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 A B S T R A C T

Innovation booms are often fueled by easy financing, allowing new technology firms to pay high wages that 
attract skilled labor. Studying the Information and Communication Technology (ICT) boom in the late 1990s, 
we show that high-skill workers who joined the ICT sector during the boom experienced sizeable long-term 
earnings losses. These earnings patterns stem from accelerated skill obsolescence rather than worker selection 
or the subsequent bust in the ICT sector. Moreover, during the boom, financing disproportionately flowed to 
firms whose workers would later experience the largest productivity declines, amplifying the negative effect 
of labor reallocation on aggregate human capital accumulation.
1. Introduction

Technological change evolves not at a constant rate but by jumps, 
where breakthroughs trigger a period of intense experimentation, fol-
lowed by a long period of stabilization as technologies mature (e.g., 
Callander, 2011; Bowen et al., 2023). The period of experimentation is 
often marked by an inflow of capital to innovative firms, allowing them 
to pay high wages and attract talent, which accelerates experimentation 
and development of frontier technologies (e.g., Kerr and Nanda, 2015). 
The current boom in AI exemplifies this confluence of intense innova-
tion, abundant financing, high wages, and an inflow of skilled labor to 
new technology sectors.

If capital-fueled technology booms reallocate skilled workers across 
sectors in ways that affect their human capital, these events will have 
lasting effects on aggregate labor productivity, a channel largely over-
looked. We investigate how the human capital of skilled workers who 
join the innovative sector during a technological and financial boom 
evolves after they embed the new technologies.
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Skilled Workers’ Earnings.’’ Special thanks to Chenzi Xu for unfailing support and numerous discussions. We also thank Pierre Azoulay, Nick Bloom, Claudia 
Custodio, Denis Gromb, Bronwyn Hall, Stefan Lewellen, Stefano Lovo, Marco Pagano, and Jon Steinsson. Hombert acknowledges financial support from the 
Investissements d’Avenir Labex (ANR-11-IDEX-0003/Labex Ecodec/ANR-11-LABX-0047). Pablo Enrique Rodriguez provided excellent research assistance. Any 
opinions expressed are those of the author(s) and do not represent the views of the Federal Reserve Bank of Atlanta or the Federal Reserve System.
∗ Corresponding author.
E-mail addresses: hombert@hec.fr (J. Hombert), adrien.matray@atl.frb.org (A. Matray).

The effect on human capital is not obvious a priori. Workers who 
join the booming, innovative sector and contribute to developing su-
perior technologies may accumulate human capital valuable in the 
long run, even if capital markets overvalue these firms during the
boom and later undergo a sharp correction. However, the technologies 
developed during the boom may quickly become obsolete, depreciating 
workers’ human capital. This depreciation could happen either because 
fast-paced innovation accelerates the obsolescence of older technology 
vintages, or because firm overvaluation and lax financing conditions 
make workers more likely to be employed on lower-quality projects.

Empirically assessing how human capital evolves in this context 
raises two challenges: neither workers’ exposure to different technology 
vintages nor the value of their human capital is directly observable; and 
we must isolate the impact of on-the-job exposure to new technologies 
from that of the business cycle, industry cycles, and selection.

To address both measurement and identification challenges, we 
study the boom in Information and Communication Technology (ICT) 
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 data mining, AI training, and similar technologies. 
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in the late 1990s (known as the dotcom boom). During this period, the 
ICT sector experienced a large expansion, clearly delineated in time. 
Triggered by technological breakthroughs, it featured a rapid phase of 
experimentation and trial-and-error, fueled by an inflow of capital and 
possibly overvaluation.1 The episode is recent enough to be covered by 
rich administrative data yet distant enough to study long-term effects. 
We use French matched employer–employee data from 1994 to 2015, 
linked to firms’ financial statements from tax filings.2

Because the ICT boom is distinctly delineated in time, we adopt a 
cohort-based design to identify the workers more likely to have partic-
ipated in the experimentation and development of new technologies. 
We define three cohorts of workers: pre-boom (1994–1996), boom 
(1998–2001), and post-boom (2003–2005). The assumption is that each 
cohort builds human capital shaped by the technologies developed 
during their careers, while all workers, irrespective of their cohorts, 
are exposed to aggregate and sectoral shocks. As such, the boom cohort 
is exposed to the evolving technologies from that concentrated period 
of rapid technological change. By contrast, the post-boom cohort is 
exposed to the downturn in the ICT sector after 2001, but not to the 
early technologies developed during the boom.

We show that workers who start in the ICT sector during the boom 
earn significantly lower long-term wages than workers with similar 
characteristics from the same cohort who started in different sectors, 
despite higher entry wages. Fifteen years out, the wage discount is 
around 7%, equivalent to losing about two years of on-the-job human 
capital accumulation. Because this comparison is within cohort, it 
controls for the well-documented impact of macroeconomic conditions 
at the time of labor market entry on long-term earnings.

The pattern is similar for the discounted sum of wages from labor 
market entry to the end of the sample period, accounting for the higher 
wage during the boom. The effect is also robust to accounting for 
capital income that captures potential gains from stock grants, as well 
as to rich sets of fixed effects that account for worker heterogeneity and 
worker sorting across firms and places.

Our preferred interpretation of the long-term wage discount is 
that human capital tied to rapidly evolving technologies during the 
ICT boom quickly depreciates. Consistent with this, we find that the 
magnitude of the wage discount increases with the duration of exposure 
to the ICT boom: within the boom cohort, workers who entered the ICT 
sector earlier experience larger long-term human capital depreciation 
than those who entered later. As the technologies stabilize, workers 
who start in ICT post-boom (whose human capital, by design, was 
not exposed to the technological experimentation of the boom years) 
exhibit the same wage dynamics as comparable workers who started in 
other sectors. This result holds when we include high-dimensional fixed 
effects for firms’ ex-ante characteristics and ex-post performance. These 
fixed effects ensure we are comparing workers at the same type of firms, 
only separated by a few years of entry, which precisely correspond to 
the period of intense technological change. This comparison, within 
firm characteristics and across cohorts, implies that the long-term wage 
discount for boom-cohort ICT workers cannot be explained by a sector-
wide decline in labor demand or an oversupply of labor in the bubble’s 
aftermath. Post-boom cohort ICT workers at similar firms face similar 
firm-specific shocks but do not experience the discount.

Using the pre-boom cohort as an additional comparison group, we 
rule out the possibility that the long-run wage discount is explained 
by negative selection during the boom (i.e., the bubbly ICT sector 
attracts less able workers). We show that the workers starting in the ICT 

1 Using USPTO patents, we confirm in Appendix B.9 that ICT-related 
technologies displayed an increase in technological experimentation and over-
valuation during this period. See also Brown et al. (2009) and Cunningham 
et al. (2021).

2 In Appendix C, we show that the pattern of labor reallocation to the ICT 
sector during the late 1990s in France is similar to that in the US.
2 
sector during the pre-boom period experience a long-run wage discount 
quantitatively similar to that of workers from the boom cohort. Since 
the pre-boom cohort of workers sorted into jobs before the ICT boom 
started, they constitute a group of workers whose human capital will 
be affected by the technologies developed during the boom, but whose 
sorting decision, by construction, is not.

Turning to the interplay between the financing boom and human 
capital depreciation, we find that firms receiving large inflows of 
financial capital during the boom are those whose workers’ human 
capital depreciates most. The inflow of financial capital both increases 
the number of workers exposed to human capital depreciation and 
amplifies the depreciation each worker experiences, reducing aggre-
gate human capital. This conclusion relies on the negative covariance 
between financial capital flows and subsequent human capital value, 
but not on whether the covariance is causal (as in Hsieh and Klenow, 
2009).

We examine two potential mechanisms for the human capital de-
preciation of ICT workers who contributed to the technological boom, 
and for its correlation with capital flows during the boom. The first 
mechanism relies on skill obsolescence, whereas the second one focuses 
on the consequences of the ICT sector bust. We find strong support 
for the skill obsolescence channel, but no evidence for the ICT bust 
channel.

The skill obsolescence channel builds on models of embedded tech-
nological change, which argue that economies have overlapping vin-
tages of technologies that are embodied in workers (e.g., Chari and 
Hopenhayn, 1991; Deming and Noray, 2020; Braxton and Taska, 2023). 
New workers introduce newer technology vintages, making human 
capital tied to older vintages obsolete. This effect is particularly pro-
nounced during periods of technological change marked by intense 
experimentation and fast-paced innovation.

The skill obsolescence channel therefore implies that the pace of 
human capital depreciation should increase with (i) the intensity of 
experimentation in the sector in which the worker operates during the 
period of technological change, and (ii) the degree to which workers’ 
human capital is tied to technologies.

To test prediction (i), we measure the pace of technological ex-
perimentation and obsolescence using patent data from the USPTO. 
We construct three measures: the average age of cited patents, the 
dispersion of citations received, and a text-based measure of novel 
language. These measures confirm that ICT technologies developed 
during the boom displayed higher levels of experimentation and ob-
solescence: ICT patents cited younger patents, showed greater variance 
in citation impact, and employed more novel terminology. The wage 
discount is concentrated among workers who started in sectors where 
technologies became obsolete faster, while workers in sectors with 
slower obsolescence experience little to no wage discount.

We test prediction (ii) in two ways. First, using the share of STEM 
workers as a proxy for experimentation intensity, we find that the 
ICT boom wage discount is present only among industries with high 
technological experimentation, while the effect in industries with low 
STEM intensity is economically insignificant. Second, we find a similar 
dichotomy when comparing STEM workers with non-STEM workers, 
even within the same type of firms. The wage discount is concen-
trated among STEM workers (e.g., software developers), while non-
STEM workers whose human capital is less tied to firms’ technologies 
(e.g., CFOs) have similar wage trajectories to non-STEM workers who 
started outside the ICT sector.

We further show that the wage discount is larger for workers who 
started in firms that subsequently rejuvenated their workforce by hiring 
younger workers during the post-boom period. Consistent with theories 
where technological change is embodied in firm–worker matches, the 
wage discount is concentrated among workers at firms with above-
median hiring of young workers post-boom, while workers at firms 
with below-median hiring, where existing technology vintages remain 
in use longer, experience little to no wage discount. Notably, firms 
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with above-median absolute growth in young workers show the largest 
wage discount, indicating that poor firm performance does not drive 
the result.

The skill obsolescence channel also explains why human capital 
depreciates more among firms that received greater inflows of capital 
during the boom. Indeed, we show that capital flowed more toward 
firms and sectors that experimented more and where the technologies 
developed early on became obsolete faster, in line with other episodes 
of technological change. Specifically, we show that capital flowed 
disproportionately toward ICT firms with higher STEM intensity and 
toward sectors displaying faster technological obsolescence as mea-
sured by our patent-based proxies. This result generates the positive 
covariance between capital flow during the boom and future human 
capital depreciation: the financing boom amplified aggregate human 
capital depreciation by directing more workers toward firms where 
skills would quickly become obsolete.

Finally, we test whether an increase in job termination and its 
associated wage discount could explain our results and find that the 
magnitude of job termination after the ICT bust accounts for only a 
small fraction of the long-run wage discount, ruling out scarring as the 
main alternative explanation.

First, quantile regressions of firm performance show that ICT firms 
underperform non-ICT firms in the bottom half of the distribution, 
and outperform in the top quartile. In sharp contrast to what happens 
for firms, quantile regressions for long-run wages show that the wage 
discount is uniform across the wage distribution, even at the 90th 
percentile. Zooming in on the range of firm performance where ICT 
firms outperformed non-ICT firms, we still find a wage discount for the 
boom cohort of similar magnitude.

