BEP, Baccalaureate, undergraduate, graduate-pdstgsd, French citizenship, firm's size (1-19 ermyples,
20*-49, 50-99, 100-499, 500-1000, more than 10@@Y two interacted variables resulting from muyfipd
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According to the OLS estimates, the technologiaganpum amounts to about 7%
among managers, intermediates and high-skilled eerklt is slightly lower among
technicians (around 4%) and hardly significantislsubstantially higher among employees
(16%) and low-skilled workers (11%). As selectivigyneglected in the above results, we now
turn to the matching estimates and focus on thenmhate of the average effect of the
treatment on the treated. Interestingly, we findy\@milar values for the ATT estimate. For
instance, the premium amounts to 7.3% among masagere treated and controls are
properly matched, while it was equal to 7.9% urterexogeneity assumption.

Similar results hold for each occupation. Thesechiag estimates suggest then that
the selection bias is certainly much lower whensbering independently the different
occupation¥’. However, a shortcoming of the propensity scoréchiag estimates is that the
bias generated by unobservable confounding facemaot be eliminated. But again, there is
no clear way to correct this kind of selection brath the data at hand. Together with the
OLS technological premium and the ATT estimate®bgupation, we further investigate the
effect of new technologies on wage at the disagdegglevel using quantile decompositions
of the log wage technological differential. Agafallowing equation (2), we decompose the
divergence in the log wage distributions of modand traditional workers employed in a
given occupation into one component that is duediferences in the labor market
characteristics between ICT users and non usets,another component that responds to
differences in the rewards to these characteristics

4.2. Highly paid occupations

We define as highly paid occupations all the indiinls being managers, intermediate
professions or technicians. These jobs mostly spmed to non routine positions, where
novel technologies are largely diffused (see FigereGiven that these tasks are mainly
occupied by qualified labor and given the extendsel of ICT, we wonder which can be the
main factor responsible for the technological pramiin this context where all workers are
likely to have the required skills to use novehtealogies.

In Table 6, we provide the results of the Oaxadad®r and quantile decompositions
performed for each occupation. We begin with marmag8ince we note that 90% of
managers are classified as modern with MODERNZ1,stall focus our analysis in the

seniority respectively by gender and French cisbgm For the manager group, we also add the ptaufute
age and gender variables. Detailed results aréadl@iupon request.

!> The gap between the exogenous premium and theestimate is in fact very low for each occupati@ssl
than 1% on average. The largest difference (1.5%pserved among low-skilled workers.
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partitions provided by the indicators MODERN2 andOBERNS3, for which we have
respectively 79% and 62% of managers classifiadaderr®.
Insert Table 5 here

The passage from two to three technologies cotetita breaking point in the
composition of the technological premium. Whereasafl managers using at least one or two
technologies the technological premium along tharithution is mostly explained by the
divergence in the returns to identical charactesstas soon as we fix the use of three
technologies as a threshold value to become maderier, the technological premium along
the distribution is increasingly explained by theedgence in the labor market characteristics
between ICT users and non users. This is probalytd the fact that, in occupations where
ICT are so widely distributed, the use of one ob tmovel technologies does not really
represent a clear differential characteristic. Weshgo up to three technologies to have a real
signalling of a worker with particular charactenst

Among intermediate professions, the divergence e teturns to identical
characteristics explains most of the technologmramium along the distribution when the
indicators we use are MODERN1 and MODERNZ2. Howewdren considering the use of
three technologies as the threshold value for ifjasg a worker as modern, we find that the
divergence in the labor market characteristics arpl an increasing proportion of the
premium as we move up in the wage distribution.

Finally, for technicians, the composition of theeqium is similar to the other two
highly paid occupations. With a large definitionhagh-tech workers (either MODERNL1 or
MODERN?2), the estimated wage differential betweewdern and traditional technicians is
mainly due to differences in the rewards to idaltabserved characteristics. However, when
considering a tighter definition of modernity (MOBHE3), the divergence in the labor market
characteristics increases its importance as explectactor of the technical premium.

