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Abstract
This paper studies whether the productivity returns to information and communication tech-
nology (ICT) capital are attenuated in industries with older workforces. Using a country–
industry–year panel of European productivity, capital, and labor-market data from 1995–2019,
we estimate labor-productivity models that allow the marginal association between ICT in-
tensity and productivity to vary with the share of older workers. ICT intensity is positively
associated with labor productivity on average, but the interaction between ICT intensity and
older-worker shares is negative and statistically significant, indicating weaker realized pro-
ductivity gains from ICT in aging industries. Instrumental-variables estimates using prede-
termined 1995 ICT exposure, global ICT price declines, and historical European research-
backbone connectivity support the same heterogeneous-return pattern. We also examine ICT
accumulation, age-specific employment shares, and technostress-related outcomes from the
European Working Conditions Survey. These mechanism results do not show that older work-
ers who remain employed in digitally intensive environments report disproportionately worse
technostress-related outcomes; instead, they are consistent with selection, adjustment costs, or
organizational frictions. The findings suggest that workforce aging may limit the productivity
gains from digitization even when ICT investment raises productivity on average.
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1. Introduction

Recent studies concerning information and communication technologies and economic growth

have been substantially influenced by inspiring contributions to endogenous growth theory, which

hypothesize that technological advancement is an integral component of the growth process. Romer

(1990) and Aghion and Howitt (1990) argue that investments in human capital and technology yield

increasing returns, which can lead to sustained long-term economic development. Technological

advancements have revolutionized work environments, requiring employees to adapt to new dig-

ital tools and processes in terms of easing the knowledge distribution and refining the structural

productivity (Bresnahan and Trajtenberg (1995)). Autor et al. (2003) found that computers replace

routine tasks but enhance complex problem-solving and communication roles. This dynamic helps

explain why middle-skill jobs are declining while both high- and low-skill jobs grow.

While these changes have generated new job prospects for younger cohorts, older adults often

struggle to keep pace, leading to performance issues, disengagement, and even early retirement.

Recent empirical research examined these labor market transformations and pointed out how some

groups of workers, in particular older workers, face the greatest risk. Acemoglu et al. (2022)

developed a firm-level measure to evaluate how much companies are exposed to AI and found that

demand for AI jobs grew quickly from 2010 to 2018, especially in businesses where tasks closely

align with what AI can do. In these firms, adopting AI led to fewer hires for non-AI roles and

increased skill requirements for remaining jobs, favoring analytical and non-routine abilities.

This paper examines whether workforce aging attenuates the productivity returns to ICT cap-

ital. Our central contribution is to estimate heterogeneous ICT-productivity returns across Eu-

ropean country–industry cells from 1995–2019, focusing on whether the marginal productivity

association of ICT intensity is smaller in industries with larger older-worker shares. We then use

auxiliary evidence on ICT accumulation, age-specific employment shares, and technostress-related

working conditions to help interpret the mechanisms behind the aggregate productivity patterns.

These mechanism analyses are not intended to establish technostress as the primary causal channel;
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rather, they assess whether the evidence is more consistent with direct health burdens, selection,

adjustment costs, or organizational frictions.

Section 2 reviews related literature. Section 3 presents the conceptual framework. Section 4

describes the empirical strategy and Section 5 the data. Section 6 reports the main results, while

Section 7 reports the results of some mechanisms analyses. Section 8 discusses interpretation and

policy implications, and Section 9 concludes.

2. Literature Review

This paper contributes to three related literatures: the productivity effects of ICT capital, the eco-

nomic consequences of workforce aging, and the organizational and worker-level frictions that

accompany digital transformation. A large empirical literature finds that ICT investment is posi-

tively associated with productivity growth, especially in settings where digital capital is combined

with complementary organizational change and human-capital investments (Jorgenson et al., 2008;

Cardona et al., 2013). More recent work has extended this discussion to artificial intelligence and

related digital technologies, emphasizing both their potential contribution to productivity growth

and their uneven effects across tasks, industries, and worker groups (Chui et al., 2016; Aghion &

Bunel, 2024; Farach et al., 2025).

The central question in this paper is not whether ICT capital is productive on average, but

whether its productivity returns vary systematically with workforce age composition. This question

is motivated by the view that digital technologies are not simple capital deepening devices: their

productivity effects depend on worker skills, task organization, learning costs, and the ability of

firms to adapt production processes. If older workforces face higher adjustment costs or if firms

adopt ICT less effectively in aging industries, then the realized productivity gains from digitization

may be attenuated even when ICT capital is productive on average.

A related literature studies the implications of population aging for labor markets, produc-

tivity, and technological change. Population aging changes the composition of employment and

may affect productivity through several competing channels. Some evidence suggests that aging
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workforces may experience slower productivity growth when technological change places greater

weight on new skills, adaptation, or retraining (Feyrer, 2008; Friedberg, 2003). At the same time,

experience, firm-specific human capital, and accumulated knowledge may offset age-related de-

clines in some settings (Börsch-Supan & Weiss, 2016; Viviani et al., 2021). Recent work on

automation and demographic change further emphasizes that aging and technology adoption are

jointly determined: firms facing older labor forces may have different incentives to automate, while

technological change can alter the demand for older workers’ skills (Acemoglu & Restrepo, 2022).

These mechanisms are especially relevant because digital transformation may interact with

age-related differences in training, task reassignment, and technology use. Research in organiza-

tional psychology and information systems has emphasized technostress as one potential channel

through which ICT adoption affects workers. Technostress, originally defined by Brod (1984)

as stress arising from difficulty adapting to computer technologies, includes dimensions such as

techno-overload, techno-invasion, and techno-complexity. These stressors have been linked to

burnout, anxiety, lower job satisfaction, and reduced work performance (Ragu-Nathan et al., 2008;

Tarafdar et al., 2019; Nedeljko et al., 2024). From a person–environment fit perspective, stress may

arise when workplace technological demands exceed workers’ perceived capabilities or available

support (Edwards et al., 1998). This channel may be particularly salient for older workers if digital

technologies increase learning demands or alter established work routines.

The evidence on older workers and technology, however, does not imply a simple relation-

ship between digitization, technostress, and productivity. Older workers who remain employed in

digitally intensive environments may be selected on adaptability, health, occupation, or employer

support. Firms may also redesign tasks, provide training, or sort workers across roles in ways that

weaken any direct relationship between ICT intensity and self-reported stress. The COVID-19

shift toward remote and digitally mediated work renewed attention to these issues, especially in

education and health-related occupations (Bahamondes-Rosado et al., 2023; Gualano et al., 2023;

Nascimento et al., 2025). Recent measurement work also highlights the expanding set of instru-

ments used to study digital stress and technology-related working conditions (Ragu-Nathan et al.,

3



2008; Argyriadi et al., 2025).

Our contribution is to connect these literatures by estimating whether the productivity returns

to ICT capital are attenuated in industries with older workforces. Unlike studies focused solely

on worker-level technostress or technology use, we begin from country–industry productivity data

and then use worker-level health and working-conditions measures to discipline the interpretation

of the aggregate results. We therefore treat technostress and related outcomes as potential mech-

anisms rather than as the central contribution. The primary empirical question is whether ICT

capital generates systematically weaker productivity gains in aging industries, and whether the

auxiliary evidence is more consistent with direct health burdens, selection, adjustment costs, or

organizational frictions.

3. Conceptual Framework

We develop a parsimonious framework linking digitization, workforce age composition, and labor

productivity. Competitive firms combine non-ICT capital, ICT capital, and labor to produce value

added. The key mechanism is that the productivity effect of ICT capital depends on the age com-

position of the workforce: as the share of older workers rises, the marginal productivity of ICT is

attenuated.

The framework is intentionally stylized. Our empirical analysis does not estimate the full

dynamic general-equilibrium system; instead, we focus on reduced-form relationships that map

directly into observable objects in the data, in particular the interaction between ICT intensity

and workforce aging in a labor-productivity equation. To motivate auxiliary outcomes, we also

allow digitization to affect older workers’ labor supply decisions and ICT adjustment costs (formal

derivations in Appendix A).

3.1. Demographics

Time is discrete, t = 0,1,2, . . . . At each date there are two overlapping generations: a mass NY
t

of young individuals and a mass NO
t of old individuals. Demographic stocks evolve exogenously
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and slowly over time, reflecting fertility, mortality, and aging. For the purposes of our empirical

application, NY
t and NO

t are treated as predetermined demographic state variables. In the empirical

implementation, “older” corresponds to workers aged 50 and above (or the closest available age

bin in the Eurostat tabulations).

Young individuals supply labor inelastically. Old individuals choose whether to work, generat-

ing an old-age labor-force participation rate nt ∈ [0,1]. Labor supplied to firms is therefore

LY
t = NY

t , LO
t = ntNO

t , Lt = LY
t +LO

t . (1)

We define the share of older workers among those employed as

swork
O,t =

LO
t

Lt
=

ntNO
t

NY
t +ntNO

t
. (2)

3.2. Firms

A representative competitive firm produces value added Yt using non-ICT physical capital KNI
t ,

ICT capital KICT
t , and labor Lt :

Yt = At
(
KNI

t
)α

L1−α
t , α ∈ (0,1), (3)

where At denotes total factor productivity. We model ICT as shifting productivity through At , with

effectiveness that depends on workforce age composition.

We assume that ICT capital enhances productivity through organizational and task-level com-

plementarities, but that its effectiveness depends on the age composition of the workforce. Specif-

ically,

lnAt = at +
(

θ+ γswork
O,t

)
ln
(

KICT
t
Lt

)
, θ > 0, γ < 0, (4)

where swork
O,t is the share of older workers among those employed. Parameter θ captures the baseline

elasticity of productivity with respect to ICT intensity, while γ < 0 captures attenuation as the share

5



of older workers rises.

