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Abstract

New machinery has long been argued to raise the relative demand for skilled labor,
yet firm-level evidence finds no such shift at investing firms. We resolve this puzzle
by looking beyond firm boundaries. Linking Belgian data on capital investments,
buyer–supplier transactions, and worker skills, we show that the skill bias of new
machinery arises entirely at external suppliers. Following machinery investment
spikes, purchases from suppliers raise firms’ total demand for high-STEM workers
by 45%, three times the rise for other skill groups, while in-house hiring raises it
by less than 5%, evenly across skill groups. This external demand comes first from
machine integrators and later from complementary services such as software, and
is stronger for smaller firms, lumpier investments, and rapidly advancing capital,
consistent with fixed and adjustment costs of hiring high-STEM workers in-house.
In a general-equilibrium model estimated on our event studies, the rise in machinery
per worker from 2003 to 2021 raises relative demand for high-STEM workers by
8.8 log points and their wage premium by 3.1. Measured on payrolls alone, both
would fall.
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How do new machines affect the demand for worker skills? Since the capital–skill

complementarity hypothesis of Griliches (1969), economists have argued that new ma-

chinery complements skilled labor. As Greenwood and Yorukoglu (1997) note, “setting

up and operating new technologies often involves acquiring and processing information.

Skill facilitates this adoption process.”

Yet despite its central role in many macro-labor models (Krusell et al., 2000), recent

micro-level evidence of capital–skill complementarities has been elusive: armed with newly

available firm-level data, a growing number of studies document that firms investing in

new machinery do not alter their skill mixes (Aghion et al., 2025; Curtis et al., 2023;

Hirvonen, Stenhammar and Tuhkuri, 2025).

In this paper, we argue that capital–skill complementarity operates beyond firm bound-

aries: investing firms mostly buy the skills needed to integrate and operate new machinery

from external suppliers rather than hiring them in-house. Hence, while new machinery

may appear skill-neutral on investing firms’ payrolls, it raises the demand for skills at

their suppliers and thus in the labor market as a whole.

Robot integration illustrates this process. A rule of thumb in industrial robotics is

that installation and integration account for two-thirds of the cost of a robot cell (IFR,

2022). Because most manufacturers lack the expertise to do this work in-house, they buy

it from specialized integrators. The number of integrator firms in the U.S. rose by about

300% in the decade to 2020 (RIA, 2020).

To study this process systematically, we link Belgian firm-level data on capital invest-

ments, buyer–supplier transactions, and worker skills from 2003 to 2020, which lets us

measure how firms adjust both in-house employment and external labor services around

major capital investments. We measure a firm’s external employment using a key propor-

tionality assumption: if a firm buys 10% of a supplier’s sales, it externally employs 10%

of that supplier’s workforce. This assumption is standard in input–output analysis, and
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we use our microdata to validate it in our setting.

To capture skill bias, we classify labor along two dimensions: the level of education

(low refers to below-tertiary education; high to tertiary or higher) and the field of educa-

tion (STEM vs. non-STEM). Under the capital–skill complementarity hypothesis, capital

investment should increase the relative demand for high-STEM labor through two chan-

nels: installing and integrating new capital requires skilled workers (Goldin and Katz,

1998), as does operating more capital-intensive production (Griliches, 1969).

We adopt the “investment spikes” design from recent studies (e.g., Bessen et al.,

2025; Aghion et al., 2025; Hirvonen, Stenhammar and Tuhkuri, 2025), analyzing how

firms adjust their labor demand before and after large increases in machinery investment.

Reflecting the lumpy nature of capital investment (Cooper and Haltiwanger, 2006), the

machinery stock per worker more than triples (from about 19 to over 60 thousand euros)

around a typical investment spike in our analysis sample. Our empirical strategy uses a

difference-in-differences approach, comparing firms that experience an investment spike

to similar firms in the same industry that have not yet done so.

While investment spikes are endogenous firm decisions, we conduct several validation

checks of our identification strategy. First, the spikes design has been validated against

quasi-experiments in prior work (Aghion et al., 2025; Hirvonen, Stenhammar and Tuhkuri,

2025). Second, spiking and non-spiking firms are on similar paths before the spikes, and

controlling for their sales growth in the spike year leaves our conclusions intact. Finally,

the skill bias of investment spikes is specific to capital embodying advanced technologies

(Greenwood, Hercowitz and Krusell, 1997), arguing against generic confounders of large

investments.

We establish three main findings on how firms adjust their skill demand around ma-

chinery investment spikes.

First, machinery spikes sharply raise the demand for high-STEM labor, and the skill
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bias comes entirely from outside the firm. Total high-STEM employment (in-house plus

external) rises by 50% in the spike year, against 11–20% for other skill groups, and

remains 33% above baseline four years later. In-house employment grows evenly across

skill groups, raising total employment by only 3–5% at the spike and 9–13% after four

years, consistent with firm-level studies that observe only in-house payrolls.

Second, the external skill bias unfolds in two stages that match the two channels of

capital–skill complementarity. Machine suppliers and integrators drive an initial burst,

raising total high-STEM demand by about 15% in the spike year, as the investment–

skill complementarity of Goldin and Katz (1998) predicts for the flow of new capital.

The bias then persists but shifts toward skill-intensive services complementary to more

capital-intensive production, such as software, as the capital–skill complementarity of

Griliches (1969) predicts for the larger capital stock.

Third, the external skill bias varies systematically across investing firms and capital

types. It is stronger for smaller firms and for services firms, which employ fewer high-

STEM workers in-house before the spike. It is absent for intangible investments, which

follow smoother investment profiles and rely far less on external suppliers. And it is

specific to new machinery: building spikes generate a weaker bias that fades over time,

while machinery from suppliers new to the firm, which is more likely to embody new

technologies, generates the strongest bias of all, consistent with the capital-embodied

technical change of Solow (1960) and Greenwood, Hercowitz and Krusell (1997).

Our main results are robust to the many ways one can construct staggered event

studies: varying spike thresholds, single- versus repeat-spiking treated firms, matched

versus cell-average comparison firms, clean-control versus later-spiking comparison firms,

and balanced versus unbalanced panels. By comparing spiking firms only to not-yet-

spiking firms, our stacked difference-in-differences design also circumvents econometric

issues that may arise from staggered treatments under heterogeneous effects (Roth et al.,
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2023).

To understand why firms do not hire machine-complementary skills in-house, we de-

velop a conceptual framework that combines the canonical model of capital–skill and

investment–skill complementarities (Goldin and Katz, 1998; Griliches, 1969) with two

classical rationales for outsourcing: hiring capital-complementary skills entails both fixed

and adjustment costs (Abraham and Taylor, 1996). Because of these costs, the high-

STEM workers needed to deploy new machinery are often concentrated at specialized

external suppliers, which can reap scale economies and smooth lumpy demand by serving

multiple investing firms. The same costs also explain why these suppliers are especially

important for smaller firms (for whom fixed costs are harder to absorb), for lumpy invest-

ment categories (which entail larger adjustment costs), and for technologically advanced

capital types (which require more specialized skills to integrate and operate). This mech-

anism complements the wage-savings motive at the center of the literature on domestic

outsourcing of lower-paid work (Goldschmidt and Schmieder, 2017): rather than shed-

ding low-pay work to avoid firm wage premia, investing firms outsource their highest-skill

work to specialized suppliers that pay a wage premium.

We organize our empirical analysis around a dynamic version of the framework with

lumpy investment, as in Cooper and Haltiwanger (2006). This dynamic framework yields

the outsourcing predictions we take to the data, and it formalizes the conditions under

which investment spikes identify the skill bias of new machinery. In the model, a firm

invests once its capital is far enough below target to justify the fixed cost of adjusting, so

a spike is a discrete drop in its effective price of capital, the variation an ideal experiment

would provide. Because output demand shocks raise all skill groups proportionally, spikes

they trigger still identify the skill bias of new machinery. The dynamic framework also

shows how our estimates map into the substitution elasticities of the nested-CES structure

of Krusell et al. (2000).
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Finally, we embed this dynamic firm problem in a quantitative general-equilibrium

model in which firms differ in productivity, machinery intensity, and the hardware prices

they face. We estimate the model to match our investment-spike event studies and other

moments of the micro data, and take the elasticity of substitution between skill groups

from the macro-labor literature, varying the labor supply elasticity. The estimated model

implies that machinery substitutes about 1.15 times as easily for low non-STEM labor as

for high-STEM labor in production, while integration makes an outsized contribution to

the skill bias (36 percent of the rise in relative demand, despite employing only 4.3 percent

of high-STEM workers). The model aggregates our micro-level estimates consistently and

delivers a formula that expresses the equilibrium effects in terms of the aggregate rise

in machinery, the shift in relative labor demand per unit of machinery, which our event

studies measure, and the elasticities of relative labor supply and demand. The rise in

machinery per worker between 2003 and 2021 raises the high-STEM wage premium by

3.1 log points and the relative employment of high-STEM workers by 4.6 log points,

relative to low non-STEM workers. Measured on investing firms’ payrolls alone, the

same estimates would imply that new machinery lowered the skill premium.

By measuring skill bias beyond the boundaries of investing firms, our paper bridges

two extensive but largely distinct literatures, on capital–skill complementarities and on

firms’ make-or-buy decisions. Empirically, we combine firm-level data on capital invest-

ments and employment (e.g., Aghion et al., 2025; Hirvonen, Stenhammar and Tuhkuri,

2025) with firm-to-firm transactions (e.g., Dhyne et al., 2025; Huneeus, Kroft and Lim,

2025) to measure how the skill bias of new capital manifests within and outside investing

firms. Approaches that do not observe firm-to-firm trade, whether aggregating to local

labor markets (e.g., Acemoglu and Restrepo, 2020) or applying sectoral input–output

tables (e.g., Humlum, 2022), miss most of this external skill bias, as we show in Sec-

tion 5. Theoretically, we connect models of capital–skill and investment–skill comple-
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mentarity (e.g., Goldin and Katz, 1998; Griliches, 1969) and make-or-buy decisions (e.g.,

Abraham and Taylor, 1996; Grossman and Helpman, 2002) to understand where capital-

complementary skills are employed, and we embed the resulting firm-level skill bias in a

general-equilibrium model to quantify how much it matters in the aggregate.

1 Conceptual Framework

To conceptualize our empirical analysis, we embed a canonical model of capital–skill

and investment–skill complementarities (Goldin and Katz, 1998; Griliches, 1969) within

firms’ decision to hire or outsource labor services. We use it to derive testable predictions

about both complementarities and why firms outsource the required labor. The same

framework guides the rest of the paper: Section 3.1.1 uses its dynamic version to moti-

vate our investment-spikes design, and Section 6 solves a quantitative version in general

equilibrium to quantify the aggregate implications.