In sum, for the three highly paid occupations, wel that the premium linked to the
use of novel technologies (unexplained part of wWage gap) is higher at the top of the
conditional wage distribution than at the bottdninterestingly, the passage from two to three
technologies constitutes a clear breakpoint whenpestition the highly paid labor force
between modern and traditional workers. When wesiden as traditional workers all those

individuals not using any ICT or using only one tbém, earnings differentials between

16 Nevertheless, we find that results provided by MERIN1 and MODERN2 are fairly similar, and it is reth
the use of a third technology (MODERNS) that cdngtis a threshold value in our findings.
" We find a kind of U-shaped evolution only for inteediate professions.
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modern and traditional workers are mostly explaibgdlifferences in the returns to identical
characteristics. In contrast, when traditional vesskare all individuals using less than three
ICT, differences in the labor market charactersstietween modern and traditional workers
increasingly justify the earnings differentialsween both populations as we move up in the
wage distribution. Again, the wide presence of Eflong these occupations makes the use of
at least three ICT a threshold point.

4.3. Middle and low wage positions

Middle paid jobs mainly correspond to employeescadkding to Autor et alii (2005)
or Goos and Manning (2003), these positions standdutine tasks (manual or cognitive),
where labor input has been progressively substitbie novel technologies as the relative
price of labor has increased. Low paid jobs, defims skilled and unskilled production
workers in our data, correspond to manual non meupositions. Since both middle and low
paid jobs are much less intensive in novel techgiebthan highly paid positions, we expect
people employing ICT and occupying middle and loaidppositions to have different
characteristics with respect to non ICT users.

This expectation is borne out for the employeesstMid the estimated wage gap is
explained by the objective difference in the labw@rket characteristics between modern and
traditional employees. To be coherent with Autoalét(2005), it seems that those employees
who have managed to keep their position and usesln@chnologies have completely
different characteristics with respect to those msing ICT, which are likely to be
progressively substituted by computer capital.

The situation for skilled and unskilled productiorkers is somewhat striking. Given
the small proportion of users within these occupej we expected to find that wage
differentials between modern and traditional woskerere mainly due to a divergence in the
characteristics between ICT users and non usemset#r, for skilled production workers, we
find that when using the indicators MODERN2 or MCORME, the estimated wage
differential along the distribution is almost eduakxplained by the divergence in the
objective characteristics and by the divergencethereturns to these characteristics. When
considering the indicator MODERN1, the divergent¢hie returns to identical characteristics
becomes the main factor responsible for the estichgap at the top of the distribution.
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At the bottom of the conditional wage distributiohunskilled workers, most of the estimated

technological gap is due to differences in therretio given characteristics. As we move up
in the distribution, the role of objective diffei@s progressively increases to become
predominant.

In sum, while for middle paid occupations (routipesitions), the divergence in the
labor market characteristics of ICT users and nearal essentially explains most of the
earning differentials between both populations gltme distribution, in manual non routine
positions the premium linked to the use of ICT mx}s essentially to a divergence in the
returns to identical characteristics. We believes ttesult is striking since, in low paid
occupations, ICT are not extremely diffused. We eeted, therefore, that people having
access to them should have different labor mathkatacteristics. This does not seem to be the
case. It may be that labor market characteristrosrg skilled and unskilled production
workers are fairly similar and that the use of 1@%ponds rather to some unobservable
characteristics. In this case, two skilled (unski)l workers, apparently identical, may be
rewarded differently depending on the use of IGM@y because they may actually differ in
some characteristics that we do not manage to wbserd that determine the use of ICT. But
again, it is not possible to account for the seadbias due to unobservables with the data.

5. Concluding comments

The purpose of this paper was to gain insight @ndfiects of new technologies on
wage inequalities. Traditionally, all the interes$tthe literature has been focused on average
wage inequalities between ICT users and non uddris contribution provides a more
complete picture on the effects of novel techn@sgn wage inequalities, by focusing on the
technological gap along the earnings distributiorFrance. At the aggregate level, most of
the gap results from a divergence in the labor etackaracteristics between high-tech and
low-tech workforces, pointing towards the existeata selection of workers.

A more accurate description of the technologica&ngum by occupations allows to
better account for the selectivity issue. In highbid professions characterized by the large
presence of novel technologies, the use of threaae ICT constitutes a threshold value in
the composition of the technological premium. Frtms value, the premium along the
distribution increasingly responds to individuahddcteristics, whereas for larger definitions
of modern workers earnings differentials are maaXplained by a divergence in the rewards
to identical characteristics. In middle paid ocdigres, the technological gap is more
important than in highly paid positions and it fdésiessentially from a divergence in the
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objective characteristics. In contrast, in low paasitions where ICT are scarce differences in
the labor market characteristics play a predominaletin explaining this gap only at the top
of the conditional distribution.