Dividing output by labor and taking logs yields

ln
(

Yt

Lt

)
= at +α ln

(
KNI

t
Lt

)
+θ ln

(
KICT

t
Lt

)
+ γ

[
ln
(

KICT
t
Lt

)
× swork

O,t

]
. (5)

This expression is the basis for our main estimating equation in Section 4, where we identify γ

using within-country, within-industry changes in ICT intensity and workforce age composition.

The elasticity of labor productivity with respect to ICT intensity is

∂ ln(Yt/Lt)

∂ ln(KICT
t /Lt)

= θ+ γswork
O,t , (6)

which declines with workforce aging when γ < 0.

3.3. Households

There are two types of households: young and old. To motivate a third implication, we allow

digitization to increase the disutility of work at older ages (e.g., through learning burdens or task

reorganization). This generates a reduced-form prediction that higher ICT intensity reduces older

workers’ labor-force participation. Formal expressions for the participation cutoff and the implied

participation rate are provided in Appendix A.

3.4. Testable Implications

The framework yields three testable implications that guide the empirical analysis:

Prediction 1: Age-dependent returns to ICT. ICT capital increases labor productivity on aver-

age (θ > 0), but its marginal product is smaller in industries with a larger share of

older workers (γ < 0).

Prediction 2: Slower ICT deepening. ICT intensity grows more slowly in industries with older

workforces due to higher adjustment and training costs.
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Prediction 3: Older-age labor supply. Higher ICT intensity is associated with lower employ-

ment shares at older ages due to higher non-pecuniary costs of work.

4. Empirical Strategy

Guided by the framework above, we estimate reduced-form relationships that map directly to the

model’s testable implications. Our primary specification examines whether the productivity effect

of ICT capital depends on workforce age composition. We then study two auxiliary outcomes:

ICT capital accumulation and age-specific employment shares.

From the model, labor productivity satisfies

ln
(

Yit

Lit

)
= ait +α ln

(
KNI

it
Lit

)
+θ ln

(
KICT

it
Lit

)
+ γ

[
ln
(

KICT
it
Lit

)
× swork

O,it

]
+ εit . (7)

We estimate Equation (7) using country–industry–year panel data with high-dimensional fixed

effects. Baseline specifications include country×industry, year×industry, and year×country fixed

effects, absorbing time-invariant industry characteristics, common industry-specific shocks, and

country-specific macroeconomic trends. Standard errors are clustered at the country×industry

level.

Under the structural interpretation, θ captures the baseline elasticity of productivity with re-

spect to ICT intensity, while γ measures how that elasticity varies with workforce aging. A negative

γ indicates attenuated ICT returns in older workforces.

4.1. Identification and Instrumental Variables

A central concern is that ICT adoption is endogenous to expected productivity growth, demand

conditions, or demographic change. Firms may invest in ICT in anticipation of future produc-

tivity gains, and aging itself may respond to technology-driven labor demand shifts. Ordinary

least squares estimates may therefore conflate causal productivity effects with reverse causality or

omitted shocks.
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To address these concerns, we exploit predetermined differences in digital infrastructure con-

nectivity arising from the historical European research backbone network. Our strategy isolates

variation in ICT adoption driven by pre-existing connectivity interacted with common global ICT

cost shocks.

Our instrument is based on the planned and early realized topology of the European research

backbone network (EuropaNET and NORDUnet) in the early 1990s, prior to widespread commer-

cial internet diffusion. Figure 1 illustrates the reconstructed network topology.

We construct a country-level measure of predetermined connectivity based on distance to back-

bone hubs and network centrality. Countries closer to major backbone gateways faced lower

marginal costs of accessing international data flows once ICT prices declined.

This approach follows a growing empirical literature that exploits variation in digital infras-

tructure rollout and network access as an instrument for ICT adoption and usage when studying

productivity, employment, and organizational outcomes (Czernich et al., 2011; Akerman et al.,

2015; Falck et al., 2014). While the backbone network primarily served research institutions, prior

work shows that early research and academic connectivity strongly predicts subsequent commer-

cial internet penetration and broadband availability, as these networks shaped peering locations,

capacity expansion, and routing decisions in later periods (Greenstein, 2000; Forman et al., 2005).

A key feature of our design is that the backbone network is constructed from historical and

planned maps produced before the widespread adoption of digital technologies. The location of

nodes and links was determined by engineering constraints, legacy telecommunications routes,

and political coordination among national research networks, rather than by contemporaneous lo-

cal economic conditions. This mirrors a well-established practice in applied urban and regional

economics that uses planned or historical infrastructure—such as railroads, highways, ports, or

canals—to obtain exogenous variation in market access or transportation costs (Redding & Turner,

2015; Donaldson & Hornbeck, 2016; Faber, 2014).

Using planned and early backbone topology strengthens the excludability of the instrument:

conditional on fixed effects and controls, historical network design should not directly affect labor
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Figure 1: Planned European research backbone network, early 1990s
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The figure illustrates the planned and early realized topology of the European research backbone network—including
EuropaNET and NORDUnet—during the early 1990s. Backbone nodes represent major national research gateways
and exchange points, while links indicate planned or operational international connections prior to the widespread
diffusion of commercial internet services. Link thickness reflects indicative transmission capacities where available.
The network structure is reconstructed from historical maps and archival documentation, drawing on information from
Bersee (1994), Lehtisalo (2005), and Graham and Sundblad (2014).

productivity except through its impact on the cost and intensity of ICT adoption. Importantly,

our instrument varies only through interactions with common time shocks, ensuring that it is not

absorbed by country or year fixed effects.

The identifying variation is therefore not the level of historical backbone connectivity itself.

Country×Year fixed effects absorb all country-specific time-varying shocks, including national
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broadband policy, macroeconomic conditions, and aggregate productivity trends. Year×Industry

fixed effects absorb global industry-specific technology trends and common changes in ICT prices.

Country×Industry fixed effects absorb permanent differences in productivity, capital intensity,

workforce composition, and industrial structure across country–industry cells. Identification comes

from whether common ICT price declines translate into greater ICT deepening in country–industry

cells with higher predetermined ICT exposure, and whether this translation is amplified by histor-

ical backbone connectivity.

We operationalize our instrument using an industry-level shift–share design that interacts pre-

determined differences in digital connectivity and ICT dependence with common global shocks to

the cost of ICT investment. Identification exploits variation in how global declines in ICT prices

translate into industry-specific ICT capital accumulation across countries.

We construct two excluded instruments:

Zbase
cit = ICT Exposureci,1995 × ICTCostShockt ,

and

Zbackbone
cit = ICT Exposureci,1995 ×BackboneExposurec × ICTCostShockt .

Here ICT Exposureci,1995 is predetermined 1995 country–industry ICT intensity, BackboneExposurec

is a time-invariant measure of country c’s historical exposure to the European research backbone

network, and ICTCostShockt is the common global decline in the real cost of ICT capital, proxied

by the Private Fixed Investment, Chained Price Index for Information Processing Equipment and

Software from the U.S. Bureau of Economic Analysis. We instrument both ICT intensity and its

interaction with the older-worker share using these exposure measures and their interactions with

the older-worker share. In a robustness specification, the interaction instruments are formed using

lagged older-worker shares.

This design is related to the modern shift–share literature, which clarifies that Bartik-style in-

struments can be justified either by the exogeneity of predetermined exposure shares or by the
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quasi-random assignment of common shocks, depending on the empirical setting (Goldsmith-

Pinkham et al., 2020; Borusyak et al., 2022, 2024). In our application, the exposure components

are predetermined: baseline ICT intensity is measured in 1995, before the subsequent productivity

outcomes used in the main panel, and historical backbone exposure is constructed from planned

and early realized research-network topology prior to widespread commercial internet diffusion.

The time-varying shift is a common global ICT price decline, rather than an outcome-specific

country–industry shock. We therefore view the instrument as combining predetermined exposure

to ICT adoption with a common technology-cost shock, while using the historical backbone mea-

sure to capture cross-country differences in the cost of translating global ICT price declines into

realized ICT investment.

The exclusion restriction requires that, conditional on the fixed effects and controls, the ex-

cluded instruments affect labor productivity through ICT adoption rather than through other con-

temporaneous determinants of productivity. The exclusion restriction cannot be verified directly, so

we report several diagnostics in Appendix C. These include first-stage regressions, reduced-form

event-style estimates, placebo regressions for non-ICT capital, R&D capital, and older-worker

shares, and baseline correlates of the backbone-amplified exposure component.

4.2. ICT Accumulation

The framework predicts that ICT capital accumulates more slowly in industries with older work-

forces. While we do not estimate the firm’s dynamic investment problem structurally, we examine

this implication using the reduced-form relationship:

∆ ln
(

KICT
it
Lit

)
= η0 +η1swork

O,it +X ′
itη+µi + τt +uit , (8)

A negative η1 indicates slower ICT deepening in older workforces, consistent with higher adjust-

ment or training costs.
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4.3. Age-Specific Employment Shares

To assess whether digitization affects older workers’ labor supply, we examine age-specific em-

ployment shares within country–industry–year cells. Because individual retirement decisions are

not directly observed, these shares capture the combined effects of retirement, reallocation, and

selection. Our estimating equation is therefore a reduced-form relationship of the form:

EmpShareit,a = β0 +β1 ln
(

KICT
it
Lit

)
+β2

[
ln
(

KICT
it
Lit

)
×1{a ≥ aO}

]
+X ′

it,aβ+αit,a + εit,a, (9)

where EmpShareit,a denotes the employment share of age group a in country i, industry j, and

year t, constructed as employment in that age group divided by the total population of the same

age group at the country–year level. The indicator 1{a ≥ aO} identifies older age groups (e.g. ages

50–59 or 60+), allowing the association between ICT intensity and employment shares to vary by

age.