1.1 Setup

Consider a firm j in year t. Production combines capital, skilled production labor, and

unskilled production labor:

Yjt = F (Kjt, S
P
jt, U

P
jt). (1)

Deploying new capital requires hardware Xjt and skilled and unskilled integration

labor, which together produce installed capital Ijt:

Kjt+1 = (1 − δ)Kjt + Ijt, Ijt = G(Xjt, S
I
jt, U

I
jt), (2)

where capital depreciates at a rate δ.

For each labor category L ∈ {UP , SP , U I , SI}, firms can either hire in-house (H) or
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source from external suppliers (O, for outsourced):

Ljt = LH
jt + LO

jt. (3)

Firms choose investment and labor (in-house and external) to maximize the present-

discounted sum of profits. In-house labor may involve fixed and adjustment costs, and

investment costs may be non-convex. Appendix A states the firm’s full dynamic program.

1.2 Model Predictions

Our first prediction relates firms’ capital investments to their demand for skills (tested

in Section 3). Following Griliches (1969), operating a more capital-intensive production

process may require additional skills, such as programmers and engineers running auto-

mated production lines. Following Goldin and Katz (1998), integrating new capital may

require skilled workers such as design engineers and robot integrators.

Prediction 1 (Capital investment and the demand for skills). Capital investment can

raise the relative demand for skills through two channels:

Prediction 1(a) (Capital–skill complementarity in production). If capital complements

skilled production labor more than unskilled production labor, a larger capital stock K

raises the relative demand for skilled production workers SP (Equation 1).

Prediction 1(b) (Investment–skill complementarity in integration). If hardware comple-

ments skilled integration labor more than unskilled integration labor, a larger flow of new

hardware X raises the relative demand for skilled integration workers SI (Equation 2).

Because Prediction 1(a) works through the capital stock and Prediction 1(b) through

the flow of new capital, an investment spike should raise skill demand persistently in

production and in a burst around installation in integration. See Appendix A.1 for

formal derivations.
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The remaining predictions concern whether firms hire capital-complementary skills

in-house or buy them from external suppliers (tested in Section 4), and Predictions 2

and 3 draw on the two outsourcing motives identified by Abraham and Taylor (1996).

First, hiring capital-complementary skills in-house, such as robot technicians or soft-

ware engineers, may entail fixed costs: a firm must maintain a dedicated team, equip it,

and build up expertise across projects. External suppliers can spread these costs across

many investing firms (Abraham and Taylor, 1996, § II.C).1 Second, capital investments

often arrive in occasional spikes, generating volatile demand for integration labor. In-

house adjustment costs (e.g., hiring or firing costs) may make this volatility difficult to

absorb: an in-house integrator would have to be hired and let go around each invest-

ment event. Suppliers, by contrast, smooth their workload across clients with offsetting

demand cycles (Abraham and Taylor, 1996, § II.B).

Prediction 2 (Fixed costs and outsourcing). If hiring capital-complementary skills in-

house entails a fixed cost, firms outsource these skills when their demand for them is too

small to cover that cost. Smaller firms and firms in less capital-intensive sectors (e.g.,

services) should therefore rely more on external suppliers.

Prediction 3 (Lumpy investments and outsourcing). If adjusting in-house employment

is costly (e.g., hiring and firing costs), firms outsource capital-complementary skills when

their investment is lumpy enough that in-house staff would sit idle between investment

episodes. Outsourcing should therefore be more prevalent for lumpier investment categories

(e.g., machinery rather than intangibles).

Prediction 4 (Advanced capital and outsourcing). If these fixed and adjustment costs are
1Fixed costs are one source of scale economies in hiring capital-complementary skills. One such

cost is acquiring and maintaining the expertise for an application, which a supplier pays once and uses
across many clients: integrators and other machine suppliers compete on portfolios of past installations,
signaling that they have this expertise and keep it current as the technology advances (cf. Prediction 4).
The Belgian supplier of machine-tending automation RoboJob, for example, advertises its more than
2,000 installations (RoboJob, 2026); industry bodies collect similar case studies (IFR, 2026).
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larger for more specialized skills, both outsourcing motives should be strongest for capital

undergoing rapid technological change (Greenwood, Hercowitz and Krusell, 1997) (e.g.,

machinery rather than buildings, or machinery from new rather than existing suppliers).

See Appendix A.2 for formal derivations.

A final motive, and perhaps the most commonly considered, is to save directly on

wages or benefit payments (Abraham and Taylor, 1996, § II.A), e.g. by avoiding firm

wage premia (Bilal and Lhuillier, 2025; Goldschmidt and Schmieder, 2017). We examine

it in Section 4.6 and Appendix D.6 by testing whether high-wage investing firms outsource

capital-complementary skills more than low-wage ones, and by comparing the wages these

workers earn at external suppliers and at investing firms.

2 Data and Measurement

2.1 Data

We use comprehensive administrative data from Belgium that link firms’ annual accounts

on capital and investment with business-to-business transaction records and employee-

level education data from 2003 to 2020. The datasets share firm identifiers, so we can

merge them at the firm level; Appendix B describes them in detail.

Annual Accounts and VAT Declarations. We observe the annual accounts of all

firms in Belgium, which disaggregate tangible fixed assets into buildings and land, ma-

chinery and equipment, and office and rolling stock, along with intangible fixed assets.

We complement these with Value Added Tax (VAT) records on firms’ sales and purchases

(by category and origin).

Business-to-Business Transactions. Our data on business-to-business transactions

come from VAT customer listings: all VAT-liable Belgian firms report annual sales to each
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customer firm above e250, yielding comprehensive domestic buyer–supplier linkages.2

Education Data. We obtain employee-level data from the social security data ware-

house (KSZ), which records each worker’s highest education by level (e.g., below-tertiary

vs. tertiary or higher) and field (e.g., STEM vs. non-STEM).3 Motivated by the technical

skills required to deploy new machinery (Section 1), we classify workers into four cate-

gories along these two dimensions: high-STEM, high non-STEM, low STEM, and low

non-STEM. Employees are matched to their employers via social security declarations,

yielding firm-year counts in full-time equivalents for each category.4 We are the first to

link these employee-level education data with firm-to-firm transactions.5

2.2 Measurement

2.2.1 Investment Spikes

We define a firm as experiencing a machinery investment spike if its change in machinery

stock per worker reaches the 90th percentile of positive changes across all firm-years:

Spikejt = 1[ijt ≥ iP 90|+] with ijt =
∆Machineryjt
1
2(LH

jt + LH
jt−1)

, iP 90|+ = e 17,115 (4)

2We observe only aggregate transaction values, without detail on transaction type or product code.
Data construction follows Dhyne, Duprez and Komatsu (2023); the dataset has been used by Bernard
et al. (2022), Baqaee et al. (2025), and Bijnens, Jäger and Schoefer (2025), among others. Our analysis
restricts to pairs in which both firms file an annual account and the annual transaction value exceeds
e1,000 (Appendix B).

3STEM comprises ISCED fields 05 (Natural Sciences, Mathematics, Statistics), 06 (Information and
Communication Technologies), and 07 (Engineering, Manufacturing, Construction). Appendix Tables
B.1 and B.2 provide the full classification.

4We focus on employment rather than wages due to data limitations: worker-level earnings in the KSZ
data are only reported in coarse, top-coded bins, and firm-level wage bills from the annual accounts are
not broken down by skill group. That said, because machine suppliers pay higher wages than investing
firms (Section 2.2.3), our focus on employment tends to understate the impact of new machinery on the
skill bias in wage bills.

5Firm-to-firm transaction data have been linked to matched employer–employee records in Belgium
(Dhyne et al., 2025), Chile (Huneeus, Kroft and Lim, 2025), and Turkey (Demir et al., 2024). These
studies examine how demand shocks affect earnings through the production network; we study the skill
bias of new machinery, in-house and at suppliers.
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where LH
jt = 1T LH

jt denotes in-house employment of firm j in year t.6

Figure 1 illustrates the lumpiness of machinery investment: these spikes triple the

machinery stock per worker (from 19 to 61 thousand euros). The investment flow that

produces this step-up is a one-off event: total fixed investment peaks at nearly 20% of

sales in the spike year before returning to baseline (Appendix Figure C.5).

Figure 1: Machinery Investment Spikes

Notes: This figure plots the machinery capital stock per worker around machinery investment spikes.
Sample: Private sector firms around their first machinery investment spike. Balanced sample for four
years before and after the spike.

2.2.2 Machine Supplier Industries

Machine suppliers comprise the builders, installers, distributors, and advisors of new

machinery; robot integrators, for example, often combine distribution, installation, and

advisory services. Appendix B.2.2 describes the industrial organization of machine supply,

classifies the industry codes for these suppliers, and validates the classification against
6While the specific cutoff at the 90th percentile is arbitrary, Appendix C.3.1 shows that our results

are robust to alternative thresholds. Because spikes are defined in machinery changes per worker, the
cutoff also does not mechanically select firms by size; indeed, smaller and larger spiking firms experience
similar-sized spikes (Appendix Figures D.1 and D.2).
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external lists of robot suppliers in Belgium. Figure B.1 shows that firms undergoing an

investment spike sharply increase their share of purchases from machine supplier indus-

tries, with total purchases averaging 1.7 times direct investment expenditures, a first sign

that external suppliers may shape the employment effects of new machinery.7

2.2.3 External Employment

To measure external employment, we link firm-to-firm transactions to suppliers’ payrolls.

We rely here on a proportionality assumption common in input–output analysis: for

example, if firm j purchases 10% of firm k’s sales, we assume that firm j externally

employs 10% of firm k’s workers in each skill group.8

Table 1: Firm Employment (Year of Investment Spike)

Total (FTE) Share of Total (%)
High

STEM
High

Non-STEM
Low

STEM
Low

Non-STEM
In-House Employment 39.7 5.0% 14.2% 25.5% 55.3%
External Employment 22.9 6.7% 15.1% 26.8% 51.4%

Machine Suppliers 3.6 13.9% 15.4% 35.9% 34.8%

Notes: This table shows the average in-house and external employment of spiking firms. Sample: Private
sector firms in the year of their first machinery investment spike.