Finally, we would like to point out some shortcogsrof our analysis. First, while we
turn to a “selection on observables” approach wiestimating the magnitude of the
technological premium for different occupations, were not able to correct for selection
bias due to unobservable factors in our wage regmes (due to the lack of appropriate
variables to satisfy exclusion restrictions) . Despur efforts to account for the selection bias
(on the basis of observable factors), it is uncleaknow how a correction of selection on
unobservables would affect our results. Secondky,did not control for unobserved firm
heterogeneity. With matched employer-employee dateould be possible to introduce firm
fixed effects into the wage equation and to bettmount for the fact that high-wage workers
may be in high-wage firms. Third, it would be otarest to know whether our findings also
apply for the last five years, an issue that weftaffuture research. We leave all these issues

for future research.
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Table 1. Descriptive statistics of the sample
A. By MODERN1, MODERN2 and MODERNS indicators

Variables MODERN1 MODERN?2 MODERN3

Traditional Modern Traditional Modern Traditional Modern
Female 0.263 0.393 0.303 0.378 0.324 0.352
Age 38.477 38.543 38.384 38.716 38.400 38.834
Years of experience 9.930 11.644 10.159 11.911 10.348 2482.
Diploma: no degree 0.415 0.145 0.365 0.125 0.330 0.107
Diploma: BEPC 0.065 0.066 0.065 0.067 0.066 0.063
Diploma: CAP — BEP 0.409 0.316 0.402 0.293 0.390 0.273
Diploma: Baccalaureate 0.067 0.182 0.091 0.187 0.104 0.18p
Diploma: Undergraduate 0.031 0.165 0.052 0.180 0.07( 30.19
Diploma: Graduate — postgraduate 0.013 0.126 0.02¢ 80.14 0.036 0.181
Occupation: Managers 0.023 0.194 0.039 0.232 0.05¢ 0.28p
Occupation: Intermediates 0.059 0.165 0.081 0.169 0.099 .1620
Occupation: Technicians 0.055 0.152 0.068 0.167 0.077 900.1
Occupation: Employees 0.155 0.269 0.188 0.258 0.201 0.23p
Occupation: High-skilled workers 0.487 0.177 0.435 a.14 0.397 0.110
Occupation: Low-skilled workers 0.222 0.043 0.189 0.029 0.165 0.019
French citizenship 0.910 0.973 0.924 0.974 0.934 0.972
Firm’s size: 1-19 employees 0.280 0.172 0.276 0.142 .25 0.131
Firm’s size: 20-49 employees 0.173 0.125 0.169 0.115 63.1 0.104
Firm’s size: 50-99 employees 0.093 0.074 0.089 0.074 88.0 0.068
Firm’s size: 100-499 employees 0.197 0.217 0.198 0.223 .2040 0.218
Firm’s size: 500-1000 employees 0.052 0.078 0.055 0.08 0.059 0.085
Firm’s size: > 1000 employees 0.126 0.293 0.140 0.332 162. 0.365
Number of observations 4156 4638 5407 3387 6547 2247
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B. By COMPUTER1, COMPUTER2, TERMINAL,INTERNET ROBOT, OTHERS, ORDERINT and ORDEREXT indicators