Second, we examine whether workers who started in ICT during the 
boom are more likely to experience job losses, and hence might suffer 
from job-loss scarring effects. We show that while ICT-boom workers 
are indeed more likely to experience job termination, the effects are an 
order of magnitude too small to explain the wage discount, and cannot 
account for the asymmetric discount between STEM and non-STEM 
workers.

Related literature. We contribute to the literature that studies how 
financing cycles affect the trajectory of innovation, such as the quantity 
of innovation (e.g., Kortum and Lerner, 2000; Brown et al., 2009; 
Bernstein, 2015), the composition of innovation through changes in 
market discipline and appetite for experimentation (e.g., Nanda and 
Rhodes-Kropf, 2013, 2017), and overvaluation of human capital (Fedyk 
and Hodson, 2022). We add to this literature by showing that financing 
cycles affect the key input to innovation, namely, human capital, both 
by reallocating skilled workers across sectors and by modifying the 
long-run value of their human capital.

We therefore also contribute to the literature that studies how 
financing booms and wage premia across sectors affect the allocation 
of talents and long-run productivity growth. A strand of literature 
analyzes how the wage premium in the financial industry generated a 
brain drain to finance (Reshef and Philippon, 2012; Gupta and Hacamo, 
2022), which may weigh on future productivity growth if finance jobs 
have a smaller social return than jobs skilled workers are reallocated 
away from (Baumol, 1990; Murphy et al., 1991). Another strand of 
literature analyzes how wage premia in low-skill sectors lure workers 
into these sectors, hindering human capital accumulation (e.g., Charles 
et al. (2018) on the housing sector; Carrillo (2020) on agriculture; Choi 
et al. (2022) on salient sectors). Blank and Maghzian (2023) shows 
that credit booms lead to labor flows and subsequently slower human 
capital accumulation. By contrast, we study financing flows and labor 
reallocation to a high-skill, new technology sector, where workers may 
be able to accumulate useful knowledge.

The growth literature proposes that equity overvaluation in the 
innovative sector can enhance growth by promoting investments that 
increase future productivity (Olivier, 2000; Caballero et al., 2006). 
3 
We examine a natural channel through which this mechanism may 
operate (human capital accumulation of the large cohorts of high-skill 
individuals who enter the booming technology sector) and find that it 
actually has a negative impact on their future productivity.3

Our evidence of human capital depreciation connects our paper 
to the large literature on technological displacement, which studies 
how technological change affects the usage of tasks (Autor et al., 
2003; Goos et al., 2014; Ma et al., 2025), the value of human capital 
(Beaudry et al., 2010, 2016), and the implications of the induced 
income risk for asset prices (Gârleanu et al., 2012; Kogan et al., 2020). 
We add to this literature by showing that a wave of innovation has a 
negative impact on the earnings of skilled workers who contribute to 
its development and diffusion, because their vintage of human capital 
becomes obsolete. Thus, we also contribute to the literature on vintage 
human capital, which proposes that several vintages of knowledge can 
co-exist, and that technological change makes old vintages obsolete 
(Chari and Hopenhayn, 1991; Deming and Noray, 2020; Kogan et al., 
2023; Braxton and Taska, 2023; Ma, 2025).

Finally, our contribution differs from the classic result that the 
aggregate state of the economy has persistent effects on labor market 
entrants (Oyer, 2006; Kahn, 2010; Oreopoulos et al., 2012; Altonji 
et al., 2016; Schoar and Zuo, 2017; Shu, 2016; Nagler et al., 2020). 
Instead, we compare labor market entrants joining the booming tech-
nology sector to same-cohort individuals joining other sectors in a 
setting that allows us to control for selection.

2. The ICT boom

2.1. Data

Our analysis relies on several comprehensive administrative datasets
covering French workers and firms from 1994 to 2015. We describe 
here the main databases used in the paper and relegate the full list to 
Appendix A.
Workers. Linked employer–employee data are collected by the national 
statistical office based on a mandatory employer report of the gross 
earnings of each employee subject to payroll taxes. The data include 
all employed individuals in the private sector with information on 
the gross and net wage, dated employment periods, number of hours 
worked, occupation, and the individual’s birth year and sex. The data 
also include unique firm and establishment identifiers that can be 
linked with other administrative data.

For a 1/24th representative subsample of the full employer-
employee data (specifically, individuals born in October of even-
numbered years), individuals are assigned a unique identifier that en-
ables us to reconstruct their entire employment history. Individuals are 
not present in this panel data during periods when they earn no wage, 
exit the labor force, become unemployed, switch to self-employment 
and pay themselves only dividends, or move abroad.

We focus on the employer–employee panel from 1994 to 2015. Each 
observation corresponds to a unique firm–worker–year combination. 
We restrict the sample to job spells that are full time and last for at least 
six months in a given year. After applying this filter, each individual has 
at most one job per year.4 We obtain a panel at the worker-year level. 
Workers can have gap years in this panel when they earn no wage in 
the private sector, work part time or have jobs for periods of less than 
six months.

The employer–employee data include a two-digit classification of 
job occupations that maps into the skill content of the job. High-skill 
workers represent 16% of the labor force over 1994–2015. Among 

3 Of course, investments in the innovative sectors may have other positive 
effects such as knowledge externalities to other sectors that we do not study.

4 In rare cases where workers have two six-month full-time job spells at 
different firms in the same year, we retain only the higher-wage observation.
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them, 38% are in a business occupation (e.g., sales, general adminis-
tration — two-digit code 37), 29% are in a STEM occupation (code 
38), and 3% are heads of companies with at least ten employees (code 
23).5 Appendix Table B.1 reports summary statistics for the sample of 
skilled workers. The median skilled worker is a man (mean 71%), is 
42 years old (mean 42), and earns an annual wage of 43,000 euros 
(mean 53,000 euros), which corresponds to the 90th percentile of the 
wage distribution of full-time workers in France.6 Finally, a 4/31st
subsample of the employer–employee panel data (individuals born in 
the first four days of October) can be linked to census data, which 
contain demographic information. We use this smaller sample when we 
also retrieve information on education.

Firms. We retrieve information on firms from four sources. Firm ac-
counting information is from tax files, which cover all firms subject 
to the regular or simplified corporate tax regime. Information on firm 
ownership structure is from a yearly survey of business groups run 
by the statistical office and cross-referenced with information from 
Bureau Van Dijk. The data include information on both direct and 
indirect stakes and cross-ownership, which allows us to reconstruct 
group structures even in the presence of pyramids. They also report the 
nationality of the ultimate owner, enabling us to identify subsidiaries of 
foreign companies. We retrieve the list of all new business registrations 
with the event date from the firm register, and use this information to 
measure firm age. Stock prices are from Eurofidai.

ICT sector. We use the OECD (2002) list of ICT industries to categorize 
industries. Appendix Table B.2 reports the shares of four-digit ICT 
industries in total employment and in skilled employment during the 
sample period. The overall ICT sector represents 3.8% of total employ-
ment and 12% of skilled employment, reflecting that ICT is intensive 
in skilled labor. The ICT sector is particularly intensive in STEM skills: 
the fraction of skilled workers in STEM occupations is 71% in the ICT 
sector versus 23% in other sectors.

2.2. Capital flow

Fast-paced technological change in the ICT sector in late-1990s 
France coincided with a run-up in equity valuations and an inflow of 
capital to the sector, similar to the US experience (Brown et al., 2009). 
Panel A of Fig.  1 shows the stock price run-up in the ICT sector during 
the period 1997–2000, measured as the value-weighted cumulative 
stock return.

Panel B shows that the run-up in equity valuations translates into 
an inflow of capital into the ICT sector that benefited both listed and 
private firms. To measure capital flow for the universe of firms, we 
use the administrative tax-files and compute the net change in equity 
issuance, defined as the firm-level change in nominal equity scaled by 
lagged total assets averaged at the sector level. The measure mirrors 
equity valuations, peaking in 2000–2001.

5 Other high-skill occupations are mostly held by self-employed and public 
sector employees: 15% are teaching professionals (occupation code 34); 7% 
are public sector managers and professionals (code 33); 7% are cultural 
professionals (code 35); and 1% are health professionals and legal professionals 
(code 31).

6 The amounts in the paper are all expressed in 2000 constant euros. Payroll 
taxes are split between the employer and the employee. In labor contracts, 
wages are stated net of payroll taxes paid by the employer, but gross of payroll 
taxes paid by the employee. We use this notion of wages. The employer’s total 
labor cost is about 1.5 times this amount, and the employee’s net wage is 
approximately 80% of it.
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2.3. Labor flow

Consistent with the idea that the inflow of capital allows firms in 
the ICT sector to compete more aggressively for the scarce supply of 
talent, Panel A of Fig.  2 shows that the share of the ICT sector in total 
skilled employment rises sharply above its trend during the 1998–2001 
period. The ICT share goes from 10.6% in 1996 up to 14.0% in 2001 
and down to 12.9% in 2004. The coincidence of labor inflows with high 
wages (see Fig.  3) supports interpreting the capital inflow as a labor 
demand shock.

Panel B breaks down this reallocation into young workers (workers 
in the labor market for four years or less) and seasoned workers 
(workers in the labor market for five years or more). The large inflow 
to the ICT sector is entirely driven by young workers: while the ICT 
share among seasoned workers exhibits only a slight upward trend, the 
share among young workers deviates sharply upward during the boom.

This fact motivates our analysis by cohort of labor market entrants. 
We define the entry year in the labor market as the year in which 
individuals take their first full-time job, conditional on not being older 
than 30 at that time.7 Panel C plots the share of labor market entrants 
who start in the ICT sector by labor market entry year. It shows 
that, during the boom, the ICT sector absorbs one-quarter of entering 
cohorts of skilled workers. The effect of this labor reallocation on 
aggregate long-term labor productivity depends on how exposure to 
rapidly evolving technologies affects the human capital accumulation 
(or depreciation) of the large cohort of skilled workers drawn to ICT 
during the boom to develop and diffuse these new technologies.

3. Wage dynamics

We now estimate the long-term value of the human capital accu-
mulated by skilled workers who started in the booming ICT sector. 
Our identification strategy relies on comparing long-run wage dynamics 
across sectors and across cohorts. It is motivated by an overlapping gen-
erations model with sectoral choice and human capital accumulation 
presented in Appendix D. We summarize the key implications of the 
model below.

3.1. Wage dynamics across sectors for the boom cohort

We focus, first, on the boom cohort, defined as skilled workers who 
enter the labor market between 1998 and 2001. We define the boom 
period as 1998–2001, corresponding to the sharp increase in ICT sector 
valuations and capital and labor flows documented in Section 2. We 
estimate the following regression at the individual-year level: 

log(𝑊 𝑎𝑔𝑒𝑖,𝑡) =
2015
∑

𝑡′=1998
𝛽𝑏𝑜𝑜𝑚𝑡′ 𝐼𝐶𝑇𝑖,0 × (𝑡 = 𝑡′) + 𝛼𝑡 ×𝑋𝑖,0 + 𝜖𝑖,𝑡 (1)

𝑊 𝑎𝑔𝑒𝑖,𝑡 is the annualized wage of individual 𝑖 in year 𝑡. 𝐼𝐶𝑇𝑖,0 is a 
dummy equal to one if individual 𝑖 starts in the ICT sector.8 It is 
interacted with year dummies. The baseline specification includes year 
fixed effects 𝛼𝑡, interacted with the vector 𝑋𝑖,0 of worker characteristics, 
which includes sex, age at entry, entry year, and two-digit occupation at 
entry. 𝜖𝑖,𝑡 is the error term. We cluster standard errors at the individual 
level to account for serial correlation in individual wages.