Firm j’s first-order external employment, by skill group, is:

LO
jt =

∑
k

Tkjt

Tkt

LH
kt, (5)

7Appendix B.2.2 further shows that the machine supplier industries account for the vast majority of
industrial robot imports into Belgium; Békés et al. (2025) document a similar pattern in Hungary. While
the physical machines are highly tradable (e.g., Belgium produces no industrial robots), integration is
overwhelmingly done locally: domestic integrators import the machines and bundle them with installation
and programming services for the end-user firm. The external market lists in the same appendix identify
606 robot supplier firms in Belgium in 2021. Our domestic-firm data therefore capture the integration
channel but undercount the labor that goes into developing and producing the physical machines abroad.

8This assumption is more plausible for specialized suppliers whose workforce is dedicated to the
same set of products or services, a good description of the machine integrators and other machine-
complementary suppliers central to our findings. As Section 4.5 shows, these suppliers’ workforces are
highly specialized, with stable skill mixes invariant to customer composition.
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where Tkjt denotes the sales of firm k to firm j in year t, Tkt the total sales of firm k,

and LH
kt is the in-house employment of firm k. In effect, LO

jt captures the skill content

embodied in firm j’s purchases, a firm-level domestic analogue of the factor content of

trade (e.g., Davis and Weinstein, 2001; Trefler, 1995). Section 3.3 shows that our findings

are robust to including higher-order linkages (i.e., suppliers of suppliers).

Table 1 reports that the average spiking firm employs 40 workers in-house and sources

external labor equivalent to 23 full-time workers, including around 4 from machine sup-

plier firms. Appendix B.2.1 illustrates this measurement for a typical robot-integration

project, detailing how the external labor for installation and servicing maps into the

annual firm-to-firm transactions we observe.

Notably, machine suppliers’ workforces are nearly three times as high-STEM-intensive

as investing firms’ in-house workforces (13.9% versus 5.0%), a first indication that machine

suppliers are a source of skill bias from new machinery. Moreover, machine suppliers

pay about 3.6% higher wages than investing firms do, holding skill composition fixed

(Appendix Table D.6), consistent with the efficiency gains from outsourcing we explore

in Section 4.

3 New Machinery and the Demand for Skills

In this section, we study how firms change their demands for skills around investment

spikes in new machinery, analyzing both their in-house and external employment. Sec-

tion 3.1 describes our empirical strategy and considers threats to identification, Sec-

tion 3.2 presents our main results, Section 3.3 shows their robustness, and Section 3.4

connects them to theory.
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3.1 Empirical Strategy

The ideal experiment to test our model’s predictions would exogenously vary investment

costs to induce variation in investment I and capital K, and trace the resulting effects on

labor demand for integration and production tasks, both within and outside the investing

firm. We approximate this with the “investment spikes” design pioneered by Bessen et al.

(2025) and applied in Aghion et al. (2025), Hirvonen, Stenhammar and Tuhkuri (2025),

and others. The idea is to exploit the lumpiness of capital investment to isolate episodes

with sharp increases in I and K. In our framework, as in Cooper and Haltiwanger

(2006) and Bloom (2009), this lumpiness stems from non-convex investment costs, and

Section 3.1.1 shows why the resulting spikes identify the skill bias of new machinery. We

compare the labor adjustments of spiking firms (Section 2.2.1) to similar non-spiking

firms in a stacked difference-in-differences framework.

We apply three sample restrictions. First, we focus on private sector firms with at

least five FTE employees (in-house plus external) in the year before the spike. Second,

we use firms’ first investment spike (28% of spiking firms experience follow-on spikes in

the post-event window). Third, we study a balanced sample for four years before and

after each spike. This yields an analysis sample of 3,863 spiking firms (Appendix Table

C.1). Section 3.3 shows our results are robust to varying these sample restrictions.

For each spiking firm in year t, we randomly select one control firm from the same

NACE 3-digit industry in year t that has at least five FTE employees in t − 1, has not

spiked before t, and is observed for the full event-study window. Table 2 shows that the

two groups have comparable in-house and external employment, and comparable skill

compositions within each, two years before the spike, despite not being matched on these

outcomes.9
9We choose a two-year pre-spike comparison because investing firms begin engaging machine integra-

tors (especially for design and advisory services) before the physical investment: external high-STEM
employment is already elevated in the year before the spike, while the machinery stock is still flat (Fig-
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Neither group is restricted after the event year: treated firms may undertake follow-

on spikes, and control firms may spike later in the window (Appendix C.3.5 shows that

about 8% do so within the post-event window). Our estimates therefore identify the

effect of investing at e relative to firms’ counterfactual investment policies, rather than

relative to never investing. Still, our results are robust to restricting either group to firms

that do not spike within the post-event window: the comparison group to “clean controls”

(Appendix C.3.5, as in Cengiz et al., 2019) and the treatment group to “single-spiking”

firms (Appendix C.3.2).

Our main specification is a stacked difference-in-differences in outcomes Y between

the spiking (Spike = 1) and non-spiking (Spike = 0) firms around a spike-event year,

with changes indexed relative to two years before the spike:

Ysjt = β1Spikeje +
∑

k

β0k1{t=e+k} +
∑

k ̸=−2
β1kSpikeje1{t=e+k} + εsjt, (6)

where Spikeje equals one if firm j undergoes an investment spike (Equation 4) in event

year e and zero for its comparison firms, 1{t=e+k} are event-time indicators that equal

one if year t is k years from the event year e, and β1k are the coefficients of interest,

identifying the effect of investment spikes under parallel trends. We estimate Equation

(6) by OLS separately for each skill group s, clustering the standard errors at the event

(treated–control pair) level. Because our stacked difference-in-differences design compares

each spiking firm only to not-yet-spiking firms in the same industry-year, it avoids the

biases that can arise in two-way fixed-effects estimators when treatment is staggered and

effects are heterogeneous (Callaway and Sant’Anna, 2021; Roth et al., 2023; Sun and

Abraham, 2021).

Our outcomes of interest, Ysjt, are firms’ total employment in each skill group s

(high-STEM, high non-STEM, low STEM, and low non-STEM), measured in full-time

ure 2); see also Figure B.1 and the project timeline in Appendix B.2.1.
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Table 2: Firm Employment before Machinery Investment Spikes

Spiking Non-Spiking Std. Difference
In-House External In-House External In-House External

(1) (2) (3) (4) (5) (6)
Total employment 38.6 19.2 42.9 18.5 -0.01 0.00

(323.9) (130.7) (320.3) (160.8)
Share of employment (%)
— High STEM 4.9 5.8 4.7 5.3 0.02 0.09

(10.5) (5.8) (10.1) (5.4)
— High non-STEM 13.9 16.4 14.7 17.1 -0.04 -0.06

(18.9) (10.4) (19.0) (11.2)
— Low STEM 26.1 24.8 24.3 23.8 0.08 0.09

(22.4) (10.6) (20.6) (10.6)
— Low Non-STEM 55.1 53.0 56.4 53.8 -0.05 -0.07

(25.1) (12.0) (23.7) (12.2)
Nr. Firms 3,863 3,863

Notes: This table reports in-house and external employment in the treatment (Columns 1–2) and control
(Columns 3–4) groups in year t − 2. The table reports total employment in full-time equivalents and
the employment share of different skill groups. Columns 5–6 show the standardized difference between
the treatment and control group means, i.e. the difference in means divided by

√
(s2

T + s2
C)/2, where

absolute values above 25% are a standard threshold for assessing imbalance (Stuart and Rubin, 2008).
Sample: Private sector firms around their first machinery investment spike. Balanced sample for four
years before and after the spike.

equivalents and summing in-house and external labor. To obtain relative effects, we

express these as percentages of pre-spike levels (averaged over years −3 to −1), and

winsorize the resulting variables at the 5th and 95th percentiles to mitigate the influence

of outliers. An advantage of studying total employment (i.e., in-house plus external)

for each skill group is that it circumvents the challenge of studying relative effects for

outcomes that often contain zeros (Chen and Roth, 2024): for example, 64% of spiking

firms have zero in-house high-STEM employment prior to the spike, likely reflecting the

fixed costs of hiring emphasized in Section 1.2, whereas all firms in our sample have

positive total pre-spike employment in each skill group.

To understand the sources of the skill bias, we further decompose the skill-specific

employment outcomes by supplier source: separating in-house from external labor, and

within external labor, distinguishing machine suppliers from other industries. We express

16



each component as a share of the skill group’s total pre-spike employment:

Y M
sjt =

LM
sjt

LH
sjpre + LO

sjpre
, M ∈ {H,O}, (7)

where LH and LO denote in-house and external employment and the “pre” subscript

averages over years −3 to −1. Because both components share the same denominator,

they are directly comparable and add up to the total: Y H
sjt +Y O

sjt recovers the skill group’s

total-employment response. This normalization also avoids dividing by the in-house zeros

noted above. The larger external responses we estimate below are therefore not an artifact

of a smaller base. If anything, the common denominator works against our findings: it

scales external responses by a base dominated by in-house employment (Table 2), and

machine-supplier responses by one dominated by other industries (Table 1).

3.1.1 Threats to Identification

Investment spikes are endogenous firm decisions. The threat to identification is that spikes

coincide with changes in firm fundamentals — production (F ), investment technology

(G), or output demand — that themselves induce skill bias. We first assess this threat

empirically through five validity checks. We then show that the dynamic version of our

conceptual framework, a standard model of lumpy investment, implies the validity of our

design.

Validity Checks. Our first validation of the investment-spikes design comes from the

existing literature: Hirvonen, Stenhammar and Tuhkuri (2025) and Aghion et al. (2025)

show that it yields conclusions similar to those from quasi-experiments that use technology

subsidies and foreign machine-supply shocks to shift investment costs.

Second, in our setting, spiking and non-spiking firms are similar before the spike

(Table 2), even though comparison firms are selected only on industry and year, and the

event-study figures below show that their outcomes evolve in parallel until the year before
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the spike, when investing firms begin engaging integrators.

Third, the spikes themselves are discontinuous jumps in investment and capital (Fig-

ure 1). Provided fundamentals evolve smoothly, the discrete onset of the spikes lends

greater credibility to short-run responses around the spike year than to longer-run adap-

tations.

Fourth, Appendix C.1.1 directly considers confounding output demand or productivity

shocks: sales evolve smoothly around the spikes, and controlling for their growth leaves

our conclusions intact (Appendix Figure C.2).

Fifth, our heterogeneity analyses across capital types help argue against confounders

correlated with undertaking large investments, which would affect all capital types simi-

larly. Instead, building spikes generate weaker bias (Section 4.3), intangible spikes leave

the skill mix essentially unchanged, and machinery from new suppliers generates the

strongest bias of all (Section 4.4), consistent with capital-embodied technical change

(Greenwood, Hercowitz and Krusell, 1997; Solow, 1960).