COMPUTER1 COMPUTER2 TERMINAL INTERNET ROBOT OTHERS ORDBYRI ORDEREXDT
Variables 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1
Female 0.296 0.393 0.32( 0.37p 0.329 0.3710 0.335 0.p83 0388121 0.333 0.314 0.314 0.36B 0.3342 0.381
Age 38.429| 38.653 38.59p 38.199 38.3B1 39.432 38,620 37|BR563| 36.790 38.549 38.115 38.3l7 39.020 38.440 38{869
Years of experience 10.098 12.101 10.834 10.832 10|355.74%4 10.930| 9.497| 10.82y 11.0%4 10.816 11.028 10J178 14.348663| 11.693
Diploma: no degree 0.354 0.13p 0.314 0.111 0.306 0.140 880p 0.056 | 0.273] 0.253 0.28¢ 0.131 0.332 0.1418 0.307 o0.J01
Diploma: BEPC 0.066 0.065 0.064 0.06¢4 0.062 0.0BO 0.068 340.p 0.065 0.074 0.064 0.06 0.06l6 0.063 0.0p6 0.965
Diploma: CAP — BEP 0.399 0.293 0.374 0.303 0.371 0.316 70.3 0.124 0.357 0.471 0.363 0.32P 0.390 0.2B1 0.384 0.p40
Diploma: Baccalaureate 0.09% 0.184 0.112 0.1p1 0.114 20.1.80.126 0.151| 0.128 0.119 0.12B 0.183 0.1p7 0.180 0.115 0J190
Diploma: Undergraduate 0.054 0.18p 0.079 0.1B8 0.086 20.160.091 0.242 0.102 0.07( 0.09p 0.163 0.0p9 0.186 0.p81 04205
Diploma: Graduate — postgraduate 0.029 0.148 0.055 30.040.061 0.120 0.050 0.394 0.07p 0.019 0.0p8 0.129 0.p35 0]111048 0.199
Occupation: Managers 0.04% 0.230 0.087 0.2119 0.988 0.p150830[ 0.528 ( 0.116/ 0.027 0.108 0.224 0.0%7 0.258 0.072 021
Occupation: Intermediates 0.09p 0.148 0.095 0.195 0.105.1550| 0.113 0.147( 0.117 0.03p 0.113 0.134 0.095 0.168 01041680
Occupation: Technicians 0.071 0.166 0.085 0.1P0 0.085 880.1L 0.101 0.176 0.104 0.171 0.098 0.190 0.0B2 0.170 0.p95 00]16
Occupation: Employees 0.18 0.26H6 0.206 0.2p0 0.208 0.p46.222 0.125 0.221 0.03] 0.214 0.232 0.204 0.244 0.205 0264
Occupation: High-skilled workers 0.42" 0.15p 0.313 @.1p 0.363 0.166 0.345 0.024 0.31B 0534 0.3B8 0.168 0.B95 0Jj186373 | 0.074
Occupation: Low-skilled workers 0.184 0.03[L 0.134 0.0p00.152 0.029 0.136 0.003 0.12p 0.242 0.185 0.052 0.167 00241500 0.013
French citizenship 0.9264 0.974 0.93¢ 0.980 0.9B6 0.975 430.p 0.953 0.944 0.930 0.941 0.971 0.933 0.971 0.938 0.p71
Firm's size: 1-19 employees 0.278 0.132 0.2P3 0.231 8.240.129 0.228 0.166| 0.22 0.06p 0.238 0.1f9 0.469 0.108 0286165
Firm’s size: 20-49 employees 0.16f 0.116 0.1p1 0.136 5.1 0.111 0.149 0.134 0.149 0.125 0.1%0 0.1p3 0.166 0.101 50|1®.114
Firm’s size: 50-99 employees 0.08B 0.015 0.0B6 0.q73 8&.p 0.071 0.084 0.080 0.088 0.089 0.085 0.0p1 0.(J88 0.p71 70/0®.064
Firm's size: 100-499 employees 0.196 0.227 0.210 0.199.2030| 0.225 0.209 0.184 0.206 0.276 0.207 0.212 0.201  0.2242080} 0.205
Firm's size: 500-1000 employees 0.094 0.084 0.066 0.068.059 0.091 0.064 0.080 0.06p 0.042 0.065 0.J74 0.p55 0J0930630 0.075
Firm’s size: > 1000 employees 0.13p 0.342 0.2Pp9 0.432 1810.| 0.344 0.206 0.321 0.210 0.350 0.207 0.200 0.150 0.879 880{10.342
Number of observations 555] 3248 7024 1770 70B1 1163 8P03 91 % 8537 257 8040| 754 6356 2438 7334 1440