A negative β2 indicates that ICT intensity is associated with disproportionately lower employ-

ment shares among older workers. However, because the outcome is an aggregate employment

share rather than an individual participation indicator, the estimates capture equilibrium responses

that combine retirement, cross-industry reallocation, and compositional changes in the employed

workforce. Specifications include the same high-dimensional fixed effects as in the baseline pro-

ductivity regressions, with standard errors clustered at the country×industry×age-group level.

5. Data

Our analysis combines harmonized European labor market, demographic, and industry-level pro-

ductivity data to construct a country–industry–year panel spanning 1995–2019. The unit of obser-

vation is a country × one-digit industry × year cell. The panel is unbalanced due to changes in

industry classification and differential data availability across countries and sectors. Figure 2 in

Appendix B illustrates the coverage of the estimation sample across countries and years.
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5.1. Data Sources

Employment by age and industry is drawn from the European Union Labour Force Survey (LFS),

accessed via Eurostat.1 We use annual employment counts by age group, country, and economic

activity. To ensure comparability over time, we aggregate to one-digit NACE industries, which

remain consistent across revisions. These data are used to construct industry-level workforce age

composition measures.

Population counts by age and country are obtained from Eurostat’s demographic statistics and

merged at the country–year level.2 These data are merged at the country–year level and used to

construct employment shares by age group and to verify consistency of age-group totals.

Industry-level output, labor input, and capital stocks are drawn from the EUKLEMS and IN-

TANProd productivity accounts, accessed via the Luiss Lab distribution (of European Economics

& Transition, 2024). These data provide harmonized measures of value added, hours worked, and

capital stocks, including detailed ICT and R&D capital components. For selected extensions, we

incorporate wage data from the Structure of Earnings Survey (SES), which provides industry-level

average earnings by age group for selected years.3

5.2. Variable Construction

Labor productivity is defined as real value added per hour worked. Our baseline measure of dig-

itization is ICT intensity, constructed as the ratio of aggregate ICT capital stock to hours worked.

ICT capital is defined as the sum of information technology, communications equipment, and soft-

ware/database capital. Non-ICT capital and R&D capital intensity are constructed analogously

relative to hours worked.

Our primary measure of workforce aging is the share of employed workers aged 50–64 within

each country–industry–year cell. Employment counts by age and industry are harmonized to one-

1Annual employment tabulations from Eurostat datasets lfsa egana (NACE Rev. 1.1) and lfsa egan2 (NACE
Rev. 2).

2Population by age group from Eurostat demographic statistics (dataset demo pjangroup). See https://
ec.europa.eu/eurostat.

3Datasets earn ses agt27, earn ses06 27, earn ses10 27, earn ses14 27, and earn ses18 27.
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Table 1: Summary statistics for productivity and age-specific participation analyses

Panel A: Summary statistics for productivity analysis

Statistic N Mean St. Dev. Min Max

Log labor productivity, ln(VAit/Lit) 6,639 −2.824 1.348 −6.309 1.503

Log ICT intensity, ln
(
KICT

it /Lit
)

6,639 −6.035 1.778 −12.536 −0.233

Older-worker share (ages 50–64), swork
O,it 6,639 0.258 0.083 0.053 0.634

Log non-ICT intensity, ln
(
KnonICT

it /Lit
)

6,639 −2.060 1.884 −5.642 4.020

Log R&D intensity, ln
(
KRD

it /Lit
)

6,243 −7.163 2.650 −15.848 −0.717

Log hours worked, ln(Lit) 6,639 13.275 1.659 7.616 17.015

Panel B: Summary statistics for participation analysis, by age group
(Long panel; unbalanced across age groups)

Statistic N Mean St. Dev. Min Max

Age 40–49

Log ICT capital intensity (per hour) 961 −5.860 1.717 −9.807 −0.372
Average annual wage (10,000 EUR, age-specific) 961 3.273 1.932 0.241 16.104
Employment share within age group 961 0.053 0.043 0.001 0.288
Age 50–59

Log ICT capital intensity (per hour) 961 −5.857 1.718 −9.807 −0.372
Average annual wage (10,000 EUR, age-specific) 961 3.343 1.951 0.237 11.259
Employment share within age group 961 0.044 0.036 0.001 0.210
Age ≥ 60

Log ICT capital intensity (per hour) 920 −5.830 1.730 −9.807 −0.372
Average annual wage (10,000 EUR, age-specific) 920 3.560 2.309 0.229 18.074
Employment share within age group 920 0.007 0.006 0.000 0.038

Panel A reports summary statistics for the country–industry–year panel used in the productivity analysis correspond-
ing to Equations 7 & 8. Labor productivity is measured as value added per hour worked. ICT capital intensity is
constructed from the aggregate ICT capital stock—defined as the sum of information technology, communications
equipment, and software and database capital—relative to labor input. The older-worker share is defined as the frac-
tion of employed persons aged 50–64 among the working-age employed population. Capital intensity measures are
expressed in inverse hyperbolic sine form. The sample corresponds to the baseline estimation sample used in Table 2.
Panel B reports summary statistics for the long panel used in the participation analysis corresponding to Equation 9,
stratified by age group. For each age group, the table reports ICT capital intensity, average annual wages (tens of
thousands of EUR), and age-specific employment shares within country–industry–year cells. Employment shares are
defined as the ratio of employed persons in a given age group to the total population of that age group at the country–
year level. The sample corresponds to the baseline estimation sample used in Table 4
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digit NACE industries to maintain consistency across classification changes and data sources. The

resulting estimation sample is a country × one-digit industry × year panel.

Capital intensity and productivity variables are transformed using the inverse hyperbolic sine

transformation, which approximates the logarithm for large positive values while retaining obser-

vations with zero or near-zero quantities. For readability, tables refer to these transformed variables

as log or ln intensity measures. Appendix B provides additional detail on source harmonization,

panel coverage, and variable construction.

5.3. European Working Conditions Survey (Mechanisms Analysis)

To examine potential mechanisms linking digitization and workforce aging, we use individual-level

data from the European Working Conditions Survey (EWCS), a repeated cross-sectional survey

conducted between 1995 and 2015. These data are used exclusively for supplemental mechanisms

analysis and are not incorporated into the construction of the main panel.

From the EWCS, we construct individual-level measures of technostress-related health out-

comes, including indicators for headaches or eyestrain, anxiety or stress, fatigue, and sleep prob-

lems, as well as a composite technostress index defined as the unweighted mean of these compo-

nents. We also use information on gender, age, and job quality, the latter measured using Euro-

found’s harmonized job quality indices capturing skills use and task discretion. Older workers are

defined as individuals aged 50 and above. The EWCS includes survey weights, which we apply in

all micro-level regressions. EWCS respondents are matched to industry-level ICT intensity using

a harmonized 11-industry NACE classification by country and survey year. This procedure assigns

each worker the ICT intensity of their country–industry–year cell.

6. Results

We begin by estimating the baseline productivity specification implied by Equation (7). The central

question is whether the marginal product of ICT capital declines with the share of older workers.

Table 2 reports baseline estimates from increasingly saturated fixed-effects specifications. ICT

15



capital intensity is positively and statistically significantly associated with labor productivity across

all specifications. The interaction between ICT intensity and the older-worker share is negative and

statistically significant once rich fixed effects are introduced, indicating that the productivity gains

from ICT are systematically smaller in industries with older workforces.

The magnitude of the interaction effect is economically meaningful. Evaluated at the sample

mean, the implied elasticity of productivity with respect to ICT intensity declines substantially

as the share of older workers increases, suggesting that workforce aging materially dampens the

realized gains from digitization.

The stability of the interaction term across Columns (2) and (3) is notable. These specifications

include country–industry, year–industry, and year–country fixed effects, absorbing time-invariant

industry differences, global sectoral trends, and country-specific macroeconomic conditions. The

persistence of the negative interaction suggests that the attenuation effect reflects within-industry

variation in how ICT translates into productivity as workforce age composition evolves.

Table 3 examines the relationship between workforce aging and subsequent ICT accumulation.

The dependent variable is the forward change in ICT intensity over one- and two-year horizons.

The results show that industries with older workforces experience significantly slower subsequent

ICT deepening, particularly in sectors that are already more ICT-intensive. Both the level effect

of the older-worker share and its interaction with initial ICT intensity are negative and statistically

significant in the more saturated specifications. These patterns are consistent with higher adjust-

ment costs, slower adoption, or reduced effective utilization of digital technologies in older work

environments, and they suggest that workforce aging may dampen not only the productivity returns

to ICT, but also the pace of future digital investment.