Identification in the Model. In the dynamic version of our framework (Appendix A.3),

a firm invests once the gap between its target and actual capital is large enough to justify

the fixed cost of adjusting, so a spike arrives as a discrete drop in the firm’s effective

price of capital (our ideal experiment), whatever provided the final push. In particular,

because output demand shocks raise all skill groups proportionally (Lindner et al., 2024),

spikes they trigger still identify the skill bias of new machinery, our parameter of interest.

Our design is also consistent with dynamic production-function estimators that com-

bine time-to-build with Markov dynamics of firm productivity (Doraszelski and Jauman-

dreu, 2013; Olley and Pakes, 1996). Under these assumptions, a firm’s pre-spike factor

choices encode its expected future technology, so firms with similar pre-spike outcomes, as

ours are (Table 2), share similar expected technologies after the spike (Appendix A.3).10

10The same logic explains why neither group is restricted after the event year: restricting firms to never
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Together, these checks and arguments show that our identifying assumptions are both

empirically plausible and consistent with standard models of capital investment. The skill

bias around investment spikes thus reflects the investment episodes themselves rather than

confounding changes in firm fundamentals.

3.2 Main Results

Figure 2 presents our first key result, plotting employment by skill group separately for

in-house (Panel (a)) and external labor (Panel (b)). Both are measured relative to the

group’s total pre-spike employment (Equation 7), so the two panels sum to the total

effect.

Total employment (summing Panels (a) and (b)) shows a sharp rise in high-STEM

demand, which jumps by 50% in the spike year and remains 33% above baseline four

years later. The other skill groups, by contrast, grow by only 11–20% in the spike year

and 19–27% four years later.

The key finding is that this skill bias is sourced entirely externally. In-house employ-

ment grows broadly evenly across skill groups, if anything less for high-STEM workers

(Panel (a)), raising total employment by only 3–5% at the spike and 9–13% after four

years, while the high-STEM surge comes from external suppliers (Panel (b)).11

Which external suppliers drive this effect? Figure 3 decomposes external employment

into machine suppliers (Panel (a)) and other industries (Panel (b)), revealing a two-stage

pattern.

Machine suppliers drive much of the initial spike (Panel (a)), raising total high-STEM

demand by 15% in the spike year. Their high-STEM contribution never fully disap-

spike within the event window implicitly conditions on future productivity innovations, selecting firms
with systematically unfavorable realized shocks. Consistent with this, our estimated employment effects
are larger if we restrict control firms to those that do not spike in the post-event window (Appendix C.3.5),
and smaller if we restrict treatment firms to single-spikers (Appendix C.3.2).

11Appendix Figure C.3 shows that the larger effects for external high-STEM labor reflect both that
external employment increases more than in-house employment and that spiking firms shift their external
employment toward high-STEM skills.
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Figure 2: Employment of Skill Groups around Machinery Investment Spikes
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) In-House

(b) External

Notes: This figure shows the employment of high-STEM, high non-STEM, low STEM, and low non-
STEM in percent of total pre-spike employment by skill group (Equation 7). Panel (a) considers in-
house employment, while Panel (b) considers external employment at supplier firms. Total pre-spike
employment is the sum of in-house and external employment. Pre-spike refers to the average over the
years −3 to −1. The estimates are differences-in-differences in outcomes (measured relative to year −2)
between the “spiking” and “non-spiking firms” from Table 2. The estimates are based on the specification
in Equation (6), with whiskers representing 95% confidence intervals. Sample: Private sector firms around
their first machinery investment spikes. Balanced sample for four years before and after the spike.
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pears, settling around 5% four years later, consistent with the recurring maintenance,

support, and reprogramming services that follow an installation (see, for example, the

robot-integration project in Appendix B.2.1). By contrast, employment of other skill

groups through machine suppliers moves little in the investment year and fades entirely

over time.

Other industries account for most of the longer-run gains (Panel (b)), raising total

high-STEM demand by 23% at the spike and a persistent 16% four years later. The

external skill bias of new machinery thus extends well beyond machine supply and inte-

gration. Appendix C.2.2 shows that this rise is widespread across supplier sectors but

most pronounced in computer programming and software, skilled services complemen-

tary to a more machine-intensive production process. Nor are these gains confined to

technical skills: high non-STEM employment through other industries also rises and re-

mains elevated, reaching the second-largest response by year 4, which suggests that more

capital-intensive production also draws on commercial and business services. The largest

high non-STEM gains come from wholesale distribution, and management consulting and

legal services add more high non-STEM than high-STEM workers (Appendix Table C.2).
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Figure 3: External Employment by Supplier Industry
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) Machine Suppliers (b) Other Industries

Notes: This figure shows the external employment of high-STEM, high non-STEM, low STEM, and
low non-STEM workers in percent of total pre-spike employment by skill group (Equation 7). Panel
(a) considers external employment of machine suppliers, while Panel (b) considers external employment
from all other industries. Total pre-spike employment is the sum of in-house and external employment,
averaged over years −3 to −1. The estimates are differences-in-differences in outcomes (measured relative
to year −2) between the “spiking” and “non-spiking firms” from Table 2. The estimates are based on
the specification in Equation (6), with whiskers representing 95% confidence intervals. Because each
outcome is winsorized separately at the 5th and 95th percentiles, the two components need not sum
exactly to the external employment estimates in Figure 2. Sample: Private sector firms around their
first machinery investment spikes. Balanced sample for four years before and after the spike.

3.3 Robustness

Our main result, that the high-STEM skill bias of machinery investments arises entirely

at external suppliers, holds across the key choices in our design: how we define spikes,

the sample, the comparison group, and how far up the supply chain we count external

employment.

Investment Spikes. Our baseline defines an investment spike at the 90th percentile

of positive changes in machinery stock per worker; our key patterns are highly similar

at the 85th and 95th percentiles (Appendix C.3.1) and when we restrict the treatment

group to single-spiking firms (Appendix C.3.2).

Unbalanced Panel. Our main results use a balanced panel of firms observed four

years before and after the event year. Including firm exits as zero employment leaves our

22



findings intact (Appendix C.3.3).

Control Group. As Appendix C.3.5 shows, our results are robust to restricting the

comparison group to “clean controls” that do not spike within the post-event window (as

in Cengiz et al., 2019) or to “later spikers” that spike only after it (as in Bessen et al.,

2025). They also remain virtually unchanged if we compare spiking firms with industry-

year averages rather than a randomly selected not-yet-spiking firm (Appendix C.3.4). The

reason for this robustness is simple: the sharp break at the spike comes entirely from the

spiking firms, while the comparison firms evolve smoothly throughout. Appendix C.2.1

plots total employment separately for spiking and comparison firms.

Higher-Order Links. Our main analysis counts the external labor that firms em-

ploy through their first-order suppliers. Including higher-order links (suppliers of suppli-

ers) only strengthens the importance of external relative to in-house employment (Ap-

pendix C.3.6).

3.4 Interpreting the Results

Figures 2 and 3 provide clear empirical support for Prediction 1 of Section 1.2. Consistent

with the investment–skill complementarity of Goldin and Katz (1998) (Prediction 1(b)),

integrating new machinery sharply raises demand for skilled workers around the spike year,

especially from machine suppliers. Consistent with the capital–skill complementarity of

Griliches (1969) (Prediction 1(a)), operating more machine-intensive production further

raises the demand for skilled labor in complementary services such as software, with effects

that persist well beyond the investment event. These dynamics mirror the investment

profile: the temporary integration response coincides with the one-off investment flow

(Appendix Figure C.5), whereas the persistent production response tracks the machinery

stock, which steps up and remains elevated (Figure 1).
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The key surprise — and our main contribution — is that both complementarities op-

erate entirely through external suppliers. The skill-neutral in-house effects in Figure 2(a)

reproduce a growing set of firm-level studies showing that new machinery investments

raise employment without raising the in-house skill share (Aghion et al., 2025; Curtis

et al., 2023; Hirvonen, Stenhammar and Tuhkuri, 2025). Because these studies observe

only in-house payrolls, they conclude that the evidence challenges the capital–skill com-

plementarity hypothesis.12

Figure 2(b) resolves this apparent puzzle by showing that external suppliers are the

missing channel linking capital accumulation to skill bias, a channel uniquely visible

through our firm-to-firm transaction data.13 Indeed, the classical theories of capital–skill

and investment–skill complementarities take no stand on where the required skills are

employed: they are theories of production and investment, not theories of the firm. The

importance of external suppliers for machinery investments corroborates the anecdotal

evidence on robot integrators that initially motivated our study. Our comprehensive

buyer–supplier data go further: the external high-STEM bias is pervasive across supplier

types, and even the long-run increase in high-STEM labor, which reflects more capital-

intensive production, is outsourced. Many of these are tradable services such as software,

sourced mostly from outside the firm’s local labor market (Section 5.1), which helps

explain why they too are not brought in-house.

Our estimates also speak to the substitution elasticities at the heart of the capital–skill
12Curtis et al. (2023) conclude that “our results are not compatible with the capital–skill complemen-

tarity hypothesis.” Motivated by the same framework, Hirvonen, Stenhammar and Tuhkuri (2022) write
that “The first part of the paper reports results in sharp contrast with the ideas that technologies necessar-
ily reduce employment or are skill biased.” Aghion et al. (2025) similarly note that their “…results differ
from the estimates of seminal structural models of capital–skill complementarity.” Relatedly, Berlingieri
et al. (2026) find modestly positive capital–skill complementarity at the firm level, though still an order of
magnitude smaller than what would be required to explain the aggregate rise in skill demand attributed
to capital by Krusell et al. (2000).

13Bilgin, Faia and Ottaviano (2026) use similar firm-to-firm transaction data to study how robot
adoption affects the performance of downstream customer firms; we instead identify the skill bias of a
broader set of capital investments operating through investing firms’ upstream supplier networks.
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complementarity literature. Following Krusell et al. (2000), suppose that Equation (1) is

a nested CES that combines machinery with high-STEM labor and that composite with

low non-STEM labor. Appendix A.4 then maps the skill differential and the machinery

deepening around a spike into the ratio of the outer-nest elasticity (σHU) to the inner-nest

elasticity (σKS):

σHU

σKS

= 1 + 1
sH

K

· ∆ lnLS − ∆ lnLU

∆ lnK − ∆ lnLS

, (8)

where ∆ lnLS, ∆ lnLU , and ∆ lnK are the four-year responses of high-STEM employ-

ment, low non-STEM employment, and the machinery stock, and sH
K is machinery’s cost

share within the inner nest. This mapping is invariant to the spike’s trigger, whether

an investment-cost draw or growth in output demand (Appendix A.3). Evaluated on

our estimates, however, it mixes two complementarities: four years after a spike, to-

tal employment still includes the integration labor that maintains the larger machinery

stock. Section 6 therefore estimates the two stages jointly in a quantitative version of our

framework, separating the reduced-form skill bias into capital–skill and investment–skill

complementarity.