Source: Labor Force survey and Complementary susaeg/orking Conditions, 1998.
Note: MODERN1 stands for at least one ICT, MODERbDI2at least 2 ICT, and MODERN 3 for at least 3 ICT
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1
2
3
4 Table 2. Descriptive statistics by occupation, wittMODERN1
5 Variables Managers Intermediate prof. Technicians Employees &kiprod. workers Unskilled prod. worker
6 Tradit. Modern Tradit. Modern Tradit. Tradit. Modertr] Tradi | Modern Tradit. Tradit. Modern
7 Female 0.232 0.242 0.413 0.529 0.053 0.098 0.717 0.78p 0.099 0.1p2 .3230 0.286
8 Age 47.674 41.229 41.607 38.421] 42.004 38.908 37.240 37.950 0939.[ 38.158 35.333 33.387
9 Years of experience 15.011 11.759 9.968 10.647 13.414 13.36p 8.28B 10.8p0 40.64 12.931 8.120 8.276
10 Diploma: no degree 0.147 0.032 0.138 0.094 0.273 0.112 0.409 0.15p 0.415 0.283 .5600 0.362
11 Diploma: BEPC 0.074 0.050 0.097 0.066 0.040 0.045 0.094 0.09p 0.040 0.0p1 .0720 0.085
12 Diploma: CAP — BEP 0.211 0.123 0.308 0.211 0.542 0.340 0.35 0.35p 0.442 0.540 .3000 0.332
13 Diploma: Baccalaureate 0.158 0.123 0.150 0.244 0.070 0.194 0.104 0.24B 0.045 0.0p1 .0560 0.166
14 Diploma: Undergraduate 0.116 0.197 0.251 0.266 0.057 0.268 0.039 0.13B 0.0qQ6 0.0p3 .0100 0.045
15 Diploma: Graduate — postgraduate 0.295 0.474 0.057 0.119 0.018 0.041 0.00¢ 0.02p 0.091 0.0p2 .0020 0.010
16 French citizenship 0.968 0.973 0.968 0.975 0.921 0.973 0.919 0.98B 0.9Q9 0.9p6 .8870 0.935
17 Firm’s size: 1-19 employees 0.242 0.128 0.263 0.245 0.216 0.102 0.339 0.24p 0.392 0.1p5 .2320 0.146
18 Firm’s size: 20-49 employees 0.158 0.126 0.194 0.110 0.194 0.116 0.114 0.13p 0.147 0.1p5 .1740 0.126
19 Firm’s size: 50-99 employees 0.063 0.083 0.105 0.073 0.137 0.076 0.09( 0.05B 0.049 0.082 .0930 0.106
20 Firm’s size: 100-499 employees 0.200 0.218 0.162 0.220 0.203 0.255 0.144 0.19p 0.194 0.2p7 .2450 0.201
21 Firm’s size: 500-1000 employees 0.074 0.080 0.077 0.064 0.040 0.081 0.03( 0.06f 0.0§2 0.0p7 .0600 0.090
22 Firm's size: > 1000 employees 0.179 0.333 0.109 0.223 0.176 0.341 0.137 0.24p 0.113 0.3#1 .1330 0.302
23 Number of observations 95 900 247 763 227 706 643 1249 2022 821 922 199
24 Source: Labor Force survey and Complementary suaeg/orking Conditions, 1998.
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44 N . . . . .
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Table 3. Quantile regression estimates of the log-wa pooled sample, with MODERN1
10" 25" 50" 75" 90" Mean (OLS)
Variables percentile percentile percentile percentile percentile
MODERN1 0.077*** 0.066*** 0.071*** 0.064*** 0.078*** 0.073***
(6.48) (7.41) (11.15) (8.10) (6.25) (120.02)
Female -0.083*** -0.098*** -0.1271%** -0.147*** -0.172%** -0.121 ***
(6.44) (10.45) (18.50) (18.91) (14.83) (16.21)
Age 0.081*** 0.049%** 0.032*** 0.028*** 0.025*** 0.053***
(18.18) (16.59) (16.29) (12.03) (7.08) (23.56)
Age squared -0.092*** -0.054*** -0.034*** -0.026*** -0.021*** -0.056 ***
(17.26) (14.86) (13.56) (8.93) (4.63) (29.77)
Seniority 0.009*** 0.012%** 0.012*** 0.012*** 0.007*** 0.010%***
(5.05) (8.81) (12.98) (10.03) (4.08) (9.71)
Seniority squared -0.010** -0.019*** -0.021*** -0.022%** -0.013** -0.017***
(2.00) (4.87) (7.50) (6.13) (2.26) (5.33)
Diploma: BEPC 0.072*%** 0.059*** 0.069*** 0.070*** 0.090*** 0.084***
(3.53) (3.85) (6.29) (5.25) (4.52) (6.69)
Diploma: CAP — BEP 0.092*** 0.074*** 0.063*** 0.066*** 0.067*** 0.091***
(7.50) (8.11) (9.56) (8.26) (5.42) (12.22)
Diploma: Baccalaureate 0.122%** 0.097*** 0.078*** 0.090*** 0.076*** 0.122%**
(6.90) (7.48) (8.38) (7.86) (4.37) (11.49)
Diploma: Undergraduate 0.192*** 0.159%** 0.136*** 0.157*** 0.162*** 0.185***
(9.44) (10.53) (12.65) (12.04) (7.99) (15.14)
Diploma: Graduate — postgraduate 0.201%** 0.170%*** 0.206*** 0.284*** 0.294*** 0.268***
(7.61) (8.92) (15.32) (17.53) (11.62) (17.56)
Occupation: Managers 0.590%*** 0.637*** 0.709*** 0.783*** 0.904*** 0.714%**
(23.23) (33.30) (52.89) (49.69) (37.11) (46.83)
Occupation: Intermediates 0.248*** 0.263*** 0.324*** 0.369*** 0.450%** 0.325%**
(20.97) (15.44) (26.81) (25.41) (20.15) (23.66)
Occupation: Technicians 0.265*** 0.253*** 0.283*** 0.329*** 0.340%*** 0.298***
(12.50) (15.46) (24.22) (23.72) (16.22) (22.49)
Occupation: Employees 0.094*** 0.074*** 0.102*** 0.142*** 0.169*** 0.116%***
(4.68) (4.94) (9.55) (11.06) (8.72) (9.49)
Occupation: High-skiiied workers 0.118*** 0.098*** 0.096*** 0.106*** 0.116*** 0.115%**
(7.41) (8.05) (11.04) (10.23) (7.30) (11.63)
French Citizenship 0.004 0.005 0.011 0.008 -0.027 -0.001
(0.20) (0.33) (1.04) (0.63) (1.35) (0.11)
Firm’s size: 20-49 employees 0.055*** 0.026** 0.032***|  0.027*** 0.040%*** 0.046***
(3.74) (2.37) (3.99) (2.77) (2.71) (5.00)
Firm’s size: 50-99 employees 0.054*** 0.017 0.022** P16 -0.005 0.038***
(3.00) (1.22) (2.24) (2.75) (0.26) (3.34)
Firm’s size: 100-499 employees 0.061** 0.043*** 0.058 0.036*** 0.023 0.052***
(4.42) (4.07) (6.96) (3.86) (1.64) (5.98)
Firm’s size: 500-1000 employees 0.099**4 0.085*** OmF* 0.053*** 0.054*** 0.079%**
(4.75) (5.41) (6.22) (3.94) (2.61) (6.19)
Firm’s size: > 1000 employees 0.1171%** 0.094*** 0.1058* 0.095*** 0.072%** 0.094***
(7.33) (8.35) (12.99) (9.76) (4.87) (10.31)
Constant 6.433*** 7.333%** 7.857*+* 8.154*+* 8.291%** 7.365%**
(64.73) (110.57) (179.39) (158.41) (101.81 (147.99
Number of observations 8794 8794 8794 8794 8794 8794
Pseudo R? — R? 0.345 0.364 0.411 0.454 0.489 0.64