The coefficient 𝛽𝑏𝑜𝑜𝑚𝑡  estimates the average wage difference in year 
𝑡 between boom-cohort workers who start in the ICT sector and those 

7 We drop individuals who are older than 30 at entry. The results are robust 
to using a cutoff at 35 years old. Since the panel data start in 1976, there is 
no risk of mismeasuring entry because it would have happened before the first 
year of data.

8 We define 𝐼𝐶𝑇𝑖,0 based on the sector in the year in which the individual 
enters the labor market rather than the sector in the current year because the 
latter is endogenous to job opportunities and wages.
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(a) Cumulative stock return

  
(b) Equity issuance

 

Fig. 1. Valuation and flow of capital.
Note. Panel A plots cumulative value-weighted return in the ICT sector and in non-ICT sectors. Panel B plots net equity issuance scaled by lagged total assets in 
the ICT sector and in non-ICT sectors.

 
(a) All skilled workers

  
(b) Recent entrants vs. older workers

 

 
(c) Labor market entrants

 

Fig. 2. Labor Reallocation: ICT Sector Share Among Skilled Workers.
Note. Panel A plots the share of the ICT sector in high-skill employment. Panel B shows the share of the ICT sector in high-skill employment separately for workers 
who entered the labor market five years ago or more (blue line) and for workers who entered four years ago or less (red line). Panel C plots the share of the 
ICT sector among high-skill labor market entrants. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.)
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Fig. 3. Wage dynamics of workers starting in the ICT sector relative to workers starting in other sectors.
Note. The figure displays the estimates of 𝛽𝑐𝑡  in the simple-difference specification (1). 𝛽𝑐𝑡  reflects the wage premium in a given year 𝑡 of high-skill workers from 
cohort 𝑐 who started in the ICT sector relative to similar workers of the same cohort who started in other sectors, for the pre-boom cohort 1994–1996 (blue), 
boom cohort 1998–2001 (red), and post-boom cohort 2003–2005 (green). (For interpretation of the references to color in this figure legend, the reader is referred 
to the web version of this article.)
who start elsewhere, conditional on having the same characteristics 
and occupation. This comparison isolates the effect of starting in the 
ICT sector during the boom period. We superscript 𝛽𝑏𝑜𝑜𝑚𝑡  with 𝑏𝑜𝑜𝑚 to 
emphasize that we estimate (1) for the boom cohort. We later estimate 
(1) for other cohorts.

Fig.  3 presents the estimates of 𝛽𝑏𝑜𝑜𝑚𝑡  (red line). It shows that 
workers who start in the ICT sector during the boom earn an entry wage 
on average 8% higher than individuals from the same cohort and with 
the same characteristics, starting outside the ICT sector. The initial 8% 
wage premium shrinks rapidly after the boom ends in 2001. Strikingly, 
the wage difference keeps falling and eventually turns negative. By 
2015, workers who started in the booming ICT sector earn on average 
9% less than workers from the same cohort, same demographics, and 
same occupation, who started outside the ICT sector.

3.2. A framework to interpret wage dynamics

In Appendix D, we outline a model in which overlapping cohorts of 
workers choose in which sector to work when they enter the labor mar-
ket. In line with the evidence in Section 2.3 that sectoral reallocation 
occurs mostly through the sectoral choice of labor market entrants, we 
assume workers cannot switch sectors after the time of entry.

The productivity of worker 𝑖 from cohort 𝑐 working in sector 𝑘 at 
date 𝑡 has two components. The first component, 𝜃𝑖,𝑘, is a fixed effect 
reflecting innate productivity and education. The second component, 
ℎ𝑖,𝑐,𝑘,𝑡, is time-varying and reflects on-the-job human capital accumula-
tion, or skill obsolescence and other potential losses of human capital 
from labor market entry until the current year 𝑡. Sector-specific labor 
demand shocks shift the equilibrium wage rate 𝑤𝑘,𝑡 in each sector 𝑘. 
The key equation of the model determines the log wage of worker 𝑖
from cohort 𝑐 in sector 𝑘 in year 𝑡 as a function of the worker’s fixed 
type, human capital accumulated since labor market entry, and the 
sector wage rate: 

log(𝑊 𝑎𝑔𝑒𝑖,𝑐,𝑘,𝑡) = 𝜃𝑖,𝑘 + ℎ𝑖,𝑐,𝑘,𝑡 +𝑤𝑘,𝑡 (2)
6 
The regression Eq.  (1) maps directly into the model Eq.  (2). In the 
model, the regression coefficient 𝛽𝑐𝑡  estimated on a given cohort 𝑐 can 
be calculated exactly as the difference in average log wage between 
workers from cohort 𝑐 who started in ICT and workers who started 
in other sectors. Averaging (2) over 𝑖 at the cohort-sector-year level, 
and taking the difference between the ICT sector and other sectors, we 
obtain 

𝛽𝑐𝑡 = 𝛥𝜃𝑐 + 𝛥ℎ𝑐,𝑡 + 𝛥𝑤𝑡 (3)

where 𝛥 denotes the difference operator between the cohort-year-level 
average in the ICT sector and that in other sectors. 𝛥𝜃𝑐 is the average 
type of workers from cohort 𝑐 who start in the ICT sector minus that of 
workers who start in other sectors. 𝛥ℎ𝑐,𝑡 is human capital accumulated 
from entry until year 𝑡 by workers from cohort 𝑐 who start in the ICT 
sector minus that of workers who start in other sectors. 𝛥𝑤𝑡 is the wage 
rate in year 𝑡 in the ICT sector minus that in other sectors.

Eq.  (3) shows that the 8% long-term relative earnings decline ex-
perienced by workers who started in the booming ICT sector can be 
explained by three economic forces, working out the three terms on 
the right-hand side of (3) in reverse order: (1) a secular decline in ICT 
sector wage rates, (2) depreciation of human capital accumulated in 
ICT relative to other sectors, and (3) negative selection into ICT during 
the boom.

First, there may be a secular decline in the wage rate in the ICT 
sector relative to other sectors (i.e., 𝛥𝑤𝑡 decreases over time), stemming 
from a labor market imbalance due to a persistent decline in labor 
demand or excess entry of workers. Second, human capital accumu-
lated by the boom cohort in the ICT sector may depreciate over time 
compared to that accumulated in other sectors (i.e., 𝛥ℎ𝑏𝑜𝑜𝑚,𝑡 decreases 
over time). Third, there may be negative selection into the ICT sector 
during the boom, i.e., workers who started in ICT during the boom were 
of worse quality. Note, however, that the selection term 𝛥𝜃𝑏𝑜𝑜𝑚 is time-
invariant, and therefore may shift the level of the wage difference 𝛽𝑏𝑜𝑜𝑚𝑡
but cannot explain its variation over time.
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3.3. Identification across sectors and across cohorts

3.3.1. Baseline cross-cohort comparison
According to our theoretical framework (Eq.  (3)), sectoral labor 

supply and demand shocks (𝛥𝑤𝑡) affect all cohorts equally. Therefore, if 
the long-run wage discount of ICT boom-cohort workers is explained by 
a persistent decline in labor demand or oversupply of skilled workers 
in the ICT sector, skilled workers who enter the labor market after the 
ICT boom should also experience the long-term wage decline.

By contrast, if the wage discount is explained by the fast deprecia-
tion of human capital accumulated during the boom in the ICT sector 
(𝛥ℎ𝑏𝑜𝑜𝑚,𝑡), workers who start in ICT after the boom period should not 
experience the discount since after the boom, technologies in the ICT 
sector have matured and are more stable.

We estimate Eq.  (1) on the post-boom cohort, defined as skilled 
workers who enter the labor market between 2003 and 2005.9 Fig.  3 
(green line) shows that, in sharp contrast to the boom cohort, the post-
boom cohort of workers who start in ICT experiences no downward 
trend in the wage dynamics. Therefore, the long-run wage discount 
of ICT boom-cohort workers cannot be explained by a secular labor 
market imbalance in the ICT sector. To address the concern that the 
post-boom cohort may be an imperfect control group and be exposed 
to different sector-specific shocks, in Sections 3.4 and 4.1 we consider 
additional sources of variation within the boom cohort and reach a 
similar conclusion.

To formally compare the boom and post-boom cohorts, we stack 
both cohorts and estimate the regression in difference between the two 
cohorts by interacting each right-hand side variable with a boom cohort 
dummy:

log(𝑊 𝑎𝑔𝑒𝑖,𝑡) =
2015
∑

𝑡′=2003
𝛽𝑡′ 𝐼𝐶𝑇𝑖,0 × 𝐵𝑜𝑜𝑚𝐶𝑜ℎ𝑜𝑟𝑡𝑖 × (𝑡 = 𝑡′)

+ 𝛾𝑡 × 𝐼𝐶𝑇𝑖,0 + 𝛿𝑐,𝑡 + 𝛼𝑡 ×𝑋𝑖,0 + 𝜖𝑖,𝑡 (4)

where 𝐵𝑜𝑜𝑚𝐶𝑜ℎ𝑜𝑟𝑡𝑖 is a dummy variable equal to one for workers from 
the 1998–2001 cohort. We also include a starting-sector× year fixed 
effect (𝛾𝑡 × 𝐼𝐶𝑇𝑖,0) to compare workers exposed to the same sectoral 
shocks, a starting-year× year fixed effect (𝛿𝑐,𝑡) to compare workers from 
the same cohort, and worker controls (sex, age at entry dummies, 
two-digit occupation at entry) interacted with year fixed effects.

Panel A of Fig.  4 plots the regression coefficients. The downward 
trend indicates progressive depreciation of human capital accumulated 
by the boom cohort in ICT, relative to both non-ICT boom-cohort 
workers and post-boom cohort workers. These coefficients capture the 
difference in the estimated coefficients for the boom and post-boom 
cohorts from Fig.  3.

3.3.2. Selection
We now examine whether these estimates are explained by negative 

selection into ICT during the boom. This would happen if either (1) 
the booming ICT sector attracted a disproportionate share of low-
productivity workers, or (2) the rapid expansion in ICT hiring increased 
worker-sector mismatches. Such a mismatch would happen either if 
skilled workers drawn to the ICT sector by the salience and pay of 
the boom were willing to forgo employment opportunities elsewhere 
with better long-run match, or if the tighter labor market produced by 
heightened demand leads to quicker job matches with lower quality 
(see, in a related search context, Acemoglu and Shimer (2000)).

Our baseline starting-sector× year fixed effect (𝛾𝑡 × 𝐼𝐶𝑇𝑖,0) controls 
for selection if unobserved heterogeneity shifts the wage levels by a 
time-invariant term, as 𝜃𝑖,𝑘 does in the wage Eq.  (2), effectively acting 

9 We include a gap year between the boom cohort (1998–2001) and the 
post-boom cohort (2003–2005) to have sharply delimited cohorts. The results 
are robust to including the gap years in either one of the adjacent cohorts.
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as a worker fixed effect (Abowd et al., 1999). However, if ICT during 
the boom drew workers who would have experienced lower wage 
growth regardless of sector, this more subtle form of negative selection 
could explain the downward trend. Such a bias would happen, for 
instance, if a reasonably skilled but mismatched worker successfully 
obtains a first STEM job but fails to climb the ladder of promotions as 
the mismatch slowly reveals itself.