Finally, our results reinforce a key conclusion from existing firm-level estimates (e.g.,

Aghion et al., 2025; Hirvonen, Stenhammar and Tuhkuri, 2025): machinery investments

are associated with increased employment, and the effect only grows once we count ex-

ternal employment.14

14This conclusion differs from the negative employment effects of industrial robots in local labor mar-
kets estimated by Acemoglu and Restrepo (2020). Several elements help explain the difference. First,
because external labor complementary to new machinery is mostly sourced from suppliers outside the
local labor market (see Section 5.1), this channel is not captured by a local-labor-market analysis. Sec-
ond, local-labor-market analyses capture other spillovers not considered here, including competition in
product markets (especially for non-tradables) and poaching in labor markets. Finally, as Benmelech
and Zator (2025) show, industrial robots represent only a small fraction of the total firm-level machinery
investments we study.
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4 Why Firms Outsource Capital-Complementary Skills

When and why do firms outsource capital-complementary skills? Our framework (Section

1.2) predicts where outsourcing should be most pronounced: among smaller firms, whose

demand is too small to cover the fixed costs of hiring in-house; for lumpier investments,

where hiring and firing costs bite hardest; and for capital undergoing rapid technological

change, where specialized skills matter most. We study heterogeneity across investing

firms (Sections 4.1–4.2) and capital types (Sections 4.3–4.4), turn to direct evidence from

machine suppliers (Section 4.5), and discuss what the patterns reveal in Section 4.6.

4.1 Firm Size

Figure 4 separates spiking firms into smaller and larger firms based on their pre-spike

total employment, split at the median (13.1 FTE). Figure D.1 shows that both smaller

and larger spiking firms experience a similar increase of roughly 40 thousand euros in

machinery stock per worker, so differences in responses do not reflect differences in the

size of the investment.15 Smaller firms rely much more heavily on external high-STEM

workers to implement their investment spikes: external suppliers raise total high-STEM

employment by 59% in smaller firms versus 37% in larger firms in the spike year, persisting

to 35% vs. 19% four years later.16 By contrast, in-house employment expands similarly

across firm sizes, raising total employment by less than 5% at the spike and roughly 10%

after four years, with little difference across skill groups.

Larger firms respond less partly because they are more likely to employ high-STEM

workers in-house before their spikes (Appendix Tables D.1 vs. D.2). The difference be-

tween smaller and larger firms in Figure 4 thus partly reflects where they already sourced
15Figure D.2 shows that their difference-in-difference estimates are similar, too.
16Consistent with smaller firms relying more on outsourcing to facilitate their investment spikes, Ap-

pendix Figure D.3 shows that the share of machine suppliers in their total purchases rises by 6 percentage
points in the spike year, compared to 4 percentage points for larger firms.
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these skills, rather than a weaker skill bias of new machinery at larger firms.17

Figure 4: Employment by Pre-Spike Firm Size
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) In-House: Smaller Firms (b) In-House: Larger Firms

(c) External: Smaller Firms (d) External: Larger Firms

Notes: This figure shows employment around machinery investment spikes, splitting by the size of the
investing firm. Smaller firms have pre-spike total employment (year −1) below the median (13.1 FTE).
Panels (a) and (b) consider in-house employment, while Panels (c) and (d) consider external employment
at supplier firms. The figures show employment of high-STEM, high non-STEM, low STEM, and low
non-STEM workers in percent of total pre-spike employment by skill group (Equation 7). Total pre-
spike employment is the sum of in-house and external employment. Pre-spike refers to the average
over the years −3 to −1. The estimates are differences-in-differences in outcomes (measured relative
to year −2) between the “spiking” and “non-spiking firms” from Table 2. The estimates are based on
the specification in Equation (6), with whiskers representing 95% confidence intervals. Sample: Private
sector firms around their first machinery investment spike. Balanced sample for four years before and
after the spike.

17This also suggests that the investment-spikes design understates the full skill bias of capital invest-
ment for larger firms: where a standing in-house capability already covers the skills a new machine
requires, some of the corresponding hiring took place alongside earlier investments, outside the event
window of any single spike.

27



4.2 Application Sector

Figure 5 separates spiking firms by sector, with manufacturing firms shown in Panels (a)

and (c) and services firms in Panels (b) and (d).18

Figure 5: Employment around Machinery Investment Spikes: Sector Heterogeneity
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) Manufacturing: In-House (b) Services: In-House

(c) Manufacturing: External (d) Services: External

Notes: This figure shows employment around machinery investment spikes for manufacturing (Panels
(a) and (c)) and services (Panels (b) and (d)). Panels (a) and (b) consider in-house employment, while
Panels (c) and (d) consider external employment. The figures show employment of high-STEM, high
non-STEM, low STEM, and low non-STEM workers in percent of total pre-spike employment by skill
group (Equation 7). Total pre-spike employment is the sum of in-house and external employment. Pre-
spike refers to the average over the years −3 to −1. The estimates are differences-in-differences in
outcomes (measured relative to year −2) between the “spiking” and “non-spiking firms” from Table 2.
The estimates are based on the specification in Equation (6), with whiskers representing 95% confidence
intervals. Sample: Private sector firms around first investment spike. Balanced sample for four years
before and after the spike.

Although machinery investments are more prevalent in manufacturing,19 Panels (c)
18Figure D.4 shows that the remaining private-sector industries (agriculture, utilities, and construction)

display similar patterns.
19Figure E.1 shows that the machinery stock per worker is 90,000 euros in manufacturing, compared

to 60,000 in the broader economy.
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and (d) show that the external skill bias is pervasive across sectors, extending well beyond

robotics and manufacturing. If anything, the shift toward external high-STEM labor is

larger in services, mirroring the pattern for smaller firms: services firms also employ fewer

high-STEM workers to begin with (Appendix Tables D.3 vs. D.4). In-house employment

again grows evenly across skill groups, and by similar amounts in manufacturing and

services (Panels (a) and (b)).

4.3 Capital Types

Figure 6 replicates the investment-spikes design for buildings (Panels (a) and (c)) and

intangibles (Panels (b) and (d)), restricting to manufacturing firms to hold the type of

investing firm fixed.

Building spikes generate weaker and less persistent skill bias. External high-STEM

employment grows only two to three times as much as low STEM and low non-STEM

(compared to three to four times for machinery in Figure 5), and this differential largely

dissipates by year two.20 Intangible spikes generate weaker skill bias still: their external

employment responses are essentially flat across skill groups.

20Part of the skill bias from building spikes reflects simultaneous machinery installation (Appendix
Figure D.6): isolating building spikes that do not coincide with machinery spikes further reduces the
skill bias (Appendix Figure D.7), though it does not disappear entirely, likely reflecting the involvement
of architects and building engineers.
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Figure 6: Employment around Investment Spikes: Heterogeneity by Capital Type
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) Building Spikes: In-House (b) Intangible Spikes: In-House

(c) Building Spikes: External (d) Intangible Spikes: External

Notes: This figure shows in-house and external employment of manufacturing firms around investment
spikes in buildings (Panels (a) and (c)) and intangibles (Panels (b) and (d)). Panels (a) and (b) consider
in-house employment, while Panels (c) and (d) consider external. The figures show employment of high-
STEM, high non-STEM, low STEM, and low non-STEM workers in percent of total pre-spike employment
by skill group (Equation 7). Total pre-spike employment is the sum of in-house and external employment.
Pre-spike refers to the average over the years −3 to −1. The estimates are differences-in-differences in
outcomes (measured relative to year −2) between the “spiking” and “non-spiking firms” from Table 2.
The estimates are based on the specification in Equation (6), with whiskers representing 95% confidence
intervals. Figure 5, Panels (a) and (c) show the corresponding estimates for machinery spikes. Appendix
Figure D.5 plots the capital stock per worker around each type of spike. Sample: Manufacturing firms
around first investment spike. Balanced sample for four years before and after the spike.
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4.4 New versus Existing Machine Supply

To gauge whether machinery investments embody new technologies rather than merely

replacing or deepening existing capital, Figure 7 separates machinery spikes by whether

the dominant machine supplier is new to the investing firm. External high-STEM skill

bias is substantially stronger for new-supplier spikes (Panel (a)) than for existing-supplier

spikes (Panel (b)), especially around the event year. In-house employment responds

similarly to new- and existing-supplier spikes (Appendix Figure D.9), and the stronger

external high-STEM bias for new-supplier spikes appears at both machine suppliers and

other industries (Appendix Figure D.10).

Figure 7: External Employment around Machinery Spikes: New versus Existing Suppliers
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) Spikes Driven by New Suppliers (b) Spikes Driven by Existing Suppliers

Notes: This figure shows external employment around machinery investment spikes, split by whether the
dominant machine supplier is new to the investing firm (Panel (a)) or existing (Panel (b)). Spikes in which
the increase in machine-supplier purchases comes predominantly from suppliers that are new to the firm
(above the sample median of the new-supplier share) are classified as new-supplier spikes; the remainder
are existing-supplier spikes (see Appendix D.4 for the exact definition). The figures show employment
of high-STEM, high non-STEM, low STEM, and low non-STEM workers in percent of total pre-spike
employment by skill group (Equation 7). Total pre-spike employment is the sum of in-house and external
employment. Pre-spike refers to the average over the years −3 to −1. The estimates are differences-in-
differences in outcomes (measured relative to year −2) between the “spiking” and “non-spiking firms”
from Table 2. The estimates are based on the specification in Equation (6), with whiskers representing
95% confidence intervals. Sample: Private sector firms around their first machinery investment spike.
Balanced sample for four years before and after the spike.
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4.5 Supply-Side Evidence

So far we have studied new machinery from the side of investing firms. We now turn

to the machine suppliers, where three facts support the fixed-cost (Prediction 2) and

adjustment-cost (Prediction 3) rationales for outsourcing.

First, machine suppliers’ workforces are highly specialized in high-STEM workers. As

Section 2.2.3 shows, 13.9% of their employees are high-STEM, nearly three times the

in-house share at investing firms (5.0%; Table 1). Appendix Table D.5 further shows that

machine suppliers’ skill mix is invariant to the share of revenue from spiking-firm clients,

consistent with a structurally specialized workforce.