Source: Labor Force survey and Complementary swke/orking Conditions, 1998.

Quantile regression estimates, with absolute vadfiestatistics in parentheses. Significance leeee respectively 1% (***), 5%
(**), and 10% (*). The different regressions alsalude a set of 35 sectorial dummies.
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Table 4. Quantile decomposition of the log wage tenblogical differential

Difference in characteristics Difference in coefficients Total difference

Decomposition L - X8 - 1) L5 — Y

MOD1 MOD2 MOD3 MOD1 MOD?2 MOD3 MOD1 MOD2 MOD3
Percentile 10 0.2375 0.2699 0.306 0.1225 0.07p6 0.0483 600.3] 0.3425 0.3543
Percentile 25 0.2437 0.2613 0.2768 0.0611 0.05f3 0.0640 30480. 0.3186 0.3408
Percentile 50 0.2615 0.2944 0.3232 0.0547 0.03p0 0.0373 3170. 0.3336 0.3605
Percentile 75 0.3104 0.32749 0.342y 0.0332 0.03B0 0.0319 3436. 0.3605 0.3946
Percentile 90 0.3257 0.3319 0.359% 0.0454 0.06p9 0.0847 3710. 0.3947 0.4441
Mean 0.2891 0.3036 0.3198§ 0.0474 0.0454 0.0572 0.3365 0©.3190.3769