To account for selection correlated with wage growth, we bring 
in the pre-boom cohort. Individuals entering the labor market before 
the ICT boom experience the same human capital shocks and sectoral 
productivity shocks as those from the boom cohort. However, as shown 
in Fig.  2, the sudden nature of the ICT boom makes it unlikely that 
workers who entered the sector just a few years earlier selected into 
ICT in anticipation of the boom. Therefore, the pre-boom cohort would 
not experience a long-term wage decline caused by negative selection 
during the boom, but it would experience a long-term wage decline 
caused by human capital depreciation. Consequently, comparing the 
boom cohort to the pre-boom cohort absorbs the component of the 
wage Eq.  (2) reflecting the differences in worker type starting in the 
ICT sector, and thus isolates the long-run evolution of human capital 
accumulated in ICT during the boom net of the selection effect.

We start by returning to Fig.  3, where we also plot the pre-boom 
cohort’s wage dynamics (the blue line). The pre-boom cohort experi-
ences the same downward trend after the boom as the boom cohort. 
This suggests that the long-term wage discount reflects human capital 
depreciation among workers exposed to the technologies developed by 
the booming ICT sector, rather than negative selection into the ICT 
sector during the boom (𝛥𝜃𝑐 in Eq.  (3)), since both cohorts embedded 
the same new technologies.10

To formally test the similarity of the wage pattern between the pre-
boom and boom cohorts, we use the same strategy as in Section 3.3.1 
and stack both cohorts of workers. The coefficients of the difference-
in-differences regression (4) capture the difference in the estimated 
coefficients for the pre-boom and boom cohorts from Fig.  3. We find 
that the difference in wage dynamics between the two cohorts is 
statistically insignificant (panel B of Fig.  4). This result confirms that 
the wage decline that follows the boom period in the ICT sector 
is consistent with human capital depreciation but not with negative 
selection during the boom.

An additional piece of evidence against selection comes from Sec-
tion 4.1.2. There, we show that the long-term wage discount is concen-
trated in industries that subsequently experienced faster technological 
obsolescence, and is absent in industries that did not. This pattern is dif-
ficult to reconcile with selection, since initial match quality has no clear 
reason to vary systematically with future technological obsolescence.

3.3.3. Baseline specification and additional controls
Our setting allows us to further control for unobserved shocks 

and non-random allocation of workers to sectors, places, and firms 
by conditioning on an extensive set of fixed effects in Eq.  (4). For 
exposition, we replace the year dummies in the triple-interaction terms 
𝐼𝐶𝑇𝑖,0 × cohort-dummy× year-dummy with dummies for the three time 
periods 2003–2005, 2006–2010, and 2011–2015. The specification is 
otherwise identical to Eq.  (4):
log(𝑊 𝑎𝑔𝑒𝑖,𝑡) =

∑

 period=2003 -05,
2006 -10, 2011 -15

𝛽𝑝𝑒𝑟𝑖𝑜𝑑 ⋅ 𝐼𝐶𝑇𝑖,0 × 𝐵𝑜𝑜𝑚𝐶𝑜ℎ𝑜𝑟𝑡𝑖 × (𝑡 ∈ 𝑝𝑒𝑟𝑖𝑜𝑑)

+ 𝛾𝑡 × 𝐼𝐶𝑇𝑖,0 + 𝛿𝑐,𝑡 + 𝛼𝑡 ×𝑋𝑖,0 + 𝜖𝑖,𝑡 (5)

The baseline specification controls for worker demographic charac-
teristics and experience (sex, age at entry dummies) gathered in vector 

10 Fig.  3 also shows that the pre-boom cohort exhibits a small wage premium 
before the boom. It may reflect time-invariant unobserved differences in 
worker ability, which are absorbed by the worker fixed effects in our main 
specification.
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Fig. 4. Wage dynamics of boom-cohort ICT workers relative to other cohorts.
Note. The figure displays the estimates of 𝛽𝐵𝑜𝑜𝑚𝑡  in the difference-in-differences specification (4). 𝛽𝐵𝑜𝑜𝑚𝑡  reflects the wage premium in a given year 𝑡 of skilled 
workers from the boom cohort 1998–2001 who started in the ICT sector relative to similar workers who started in other sectors (first difference) and relative to 
workers from the post-boom cohort 2003–2005 (in panel A) or relative to workers from the pre-boom cohort 1994–1996 (in panel B) (second difference).
𝑋𝑖,0, interacted with year fixed effects (𝛼𝑡) to account for changes in 
the returns to experience over time and evolving gender wage gaps. 
We also control for occupation-specific patterns in skill accumulation 
and depreciation (e.g., Kogan et al., 2023) by including two-digit 
occupation at entry in the vector of worker characteristics 𝑋𝑖,0.11

Column 1 of Table  1 reports the results without individual fixed 
effects. The estimates mirror the dynamics in panel A of Fig.  4. During 
the 2003–2005 period, individuals from the boom cohort who started 

11 We construct the fixed effect using the occupation in the first job rather 
than the current occupation because the current occupation is endogenous 
to human capital accumulation. For the same reason, all the other fixed 
effects described in this section and constructed using the commuting zone, 
sector, and firm characteristics, are measured in the first job, unless otherwise 
specified.
8 
in the ICT sector have similar wages to individuals from the post-
boom cohort who also started in the ICT sector (relative to the same 
comparison for individuals who started in other sectors). However, as 
time passes, individuals who started in ICT during the boom experience 
slower wage growth such that their wage is 6.2% lower over the 
2011–2015 period.

Column 2 is our baseline specification. It includes individual fixed 
effects, ensuring identification comes from within-worker wage tra-
jectories rather than changes in sample composition due to attrition. 
The inclusion of individual fixed effects implies that the 𝛽 coefficients 
are identified relative to a reference time period which we fix to 
2003–2005. The coefficients for the period 2006–2015 relative to the 
reference period are very similar to those in column 1, implying that 
non-random attrition does not explain the wage discount. We pro-
vide additional evidence that attrition does not explain our results in 
Appendix B.8.
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Table 1
Long-term wage discount of boom-cohort ICT workers.
 log(Wage)

 (1) (2) (3) (4) (5) (6) (7)  
 ICT0 ×Boom× [03–05] 0.014  
 (0.014)  
 ICT0 ×Boom× [06–10] −0.029* −0.045*** −0.040*** −0.041** −0.037** −0.038**  
 (0.016) (0.014) (0.015) (0.017) (0.016) (0.017)  
 ICT0 ×Boom× [11–15] −0.062*** −0.077*** −0.072*** −0.079*** −0.075*** −0.076***  
 (0.021) (0.020) (0.021) (0.023) (0.023) (0.023)  
 ICT0 ×Time of exposure× [06–10] −0.014*** 
 (0.004)  
 ICT0 ×Time of exposure× [11–15] −0.023*** 
 (0.006)  
 Fixed Effects  
  Worker – ✓ ✓ ✓ ✓ ✓ ✓  
  ICT0 ×Year ✓ ✓ ✓ ✓ ✓ ✓ ✓  
  Worker controls×Year ✓ ✓ ✓ ✓ ✓ ✓ ✓  
  Pseudo firm0 ×Year – – ✓ – – – –  
  Sales growth (𝑡 → 𝑡 + 5) quintile×Year – – – ✓ ✓ ✓ –  
  Entry wage quintile×Year – – – – ✓ ✓ –  
  Commuting zone0 ×Year – – – – – ✓ –  
 Observations 122,722 122,722 122,722 122,722 122,722 122,722 122,722  
Note. The table presents OLS estimates for labor market entrants of the boom cohort 1998–2001 and post-boom cohort 2003–2005 over the 
period 1998–2015. The dependent variable is log wage of worker 𝑖 in year 𝑡. ICT 0 is a dummy equal to one if the worker started in the ICT 
sector. Boom is a dummy equal to one if the worker belongs to the boom cohort. [06–10], and [11–15] are dummies equal to one if year 𝑡
belongs to the corresponding time period. All specifications include ICT 0, as well as worker demographic controls (sex, age dummies, entry 
year dummies, two-digit occupation at entry) all interacted with year fixed effects. Column 2 adds worker fixed effects. Column 3 includes 
initial employer’s pseudo-firm fixed effects based on ex-ante characteristics and include combinations of quintiles of employment, firm age, and 
labor productivity (i.e., 5×5×5 = 125 pseudo firms) interacted with year fixed effects. Column 4 augments the pseudo-firm definition to include 
ex-post performance, measured by five-year forward sales growth quintiles, alongside the previous ex-ante characteristics. Column 5 includes 
entry wage quintile× cohort× year fixed effects. Column 6 includes commuting zone× cohort× year fixed effects. In column 7, Time of exposure
is equal to 2002 minus the worker’s starting year for boom-cohort workers (i.e., with starting year between 1998 and 2001), and zero for the 
post-boom cohort. Standard errors are clustered at the individual level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% 
levels, respectively.
The 7.7% long-term wage discount is economically significant. It 
amounts to approximately two years of early career experience. We 
obtain this number by estimating the return to experience over the first 
ten years of workers’ careers in our sample to be in the range of 3.0% 
to 4.4% per year of experience (see Appendix B.1).

To address potential bias from unobserved sector-, location-, and 
firm-specific shocks that might correlate with workers’ initial sector 
choices, we progressively saturate the regression with high-dimensional 
fixed effects.

In column 3, we include pseudo-firm fixed effects interacted with 
year to account for the relationship between employer characteristics 
and wage trajectories.12 If firm characteristics in the ICT sector changed 
during the boom due to easy financing, the wage discount might par-
tially reflect first employer’s characteristics rather than human capital 
depreciation.

Ideally, we would include initial employer fixed effects ×  year 
fixed effects to compare workers from different cohorts who started 
at the same firm. However, the sampling design, which randomly 
selects individuals regardless of employer, makes this impractical. Since 
few firms hire multiple sampled high-skill workers across cohorts, 
such firm× year fixed effects would absorb most identifying variation. 
Instead, we construct ‘‘pseudo firms’’ based on key firm attributes.

Drawing on the literature that identifies firm size, age, and pro-
ductivity as crucial determinants of wage dynamics, we create com-
binations of quintiles of employment, firm age, and labor productivity 
(i.e., 5 × 5 × 5 = 125 pseudo firms) that we interact with year fixed 
effects. These fixed effects ensure that we compare similar workers 
across sectors and cohorts, who started in firms of comparable size, 
age, and productivity profiles.

12 For instance: firm size (Tate and Yang, 2015; Bloom et al., 2018; 
Hartman-Glaser et al., 2019), firm age (Ouimet and Zarutskie, 2014), and firm 
productivity (Abowd et al., 1999).
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While in column 3 we make comparisons within ex-ante firm char-
acteristics, ICT-boom cohort workers may be disproportionately hired 
by firms that perform poorly ex-post. In column 4, we augment the 
pseudo-firm definition to include ex-post performance, measured by 
five-year forward sales growth quintiles, alongside the previous ex-
ante characteristics. To further ensure that we compare workers with 
the same initial productivity, in column 5 we include entry wage 
quintile× cohort× year fixed effects.13

In column 6, we include commuting zone× cohort× year fixed ef-
fects. This removes any correlation arising from spatial sorting of 
productive workers that would expose them to different local shocks 
such as local tax shocks that interact with technological change, local 
demand shocks, or local credit shocks. Across all specifications, the 
long-term wage discount from starting in the ICT sector during the 
boom is quantitatively robust.

Finally, in column 7, we show that the magnitude of the wage 
discount is increasing in the duration of exposure to the ICT boom. 
We replace the boom cohort dummy by the duration of exposure 
to the boom defined as 2002 minus the worker’s starting year for 
boom-cohort workers (i.e., with starting year between 1998 and 2001), 
and zero for the post-boom cohort. The negative coefficient on the 
duration of exposure interacted with ICT implies that, within the boom 
cohort, earlier cohorts that were exposed to the ICT boom suffer from 
a larger long-term depreciation of human capital. In Appendix B.2, we 
further estimate the ICT wage discount by worker’s starting year. We 
find that, while the discount is not driven by any particular starting 
year, it decreases monotonically from early cohorts to late cohorts, 
consistent with the result that the discount increases with the duration 
of exposure.