Table 4 examines whether ICT intensity is associated with changes in age-specific employ-

ment shares within industries. We find little evidence that higher ICT intensity reduces older-age

employment shares within industries. If anything, ICT intensity is weakly positively associated

with employment shares among workers aged 60 and above in some specifications. This suggests

that the attenuation of ICT productivity is unlikely to be driven by displacement of older workers.
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Table 2: ICT capital intensity, workforce aging, and labor productivity

Dependent Variable: ln(VAit/Lit)
Model: (1) (2) (3)

Variables
Older-worker share, swork

O,it -0.4509 -0.5471 -0.6581∗

(0.5582) (0.4162) (0.3805)
Log ICT intensity, ln

(
KICT

it /Lit
)

0.1108∗∗∗ 0.0842∗∗∗ 0.0578∗∗

(0.0338) (0.0237) (0.0267)
swork

O,it × ln
(
KICT

it /Lit
)

-0.0211 -0.1433∗∗ -0.1300∗∗

(0.0934) (0.0615) (0.0555)
Log non-ICT intensity, ln

(
KnonICT

it /Lit
)

0.3123∗∗∗

(0.0514)
Log R&D intensity, ln

(
KRD

it /Lit
)

0.0162∗

(0.0090)

Fixed-effects
Year Yes
Country Yes
Industry Yes
Country × Industry Yes Yes
Year × Industry Yes Yes
Year × Country Yes Yes

Fit statistics
Observations 6,639 6,639 6,243
R2 0.95379 0.99278 0.99404
Within R2 0.05483 0.02506 0.13595

Clustered (Country × Industry) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

This table reports reduced-form estimates of the relationship between ICT capital intensity, workforce aging, and
labor productivity, corresponding to the level specification in Equation 7. The dependent variable is value-added labor
productivity, ln(VAit/Lit). The key regressor is ICT intensity, ln

(
KICT

it /Lit
)
, interacted with the older-worker share,

swork
O,it , to allow the productivity association of ICT capital to vary with workforce age composition. The coefficient on

ICT intensity captures the association between ICT intensity and labor productivity when the older-worker share is
zero, while the interaction term captures how this association changes as the older-worker share increases. A negative
interaction indicates that the estimated productivity return to ICT intensity is smaller in country–industry cells with
older workforces. Columns (2) and (3) absorb unobserved heterogeneity through Country×Industry fixed effects,
Year×Industry fixed effects, and Year×Country fixed effects. Column (3) additionally controls for non-ICT capital
intensity and R&D intensity. Standard errors are clustered at the Country×Industry level.
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Table 3: Workforce Aging and ICT Accumulation

Dependent Variable: ∆ ln
(
KICT/L

)
t→t+1 ∆ ln

(
KICT/L

)
t→t+2

Model: (1) (2) (3)

Variables
Older-worker share, swork

O,it -0.3689 -0.5557∗∗∗ -1.076∗∗∗

(0.3088) (0.2047) (0.3688)
Log ICT intensity, ln

(
KICT

it /Lit
)

-0.1525∗∗∗ -0.0942∗∗∗ -0.2258∗∗∗

(0.0532) (0.0143) (0.0254)
swork

O,it × ln
(
KICT

it /Lit
)

-0.0737 -0.1094∗∗∗ -0.2172∗∗∗

(0.0549) (0.0359) (0.0639)
Log non-ICT intensity, ln

(
KnonICT

it /Lit
)

-0.0364 -0.0760
(0.0241) (0.0467)

Log R&D intensity, ln
(
KRD

it /Lit
)

0.0044 0.0089
(0.0044) (0.0087)

Log labor productivity, ln(VAit/Lit) 0.0060 0.0163
(0.0266) (0.0488)

Fixed effects
Country × Industry Yes Yes Yes
Year × Industry Yes Yes Yes
Year × Country Yes Yes Yes

Fit statistics
Observations 6,326 5,936 5,633
R2 0.38634 0.38463 0.50670
Within R2 0.12404 0.07478 0.16801

Clustered (Country × Industry) standard errors in parentheses.
Significance codes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

This table reports reduced-form estimates of the ICT-accumulation implication of Equation 8. The dependent vari-
able is the forward change in ICT capital intensity, ∆ ln

(
KICT/L

)
, measured either over one year (columns 1–2) or

cumulatively over two years (column 3). The key regressor is the older-worker share, swork
O,it , interacted with initial ICT

intensity, ln
(
KICT

it /Lit
)
, to test whether ICT accumulates more slowly in older workforces and whether this drag is

stronger in sectors/countries that are more ICT-intensive. Negative coefficients on swork
O,it and on swork

O,it × ln
(
KICT

it /Lit
)

indicate slower subsequent ICT deepening as workforce age increases, consistent with higher ICT adjustment costs in
older work environments. Columns (2) and (3) additionally control for non-ICT capital intensity, R&D intensity, and
contemporaneous labor productivity. All specifications include Country×Industry fixed effects, Year×Industry fixed
effects (absorbing global sector-specific shocks), and Year×Country fixed effects (absorbing country-specific macro
shocks). Standard errors are clustered at the Country×Industry level. The two-year horizon estimates in column (3)
reflect cumulative adjustment and are presented as a robustness check.
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Table 4: ICT intensity and age-specific employment shares within industries

Dependent Variable: Age-specific employment share,EmpShareit,a
Model: (1) (2)

Variables
Log ICT intensity, ln

(
KICT

it /Lit
)

-0.0019 -0.0036
(0.0029) (0.0042)

Log non-ICT intensity, ln
(
KnonICT

it /Lit
)

-0.0114∗∗ -0.0111∗∗∗

(0.0045) (0.0031)
Log R&D intensity, ln

(
KRD

it /Lit
)

9.77×10−5 0.0002
(0.0013) (0.0009)

Average annual wage (age-group specific,
tens of thousands of EUR) 0.0011 0.0018∗∗∗

(0.0007) (0.0007)
ln
(
KICT

it /Lit
)
×1{a = 50–59} -0.0003 0.0035

(0.0012) (0.0053)
ln
(
KICT

it /Lit
)
×1{a ≥ 60} 0.0044∗∗∗ 0.0051

(0.0016) (0.0044)

Fixed-effects
Country × Industry Yes
Year × Industry Yes
Year × Country Yes
Age group × Year Yes
Age group × Country Yes
Age group × Industry Yes
Country × Industry × Age group Yes
Year × Industry × Age group Yes
Year × Country × Age group Yes

Fit statistics
Observations 2,694 2,694
R2 0.85489 0.95293
Within R2 0.01196 0.02460

Clustered (Country × Industry × Age group) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

This table reports panel regressions relating digitization to age-group-specific employment shares within country–
industry cells, corresponding to Equation 9. The dependent variable, EmpShareit,a, is the ratio of employed persons in
age group a within country i and industry j at year t to the total population in that age group at the country–year level.
The key regressors are log ICT capital intensity, ln

(
KICT

it /Lit
)
, and its interactions with age-group indicators (baseline

group: ages 40–49), which allow the association between digitization and employment shares to vary by age. Column
(1) includes a rich set of two-way fixed effects, absorbing time-invariant country–industry heterogeneity, country-
and industry-specific shocks, and age-specific country, industry, and time factors. Column (2) further saturates the
fixed-effects structure with age-group-specific country–industry and time interactions. These aggregate relationships
combine the effects of retirement, job-to-job reallocation across industries, and selection into employment; they there-
fore do not separately identify individual retirement responses to digitization. Standard errors are clustered at the
Country×Industry×Age-group level.
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Instead, it points to mechanisms operating within continuing employment relationships, such as

differences in task adaptability, learning costs, or organizational frictions.

Table 5 reports instrumental-variables estimates that address potential endogeneity in ICT cap-

ital accumulation. ICT intensity and its interaction with workforce aging are instrumented us-

ing predetermined 1995 country–industry ICT exposure, global ICT price declines, and historical

research-backbone connectivity. In the preferred specification, the coefficient on ICT intensity

is positive but imprecisely estimated, while the interaction between ICT intensity and the older-

worker share is negative and statistically significant. This pattern suggests that the IV evidence

is strongest for the heterogeneous-return result: productivity gains from ICT are smaller in indus-

tries with older workforces. The interaction remains negative and statistically significant when the

excluded instruments for the interaction term are formed using lagged older-worker shares.

Appendix B describes the data inputs used to construct the instrument, while Appendix C re-

ports first-stage, placebo, event-style, and baseline-correlate diagnostics. First-stage regressions

show strong relevance for both endogenous regressors. Baseline diagnostic regressions show that

the backbone-amplified exposure component is not systematically related to baseline productiv-

ity, workforce age composition, non-ICT capital intensity, or R&D intensity after conditioning on

baseline ICT exposure and country and industry fixed effects. Reduced-form event-style estimates

show no systematic association between predetermined exposure and productivity across the sam-

ple period. Placebo regressions show that the excluded instruments do not jointly predict changes

in non-ICT capital intensity, R&D intensity, or older-worker shares.

Taken together, the productivity, ICT-accumulation, employment-share, and IV results provide

consistent evidence that workforce aging moderates both the productivity impact of digitization

and the subsequent accumulation of ICT capital. While ICT investment is positively associated

with productivity on average, its effectiveness depends critically on workforce age composition.