Source: Labor Force survey and Complementary swmeg/orking Conditions, 1998.
Note: MOD1 stands for at least one ICT, MOD2 foleasst 2 ICT, and MOD3 for at least 3 ICT.
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Table 5. Propensity score estimates of the technologl premium, by occupation
Technological premium Occupation
Managers Intermediates  Technicians Employges  Highesk|ll Low-skilled
workers workers
OLS regression
Exogenous premium 0.079** 0.076*** 0.040* 0.162*+* 0.069 0.110***
(2.00) (3.30) (2.90) (11.58) (7.51) (5.18)
Kernel matching estimator
Unmatched 0.057 0.073*** 0058** 0.272%** 0.1172%** 0.176™
(1.29) (2.94) (2.57) (17.66) (11.32) (6.72)
ATT 0.073* 0.075*** 0.031 0.165*** 0.074**= 0.125%**
(1.86) (3.14) (0.97) (9.79) (7.13) (7.40)
Number of observations 995 1010 933 1892 2843 1121

Source: Labor Force survey and Complementary swmey/orking Conditions, 1998.
Note: ATT is the average effect of the treatmenttantreated. Absolute values of t-statistics arparentheses, with
bootstrapped standard errors for the ATT (50 ratibois). Significance levels are respectively 19%)(*5% (**),

and 10% (*).
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2

3 Table 6. Quantile decomposition of the log wage tenblogical differential, by occupations

4 Difference in characteristics Difference in coefficients Total difference

5 Decomposition L - X8 - 1) L5 — Y

? MOD1 MOD2 MOD3 MOD1 MOD2 MOD3 MOD1 MOD2 MOD3
Managers

8 Percentile 10 0.1122 0.1124 0.0748 -0.137¢ -0.1296 0.0745 -0.0254 -@.01L7 0.1493

9 Percentile 25 0.1285 0.1398 0.0426 -0.0241 -0.0532 0.0693 0.10p2 0.0466 .1110

10 Percentile 50 0.0029 0.0114 0.0697 0.0437 0.0309 0.05Q1 0.04p6 0.0423 198.1

11 Percentile 75 -0.0018 0.0181 0.1070 0.0880 0.050% 0.0586 0.08p3 0.0686 1656.

12 Percentile 90 0.0098 -0.0111 0.1212 0.2773 0.1388 0.0649 0.28)71 0.1276 1880.

ﬁ, Mean 0.0362 0.0857 0.0531 0.0209 0.053p 0.09Q1 0.05)71 0.1388 438.1
Intermediate prof.