We discuss in depth in Section 4.2 why the ICT bust cannot explain 
our results. As a simple first approach, we include in columns 2 and 3 of 

13 For a similar strategy, see: Michelacci and Schivardi (2020), Kogan et al. 
(2023), and Green et al. (2025).
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Table B.6 pseudo-firm fixed effects for the current employer in addition 
to the initial employer and find a similar wage discount. This implies 
that the result is not explained by boom-cohort ICT workers ending up 
in different or worse firms than post-boom cohort ICT workers.

3.4. Capital flows

Periods of intense technological change typically attract a large 
inflow of speculative capital to the innovative sector. As we show in 
Section 2.2, the ICT revolution in France was no exception. In this 
section, we explore the relationship between the financing boom and 
subsequent human capital depreciation.
Implications for Aggregate Human Capital. Our results so far show 
that workers exposed to the ICT revolution experience a wage discount, 
which can be interpreted as human capital depreciation (Section 3.3). 
This average effect would particularly weigh on aggregate human cap-
ital (and, consequently, on aggregate labor productivity and economic 
growth) if capital flows during the boom are directed towards firms 
whose workers experience the largest depreciation. In such a scenario, 
more workers would face long-term human capital losses.14

If instead capital flowed primarily to firms whose workers main-
tained their human capital value, the aggregate impact would be less 
severe. Therefore, whether financing booms amplify or mitigate the ag-
gregate productivity impact depends on the covariance between human 
capital depreciation and capital flow during the boom.
Empirical analysis. To examine how human capital depreciation cor-
relates with capital availability during the boom, we extend our base-
line specification (Eq.  (5)) by incorporating interactions with the two 
measures of capital availability introduced in Section 2.2.15 The first 
one proxies for overvaluation at the four-digit industry level using 
value-weighted stock return during the year 1999 (ICT stocks peak in 
March 2000).

The second proxy measures capital inflow using all public and 
private firms. We take net equity issuance defined as the mid-point 
growth rate in share equity at the firm level from the tax filings, and 
calculate the leave-one-out mean at the four-digit industry× commuting 
zone× year level. The leave-one-out mean ensures that capital availabil-
ity is not mechanically tied to the firm’s productivity. An advantage 
of this proxy is that it varies across industries and geographies, which 
allows us to augment the specification with a rich set of fixed effects.16

Results. Table  2 reports the results. We define 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖
as a dummy variable indicating above-median values for each capi-
tal availability measure, and focus on the interaction term 𝐼𝐶𝑇𝑖,0 ×
𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖 × 𝐵𝑜𝑜𝑚𝐶𝑜ℎ𝑜𝑟𝑡𝑖 × 2011-15. We find that the wage 
discount for workers who started in the ICT sector during the tech-
nology boom is concentrated in four-digit industries with high capital 
availability across both proxies (columns 1 and 2). The magnitudes are 
large, with workers facing an additional 10 to 11 percentage points 
long-term wage discount in these sectors.

The positive covariance between capital flow and human capital 
depreciation implies that the financing boom contributed to reducing 
aggregate labor productivity. Indeed, rather than flowing to firms 

14 In Appendix B.3, we show that capital flows are indeed strongly correlated 
with labor flows in a panel regression at the industry× geography× year level 
with industry, geography, and year fixed effects.
15 As for other firm characteristics used in previous specifications, capital 
availability is measured for the firm at which the worker takes her first job 
and is thus time-invariant for each worker.
16 The top three ICT industries in terms of capital flow are ‘‘Other 
telecommunications activities’’, ‘‘Database activities’’, and ‘‘Computer systems 
consulting’’, while the bottom three are ‘‘Rental of office machinery and 
computer equipment’’, ‘‘Manufacture of radio and television transmission 
equipment’’, and ‘‘Manufacture of office machinery’’.
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where workers accumulate useful skills, capital was directed towards 
firms whose workers subsequently experienced large human capital 
depreciation. Therefore, in aggregate, more workers lost human capital 
in the long run, and the positive cross-sectional covariance between 
capital flow and human capital depreciation contributes negatively 
to aggregate labor productivity, in the spirit of Hsieh and Klenow 
(2009).17

Why the abundance of finance would correlate with skills that 
depreciate faster over time was a priori not obvious. Indeed, an al-
ternative possible view is that overvaluation in the innovative sector 
can enhance growth by promoting investments that increase future 
productivity (Olivier, 2000; Caballero et al., 2006). We examine two 
non-mutually exclusive reasons for the relation between capital flows 
and skill depreciation. First, capital may be drawn to sectors that will 
experience faster technological experimentation, and it is the latter that 
causes skill depreciation. We analyze this channel in Section 4.1.2. 
Second, easier financing may causally accelerate skill depreciation, a 
possibility we explore next.
Causal effect of financing booms. While the aggregate productivity 
implications we identified above hold regardless of causality, under-
standing whether capital flows causally affect human capital deprecia-
tion clarifies the mechanisms at work.

A causal impact may occur if greater capital availability spurs 
experimentation that exposes workers to the risk of failure and loss 
of project-specific human capital. Alternatively, sectors receiving large 
capital inflows may simply be those experiencing fast-paced technolog-
ical change, which itself drives depreciation.

As a first pass to distinguish between these explanations, we ex-
ploit the granular nature of our capital flow measure (varying at 
the four-digit industry× commuting zone× year level) by adding four-
digit industry× cohort× year fixed effects. This approach allows us to 
examine how the wage discount varies with capital flow while holding 
constant the pace of technological change within each detailed indus-
try. When we include these fixed effects, Eq.  (5) compares the wage 
discount in a given year for workers from the same cohort, who start 
in the same four-digit industry, across geographies. Since technological 
progress likely advances similarly for all firms within a narrowly-
defined industry, this approach helps isolate the effect of capital flows 
from that of technological change, which could drive capital flows and 
thus confound the results.

Column 3 reports the results with four-digit industry× cohort× year 
fixed effects. The point estimate remains strongly negative and statisti-
cally significant, implying that even within the same detailed industry 
and cohort, workers more exposed to large capital inflows face a 
larger depreciation of their human capital. Column 4 shows that the 
effect of capital flow on human capital depreciation remains nega-
tive, although with weaker statistical significance when we include 
commuting zone× cohort× year fixed effects, which account for local 
time-varying factors like business dynamism and productivity shocks.

Taken together, these results show that capital flows uncorrelated 
with firm, industry, or local labor market productivity lead to a larger 
depreciation of human capital for workers starting in the ICT sector. 
We investigate the mechanism behind this pattern in Section 4.

3.5. Robustness

Capital income. We may underestimate workers’ earnings because 
the matched employer–employee data report labor income but not 
capital income. Capital income can be significant for entrepreneurs and 
high-skill employees when they are granted shares or options in their 

17 This is a statement about the long-term (i.e., ex-post) effect of the capital 
allocation. Whether this effect was predictable at the time of the boom is a 
more challenging question, which our empirical design does not address.
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Table 2
Capital availability and human capital depreciation.
 log(Wage)

 Proxy of capital availability: 1999 return Equity issuance
 (sector level) (sector× geo× entry year level)
 (1) (2) (3) (4)  
 ICT0 ×Boom× [06–10] −0.027 −0.011 −0.017  
 (0.027) (0.022) (0.023)  
 ICT0 ×Boom× [11–15] −0.025 −0.041 −0.053  
 (0.043) (0.031) (0.033)  
 ICT0 ×Capital availability×Boom× [06–10] −0.052 −0.084*** −0.054 −0.064**  
 (0.035) (0.030) (0.035) (0.032)  
 ICT0 ×Capital availability×Boom× [11–15] −0.111** −0.100** −0.106** −0.063  
 (0.052) (0.043) (0.050) (0.046)  
 Fixed Effects  
  Worker ✓ ✓ ✓ ✓  
  ICT0 ×Year ✓ ✓ ✓ ✓  
  Worker controls×Year ✓ ✓ ✓ ✓  
  Industry0 ×Year – – ✓ –  
  Commuting zone0 ×Year – – – ✓  
 Observations 78,508 95,347 95,347 95,347  
Note. The table presents OLS estimates for labor market entrants of the boom cohort 1998–2001 and post-boom cohort 
2003–2005 over the period 1998–2015. The dependent variable is log wage of worker 𝑖 in year 𝑡. ICT 0 is a dummy equal to 
one if the worker started in the ICT sector. Boom is a dummy equal to one if the worker belongs to the boom cohort. [06–10], 
and [11–15] are dummies equal to one if year 𝑡 belongs to the corresponding time period. All specifications include ICT 0, 
as well as worker demographic controls (sex, age dummies, entry year dummies, two-digit occupation at entry) all interacted 
with year fixed effects. Capital availability is a dummy that takes the value one if the proxy of capital availability is above 
the sample median. Each variable is interacted with a proxy of capital availability in the sector (and geography and time for 
the second proxy) at which the worker takes her first job. In column 1, the proxy of capital availability is the value-weighted 
stock return in 1999 at the four-digit industry level at which the worker takes her first job. In columns 2 to 4, it is net equity 
issuance at the four-digit industry× commuting zone× year level. Worker demographics× year are a set of worker demographic 
controls (sex, age dummies, entry year dummies, two-digit occupation at entry, ICT0) all interacted with year fixed effects. 
Standard errors are clustered at the individual level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% 
levels, respectively.
employer’s stock (e.g., Kim and Ouimet, 2014; Eisfeldt et al., 2022). 
To account for capital income, we link the employer–employee data 
with employers’ financial statements from tax filings. Since we do not 
have information on stock grants and stock options, we calculate capital 
income under two scenarios.

In the first scenario (column 5 of Table B.6), we assume the CEO 
holds all cash flow rights. We add the firm’s net income to the CEO’s 
earnings.18 In the second scenario (column 6), we assume employees 
receive ownership stakes when they join startup companies. During the 
first eight years of a firm’s life, we allocate one-third of its net income 
to the skilled employees who joined the firm within three years of firm 
creation.19

For both measures, we calculate workers’ total earnings as wage 
plus capital income and use the log of total earnings as the dependent 
variable. In both cases, accounting for capital income has little effect 
on the magnitude of the long-run wage discount.
Cumulative earnings. The long-term wage would not accurately re-
flect long-term productivity if there is reverse backloading, i.e., if 
workers earn high upfront wages in exchange for lower wages later 
on (Lazear, 1981). In this case, individuals starting in the booming 
ICT sector might still earn the same cumulative earnings as individuals 
starting in other sectors despite slower wage growth.