This interaction offers a coherent explanation for why economies and industries with aging work-

forces may experience slower realized productivity gains from ongoing digital transformation, even

in the absence of large-scale employment reallocation away from older workers.
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Table 5: Instrumental-variables estimates: ICT capital intensity, workforce aging, and labor pro-
ductivity

Dependent Variable: ln(VAit/Lit)
Model: (1) (2)

Variables
Older-worker share, swork

O,it -1.493∗∗∗ -1.829∗∗∗

(0.4934) (0.6119)
Log ICT intensity, ln

(
KICT

it /Lit
)

0.1036 0.1175
(0.0967) (0.0980)

swork
O,it × ln

(
KICT

it /Lit
)

-0.3049∗∗∗ -0.3666∗∗∗

(0.0784) (0.1000)
Log non-ICT intensity, ln

(
KnonICT

it /Lit
)

0.2130∗∗∗ 0.2107∗∗∗

(0.0780) (0.0779)
Log R&D intensity, ln

(
KRD

it /Lit
)

0.0098 0.0098
(0.0100) (0.0101)

Fixed-effects
Country × Industry Yes Yes
Year × Industry Yes Yes
Year × Country Yes Yes

Instrument construction
Current older-worker share in IV interactions Yes
Lagged older-worker share in IV interactions Yes

Fit statistics
F-test (1st stage), ln

(
KICT

it /Lit
)

135.09 132.58
F-test (1st stage), swork

O,it × ln
(
KICT

it /Lit
)

647.53 313.79
Observations 4,004 4,004

Clustered (Country × Industry) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

This table reports two-stage least squares (2SLS) estimates of the relationship between ICT capital intensity, workforce
aging, and labor productivity, corresponding to Equation 7. The dependent variable is log value-added labor produc-
tivity, ln(VAit/Lit). ICT intensity, ln

(
KICT

it /Lit
)
, and its interaction with the older-worker share, swork

O,it × ln
(
KICT

it /Lit
)
,

are treated as endogenous. Instruments are constructed using predetermined 1995 country–industry ICT intensity in-
teracted with a common global ICT price-decline shifter and a country-level historical research-backbone exposure
measure; the corresponding excluded instruments are also interacted with the older-worker share to identify hetero-
geneous ICT effects by workforce age composition. Column (1) forms these interaction instruments using the con-
temporaneous older-worker share. Column (2) instead uses the lagged older-worker share when forming the excluded
instruments for the interaction term, reducing concerns that contemporaneous workforce age composition adjusts
endogenously with ICT adoption. Both specifications include Country×Industry fixed effects, Year×Industry fixed
effects, and Year×Country fixed effects. Reported first-stage F-tests assess instrument relevance for each endogenous
regressor. Standard errors are clustered at the Country×Industry level.
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7. Mechanisms: Health and Working Conditions

The baseline results establish that workforce aging attenuates the productivity returns to ICT.

We next examine whether this attenuation operates through differential exposure to technostress-

related health outcomes among older workers.

A growing literature emphasizes that digitization reshapes not only productivity and capital

accumulation but also the organization and experience of work. Digital technologies can alter

task content, monitoring intensity, learning requirements, and work pace, potentially affecting

workers’ well-being and job satisfaction. These changes may be particularly salient at older ages,

when adjustment costs associated with new technologies or intensified work organization could

influence workers’ decisions about continued employment.

In our conceptual framework, digitization affects labor supply at older ages not only through

productivity or wage channels, but also through non-pecuniary aspects of work. More digitally

intensive production environments may raise the disutility of work for older workers by increasing

cognitive demands, stress, or fatigue, thereby lowering the attractiveness of continued employment

even absent sharp declines in physical capacity. This channel is modeled parsimoniously as a

digitization-related increase in the reservation utility of non-employment for older individuals.

To assess the empirical plausibility of this mechanism, we examine reduced-form relationships

between exposure to digitally intensive work environments and technostress-related health and

working-conditions outcomes. Rather than modeling individual labor supply decisions directly,

we use microdata from the European Working Conditions Survey (EWCS) to study whether older

workers exhibit systematically different associations between industry-level ICT intensity and self-

reported health outcomes.

At the individual level, we estimate regressions of the form:

Healthi jct = β0 +β1 ln
(

KICT
jct /L jct

)
+β2Olderi +β3 ln

(
KICT

jct /L jct

)
×Olderi

+X ′
i jctβ+µ(1)jct +µ(2)jct +µct + εi jct ,
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where Healthi jct denotes a technostress-related health outcome for individual i employed in in-

dustry j, country c, and survey wave t. Outcomes include a composite technostress index and

indicators for headaches or eyestrain, anxiety or stress, fatigue, and sleep problems. The variable

ln
(

KICT
jct /L jct

)
measures log ICT capital intensity at the industry–country–year level, constructed

from external data and harmonized to a consistent 11-industry NACE classification. Olderi is an

indicator equal to one for workers aged 50 and above.

The coefficient of interest, β3, captures whether the association between industry-level ICT

intensity and health or working-conditions outcomes differs systematically for older workers rel-

ative to younger workers within the same industry, country, and year. All specifications include a

rich set of fixed effects—11-industry NACE × year, 11-industry NACE × country, and country ×

year—which absorb common technological trends, institutional features, and macroeconomic con-

ditions. Regressions are estimated using EWCS survey weights, and standard errors are clustered

at the industry–country level.

To further probe the interpretation of these associations, we also estimate stratified versions of

this specification across subsamples defined by job characteristics related to technology exposure

and work organization, including computer use at work, learning requirements, employer-provided

training, work intensity, and task autonomy. These stratifications allow us to assess whether age-

differentiated associations between ICT intensity and health outcomes are concentrated in work

environments where digital task demands are more salient.

Taken together, this analysis provides micro-level evidence on how digitization correlates with

working conditions and well-being across age groups. While these reduced-form results do not

establish a causal effect of digitization on health, they help discipline the interpretation of our

macro-level findings by clarifying whether slower productivity growth in older workforces is plau-

sibly linked to selection and exit responses rather than heightened vulnerability to digitized work

environments.

Table 6 examines whether the interaction between digitization and workforce aging operates

through differential exposure to technostress-related health outcomes among older workers. Across
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the baseline specifications reported in Panel A, higher industry-level ICT intensity is associated

with modest increases in certain technostress indicators on average—particularly headaches or

eyestrain and fatigue. However, the interaction between ICT intensity and being an older worker

is consistently negative or statistically indistinguishable from zero across outcomes. This pattern

indicates that, within the same industry, country, and year, older workers do not experience dispro-

portionately worse technostress-related health outcomes as ICT intensity rises. If anything, older

workers appear less exposed to the adverse health correlates of digitized work environments than

their younger counterparts.

Panel B reinforces this interpretation by showing that the negative interaction between ICT

intensity and older age is most pronounced in work environments where digital task demands

and organizational pressures are plausibly higher—such as jobs requiring continuous learning,

computer use, employer-provided training, high work intensity, or low task autonomy. These

estimates are obtained using the same regression specification as in Panel A, differing only by

sample stratification. The fact that older workers exhibit weaker associations between ICT intensity

and technostress outcomes precisely in these settings is consistent with a selection mechanism:

older individuals who remain employed in more digitally intensive environments may be positively

selected on adaptability, task matching, or health, while others sort into less digitally intensive roles

or exit employment altogether.

Taken together, the results in Table 6 do not support an interpretation in which digitization

disproportionately harms the health or well-being of older workers conditional on employment.

Instead, they are consistent with a participation and selection channel, whereby digitization al-

ters working conditions in ways that affect older workers’ employment decisions, contributing to

slower observed productivity growth in older workforces without requiring heightened vulnerabil-

ity to technostress among those who remain employed.
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Table 6: ICT Intensity, Aging, and Technostress-Related Health Outcomes

Dependent Variables

Technostress
Index

Headache
Eyestrain

Anxiety
Stress Fatigue

Sleep
Problems

(1) (2) (3) (4) (5)

Panel A: Baseline Estimates

Log ICT Intensity (11-industry) 0.0037 0.0183∗∗ −0.0002 0.0171∗∗ −0.0018
(0.0043) (0.0090) (0.0069) (0.0080) (0.0039)

Older Worker (Age ≥ 50) −0.0302∗∗∗ −0.0526∗∗ −0.0274∗ −0.0623∗∗∗ 0.0088
(0.0102) (0.0205) (0.0164) (0.0203) (0.0098)

Job Quality (Skills & Discretion) 0.0004∗∗∗ 0.0010∗∗∗ 0.0005∗∗∗ 0.0004∗∗∗ 7.87×10−5∗∗

(5.32×10−5) (9.47×10−5) (7.04×10−5) (0.0001) (3.23×10−5)
Female 0.0438∗∗∗ 0.1203∗∗∗ 0.0338∗∗∗ 0.0544∗∗∗ 0.0199∗∗∗

(0.0024) (0.0056) (0.0033) (0.0051) (0.0021)
Log ICT Intensity × Older Worker −0.0050∗∗∗ −0.0033 −0.0056∗∗ −0.0118∗∗∗ −0.0012

(0.0016) (0.0031) (0.0025) (0.0032) (0.0014)

Observations 107,399 82,320 82,245 82,286 107,399
R2 0.195 0.063 0.092 0.123 0.427
Within R2 0.009 0.017 0.004 0.004 0.002

Panel B: Stratified Log ICT Intensity × Older Worker Coefficients

Job Requires Learning New Things −0.0038∗∗ −0.0010 −0.0051∗∗ −0.0098∗∗∗ −0.0007
(0.0016) (0.0035) (0.0023) (0.0038) (0.0016)

Employer-Provided Training −0.0061∗∗ −0.0030 −0.0092∗∗ −0.0124∗∗∗ −0.0032
(0.0024) (0.0047) (0.0041) (0.0044) (0.0024)

Computer Use at Work −0.0065∗∗∗ −0.0063 −0.0069∗∗ −0.0148∗∗∗ −0.0041∗

(0.0022) (0.0042) (0.0033) (0.0043) (0.0024)
High Work Intensity −0.0034∗∗ −0.0025 −0.0042 −0.0100∗∗ −0.0002

(0.0017) (0.0034) (0.0029) (0.0041) (0.0018)
Low Task Autonomy −0.0046∗∗ −0.0056 −0.0044 −0.0080∗∗ 1.86×10−5

(0.0019) (0.0037) (0.0028) (0.0040) (0.0017)