Second, each individual investing firm’s demand for capital-complementary high-STEM

labor is small in absolute terms. Summed across all its suppliers, the median spiking firm

sources only 0.05 high-STEM full-time equivalents in the spike year, and the 90th per-

centile just 0.77 (Appendix Figure D.11), both well below the single full-time worker that

would represent the minimum efficient scale of a dedicated in-house integration role.

Third, machine suppliers absorb the lumpy demand of individual investing firms by

spreading their workforce across many uncorrelated clients. Appendix Figure D.12 shows

that if each client had to staff its own demand, high-STEM employment would have to

adjust 15.4 times as much as it does at the supplier, because one client’s expansion offsets

another’s contraction.

4.6 Evidence on the Outsourcing Predictions

Each pattern maps to a prediction of our framework. The stronger external skill bias

among smaller firms (Section 4.1) and firms in services (Section 4.2) is consistent with

fixed costs of hiring high-STEM workers (Prediction 2). By contrast, larger firms, espe-

cially in manufacturing, can better amortize the in-house fixed cost, consistent with their

larger in-house high-STEM workforces before the spikes. Békés et al. (2025) show simi-
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larly that larger manufacturers are more likely to import robots directly, rather than rely

on intermediation by domestic robot integrators, likely reflecting their greater internal

know-how to identify and select appropriate robots.

Intangible spikes rely far less on external employment and generate no external skill

bias, consistent with adjustment costs in hiring capital-complementary skills (Prediction

3): because intangibles follow a much smoother investment profile, they entail lower

adjustment costs for in-house hiring. Skills complementary to intangible capital may also

be harder to outsource due to their tacit and firm-specific nature.21

New machinery, especially from new suppliers, generates stronger skill bias than build-

ing spikes, consistent with capital-embodied technical change (Prediction 4): whereas a

modern office or factory looks broadly similar to one from 20 years ago, modern ma-

chinery embodies very different technologies (Greenwood, Hercowitz and Krusell, 1997;

Solow, 1960), a distinction Krusell et al. (2000) build explicitly into their model.

The supply-side evidence in Section 4.5 speaks to these mechanisms directly. Each

investing firm’s demand is too small to sustain an in-house integrator team, as the fixed-

cost rationale implies (Prediction 2). Machine suppliers smooth their workforce across

many uncorrelated clients, absorbing adjustment costs that investing firms would other-

wise bear (Prediction 3). And their skill mix does not depend on which clients they serve,

consistent with a specialized workforce and with both rationales.

Two further patterns point to efficiency gains rather than direct wage savings as the

primary motive. If firms outsourced these skills to pay less for them, suppliers would

pay lower wages than the firms they serve, and the firms with the most to save, those

paying the highest wages, would outsource the most (Abraham and Taylor, 1996, § II.A).
21Lindner et al. (2024) find skill bias for in-house employment in response to innovation shocks (the

introduction of new products, services, processes, or organizational methods) and R&D tax reforms.
One reconciliation with our evidence is that innovation-related skills are harder to outsource than skills
complementary to new physical capital, consistent with our finding of no external skill bias for intangible
investments. More broadly, this reconciliation highlights the distinction between “innovation-skill” and
“capital–skill” complementarities.
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Neither holds: machine suppliers pay a wage premium (Section 2.2.3), and if anything

lower-wage firms outsource capital-complementary skills more (Appendix Figure D.13).22

Taken together, our evidence fits theories of capital-embodied, skill-biased technical

change once we recognize that the fixed and adjustment costs of hiring the required skills

often lead investing firms to rely on external suppliers.

5 Measuring External Employment without Transaction Data

Most studies do not observe firm-to-firm transactions. We evaluate two approaches com-

monly used instead: aggregating the analysis to local labor markets (as in Acemoglu and

Restrepo, 2020; Aghion et al., 2023; Dauth et al., 2021, among others), and applying

fixed sectoral input–output matrices to firm-level changes in total input purchases (as in

Humlum, 2022, among others). Both turn out to miss most of the skill bias from new

machinery, because investing firms shift toward suppliers that are more skill-intensive

than their sector’s average and mostly located outside their local labor market.

5.1 Local Labor Markets

Local labor market analyses capture external employment effects to the extent that the

external labor is sourced locally. Our transaction data let us evaluate this directly.23

Following Persyn and Torfs (2011), we split Belgium into 11 functional labor markets,

as large as or larger than the commuting zones (CZs) used in the US and elsewhere
22Abraham and Taylor (1996) provide evidence that wage-savings motives are more important for

the outsourcing of janitorial services and other lower-pay occupations than for higher-pay occupations
like engineering and machine maintenance. Hence, while wage-savings motives are a first-order driver
of outsourcing for lower-pay jobs (Goldschmidt and Schmieder, 2017), our evidence shows that other
drivers are at play for the high-pay jobs complementary to capital. A concern for internal wage structure
may nonetheless operate in reverse here: just as high-wage firms shed low-pay work, investing firms
may source high-pay integration work externally to keep those wages out of their own pay structure.
The supplier wage premium and the greater outsourcing by lower-wage firms both fit this motive, which
complements the fixed and adjustment costs we emphasize.

23Local labor markets capture additional spillovers across firms not considered in this analysis, includ-
ing competition in product markets (especially for non-tradables) and poaching in labor markets. Hence,
this assessment should not be viewed as a comprehensive test of the validity of the local labor markets
strategy.
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(Acemoglu and Restrepo, 2020; Aghion et al., 2023; Dauth et al., 2021).24

Figure 8 splits external employment by whether the suppliers are located inside or

outside the local labor markets of investing firms. Most of the external employment

effects from machinery investment spikes are generated outside the local labor market,

especially for high-STEM skills and at machine supplier firms. For example, only about

a third of machine suppliers’ effect on high-STEM employment in the spike year comes

from suppliers inside the investing firm’s local labor market.

Why do local labor markets capture so little of this effect? First, machine investments

are often lumpy and expensive events, making it worthwhile for an integrator to travel

across commuting zones to meet these demands. Second, as Appendix C.2.2 shows, the

increases in “other industries” often reflect tradable services, e.g., computer programming

or software, where providers can meet demand without traveling to the client facilities.

Dhyne and Duprez (2016) show that firm-to-firm flows in Belgium decrease with the

distance between supplier and buyer, with heterogeneity across sectors that aligns with

our findings.

5.2 Sectoral Input–Output

The second approach applies sectoral input–output matrices (e.g., from the National

Accounts). This approach captures the external employment effects if these reflect a

general shift toward the typical suppliers of the firm’s industry.25 Figure 9 evaluates

this method by scaling firms’ intermediate input purchases using sectoral input–output
24Acemoglu and Restrepo (2020) use 722 CZs, with an average population around 0.5 million people.

Dauth et al. (2021) use 402 CZs in Germany, with an average of 0.2 million people (the authors show
robustness to making the boundaries broader, increasing the average local population to 0.5 million
people). Aghion et al. (2023) use 287 CZs in France, with an average population of 0.24 million. By
comparison, the 11 Belgian commuting zones have an average population of 1 million people. Larger zones
make local sourcing more likely, so our conclusion that local labor markets matter little is conservative.

25Both approaches measure the skill content embodied in a firm’s purchases (Section 2.2.3). They
differ in whose skill mix they use: the sectoral tables use the industry’s typical suppliers, our transaction
data the firm’s own.
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tables.26 In practice, it captures some of the external employment effects but still misses

most of the high-STEM skill bias around the spike, because investing firms shift toward

suppliers that are more high-STEM-intensive than their industry’s average.

Figure 8: External Employment by Local Labor Markets (LLM)
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) Machine Suppliers: Inside LLM (b) Machine Suppliers: Outside LLM

(c) Other Industries: Inside LLM (d) Other Industries: Outside LLM

Notes: This figure splits external employment by whether the suppliers are located inside (Panels (a) and
(c)) or outside (Panels (b) and (d)) the local labor markets of the firm. Panels (a) and (b) consider the
external employment of machine suppliers, while Panels (c) and (d) consider the external employment
from all other industries. The figures show employment of high-STEM, high non-STEM, low STEM,
and low non-STEM workers in percent of total pre-spike employment by skill group (Equation 7). Total
pre-spike employment is the sum of in-house and external employment. Pre-spike refers to the average
over the years −3 to −1. The estimates are differences-in-differences in outcomes (measured relative to
year −2) between the “spiking” and “non-spiking firms” from Table 2. The estimates are based on the
specification in Equation (6), with whiskers representing 95% confidence intervals. Because each outcome
is winsorized separately at the 5th and 95th percentiles, the inside and outside components need not
sum exactly to the estimates in Figure 3. Sample: Private sector firms around their first machinery
investment spike. Balanced sample for four years before and after the spike.

26To ensure consistency with our previous analysis, we construct the sectoral input–output tables
directly from our firm-to-firm transaction data, ensuring that differences relative to the main analysis
reflect only the level of aggregation of input–output relationships.
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Figure 9: External Employment by Measurement Method
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) Sectoral Input–Output (b) B2B Transactions (Figure 2(b))

Notes: This figure shows external employment of high-STEM, high non-STEM, low STEM, and low
non-STEM in percent of total pre-spike employment by skill group (Equation 7). Panel (a) uses sectoral
input–output tables to calculate external employment, while Panel (b) uses the business-to-business
transactions (as in Figure 2). The estimates are differences-in-differences in outcomes (measured relative
to year −2) between the “spiking” and “non-spiking firms” from Table 2. The estimates are based on
the specification in Equation (6), with whiskers representing 95% confidence intervals. Sample: Private
sector firms around their first machinery investment spikes. Balanced sample for four years before and
after the spike.

6 Aggregate Implications

A key finding of this study is that new machinery shifts labor demand toward high-STEM

workers through external suppliers. We now circle back to the macro-labor question that

motivated our analysis (Krusell et al., 2000) and ask what these effects imply for aggregate

labor market inequality. Between 2003 and 2021, machinery per worker in the Belgian

private sector almost tripled (Figure E.1). How much did this increase raise the wages of

high-STEM workers relative to low non-STEM workers (the skill premium) and their rel-

ative employment? To answer this question, we build a quantitative general-equilibrium

version of our conceptual framework (Section 1) that contains the four ingredients our

evidence emphasizes: capital–skill and investment–skill complementarities, firm hetero-

geneity, lumpy investment, and employment beyond firm boundaries.

The model serves three purposes. First, it lets us interpret our reduced-form evidence
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in terms of structural parameters (Section 6.1). Second, it lets us evaluate the aggregate

implications of our firm-level estimates in general equilibrium (Section 6.2). Finally, it

delivers a formula for how these equilibrium impacts depend on a few sufficient statistics,

including the demand shift that our event study measures (Section 6.3).