18 We identify the CEO as one-digit occupation code 2. When the firm reports 
several CEOs, we split the net income equally among them. Results are similar 
when we use dividends instead of net income. We prefer net income because 
it includes capital gains resulting from undistributed profits.
19 We assume that this one-third fraction of net income is shared between 
the early joiners of the startup in proportion to their wage. We use a profit 
share of one-third because it is unlikely capital providers would not claim 
at least two-thirds of the profits (Eisfeldt et al., 2022). Results are robust to 
using different profit shares and different time horizons at which we assume 
ownership stakes are granted to employees.
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To test whether this is the case, in Appendix B.5 we estimate Eq. 
(1) using cumulative earnings from labor market entry up to each 
year 𝑡 post-entry as the dependent variable, discounted back to the 
entry year at a rate of 5% per year. We find that high-skill workers 
starting in ICT during the boom earn cumulative earnings from entry 
to 2015 that are 5.5% lower than those of similar workers starting in 
other sectors. A specification in levels instead of logs shows that the 
discounted cumulative earnings loss is 24,000 euros. Therefore, the 
long-term wage discount is not driven by backloading practices, but 
instead reflects that high-skill workers starting in the ICT sector during 
the technology boom are worse off in the long run.
Total earnings. Our baseline specification uses wages from full-time 
jobs that last for at least six months because we are interested in 
measuring the value of workers’ skills, which might be less well re-
flected in temporary and part-time jobs. In Appendix B.6, we show that 
the long-term wage discount for ICT-boom cohort workers is quantita-
tively robust to using total earnings from all job spells, and to adding 
(imputed) unemployment benefits when individuals are unemployed.
Other robustness. We run two additional tests to confirm that selec-
tion is unlikely to explain our results. First, using workers that we can 
link to education outcomes, we show there is no evidence that the pool 
of workers going to the ICT sector during the boom is of lower quality 
based on their education achievements (see Appendix B.7). Second, 
looking at the correlation between wage growth and attrition, we show 
that cohorts of workers joining the ICT sector during the boom are 
neither more likely to leave the sample when they are on a high wage 
growth trajectory (e.g., because they move to Silicon Valley) nor when 
they are on a low wage growth trajectory (e.g., inducing them to drop 
out of the labor force; see Appendix B.8).
Excluding sectors one-by-one. Compensation of high-skill workers in 
the financial sector grew faster than in other sectors during the 2000s 
(e.g., Philippon and Reshef, 2012), which could partially drive the wage 
discount in the ICT sector relative to the other sectors that include the 
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financial sector. In column 4 of Table B.6, we show that our results 
are robust to excluding workers starting in the financial sector. In 
Figure B.2, we show the distribution of coefficients when we estimate 
the regression excluding two-digit sectors one-by-one, resulting in 26 
distinct regressions. The point estimates and 𝑡-statistics are tightly 
distributed around the baseline point estimate and 𝑡-statistic. Therefore, 
the results are not driven by any particular industry in the control 
group.

4. Mechanism

Why do workers who developed the innovations of the ICT sector 
during its technological boom experience a substantial depreciation 
of their human capital? Why does this depreciation increase with the 
duration of exposure to the ICT boom, and why is it stronger at firms 
that received larger capital inflows?

We examine two potential mechanisms. The first relies on skill 
obsolescence, whereas the second focuses on the consequences of the 
ICT sector bust.

4.1. Skill obsolescence

Innovation booms feature intense experimentation and rapid intro-
duction of multiple versions of new technologies before they stabilize. 
Afterwards, the economy contains overlapping vintages of technology, 
with older ones rendered obsolete by newer ones, even as both co-
exist (Chari and Hopenhayn, 1991). As a result, the human capital 
embedding the older vintages of experimentation becomes obsolete as 
well.

Such obsolescence could explain the long-run wage discount of 
workers who were exposed to the booming ICT sector as they developed 
human capital specific to early technology versions. For example, while 
many developers specialized in building static websites using early 
versions of HTML during the late 1990s, technologies like CSS3 and 
database-driven frameworks became the norm by the mid-2000s. IT 
consultants faced similar challenges, with on-premise CRM systems 
being rendered obsolete by cloud-based solutions.

In all the tests in this section, the post-boom cohort serves as the 
control group, while the pre-boom and boom cohorts are pooled to-
gether as the treatment group. Both treatment groups were employed in 
the ICT sector during the boom and therefore embed the same vintage 
of technologies in their human capital, even though they entered the 
labor market at different times. Consistent with this, the pre-boom and 
boom cohorts exhibit indistinguishable long-run wage dynamics (Fig. 
3), while the post-boom cohort, who joined ICT after the technologies 
had stabilized, does not. Pooling the two treated cohorts also increases 
sample size and statistical power for the split-sample tests that follow.

4.1.1. STEM occupations
Human capital depreciation should be stronger for workers who 

were more exposed to the technological change, either because their 
firms innovated more during that period, or because their skills are 
more tightly linked to specific technology implementations. We test 
this prediction by examining the differential impact of technological 
change on workers’ wages. Our analysis focuses on two key dimensions 
of exposure: (i) industries categorized by their STEM workforce com-
position, and (ii) the technological specificity of workers’ skills (STEM 
vs. non-STEM roles).20

Table  3 presents the wage discount across different exposure levels. 
For each measure of exposure intensity to technological change, we 

20 Kogan et al. (2023) makes a similar argument to estimate the exis-
tence of vintage-specific human capital, where they compare the effect of 
technological changes on workers’ wages across occupation task types (cogni-
tive/manual/interpersonal) and argue that cognitive workers accumulate more 
technology-specific skills that become obsolete.
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report the wage discount for more exposed workers in panel A, and 
less exposed workers in panel B. Columns 1 and 2 contrast the effects 
when we split workers along the median of the industry STEM share 
and reveal a sharp pattern: the long-run wage discount is concentrated 
in ICT industries with high STEM representation (panel A), while the 
effect in ICT industries with low STEM intensity is statistically and 
economically insignificant (panel B). This suggests that workers whose 
human capital is more technology-embedded face accelerated skill 
obsolescence.

In columns 3 and 4, we examine worker occupation as a proxy for 
technological exposure. We hypothesize that human capital deprecia-
tion will be more severe for technology-skilled workers (e.g., engineers) 
whose expertise is tied to specific technological implementations, com-
pared to managers with more generalist skills (e.g., CFOs) whose 
expertise transcends technological vintages. The same pattern holds. 
The wage discount within the ICT sector is concentrated among STEM 
workers (panel A), supporting the technological skill obsolescence hy-
pothesis. Meanwhile, non-STEM workers whose human capital is more 
generalist and less tied to firms’ technologies have similar wage tra-
jectories to non-STEM workers who started outside the ICT sector 
(panel B).21

4.1.2. Pace of technological obsolescence
Conditional on having embedded new vintages of technologies into 

their human capital, workers whose technology vintages become more 
rapidly obsolete should face a faster depreciation of their human capi-
tal.

Measuring technological experimentation and obsolescence. While 
it is well established that the late 1990s tech boom featured intense 
technological innovation and financial speculation, the pace at which 
technologies from that period become obsolete is less understood.

Measuring technological experimentation and obsolescence using 
patents raises the issue that innovation outcomes may capture con-
founding factors (financing constraints, competitive pressures, or in-
herent productivity differences (e.g., Hombert and Matray, 2018)) that 
independently affect firm performance and worker compensation. To 
mitigate these concerns, we use US patents to measure technological ex-
perimentation and obsolescence facing French workers. This approach 
minimizes the risk of omitted variables driving our results (Rajan and 
Zingales, 1998; Ellison et al., 2010).

The identifying assumption is that the cross-sectional ranking of 
industries by experimentation and obsolescence is similar in the US 
and in France. This assumption is plausible if technological change is 
correlated across both countries, or if frontier US technologies diffuse 
to France. Both conditions are natural: the US is at the technological 
frontier, and ICT technologies were rapidly adopted internationally 
during this period. Using US patent data also has two empirical ad-
vantages. First, the larger scale of US patenting reduces idiosyncratic 
measurement error in patent-based experimentation and obsolescence 
proxies. Second, because the measures are constructed outside France, 
they are less likely to mechanically reflect French-specific factors that 
may directly affect French wages.

We use USPTO data covering all US patents filed during 1990–2010 
to construct, at the four-digit CPC technology class level, two mea-
sures of technological obsolescence and one measure of technological
experimentation. The two obsolescence measures capture how quickly 
existing technology vintages are superseded. The first is the average age 
of cited patents: in rapidly evolving fields, new patents cite increasingly 

21 While the average ICT wage discount is driven by STEM workers, the point 
estimate for non-STEM ICT workers is near zero, statistically indistinguishable 
from non-STEM, non-ICT workers. However, due to the limited number of 
non-STEM workers in ICT in the data, we cannot conclusively determine the 
statistical significance of the difference between STEM and non-STEM workers 
at conventional levels.
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Table 3
Wage regression by STEM intensity.
 Dependent variable: log(Wage)

 Proxy level: Industry Worker

 (1) (2) (3) (4)  
 Panel A: STEM intensive
  
 ICT0 ×Boom× [06–10] −0.048** −0.027 −0.045*** −0.032*  
 (0.020) (0.028) (0.014) (0.017)  
 ICT0 ×Boom× [11–15] −0.105*** −0.060 −0.097*** −0.098*** 
 (0.030) (0.042) (0.021) (0.025)  
 Observations 59,264 59,264 101,413 101,413  
 Panel B: Non-STEM intensive
  
 ICT0 ×Boom× [06–10] 0.030 0.041 −0.055 −0.017  
 (0.035) (0.047) (0.038) (0.051)  
 ICT0 ×Boom× [11–15] 0.046 0.041 −0.059 −0.023  
 (0.045) (0.061) (0.052) (0.065)  
 Fixed Effects  
  Worker ✓ ✓ ✓ ✓  
  ICT0 ×Year ✓ ✓ ✓ ✓  
  Worker controls×Year ✓ ✓ ✓ ✓  
  Sales growth (𝑡 → 𝑡 + 5) quintile×Year – ✓ – ✓  
  Entry wage quintile×Year – ✓ – ✓  
  Commuting zone0 ×Year – ✓ – ✓  
 Observations 73,952 73,952 60,152 60,152  
 p-value: (High STEM - Low STEM) .0054 .17 .49 .27  
Note. The table presents OLS estimates for labor market entrants of the pre-boom cohort (1994–1996), boom cohort 
(1998–2001) and post-boom cohort (2003–2005) over the period 2003–2015. The dependent variable is log wage of worker 
𝑖 in year 𝑡. ICT 0 is a dummy equal to one if the worker started in the ICT sector. Boom is a dummy equal to one if the 
worker belongs to the boom or the pre-boom cohort. [06–10], and [11–15] are dummies equal to one if year 𝑡 belongs to the 
corresponding time period. All specifications include ICT 0, as well as worker demographic controls (sex, age dummies, entry 
year dummies, two-digit occupation at entry) all interacted with year fixed effects. The table estimates specification (5) by 
STEM intensity. In columns 1–2, intensity is measured as the share of STEM workers among the workforce at the four-digit 
industry level and split industries at the median within ICT and non-ICT. In columns 3–4, STEM intensity is a STEM occupation 
dummy measured at the worker level. The last line reports the p-values of the difference for 𝐼𝐶𝑇0 ×𝐵𝑜𝑜𝑚× [11− 15] between 
panel (A) and panel (B). Standard errors are clustered at the individual level. ***, **, and * indicate statistical significance 
at the 1%, 5%, and 10% levels, respectively.
recent work, so a lower average age of cited patents indicates that 
older knowledge becomes obsolete faster. We date patents by appli-
cation year, following standard practice in the innovation literature. 
The second is RETech, the text-based measure of Bowen et al. (2023), 
which captures how rapidly the vocabulary describing inventions grows 
across recent patents; higher values reflect more novel language and 
breakthroughs that render existing vintages obsolete. The experimen-
tation measure is the standard deviation of citations received, computed 
within each technology class by year: high dispersion reflects intensive 
experimentation, during which innovations show greater variance in 
quality and impact (Hombert and Matray, 2017; Balsmeier et al., 2017).