Clustered (11-industry NACE × Country) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Panel A reports estimates from individual-level regressions using pooled microdata from the European Working Conditions Survey (EWCS), cover-
ing employed respondents across participating European countries and survey waves from 1991 to 2015. Dependent variables measure technostress-
related health outcomes, including a composite Technostress Index (the unweighted mean of indicators for headaches/eyestrain, anxiety or stress,
fatigue, and sleep problems) and each component separately. The main explanatory variable is log ICT capital intensity at the industry–country–year
level, harmonized to a consistent 11-industry NACE classification. Older Worker is an indicator for respondents aged 50 and above. All specifi-
cations control for gender and job quality (skills use and task discretion) and are estimated using survey weights. Regressions include 11-industry
NACE × year, 11-industry NACE × country, and country × year fixed effects, with standard errors clustered at the 11-industry NACE × country
level. The interaction term captures differential associations between ICT intensity and technostress-related outcomes for older workers relative to
younger workers within the same industry, country, and year.
Panel B reports stratified estimates of the log ICT intensity × Older Worker interaction, obtained by re-estimating the Panel A specification within
subsamples defined by indicators of workplace technology exposure and work organization: learning requirements, employer-provided training,
computer use at work, high work intensity, and low task autonomy. Each coefficient corresponds to the interaction term from a separate subsample
regression. All stratified models use the same controls, fixed effects, survey weights, and clustering as in Panel A, though sample sizes vary across
strata. Panel B assesses whether the interaction between ICT intensity and worker age is concentrated in work environments where digital task
demands and organizational pressures are more pronounced.
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8. Discussion

Our findings emphasize that the productivity gains from ICT capital depend on workforce age

composition. Across the baseline fixed-effects specifications, ICT intensity is positively associated

with labor productivity, but the ICT–productivity association is systematically weaker in industries

with larger older-worker shares. The IV estimates support the same heterogeneous-return pattern,

although the average ICT coefficient is less precisely estimated. These results are consistent with

a broader literature emphasizing that aging workforces may face adjustment frictions when tech-

nological change alters task requirements, work organization, and skill demands (Ilmarinen, 2006;

Acemoglu & Restrepo, 2022). They also suggest that the productivity consequences of digitiza-

tion depend not only on the availability of digital capital, but on how effectively firms integrate

that capital into production environments with different workforce structures.

The mechanism evidence points toward adjustment costs, selection, and organizational fric-

tions rather than a simple story in which digitization disproportionately harms older workers who

remain employed. Older workers in more digitally intensive environments do not report dispropor-

tionately worse technostress-related outcomes conditional on employment. If anything, the weaker

association between ICT intensity and technostress outcomes among older workers is consistent

with positive selection into digitally intensive jobs, sorting away from high-demand digital envi-

ronments, or organizational accommodations that allow some older workers to remain employed.

This interpretation is consistent with the view that the productivity effects of new technologies

depend on complementary investments in skills, task redesign, and organizational change (Bessen,

2018). Rather than treating technostress as the primary explanation for attenuated ICT returns,

our results suggest that technostress and related working-conditions measures are useful for in-

terpreting how older workers are selected into, adapt to, or are supported within digitized work

environments.

These findings have implications for firms and policymakers facing simultaneous digital trans-

formation and population aging. Policies that encourage ICT investment alone may be insufficient
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if older workforces face higher adjustment costs or if firms underinvest in complementary or-

ganizational practices. Training, digital literacy programs, ergonomic ICT implementation, and

age-inclusive job design may help workers adapt to changing task demands and may increase

the realized productivity returns to ICT capital. This is consistent with recent work emphasizing

the importance of supporting older workers as automation and digital technologies reshape labor

demand (Aisa et al., 2023). More generally, the results suggest that productivity policy in ag-

ing economies should treat ICT adoption and workforce development as complementary margins,

rather than as separate policy domains.

9. Conclusion

This paper examines whether workforce aging attenuates the productivity returns to ICT capital.

Using a European country–industry–year panel from 1995–2019, we find that ICT intensity is posi-

tively associated with labor productivity on average, but that this association is weaker in industries

with larger older-worker shares. We also find evidence that industries with older workforces ex-

perience slower subsequent ICT deepening, suggesting that workforce aging may affect both the

realized returns to digital capital and the pace of future digital investment.

Instrumental-variables estimates based on predetermined 1995 ICT exposure, global ICT price

declines, and historical research-backbone connectivity support the central heterogeneous-return

result. Supplemental diagnostics provide no evidence that the instruments operate through broad

non-ICT capital deepening, R&D accumulation, or endogenous workforce aging. The IV evidence

should be interpreted as reinforcing the main attenuation result rather than as definitive proof of

the exclusion restriction.

Mechanism analyses using the European Working Conditions Survey do not indicate that older

workers who remain employed in digitally intensive environments experience disproportionately

worse technostress-related health outcomes. Instead, the evidence is more consistent with selec-

tion, adjustment costs, or organizational frictions. These findings suggest that the productivity

consequences of digitization in aging economies depend not only on the availability of ICT capi-
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tal, but also on the ability of firms and workers to adapt organizationally to digital production.
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A. Model Details

Firm problem (ICT investment). Within period t, the firm takes the predetermined stocks

(KNI
t ,KICT

t ) and labor input Lt as given and produces Yt . After production, the firm chooses ICT

investment IICT
t ≥ 0 to determine next period’s ICT stock:

KICT
t+1 = (1−δICT )KICT

t + IICT
t . (10)

Accumulating ICT capital entails organizational and training costs that rise with the share of older

workers:

C
(

IICT
t ,swork

O,t

)
=

κ

2

(
IICT
t

)2(
1+φsswork

O,t

)
, φs > 0. (11)

Let V (·) denote the continuation value of entering period t+1 with ICT stock KICT
t+1 . An interior

optimum satisfies

κIICT
t

(
1+φsswork

O,t

)
=

∂V
∂KICT

t+1
, (12)

implying that a higher share of older workers reduces optimal ICT investment for a given marginal

value of ICT capital.

Old households and retirement Old individuals choose whether to work after observing wages

and the predetermined ICT capital stock KICT
t . Digitization increases the disutility of work for

older individuals.

Utility if working:

UW
t = u

(
(1+ rt)at +wO

t

)
−χ ln

(
KICT

t
Lt

)
. (13)

Utility if retiring:

UR
t = u((1+ rt)at)+ψ. (14)
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Under quasi-linear utility u(c) = c, an old individual works if

wO
t ≥ ψ+χ ln

(
KICT

t
Lt

)
. (15)

Let Ψ(·) denote the distribution of heterogeneous retirement preferences. Then the old-age

participation rate is

nt = 1−Ψ

(
ψ+χ ln(KICT

t /Lt)−wO
t

)
,

∂nt

∂KICT
t

< 0. (16)

Competitive Equilibrium A competitive equilibrium consists of sequences

{KNI
t ,KICT

t , IICT
t ,nt ,wY

t ,w
O
t ,rt}t≥0

such that:

(i) Given predetermined capital stocks, firms produce according to the production function and

factor prices clear markets.

(ii) Old households choose labor supply optimally, determining nt .

(iii) Labor markets clear: Lt = NY
t +ntNO

t .

(iv) Firms choose ICT investment IICT
t to determine next period’s ICT stock.

Our empirical analysis focuses on the within-period productivity implications of ICT capital

and workforce aging rather than on the full dynamic path of capital accumulation.

Key Predictions

Proposition 1 (Age-Dependent Returns to ICT). Under θ > 0 and γ < 0, the marginal productivity

of ICT capital is strictly decreasing in the share of older workers:

∂2 ln(Yt/Lt)

∂ ln(KICT
t /Lt)∂swork

O,t
= γ < 0.
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Proposition 2 (Slower ICT Accumulation in Older Workforces). If φs > 0, environments with a

larger share of older workers exhibit slower accumulation of ICT capital.

Proposition 3 (Digitization-Induced Retirement). If χ > 0, higher ICT intensity reduces old-age

labor-force participation:
∂nt

∂KICT
t

< 0.

Together, these predictions imply that aging economies or industries will exhibit weaker pro-

ductivity gains from ICT capital and slower technology adoption, consistent with the interaction

effects estimated in the data.
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B. Data Sources and Variable Construction

This appendix provides additional detail on the construction of the country–industry–year panel,

the harmonization of industry and age categories, the transformation of productivity and capital

variables, and the supplemental microdata used in the mechanisms analysis.

B.1. Country–industry–year panel construction

The main analysis uses a country × one-digit industry × year panel covering 1995–2019. The

panel combines labor-market and demographic information from Eurostat with industry-level pro-

ductivity and capital-account measures from the EUKLEMS and INTANProd productivity ac-

counts. The panel is unbalanced because data availability differs across countries, years, industries,

and capital-asset categories. Figure 2 reports panel coverage by country and year.

Employment by age, country, industry, and year is drawn from the European Union Labour

Force Survey (LFS), accessed through Eurostat. We use the annual employment tabulations from

lfsa egana for the NACE Rev. 1.1 period and lfsa egan2 for the NACE Rev. 2 period. In both

sources, we retain total-sex employment counts, restrict attention to one-digit NACE industries,

and exclude aggregate regional units such as EU-wide or euro-area aggregates. The Rev. 1.1 data

are used from 1995 onward, while the Rev. 2 data are used after 2008. The two sources are

appended after harmonizing country, industry, age, and year identifiers.

Population counts by age and country are obtained from Eurostat demographic statistics, dataset

demo pjangroup. These data are merged to the employment panel at the country–year level and

are used to construct age-specific employment shares in the supplemental employment-share anal-

ysis.