15 Percentile 10 -0.0192 0.0194 0.0281 0.1055 0.131p 0.0946 0.08p4 0.1306 1220.

16 Percentile 25 -0.0259 -0.0052 0.0457 0.0850 0.1160 0.0513 0.05p1 0.1108 .0970

17 Percentile 50 0.0014 0.0258 0.0465 0.0550 0.0455 0.0118 0.05p4 0.0713 588.0

18 Percentile 75 -0.0155 0.0339 0.0326 0.0929 0.046p 0.05Q9 0.07f75 0.0402 083B.

19 Percentile 90 -0.0471 -0.0306 0.0102 0.1010 0.1156 0.0035 0.05B9 0.0849 .0130

20 Mean 0.0015 0.0259 0.0375 0.0711 0.056[L 0.0341 0.07B2 0.082 730.0

21 Technicians

22 Percentile 10 -0.0447 0.0041 0.0185 0.0841 0.053¢ 0.0119 0.03p3 0.09474 0309.

23 Percentile 25 -0.003 0.0076 0.0296 0.0554 0.0520 0.0147 0.05p5 0.0895 468.0

24 Percentile 50 0.0239 0.0328 0.0286 0.0451 0.0226 0.0131 0.06p0 0.0954 400.0

25 Percentile 75 0.0121 0.0422 0.0422 0.0621 0.0598 0.0344 0.0742 0.1915 766.0

26 Percentile 90 0.0060 0.0302 0.0387 0.0926 0.0731L 0.0735 0.09B6 0.1933 112.1

27 Mean 0.0157 0.0344 0.0388 0.0424 0.031 0.0217 0.0581 0.0854 00.0p

28 Employees

29 Percentile 10 0.1839 0.1756 0.1632 0.2414 0.139% 0.1216 0.42p4 0.3[L5 40.2B

30 Percentile 25 0.1766 0.1642 0.1475 0.1007 0.0764 0.0516 0.27)73 0.2406 050.2

31 Percentile 50 0.1208 0.1482 0.1376 0.1362 0.048p 0.05842 0.2570 0.1964 958.1

32 Percentile 75 0.1378 0.1482 0.1471 0.0776 0.0258 0.0532 0.21p4 0.1740 992.1

33 Percentile 90 0.1482 0.1388 0.1205 0.0876 0.0358 0.0534 0.23p8 0.1746 739.1

34 Mean 0.1643 0.1604 0.1503 0.1081 0.062# 0.0613 0.27p4 0.2228 176.2

35 Skilled prod. Workers

36 Percent@le 10 0.0546 0.0637 0.0701 0.0431 0.0500 0.0634 0.0977 0.1137 328.1

37 Percent!le 25 0.0452 0.0517 0.0703 0.0641 0.061% 0.0595 0.10p4 0.1132 298.1

38 Percent!le 50 0.0438 0.0625 0.0766 0.0696 0.0548 0.0691 0.11p4 0.1173 458.1

39 Percent!le 75 0.0212 0.0450 0.0570 0.0923 0.073y 0.1031 0.11B5 0.1187 600.1

0 Percentile 90 0.0072 0.0423 0.0491 0.0965 0.0966 0.1032 0.10B7 0.1389 508.1

a1 meagn 4 orod. Work 0.0418 0.0516 0.0653 0.069 0.067Y 0.0791 0.11p8 0.1193 490.14

nskilled prod. Workers

42 Percentile 10 0.0673 0.0797 0.1199 0.2366 0.204y 0.3810 0.30B8 0.2844 009.5

43 Percentile 25 0.0956 0.0485 0.0719 0.1195 0.175¢ 0.1742 0.21p0 0.2239 460.2

44 Percentile 50 0.0575 0.0465 0.0602 0.0679 0.1078 0.1241 0.12p3 0.1343 848.1

45 Percentile 75 0.0600 0.0555 0.0760 0.0857 0.0424 -0.0031 0.14p7 0.0979 0730.

46 Percentile 90 0.0524 0.0654 0.0388 0.0849 0.040% -0.0639 0.13f73 0.1959 .0250

47 Mean 0.0813 0.0596 0.0707 0.0944 0.091p 0.1264 0.17p7 0.1907 970.1

48 Source: Labor Force survey and Complementary swmey/orking Conditions, 1998.

49 Note: MOD1 stands for at least one ICT, MOD2 foleast 2 ICT, and MODS3 for at least 3 ICT.

50
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Figure 1. Observed technological premium
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Source: Labor Force survey and Complementary suyméy/orking Conditions, 1998.
Note: MODERNL1 stands for at least one ICT, MODERNZ2afleast 2 ICTs, and MODERN 3 for at least 3 ICTSs.

Figure 2. Technological diffusion among occupations
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Source: Labor Force survey and Complementary swwmeg/orking Conditions, 1998.
Note: MODERNL stands for at least one ICT, MODERNZ2afoleast 2 ICT, and MODERN 3 for at least 3 ICT.
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1

2

3 Figure 3. Observed technological premium by occupains

4 A. Managers C. Technicians E. Skilled production workers
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41 Note: MODERN1 stands for at least one ICT, MODERM2at least 2 ICT, and MODERN 3 for at least 3 ICT

42

43

44 L . . . . .

45 Editorial Office, Dept of Economics, Warwick University, Coventry CV4 7AL, UK

46



©CoO~NOUTA,WNPE

10%%6

5%6+

(027

Submitted Manuscript

Page 30 of 30

29
Figure 4. Estimated technological premium
—e— MODERNL
—=— MODERN2
\/‘\/
percentile
o 25 50

Source: Labor Force survey and Complementary susméy/orking Conditions, 1998.
Note: MODERN1 stands for at least one ICT, MODERN2afoleast 2 ICT, and MODERN 3 for at least 3 ICT.
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