6.1 Model and Calibration

This section describes our model and calibration in brief, with Appendix E.1 providing

the formal details.

Model Setup. Production follows the nested CES of Krusell et al. (2000), in which

machinery combines with high-STEM labor before low non-STEM labor, and integrat-

ing new machinery combines hardware with the labor of both skill groups in a second

nested CES that generalizes Goldin and Katz (1998).27 Firms differ in size, machinery

intensity, productivity, and the hardware prices they face, and fixed adjustment costs

make them invest in lumpy episodes (Cooper and Haltiwanger, 2006; Khan and Thomas,

2008; Winberry, 2021). Our baseline model counts firms’ in-house and external work-

ers alike, as our event studies do, and Section 6.4 shows that our counterfactual results

are robust to endogenizing this make-or-buy choice through the fixed costs of Predic-

tion 2. Firms sell differentiated varieties under monopolistic competition, so each faces

a downward-sloping demand curve and chooses its scale. They make forward-looking

investment decisions taking prices as given, and wages adjust so that demand from all

firms meets an upward-sloping supply of each skill group.
27Our conclusions carry over if production also uses other inputs, such as other capital, materials, high

non-STEM labor, and low STEM labor, as long as it is weakly separable in them (Appendix E.1). Krusell
et al. (2000) similarly assume a production function that is Cobb–Douglas in structures. Consistent with
this assumption, building spikes generate a much weaker skill bias that largely dissipates within two
years (Section 4.3).
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Estimation. We estimate 12 parameters so that the model reproduces our event stud-

ies: we apply the same investment-spike design to simulated firms and match its estimates

to those in the data (Figure E.2). We set the remaining parameters outside the model, in-

cluding the substitution elasticities between skill groups and within integration as well as

the labor supply elasticity (Appendix E.3).28 In brief, we find that machinery substitutes

about 1.15 times as easily for low non-STEM labor as for high-STEM labor in production,

and integration makes an outsized contribution to the skill bias (36 percent of the rise in

relative demand, despite employing only 4.3 percent of high-STEM workers).

The ratio in production confirms capital–skill complementarity in firms’ production

technology, although less strongly than the aggregate ratio of about 2.5 implied by Krusell

et al. (2000).29

Counterfactual. The counterfactual compares two stationary equilibria that differ

only in the price of hardware, which Belgian firms take as given as a small open economy.

The size of the decline is set to match the observed rise in machinery per worker.

6.2 Aggregate Skill Bias from New Machinery

Table 3 reports the results. Each entry is a change for high-STEM workers relative to

low non-STEM workers, in log points (100 times the log change). In the model, the

rise in machinery shifts the relative demand for high-STEM workers by 8.8 log points at

unchanged wages (Column 3). In general equilibrium, the shift raises the skill premium

by 3.1 log points (Column 4) and relative employment by 4.6 (Column 5). Integration

accounts for 3.2 log points of the shift and production for 5.7. Within both stages the skill
28The integration elasticities imply that installation and integration remain a roughly stable share of

what a machine costs as hardware gets cheaper, in line with the rule of thumb of Appendix B.2.1.
29Their aggregate production function combines the production and integration stages that we model

separately. When we fit that same production function to the economy of our model, the ratio rises
to 1.21 (Appendix E.3), still well below 2.5. Re-estimating the aggregate model on a sample extended
to 2019, Ohanian, Orak and Shen (2023) report preferred estimates implying a ratio of about 2.3, and
Castex, Cho and Dechter (2022) document a decline in capital–skill complementarity over time.
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bias arises at external suppliers (Column 2), while the in-house part is slightly negative

(Column 1). How the shift divides between wages and employment depends on the

elasticity of relative supply: with perfectly inelastic supply the whole shift raises the skill

premium, and as supply becomes more elastic more of it raises employment (Appendix

Table E.3).30

Table 3: Aggregate Skill Bias from New Machinery
(Log Points, Relative to Low Non-STEM)

Shift in relative demand General equilibrium
In-house External Total Skill premium Relative employment

(1) (2) (3) (4) (5)
High STEM -1.5 10.3 8.8 3.1 4.6

Integration 0.0 3.2 3.2 1.1 1.6
Production -1.5 7.2 5.7 2.0 3.0

Notes: This table reports the model’s counterfactual for the rise in machinery per worker between 2003
and 2021, in log points (100 times log changes), for high-STEM workers relative to low non-STEM
workers. The hardware price falls until machinery per worker has risen by the observed amount, and
wages clear both skill markets. Column (3) is the shift in relative labor demand at the initial wages;
Columns (4) and (5) are the general-equilibrium changes in the skill premium and relative employment.
The integration and production rows split the model’s shift by stage: integration reflects investment–skill
complementarity (Prediction 1(b)), production capital–skill complementarity (Prediction 1(a)). Columns
(1) and (2) split each stage between in-house and external employment in the proportions of our event-
study estimates (years 0–2 for integration, year 4 for production), which add up to the total because our
outcomes scale both by the same pre-spike employment. Rows may not add up because of rounding.

6.3 Sufficient Statistics

The equilibrium impacts in Table 3 depend on three sufficient statistics: the shift in

relative labor demand per unit of machinery, which our event study measures at the

firm level, and the elasticities of relative labor supply and demand. Let S denote high-

STEM and U low non-STEM workers. Relative supply rises with the skill premium

at a constant elasticity εS, and relative demand depends on the skill premium and on
30The two polar cases nest the approach of Krusell et al. (2000), with perfectly inelastic supply (εS = 0),

and that of Autor, Dorn and Hanson (2013) and Mian and Sufi (2014), with perfectly elastic supply
(εS = ∞). Solving for equilibrium wages also supplies the “missing intercept” of Moll (2021): the wage
responses common to all firms, which a comparison of investing and non-investing firms differences out.
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aggregate machinery per worker M , which rose by ∆ lnM = 108.0 log points between

2003 and 2021. Between the two equilibria, the change in relative demand splits exactly

into a shift at the initial wages, ΨM · ∆ lnM (Table 3, Column 3), and a movement

along the demand curve at the new level of machinery, −εD
M ·∆ ln(wS/wU). Equating the

change in demand with the change in supply gives

∆ ln wS

wU

= ΨM · ∆ lnM
εS + εD

M

, ∆ ln LS

LU

= εS · ∆ ln wS

wU

. (9)

Appendix E.4 derives the formula and verifies it against the full nonlinear model.

The Demand Shift. ΨM is the rise in the relative demand for high-STEM workers

per log point of machinery per worker, at unchanged wages. In the model, ΨM = 0.0817,

a shift of 8.8 log points over the observed rise in machinery, which the Integration and

Production rows of Table 3 split into the two stages of our framework. The dynamics

of the event study discipline this split: the skill differential in the spike year identifies

how intensively integration uses high-STEM labor, and the differential four years later the

capital–skill complementarity in production. How does ΨM compare with our event-study

estimate? Taking the event study at face value, dividing the year-four skill differential

by the rise in machinery per worker, gives ΨM = 0.108, which over the same rise in

machinery implies a shift of 11.7 log points against 8.8 in the model. Appendix E.5

shows that the gap reflects two features of the event study: it follows selected firms

through one long jump, from below the economy’s machinery per worker to well above it,

where production labor responds more per log point of deepening; and it holds installation

labor per machine fixed, whereas cheaper hardware lowers it.

The Demand Elasticity. As the skill premium rises, firms substitute away from high-

STEM workers, and εD
M measures how much relative demand falls, holding machinery
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per worker fixed.31 In the estimated model, εD
M = 1.399. Substitution within production

accounts for nearly all of it (1.357), and substitution within integration adds 0.038. The

remaining terms are negligible in the model: the adjustment in the price of installed cap-

ital that holds machinery per worker fixed, reallocation across stages and, as in Oberfield

and Raval (2021), across firms with different cost shares, and a dynamic residual from

lumpy investment and uncertainty (Appendix E.4.2, Table E.2). Appendix E.6 shows

how the results change with the elasticities that we set outside the model and with a

larger dispersion of skill shares across firms.

6.4 In-House versus External Employment

Counting External Employment. External employment is critical for our conclu-

sions about the aggregate skill bias of new machinery. With the measured shift ΨM =

0.108, Equation (9) implies that the rise in machinery raises the skill premium by 4.0

log points when we count all employment. Counting only investing firms’ in-house em-

ployment, as payroll data would, the skill premium instead falls by 1.4 log points: four

years after a spike, in-house employment is up 14 percent for high-STEM workers but 18

percent for low non-STEM workers, when converted with aggregate in-house shares, as

an aggregate of payrolls requires (Appendix E.5).

Endogenizing the Make-or-Buy Decision. In Appendix E.7, we extend the model

to endogenize the make-or-buy decision: each year, a firm either hires its high-STEM

production workers in-house, paying a fixed cost (as in Prediction 2), or buys them

from suppliers at a markup equal to the 3.6 percent wage premium of machine suppliers

(Table D.6). With the fixed cost set so that the in-house share of high-STEM employment

matches the data, our conclusions about the skill bias of new machinery are robust to
31Because ∆ ln M is the observed rise in machinery, it already contains any response of machinery to

wages, which the elasticity must not count again (Appendix E.4).
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this extension, which leaves the rise in the skill premium nearly unchanged (Appendix

Table E.7). Hence, while counting external employment is critical for quantifying the

aggregate implications of new machinery, endogenizing the make-or-buy decision is not.

7 Conclusion

The capital–skill complementarity hypothesis is a cornerstone of a large literature on

technological change and labor market inequality (Krusell et al., 2000). Recent firm-level

studies, however, find that firms investing in new machinery leave their skill mixes un-

changed, casting doubt on the hypothesis. In this paper, we use new data to revive it:

new machinery is skill-biased, but the bias arises at the external suppliers of investing

firms. This pattern is widely understood by industry practitioners, as the rise of robot in-

tegrators and IT consultants illustrates, yet largely overlooked by the academic literature,

in part for lack of suitable data.

Our findings have implications for both measurement and theory. On the measure-

ment side, they show that capturing the skill bias of new machinery requires looking

beyond the payrolls of investing firms. Aggregating our estimates in a general-equilibrium

model, we find that the rise in machinery per worker between 2003 and 2021 raises the

high-STEM skill premium by 3.1 log points, whereas payroll data alone would imply a

fall. More generally, the model shows what an aggregation of this kind requires: the

labor demand shift that event studies measure, and a few elasticities.