Industry-level output, labor input, and capital-stock measures are drawn from the EUKLEMS

and INTANProd productivity accounts, accessed through the Luiss Lab distribution (of Euro-

pean Economics & Transition, 2024). We merge the national-accounts and capital-accounts files

by country, one-digit industry, and year. These data provide real value added, hours worked,
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Figure 2: Panel coverage by country and year: share of one-digit industries observed
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This figure illustrates the temporal and cross-country coverage of the country–industry panel used in the baseline anal-
ysis. Each cell reports the percentage of one-digit NACE industries observed for a given country–year combination,
with darker shading indicating more complete industry coverage. The panel is unbalanced due to differences in data
availability across countries, years, and industry classifications, including the transition from NACE Rev. 1.1 to Rev. 2
and incomplete reporting of capital asset components in earlier years for some countries.

employment, gross fixed capital formation, and capital stocks by asset type, including informa-

tion technology, communications equipment, software/database capital, and R&D capital. We

restrict the productivity panel to country–industry–year cells that can be matched to the Eurostat

employment-by-age data.

B.2. Industry harmonization and one-digit NACE aggregation

The main productivity analysis is conducted at the one-digit NACE industry level. This aggre-

gation is used because it provides the most consistent industry classification across the transition

from NACE Rev. 1.1 to NACE Rev. 2 and across the productivity, labor-force, and demographic

sources. We retain one-letter NACE sections in the LFS and productivity accounts and harmonize
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the industry identifiers to a common nace variable.

For the European Working Conditions Survey analysis, we use a coarser 11-industry classifi-

cation available in the EWCS. To match country–industry ICT intensity to individual respondents,

one-digit NACE sections in the productivity panel are mapped to the 11 EWCS industry groups.

ICT capital and hours worked are then aggregated within country, year, and 11-industry group

before constructing the matched ICT-intensity measure.

B.3. Labor productivity and capital intensity measures

The baseline dependent variable is value-added labor productivity, measured as real value added

per hour worked. Let VAcit denote real value added and Lcit denote hours worked in country c,

industry i, and year t. Because the empirical variables are transformed using the inverse hyperbolic

sine transformation, our constructed productivity measure is

l̃n
(

VAcit

Lcit

)
= asinh(VAcit)− asinh(Lcit),

which approximates ln(VAcit/Lcit) for positive values away from zero. In the tables and text, we

refer to this variable as log value-added labor productivity for readability.

ICT capital is constructed as the sum of information technology, communications equipment,

and software/database capital:

KICT
cit = KIT

cit +KCT
cit +KSo f tDB

cit .

The primary ICT-intensity measure is ICT capital per hour worked, transformed as

l̃n
(

KICT
cit

Lcit

)
= asinh(KICT

cit )− asinh(Lcit).

The same transformation is used for non-ICT capital intensity and R&D capital intensity. Non-ICT

capital is constructed as total gross fixed capital formation less ICT capital, with a small positive
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floor imposed before transformation when necessary:

KnonICT
cit = max{KGFCF

cit −KICT
cit ,10−6}.

R&D intensity is constructed analogously using the R&D capital stock.

We also construct an ICT capital-share measure,

DICT
cit =

KICT
cit

KGFCF
cit

,

which is used in exploratory specifications but not as the primary measure in the main results.

B.4. Older-worker shares

The primary workforce-aging measure is the share of workers aged 50–64 among workers aged

15–64 within each country–industry–year cell:

swork
O,cit =

Emp50–64,cit

Emp15–64,cit
.

This measure is constructed from Eurostat LFS age-by-industry employment counts. We use the

50–64 age range because it is consistently available in the industry-by-age employment tabulations

over the sample period and captures late-career employment before the age ranges most affected

by retirement eligibility and sparse reporting. In the mechanisms analysis using EWCS microdata,

older workers are defined as individuals aged 50 and above.

B.5. Logarithmic and inverse-hyperbolic-sine transformations

Several productivity and capital-stock measures in the panel are highly skewed, and some as-

set components take zero or near-zero values in particular country–industry–year cells. To avoid

dropping these observations or adding arbitrary constants before logging, we transform continuous
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productivity and capital-intensity variables using the inverse hyperbolic sine transformation,

asinh(x) = log
(

x+
√

x2 +1
)
.

The inverse hyperbolic sine transformation is widely used in applied economics as a log-like trans-

formation that remains defined at zero and, unlike the natural logarithm, can also accommodate

negative values (Burbidge et al., 1988; Bellemare & Wichman, 2020). For large positive values,

asinh(x) differs from log(x) only by an additive constant, so differences of transformed quantities

approximate log ratios.

Accordingly, our transformed value-added labor productivity measure is

l̃n
(

VAcit

Hcit

)
= asinh(VAcit)− asinh(Hcit),

and ICT intensity is constructed as

l̃n
(

KICT
cit

Hcit

)
= asinh(KICT

cit )− asinh(Hcit).

Non-ICT capital intensity and R&D capital intensity are constructed analogously. For readability,

the tables refer to these variables as “log” or ln measures, but the empirical variables are inverse-

hyperbolic-sine transformations.

Recent econometric work emphasizes that coefficients from inverse-hyperbolic- sine trans-

formed variables should not always be interpreted mechanically as percentage effects, especially

when zeros are common or when rescaling the underlying variable would change the relative

weight placed on extensive and intensive margins (Aihounton & Henningsen, 2021; Chen & Roth,

2024). We therefore interpret the estimates as log-like associations rather than exact elasticities.

In our setting, the transformation is used primarily to retain country–industry–year cells with zero

or near-zero capital components while reducing the influence of extreme values. The underly-

ing measurement units are kept fixed throughout the analysis, and all specifications use the same
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transformation across baseline, robustness, and IV estimates.

B.6. Age-specific employment-share and wage extension

For the age-specific employment-share analysis, we combine the main country–industry panel with

wage information from Eurostat’s Structure of Earnings Survey (SES). We use the SES datasets

earn ses agt27, earn ses06 27, earn ses10 27, earn ses14 27, and earn ses18 27. We re-

tain total-sex average earnings in euros and one-digit NACE industries. For SES waves in which

establishment-size restrictions are available, we retain establishments with at least 10 employees.

The employment-share analysis is organized around three age groups: 40–49, 50–59, and 60

and above. Employment shares are constructed by dividing industry employment in each age

group by the corresponding country–year population in that age range. Specifically, the 50–59

share uses employment aged 50–59 divided by population aged 50–54 and 55–59, while the 60+

share uses employment aged 60 and above divided by population aged 60–64, 65–69, 70–74, and

75+. Earnings variables are merged by country, industry, year, and age group and are used as

controls in the age-specific employment-share regressions.

B.7. European Working Conditions Survey mechanism sample

To examine potential mechanisms linking digitization, workforce aging, and working conditions,

we use individual-level data from the European Working Conditions Survey (EWCS), a repeated

cross-sectional survey covering multiple waves through 2015. These data are used only for the

mechanisms analysis and are not used to construct the main country–industry productivity panel.

We retain respondents with non-missing country, year, industry, and survey-weight informa-

tion. Older workers are defined as individuals aged 50 and above. The baseline controls in-

clude gender and Eurofound job-quality measures, especially the skills-and-discretion index used

to proxy job content and autonomy.

The main mechanism outcomes are technostress-related health and working-conditions indica-

tors. We construct binary indicators for headaches or eyestrain, anxiety or stress, fatigue, and sleep
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problems. The sleep-problem measure equals one when the respondent reports at least one sleep-

related problem occurring monthly or more frequently. We also construct a composite technostress-

related index as the unweighted mean of the available component indicators:

T Si jct =
1

Mi jct

Mi jct

∑
m=1

T Sm
i jct ,

where T Sm
i jct denotes component m for individual j in industry i, country c, and year t, and Mi jct is

the number of non-missing components.

To match EWCS respondents to industry-level ICT exposure, we aggregate the productivity

panel to the EWCS 11-industry classification. Within each country–year–11-industry cell, we sum

ICT capital and hours worked across the matched one-digit NACE sections and construct

l̃n

(
KICT

cgt

Lcgt

)
= asinh(KICT

cgt )− asinh(Lcgt),

where g indexes the EWCS 11-industry group. This country–industry–year ICT-intensity measure

is merged to individual EWCS respondents by country, survey year, and 11-industry group.

We also construct stratification variables used in the mechanism analysis. These include an

indicator for jobs involving learning new things, an indicator for employer-provided training, an

indicator for computer use at work, an indicator for high work intensity based on the sample median

of the EWCS work-intensity index, and an indicator for low autonomy based on the sample median

of the skills-and-discretion index. The EWCS regressions use survey weights and cluster standard

errors at the industry–country level.

B.8. Instrument inputs and IV construction

The historical-backbone instrument is described in the main text and in Appendix C. The data in-

puts are: (i) the reconstructed early-1990s EuropaNET and NORDUnet research-backbone topol-

ogy, (ii) population-weighted country centroids constructed from NUTS-3 regions and population,

(iii) predetermined 1995 country–industry ICT intensity from the productivity panel, and (iv) the
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U.S. BEA Private Fixed Investment chained price index for Information Processing Equipment and

Software.

IV construction uses predetermined 1995 country–industry ICT intensity. Let

ICT Exposureci,1995 = l̃n

(
KICT

ci,1995

Lci,1995

)
.

The baseline shift–share exposure is

Zbase
cit = ICT Exposureci,1995 × ICTCostShockt ,

where ICTCostShockt is the common decline in the ICT investment price index relative to 1995.

The backbone-amplified exposure is

Zbackbone
cit = ICT Exposureci,1995 ×BackboneExposurec × ICTCostShockt .