On average across the boom years, ICT patents (i) cited younger 
patents, (ii) exhibited greater cross-patent dispersion in citations re-
ceived, and (iii) employed more novel terminology than non-ICT
patents (Appendix B.9, Table B.12). Moreover, these obsolescence 
patterns are most pronounced in the overvalued technology segments, 
potentially explaining why the ICT wage discount is stronger among 
firms that benefited from easy financing (Table  2).
Obsolescence pace and wage discount. To test whether faster ob-
solescence accelerates human capital depreciation, we use the same 
approach as in Table  3 and estimate the wage regression on two 
samples: workers who started in sectors with a faster obsolescence pace 
and those who started in sectors with a slower pace. To proxy for ob-
solescence acceleration, we compute the deviation from the technology 
trend around the boom period. To construct the deviation from trend, 
we regress the variable on a technology class fixed effect, and compute 
the average of the residual over the period during which technological 
experimentation deviates from trend in Figure B.3. We map technology 
classes to the French industry classification and, for each obsolescence 
measure, we split the sample at the broad industry median.
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Table  4 reports the results. In columns 1 to 3, we use the three differ-
ent measures constructed using the patent data. In column 1, we use −1 
the average age of cited patents, such that an increase in the measure 
indicates new patents cite younger patents. Across each measure, we 
consistently find that the wage discount is concentrated among workers 
who started in firms more likely to develop technologies that would 
become rapidly obsolete during the post-boom period. In contrast, 
workers in firms developing technologies with a slower obsolescence 
pace show essentially no wage effect. The difference between these two 
worker categories is statistically significant across our measures.

4.1.3. Workforce age
In theories where technological change is embodied in firm–worker 

matches (e.g., Mortensen and Pissarides, 1998; Eyigungor, 2010; Kogan 
et al., 2023; Braxton and Taska, 2023), such change occurs through 
new matches (i.e., new cohorts of workers), while existing matches 
(older cohorts) continue using older technology vintages at a discount. 
Therefore, firms that hire new cohorts of workers during the post-boom 
period are more likely to introduce new vintages of the technologies, 
making the older workers obsolete even though they continue to work 
for their employer, albeit at a lower (relative) wage.

To operationalize this idea, we construct two firm-level measures of 
hiring intensity for new cohorts of skilled workers between 2003 and 
2008: (i) negative change in the median age of the skilled workforce, 
which captures firms that rejuvenate their skill base by disproportion-
ately hiring younger workers; (ii) growth rate in the number of skilled 
workers aged 30 or less, which directly measures cohort-specific hiring. 
Each measure captures a different dimension of firms’ employment 
dynamics: the first reflects changes in the relative share of young 
workers, while the second captures their absolute growth. For each 
measure, we estimate the wage regression on two samples: workers 
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Table 4
Wage regression by technological obsolescence.
 Dependent variable: log(Wage)

 Technological Obsolescence Proxy: Patents 𝛥 Workforce age
 Measure: Age cited patents sd[citations] RETech Median age Growth young workers 
 (1) (2) (3) (4) (5)  
 Panel A: High obsolescence
  
 ICT0 ×Boom× [06–10] −0.118*** −0.092*** −0.115*** −0.045* −0.064***  
 (0.023) (0.022) (0.023) (0.025) (0.023)  
 ICT0 ×Boom× [11–15] −0.148*** −0.119*** −0.144*** −0.119*** −0.126***  
 (0.033) (0.031) (0.032) (0.032) (0.034)  
 Observations 50,592 53,197 50,234 58,076 57,886  
 Panel B: Low obsolescence
  
 ICT0 ×Boom× [06–10] −0.009 −0.010 −0.003 −0.054*** −0.047**  
 (0.031) (0.033) (0.034) (0.018) (0.019)  
 ICT0 ×Boom× [11–15] −0.024 −0.013 −0.014 −0.048* −0.051**  
 (0.050) (0.054) (0.055) (0.026) (0.026)  
 Fixed Effects  
  Worker ✓ ✓ ✓ ✓ ✓  
  ICT0 ×Year ✓ ✓ ✓ ✓ ✓  
  Worker controls×Year ✓ ✓ ✓ ✓ ✓  
 Observations 77,010 74,405 77,368 74,627 67,448  
 p-value: (High obsolescence - Low obsolescence) 0.037 0.088 0.042 0.085 0.075  
Note. The table presents OLS estimates for labor market entrants of the pre-boom cohort (1994–1996), boom cohort (1998–2001) and post-boom 
cohort (2003–2005) over the period 2003–2015. The dependent variable is log wage of worker 𝑖 in year 𝑡. ICT 0 is a dummy equal to one 
if the worker started in the ICT sector. Boom is a dummy equal to one if the worker belongs to the boom or the pre-boom cohort. [06–10], 
and [11–15] are dummies equal to one if year 𝑡 belongs to the corresponding time period. All specifications include ICT 0, as well as worker 
demographic controls (sex, age dummies, entry year dummies, two-digit occupation at entry) all interacted with year fixed effects. In columns 
1–3, technological obsolescence is measured using patent characteristics. In column 1, we use −1 the average age of cited patents, such that an 
increase in the measure indicates new patents cite younger patents. In column 2, we use the standard deviation of all future citations received 
by the patent. In column 3, RETech is the measure from Bowen et al. (2023) based on the analysis of patent text and captures how rapidly the 
vocabulary used to describe the invention is growing in use across recent patents. In columns 4–5, the change in workforce age is computed 
over 2003–2008. The growth of young workers (column 5) is measured as the log growth of workers aged 30 or less. For each measure, we 
sort industries along the median within broad industries and flag ‘‘high obsolescence’’ if the measure is above the median. The last line reports 
the p-values of the difference for 𝐼𝐶𝑇0 ×𝐵𝑜𝑜𝑚× [11−15] between panel (A) and panel (B). Standard errors are clustered at the individual level. 
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
who start in firms with above-median hiring of new cohorts and those 
who start in firms with below-median hiring of new cohorts.

We report the results in columns 4 and 5 of Table  4. Across both 
measures of new-cohort hiring, we find a larger wage discount among 
workers who start in firms with above-median hiring of new cohorts, 
that is, firms more likely to introduce newer technological vintages 
during the post-boom period. In contrast, workers who start in firms 
with below-median hiring, where technological upgrading is slower 
and existing vintages remain in use for longer, experience little to 
no wage effect. Notably, firms with above-median absolute growth in 
young workers show a larger wage discount for boom-cohort workers, 
indicating that poor firm growth does not drive the discount, a theme 
we revisit in Section 4.2.

4.1.4. Skill obsolescence and financing
The skill obsolescence channel may also explain why human capital 

depreciates more among firms that received greater inflows of capital 
during the boom (Table  2). During innovation booms, capital tends to 
flow more toward ICT firms and sectors that engage in more exper-
imentation (e.g., Kerr and Nanda, 2015), and hence where the early 
technologies developed are likely to become obsolete faster.

We provide evidence for this mechanism in Table  5. In the four-
digit industry× commuting zone× year panel over the boom period 
1998–2001, we regress capital flow on each of our measures of ex-
posure to skill obsolescence interacted with the ICT sector dummy. 
In column 1, exposure to skill obsolescence is a dummy equal to one 
if the industry STEM share is above median and zero otherwise, as 
in Table  3. In columns 2 to 4, exposure is based on the proxies of 
technological obsolescence constructed using patents as in Table  4. The 
positive coefficients on the interaction terms between each measure of 
14 
exposure and ICT imply that capital flows to ICT firms that are more 
exposed to the risk of skill and technological obsolescence. This result 
is consistent with the idea that capital is particularly attracted to firms 
pushing the technological frontier during an innovation boom and with 
the notion that innovative firms need equity financing due to their high 
levels of intangible assets.22

Taking stock, capital flows to firms that experiment and innovate 
intensively. These firms produce more technology vintages, leading 
to faster skill obsolescence. This generates the positive covariance 
between capital flow during the boom and future human capital de-
preciation. Consequently, the financing boom amplified the aggregate 
human capital depreciation by directing more workers toward firms 
where skills would quickly become obsolete.

4.2. ICT bust

The main alternative explanation that can rationalize our results is 
that the ICT bust scarred workers. Our previous results already suggest 
this channel is unlikely: (i) The post-boom cohort displays no ICT wage 
discount (Fig.  3); (ii) the boom discount is similar when we control 
for firms’ ex-ante characteristics and ex-post performance (column 4 of 
Table  1); and (iii) the discount is concentrated among STEM occupa-
tions (Table  3) and in firms most exposed to technological obsolescence 
(Table  4), whereas a sectoral bust should affect all occupations and 
firms.

22 For a discussion and evidence on the role of intangible assets and 
financing frictions, and the importance of equity, see among many others: 
(Eisfeldt and Papanikolaou, 2013; Crouzet and Eberly, 2019; Begenau and 
Palazzo, 2021; Falato et al., 2022; Crouzet et al., 2022; Beaumont et al., 2024).
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Table 5
Skill obsolescence and financing.
 Dependent variable: Capital flow:1998→2001
 Obsolescence proxy: STEM intensity Age cited patents sd[citations] RETech  
 (1) (2) (3) (4)  
 ICT 0.077*** 0.026*** 0.021** 0.028*** 
 (0.022) (0.009) (0.008) (0.008)  
 Exposure 0.013* 0.002 −0.007 0.003  
 (0.007) (0.008) (0.007) (0.007)  
 ICT×Exposure 0.052* 0.111*** 0.116*** 0.106*** 
 (0.030) (0.036) (0.036) (0.035)  
 Fixed Effects  
   Year ✓ ✓ ✓ ✓  
   Commuting zone ✓ ✓ ✓ ✓  
 Observations 173,196 142,782 142,782 142,782  
Note. The table presents OLS estimates for capital flows on different proxies of technological obsolescence over the period 
1998–2001. Capital flow is constructed as net equity issuance at the four-digit industry× commuting zone× year level. Exposure
is the proxy of technological obsolescence as indicated on top of the column. Standard errors are clustered by industry and 
commuting zones. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
Table 6
Firm performance.
 Dependent variable: Sales growth
 OLS P10 P25 P50 P75 P90  
 (1) (2) (3) (4) (5) (6)  
 ICT −0.028 −0.245*** −0.165*** −0.063*** 0.057*** 0.178*** 
 (0.025) (0.020) (0.007) (0.004) (0.005) (0.009)  
 Observations 291,944 291,944 291,944 291,944 291,944 291,944  
 Controls  
   Initial sales ✓ ✓ ✓ ✓ ✓ ✓  
Note. The table presents OLS and quantile regressions of firm-level sales growth from 2001 to 2005 on ICT 0, a dummy equal 
to one if the firm is in the ICT sector, controlling for log of sales in 2001. Column 1 shows OLS, while columns  2 through 6 
show quantile regressions for the 10th, 25th, 50th, 75th and 90th percentiles of sales growth. Standard errors are clustered 
at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
4.2.1. Firm performance
Firm-level analysis. We first examine the performance of ICT firms 
after the boom. We regress firm-level sales growth from 2001 to 2005 
on an ICT dummy, controlling for log of sales in 2001 to account for 
mean reversion. Column 1 of Table  6 shows that the average ICT firm 
present during the boom performs only marginally worse during the 
bust, with the difference being statistically insignificant.

This marginally lower average sales growth could mask substantial 
skewness because technological change creates uncertainty regarding 
which firms and technologies will prevail in the long run. We examine 
the dispersion in firm performance by running quantile regressions, 
which we report in columns 2 to 6 of Table  6. At the median and 
below, ICT firms experience lower performance than firms outside the 
ICT sector in the aftermath of the ICT bust, e.g., 6.3% smaller growth 
at the median. But this difference then turns positive, and at the 75th 
percentile ICT firms experience 5.7% faster growth than non-ICT firms.

To further evaluate the bust explanation, we examine whether 
workers at successful ICT firms fared better. If the bust drove our 
results, we would expect workers at top quartile ICT firms (those that 
performed better than non-ICT firms) to avoid the wage discount, as 
these firms successfully weathered the downturn. To do so, we re-
estimate our baseline wage regression conditioning on treated and 
control firms being in the top quartile of the sales growth distribution. 
We find that even within these top performing firms, workers who 
started in ICT firms during the boom also experience a large wage 
discount relative to workers starting in top quartile non-ICT firms 
(column 1 of Table B.13).