The endogenous regressors in the IV productivity specifications are ICT intensity and its inter-

action with the older-worker share. The excluded instruments are Zbase
cit , Zbackbone

cit , and their in-

teractions with the older-worker share. In the lagged-share robustness specification, the interac-

tion instruments are formed using the lagged older-worker share rather than the contemporaneous

older-worker share.
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C. Supplemental Instrumental-Variables Evidence

This appendix reports additional evidence supporting the instrumental-variables strategy described

in Section 4. The instrument combines predetermined 1995 country–industry ICT exposure, a

common global ICT price-decline shifter, and historical exposure to the European research-backbone

network. The identifying assumption is that, conditional on the fixed effects and controls included

in the main specification, the excluded instruments affect labor productivity through ICT adoption

rather than through other contemporaneous productivity determinants. The results below assess

this assumption along three dimensions: first-stage relevance, reduced-form event-style patterns,

and placebo relationships with alternative channels.

Table 7 reports the first-stage regressions corresponding to the main IV specifications in Ta-

ble 5. The excluded instruments are strongly related to both endogenous regressors: ICT inten-

sity and its interaction with the older-worker share. This confirms that the shift–share instru-

ments generate meaningful predicted variation in ICT intensity after absorbing Country×Industry,

Year×Industry, and Year×Country fixed effects.

Figure 3 reports year-specific reduced-form associations between predetermined backbone-

amplified ICT exposure and log labor productivity. This exercise is not a formal pre-trend test,

since the main panel begins in the baseline period used to construct exposure. Instead, it provides

a diagnostic check for whether the exposure measure is systematically associated with differential

productivity changes throughout the sample. The estimated coefficients are small and statistically

indistinguishable from zero across the period, providing no evidence that the predetermined expo-

sure measure directly tracks productivity growth outside the ICT-adoption channel.

Table 8 examines whether the excluded instruments predict changes in outcomes that should

not be directly affected by ICT-specific price declines and historical backbone exposure. The

placebo outcomes are changes in non-ICT capital intensity, R&D capital intensity, and the older-

worker share. These tests address the concern that the instrument may be capturing broader capital

deepening, innovation investment, or endogenous workforce aging rather than ICT-specific adop-
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Table 7: First-stage regressions for ICT intensity and heterogeneous exposure

Dependent Variable: ln
(
KICT

it /Lit
)

ln
(
KICT

it /Lit
)
× swork

O,it ln
(
KICT

it /Lit
)

ln
(
KICT

it /Lit
)
× swork

O,it
Model: (1) (2) (3) (4)

Variables
Baseline ICT exposure × price decline -0.7875∗∗∗ -0.6607∗∗∗ -0.7502∗∗∗ -0.5182∗∗∗

(0.1304) (0.0536) (0.1327) (0.0527)
Baseline ICT exposure × price decline × backbone 0.0814 0.0922∗∗ 0.0669 0.0893∗∗

(0.1169) (0.0385) (0.1063) (0.0413)
Baseline ICT exposure × price decline × older-worker share 0.2965 1.722∗∗∗ 0.1868 1.292∗∗∗

(0.3289) (0.1094) (0.3189) (0.1054)
Backbone-amplified exposure × price decline × older-worker share -0.4086 -0.2155∗ -0.3710 -0.2216∗

(0.3824) (0.1120) (0.3539) (0.1251)
Older-worker share, swork

O,it 0.1392 -5.584∗∗∗ 0.1696 -5.487∗∗∗

(0.3624) (0.1338) (0.3534) (0.1677)
Log non-ICT intensity, ln

(
KnonICT

it /Lit
)

0.3546∗∗∗ 0.0660∗ 0.3522∗∗∗ 0.0606
(0.1320) (0.0381) (0.1325) (0.0414)

Log R&D intensity, ln
(
KRD

it /Lit
)

0.0520∗∗ 0.0081 0.0514∗∗ 0.0079
(0.0243) (0.0072) (0.0243) (0.0076)

Fixed-effects
Country × Industry Yes Yes Yes Yes
Year × Industry Yes Yes Yes Yes
Year × Country Yes Yes Yes Yes

Instrument construction
Current older-worker share in IV interactions Yes Yes
Lagged older-worker share in IV interactions Yes Yes

Fit statistics
Observations 4,004 4,004 4,004 4,004
R2 0.98688 0.98975 0.98684 0.98673
Within R2 0.18486 0.85430 0.18271 0.81140

Clustered (Country × Industry) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

This table reports first-stage regressions corresponding to the 2SLS estimates in Table 5. The endogenous regres-
sors are ICT capital intensity, ln

(
KICT

it /Lit
)
, and its interaction with the older-worker share, ln

(
KICT

it /Lit
)
× swork

O,it .
Instruments are constructed from a shift–share design that interacts predetermined 1995 country–industry ICT in-
tensity with a common global ICT price-decline shifter and a country-level historical research-backbone exposure
measure. Columns (1)–(2) correspond to the preferred specification, in which the excluded instruments for the inter-
action term are formed using the contemporaneous older-worker share. Columns (3)–(4) instead form the interaction
instruments using the lagged older-worker share. All specifications include Country×Industry, Year×Industry, and
Year×Country fixed effects and control for non-ICT capital intensity and R&D intensity. Standard errors are clustered
at the Country×Industry level.
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Figure 3: Reduced-form event-style diagnostic for backbone-amplified ICT exposure
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This figure reports year-specific reduced-form associations between predetermined backbone-amplified ICT expo-
sure and log value-added labor productivity. The omitted reference year is 1995. The estimating equation includes
Country×Industry, Year×Industry, and Year×Country fixed effects, as well as the same controls used in the main IV
specification. Standard errors are clustered at the Country×Industry level. The flat coefficient profile provides no
evidence that the predetermined exposure measure is directly associated with differential productivity changes over
the sample period.

tion. The excluded instruments are not jointly significant in any of the placebo regressions, with

Wald test p-values of 0.363, 0.263, and 0.925, respectively. The exclusion restriction cannot be

verified directly, but these results provide no evidence that the instrument operates through these

observable alternative channels.

Finally, Table 9 reports baseline diagnostic regressions relating the backbone-amplified expo-

sure component to 1995 country–industry characteristics. These regressions condition on baseline

ICT exposure, country fixed effects, and industry fixed effects; the coefficient on baseline ICT

exposure is omitted from the table for compactness. The reported coefficient therefore captures

whether the incremental historical-backbone component is associated with baseline productivity,
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Table 8: Placebo reduced-form tests for alternative IV channels

Dependent Variable: ∆ ln
(
KnonICT

it /Lit
)

∆ ln
(
KRD

it /Lit
)

∆swork
O,it

Model: (1) (2) (3)

Variables
Baseline ICT exposure × price decline 0.0069 -0.0431 0.0014

(0.0125) (0.0769) (0.0063)
Backbone-amplified exposure × price decline 0.0104 0.0397 0.0039

(0.0064) (0.0373) (0.0045)
Baseline ICT exposure × price decline × older-worker share -0.0133 0.1253 -0.0102

(0.0350) (0.1987) (0.0196)
Backbone-amplified exposure × price decline × older-worker share -0.0357∗ -0.0063 -0.0123

(0.0199) (0.1080) (0.0153)
Older-worker share, swork

O,it 0.0162 0.0750 0.2960∗∗∗

(0.0415) (0.1819) (0.0232)
Log R&D intensity, ln

(
KRD

it /Lit
)

0.0058∗∗ -0.0004
(0.0025) (0.0010)

Log non-ICT intensity, ln
(
KnonICT

it /Lit
)

0.0221 -0.0007
(0.0517) (0.0034)

Fixed-effects
Country × Industry Yes Yes Yes
Year × Industry Yes Yes Yes
Year × Country Yes Yes Yes

Joint tests
Wald test of excluded instruments 1.084 1.311 0.224
p-value 0.363 0.263 0.925

Fit statistics
Observations 4,004 3,993 4,004
R2 0.39346 0.34448 0.50305
Within R2 0.00568 0.00309 0.15387

Clustered (Country × Industry) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

This table reports reduced-form placebo regressions designed to assess whether the excluded instruments predict
alternative channels other than ICT adoption. The dependent variables are changes in non-ICT capital intensity, R&D
capital intensity, and the older-worker share. The excluded instruments are not jointly significant in any placebo
regression, with Wald test p-values of 0.363, 0.263, and 0.925, respectively. These results provide no evidence that
the instrument primarily captures broad capital deepening, R&D accumulation, or endogenous workforce aging.
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workforce age composition, non-ICT capital intensity, or R&D intensity. The estimates are small

and statistically insignificant across outcomes, suggesting that the backbone-amplified component

is not simply proxying for observable baseline differences in productivity, capital structure, or

workforce aging.

Table 9: Baseline correlates of backbone-amplified ICT exposure

Dependent Variable: ln
(
VAi,1995/Li,1995

)
swork

O,i,1995 ln
(

KnonICT
i,1995 /Li,1995

)
ln
(

KRD
i,1995/Li,1995

)
Model: (1) (2) (3) (4)

Variables
Backbone-amplified baseline ICT exposure 0.0002 0.0010 0.0396 -0.2241

(0.0289) (0.0037) (0.0275) (0.2027)

Controls and fixed-effects
Baseline ICT exposure control Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
Industry fixed effects Yes Yes Yes Yes

Fit statistics
Observations 178 178 178 163
R2 0.94411 0.71838 0.94552 0.71438
Within R2 0.03057 0.01677 0.06406 0.03821

Clustered country-level standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

This table reports baseline cross-sectional diagnostic regressions relating 1995 country–industry characteristics to
the backbone-amplified exposure component used in the IV design. All regressions include country and industry fixed
effects and condition on baseline 1995 ICT exposure; the coefficient on baseline ICT exposure is omitted from the table
for compactness. The reported coefficient therefore captures whether the incremental backbone-amplified component
is systematically associated with baseline productivity, workforce age composition, non-ICT capital intensity, or R&D
intensity.
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