In column 2 of the same table, we rule out a related version 
of the under-performing sector channel, namely that the ICT-boom 
discount was specific to French firms. We use ownership data to identify 
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subsidiaries of US companies, defined as firms that are 100% owned by 
a US company, and re-estimate the wage equation on this subsample.23 
Here again, we find the same ICT-boom discount as in the whole 
sample.

Overall, differences in firm quality are unlikely to explain the wage 
discount for workers who started in the ICT sector during the boom. On 
the other hand, the skewed distribution of ICT firm performance sug-
gests that the average ICT wage discount might also mask substantial 
heterogeneity in worker outcomes. We explore this possibility next.
Worker-level analysis. We re-estimate the wage equation with quan-
tile regressions instead of OLS to test whether a skewed distribution 
could explain the negative average wage discount. Table  7 presents the 
results. In stark contrast to the results for firm performance, there is no 
evidence of a winner-take-all effect among ICT workers who started 
during the boom. Instead, the entire long-term wage distribution of 
individuals starting in the booming ICT sector is shifted uniformly to 
the left, with a discount ranging from 7.0% at the 90th percentile to 
8.6% at the 10th percentile.

4.2.2. Job termination
While many ICT firms performed well after the boom, they may 

have withstood the bust by firing en masse boom-cohort workers, 
who then suffered from the well-documented scarring effects of job 
termination (e.g., Huckfeldt, 2022).

We rule out this hypothesis in two ways. First, we estimate job 
termination likelihoods and find that scarring effects are an order of 
magnitude too small to explain the wage discount. Second, controlling 

23 Examples of US employers in the ICT sector include Microsoft and IBM.
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Table 7
Quantile wage regressions.
 Dependent variable: log(Wage)

 Quantile: P10 P25 P50 P75 P90  
 (1) (2) (3) (4) (5)  
 ICT0 ×Boom× [06–10] −0.039 −0.040** −0.040*** −0.040** −0.041*  
 (0.024) (0.017) (0.013) (0.016) (0.022)  
 ICT0 ×Boom× [11–15] −0.086*** −0.082*** −0.078*** −0.074*** −0.070*** 
 (0.024) (0.017) (0.013) (0.016) (0.023)  
 Observations 122,722 122,722 122,722 122,722 122,722  
 Fixed effects  
  Worker ✓ ✓ ✓ ✓ ✓  
  ICT0 ×Year ✓ ✓ ✓ ✓ ✓  
  Worker Controls×Year ✓ ✓ ✓ ✓ ✓  
Note. The table presents quantile regressions of Eq.  (5) for skilled entrants of the boom cohort 1998–2001 and post-boom 
cohort 2003–2005 over the period 1998–2015. The dependent variables in columns 1 through 5 are the 10th, 25th, 50th, 
75th and 90th percentiles of the log wage. ICT 0 is a dummy equal to one if the worker started in the ICT sector. Boom is 
a dummy equal to one if the worker belongs to the boom cohort. [06–10], and [11–15] are dummies equal to one if year 
𝑡 belongs to the corresponding time period. All specifications include ICT 0, as well as worker demographic controls (sex, 
age dummies, entry year dummies, two-digit occupation at entry) all interacted with year fixed effects. Standard errors are 
clustered at the individual level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
Table 8
Job termination.
 Dependent variable: 1 = [Job termination]
 Job termination proxy: Any transition 𝛥𝐸𝑚𝑝 < −10% Wage𝑡 < Wage𝑡0 Either (2) or (3) 
 (1) (2) (3) (4)  
 ICT0 ×Boom cohort 0.019 0.048*** 0.052** 0.063***  
 (0.022) (0.015) (0.021) (0.022)  
 Fixed Effects  
  ICT0 ✓ ✓ ✓ ✓  
  Worker controls×Cohort ✓ ✓ ✓ ✓  
 Observations 11,489 11,489 11,489 11,489  
Note. The table presents OLS estimates for labor market entrants of the boom cohort 1998–2001 and post-boom cohort 
2003–2005. Data are collapsed at the worker level. The dependent variable is a dummy that takes the value one if the 
worker has experienced a job termination in the four years following entry, and columns 1 through 4 use different proxies 
of job termination. In column 1, we use the probability of any job transition. In column 2 we use transitions associated with 
employment at the worker’s initial employer decreasing by 10% or more in the year of the transition. In column 3 we use 
transitions that lead to a wage cut for the worker. In column 4 we use transitions where either condition happens. Standard 
errors are clustered at the individual level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, 
respectively.
for job termination in the wage regression does not affect the estimated 
ICT wage discount.
Magnitude of scarring effects. We define three different proxies for 
workers facing a job termination: the worker experiences a job tran-
sition and (i) employment at the worker’s initial employer decreases 
by 10% or more in the year of the job transition; (ii) the transition 
leads to a wage cut for the worker; (iii) either happens. We impose 
these conditions to capture job termination and not any, potentially 
voluntary, job transition.

In Table  8, we study whether starting in ICT during the boom 
affects the probability of any job transition and the probability of job 
termination in the four years following entry. For each of the proxies 
of job transition, we regress a dummy equal to one if the worker 
experiences a job transition within four years of entry, on the dummy 
for starting in the ICT sector, the dummy for the boom cohort, and their 
interaction. We find that while boom-cohort ICT workers are not more 
likely to change jobs than same-cohort non-ICT workers (column 1), 
they are more likely to lose their job by 4.8 to 6.3 percentage points 
(columns 2–4).24

24 In Table B.14, we show that the increase in job termination is, if anything, 
larger for non-STEM workers than for STEM workers. Therefore, the larger 
wage discount for STEM workers than for non-STEM workers (see Table  3) is 
not driven by job termination.
16 
Moreover, Table  9 shows that job termination is associated with 
a long-term wage decline of 4.6 to 7.1 percentage points on average, 
depending on the proxy of job termination. These wage effects are in 
line with previous estimates.25 Therefore, heightened job termination 
can explain at best 0.063×7.1 = 0.4 percentage points of the overall 7.7 
percentage points wage discount.
Controlling for scarring effects. In Table  9, we re-estimate the base-
line wage regression controlling for job termination using the three 
proxies defined above. This barely changes the long-term wage dis-
count, which decreases from 7.7% to 7.5%.

Job termination might have a disproportionate impact on boom-
cohort ICT workers, for instance because conditional on losing their 
jobs, the scarring effect would be particularly large as their skills 
face accelerated obsolescence (Braxton and Taska, 2023). To test this 
possibility, in Table B.15, we re-estimate the regression by controlling 
for the full interaction of Job termination with 𝐼𝐶𝑇𝑖,0, Boom cohort and 
𝐼𝐶𝑇𝑖,0 ×Boom cohort. This specification allows job termination to have 
a different effect on workers starting in the booming ICT sector than on 
workers from other cohorts and starting in other sectors. The long-term 
discount remains large and significant for boom-cohort ICT workers 
experiencing no job termination. The effect is, if anything, larger for 

25 For instance, Gibbons and Katz (1991) finds wage losses between 1.1% 
and 5.4%, Burdett et al. (2020) reports wage losses around 5%, and Huckfeldt 
(2022) around 5.5%.
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Table 9
Wage discount controlling for job termination.
 Dependent variable: log(Wage)

 job termination proxy: Baseline 𝛥𝐸𝑚𝑝 < −10% Wage𝑡 < Wage𝑡0 Either (2) or (3) 
 (1) (2) (3) (4)  
 ICT0 ×Boom× [06–10] −0.045*** −0.044*** −0.044*** −0.043***  
 (0.014) (0.014) (0.014) (0.014)  
 ICT0 ×Boom× [11–15] −0.077*** −0.075*** −0.075*** −0.075***  
 (0.020) (0.020) (0.020) (0.020)  
 Job termination× [06–10] −0.028*** −0.061*** −0.053***  
 (0.011) (0.007) (0.007)  
 Job termination× [11–15] −0.046*** −0.071*** −0.064***  
 (0.014) (0.010) (0.009)  
 Fixed Effects  
  Worker ✓ ✓ ✓ ✓  
  ICT0 ×Year ✓ ✓ ✓ ✓  
  Worker controls×Year ✓ ✓ ✓ ✓  
 Observations 122,722 122,722 122,722 122,722  
Note. The table presents OLS estimates for labor market entrants of the boom cohort 1998–2001 and post-boom cohort 
2003–2005 over the period 1998–2015. ICT 0 is a dummy equal to one if the worker started in the ICT sector. Boom is a 
dummy equal to one if the worker belongs to the boom cohort. [06–10], and [11–15] are dummies equal to one if year 
𝑡 belongs to the corresponding time period. All specifications include ICT 0, as well as worker demographic controls (sex, 
age dummies, entry year dummies, two-digit occupation at entry) all interacted with year fixed effects. Job termination is a 
dummy that takes the value one if the worker experienced a job termination within the first four years after entry, using 
three different proxies of job termination: the worker experiences a job transition and (i) employment at the worker’s initial 
employer decreases by 10% or more in the year of the job transition (column 2); (ii) the transition leads to a wage cut for 
the worker (column 3); (iii) either happens (column 4). Standard errors are clustered at the individual level. ***, **, and * 
indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
those workers who experience job termination, consistent with Braxton 
and Taska (2023), although the difference is not statistically significant.

Workers who are not laid off might still experience lower wage 
growth when job terminations spike in their local labor market, be-
cause outside options worsen. To examine this possibility, we split 
the sample along the intensity of job termination in the worker’s 
local labor market. We compute the average yearly termination rate 
at the commuting zone× occupation level over the post-boom period 
2002–2005. In Table B.16, we estimate the baseline wage regression, as 
well as the specifications that control for each proxy of job termination, 
separately for local labor markets with above-median job termination 
rate and for those below median. We find that, if anything, the wage 
discount is higher in local labor markets that faced a lower termination 
rate, inconsistent with job termination explaining the discount.

5. Concluding remarks

Growth theories highlight that reallocating capital and talent to 
innovative sectors can enhance productivity, even when fueled by 
speculative financing in which investors over-invest. The impact on 
the human capital of workers drawn to these sectors during periods 
of intense technological change and easy financing, however, remains 
understudied.

Using the late 1990s ICT boom as a laboratory (when one-quarter of 
skilled labor market entrants joined the ICT sector), we find that these 
workers experience a significant wage discount fifteen years later, even 
after controlling for selection, firm performance, and job losses. This 
wage decline is concentrated among STEM workers and in sectors with 
high technological experimentation, consistent with faster obsolescence 
of skills acquired during periods of rapid innovation. Moreover, the 
human capital depreciation is larger for workers hired by firms that 
received greater capital inflows during the boom. Since capital flowed 
disproportionately to firms and sectors where workers’ skills would 
later become obsolete more quickly, the financing boom amplified the 
negative effect on aggregate human capital by both increasing the 
number of workers exposed to skill obsolescence and magnifying the 
depreciation each worker experienced.

These findings highlight an important but overlooked channel
through which innovation booms and associated financing cycles can 
affect long-run productivity growth, namely their impact on the human 
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capital of cohorts of skilled workers drawn to these sectors. Our results, 
however, do not imply that the rapid expansion of the ICT sector 
during the boom was necessarily detrimental to aggregate welfare. The 
faster development and diffusion of new technologies throughout the 
economy may have generated benefits that outweighed the costs we 
identify. Understanding this broader welfare calculation remains an 
important avenue for future research.
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