On the theory side, our paper emphasizes the central role of external suppliers in fa-

cilitating technology adoption. We propose a conceptual framework that embeds capital–

skill complementarities into firms’ joint decisions to invest in capital and to hire or out-

source the necessary skills. By spreading the fixed and adjustment costs of these skills

across many clients, suppliers lower the cost of adoption, so the supply of integration

services can shape who adopts and how fast. We welcome further research on the causal
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role of external suppliers in shaping the speed and incidence of technology diffusion.32

Finally, our findings raise a broader question: which other phenomena operate pri-

marily beyond firm boundaries? The answer depends on whether the market can supply

the affected labor more cheaply than firms can employ it themselves. In the case of arti-

ficial intelligence (AI), external suppliers may employ both the complementary skills (AI

consultants) and the labor at risk of displacement (freelancers), so firm-level data would

miss both sides of the adjustment. The data infrastructure, conceptual framework, and

quantitative model we develop here are well-suited to tackle these questions.
32The central role of external suppliers in technology adoption echoes historical evidence on the emer-

gence of millwrights on the eve of the Industrial Revolution (Mokyr, Sarid and van der Beek, 2022) and
recent work documenting the role of robot integrators (Békés et al., 2025; Brynjolfsson et al., 2023).
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A Conceptual Framework

This appendix specifies firms’ full dynamic program from Section 1 and provides formal

proofs for the model predictions (Sections A.1 and A.2). Section A.3 states the conditions

under which the investment-spikes design identifies the skill bias of new capital, and

Section A.4 maps the estimated responses into substitution elasticities. Appendix E

solves a quantitative general-equilibrium version of this model.

Firms face in-house labor costs CH
jt (LH

jt |LH
jt−1) (which may include fixed and adjust-

ment components), external labor costs CO
jt(LO

jt), and investment costs cI
jt(Xjt) that may

include non-convex components. The firm’s dynamic problem is to choose labor demands

(hired and outsourced) and capital investments to maximize the present-discounted sum

of profits:

Vjt(Kjt,LH
jt−1) = max

{LH
jt,LO

jt,Xjt}
DjtF (Kjt,LP

jt)︸ ︷︷ ︸
Revenues

−CH
jt (LH

jt |LH
jt−1)︸ ︷︷ ︸

In-house
labor costs

−CO
jt(LO

jt)︸ ︷︷ ︸
External

labor costs

− cI
jt(Xjt)︸ ︷︷ ︸

Investment
costs

+βEt Vjt+1
(
(1 − δ)Kjt +G(Xjt,LI

jt),LH
jt

)
︸ ︷︷ ︸

Continuation Value

s.t. Ljt = LH
jt + LO

jt for L ∈ {UP , SP , U I , SI},

(10)

where β is the discount factor, Djt is the firm’s output demand shifter, and LP
jt ≡ (SP

jt, U
P
jt)

and LI
jt ≡ (SI

jt, U
I
jt) stack the production- and integration-stage labor inputs.

A.1 Capital Investment and the Demand for Skills

This subsection shows that, under the investment–skill and capital–skill complementarity

hypotheses, profit-maximizing firms increase their relative demand for skilled workers in

response to increases in investment I and capital K.

To distill our exposition, we make three simplifying assumptions. First, firms are

price-takers with linear, static labor costs. Second, we abstract from the make-or-buy

decision (Section A.2 considers it) by assuming identical labor costs across in-house and
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external supply. Third, production and integration functions exhibit neutrality between

skilled and unskilled labor within each activity, FSP UP
= GSIUI

= 0, allowing us to

focus on complementarities with investment and capital.33 Under these assumptions, the

general program (equation 10) reduces to:

V (K) = max
{X,L}

DF (K,LP ) − wS(SP + SI) − wU(UP + UI) − cI(X)

+ βEV ((1 − δ)K +G(X,LI)), (11)

where Lk = (Sk, Uk), k ∈ {P, I}, with Sk ≡ SH
k + SO

k and Uk ≡ UH
k + UO

k collapsing

the make-or-buy distinction. Throughout this appendix, we write the activity (P or

I) as a subscript, freeing the superscript for the in-house/external mode and keeping

the derivative notation below legible. Appendix E.1 specifies functional forms for this

program and solves it in general equilibrium.

Prediction 1 (Capital investment and the demand for skills). Capital investment raises

the relative demand for skills through two channels:

Prediction 1(a) (Capital–skill complementarity in production). Capital raises skilled

production employment if FSP K > 0, and raises the relative demand for skilled production

workers if the elasticity of skilled-labor demand with respect to capital exceeds that of

unskilled labor: εSP ,K > εUP ,K (Griliches, 1969).

Proof. The first-order conditions for production labor are DFSP
(K,SP , UP ) = wS and

DFUP
(K,SP , UP ) = wU . Differentiating with respect to K (holding D,wS, wU fixed) and

using FSP UP
= 0 yields

dSP

dK
= − FSP K

FSP SP

,
dUP

dK
= − FUP K

FUP UP

,

33The neutrality assumption is expositional: it removes cross-effects between skilled and unskilled labor
from the comparative statics below. For example, the conclusion that capital raises skilled production
employment when FSP K > 0 extends to FSP UP

> 0 provided FUP K ≥ 0.
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with FSP SP
, FUP UP

< 0 by strict concavity. Hence sign(dSP/dK) = sign(FSP K) and

symmetrically for UP . The factor-demand elasticities are εSP ,K = −FSP KK/(FSP SP
SP )

and εUP ,K = −FUP KK/(FUP UP
UP ), and the skill-bias condition d log(SP/UP )/d logK =

εSP ,K − εUP ,K > 0 reduces to the stated inequality.

Prediction 1(b) (Investment–skill complementarity in integration). Investment in hard-

ware raises skilled integration employment if GSIX > 0, and raises the relative demand

for skilled integration workers if εSI ,X > εUI ,X (Goldin and Katz, 1998).

Proof. Differentiating the Bellman equation (11) with respect to integration labor yields

the first-order conditions q GSI
= wS and q GUI

= wU , where the shadow value of installed

capital q ≡ β∂EV/∂K plays the role of the output price. Assuming G is strictly concave

in labor and treating q as parametric (exact when the continuation value is locally linear

in capital), the argument for Prediction 1(a) applies with G,X in place of F,K: differ-

entiating the first-order conditions with respect to X (holding wS and wU fixed) under

GSIUI
= 0 gives sign(dSI/dX) = sign(GSIX) and the skill-bias condition follows. Both

conditions scale with q, so their ratio, GSI
/GUI

= wS/wU , holds independently of the

shadow price.

A.2 Outsourcing of Labor Services

We now study firms’ make-or-buy decisions — the choice between LH
jt and LO

jt in the

general program (equation 10) — and derive how specific features of the in-house cost

function CH shape outsourcing. We focus throughout on skilled integration labor; anal-

ogous arguments hold for production labor. Let total demand be SI = SH
I + SO

I . Firms

choose the in-house/external split to minimize total labor cost:

C∗
S(SI) = min

{SH
I ,SO

I }

{
CH

S (SH
I ) + CO

S (SO
I ) : SH

I + SO
I = SI

}
. (12)
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We write wH
S for the in-house marginal wage and wO

S for the external supplier price, with

wO
S > wH

S reflecting a supplier markup.

Prediction 2 (Fixed costs and outsourcing). If CH includes a fixed cost of hiring capital-

complementary skills, firms outsource these skills when their demand for them is too small

to cover that cost. Smaller firms and firms in less capital-intensive sectors (e.g., services)

should therefore rely more on external suppliers (Abraham and Taylor, 1996, § II.C).

Proof. Let CH
S (SH

I ) = wH
S S

H
I + fH

S · 1{SH
I > 0} with fixed hiring cost fH

S > 0 paid only

when the firm hires any in-house labor, and CO
S (SO

I ) = wO
S S

O
I . Because wH

S < wO
S , total

cost is decreasing in SH
I whenever SH

I > 0, so the firm chooses between corners: hire all

in-house (cost wH
S SI + fH

S ) or outsource all (cost wO
S SI). Comparing:

wH
S SI + fH

S ≤ wO
S SI ⇐⇒ SI ≥ S∗

I ≡ fH
S

wO
S − wH

S

. (13)

Firms with demand above the threshold S∗
I amortize the fixed cost across enough labor to

make in-house hiring worthwhile; firms with lower demand — the smaller ones, or those

in the service sector — outsource.

Prediction 3 (Lumpy investments and outsourcing). If CH includes adjustment costs

of hiring, firms outsource capital-complementary skills when their investment is lumpy

enough that in-house staff would sit idle between investment episodes. Outsourcing should

therefore be more prevalent for lumpier investment categories (e.g., machinery rather than

intangibles) (Abraham and Taylor, 1996, § II.B).

Proof. To highlight the comparative static, we make a series of simplifying assump-

tions. Suppose in-house costs include a prohibitive adjustment component, so that

CH
S (SH

I,t|SH
I,t−1) penalizes deviations SH

I,t ̸= SH
I,t−1 arbitrarily: in-house integration labor

is effectively fixed over the investment cycle. Consider hardware investment that arrives

in occasional spikes, Xt = X̄ in spike years and zero otherwise, with average investment
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X̃ over the cycle and lumpiness ratio λ ≡ X̄/X̃ ≥ 1. Suppose further that hardware and

skilled integrators are perfect complements (G(X,SI) = min{X,SI}, as in Goldin and

Katz, 1998).

To meet peak demand via in-house hiring, the firm hires SH
I = X̄ persistently, at

annual wage cost wH
S X̄.34 Full outsourcing scales with current demand at annual cost

wO
S X̃. The firm outsources iff

wO
S X̃ < wH

S X̄ ⇐⇒ λ >
wO

S

wH
S

. (14)

For smooth profiles (λ = 1), outsourcing would be chosen only if external labor were

cheaper per unit (wO
S < wH

S ). For lumpy profiles (λ > 1), outsourcing can dominate

despite being more expensive on a per-unit basis.

These simplifying assumptions are not essential to the comparative static. With a

positive base load of investment, the firm covers the constant base with in-house labor

(cheaper per unit and requiring no adjustment) and applies the same threshold to the

transitory spike component, so lumpier profiles still tilt toward outsourcing.

Prediction 4 (Advanced capital and outsourcing). If these fixed and adjustment costs are

larger for more specialized skills, both outsourcing motives should be strongest for capital

undergoing rapid technological change (Greenwood, Hercowitz and Krusell, 1997) (e.g.,

machinery rather than buildings, or machinery from new rather than existing suppliers).

Proof. The outsourcing effects in Predictions 2 and 3 strengthen with the in-house cost

parameters: the threshold for in-house hiring in Equation (13) rises with the fixed cost

fH
S , so more firms outsource, and larger adjustment costs in CH

S make tracking lumpy

investment demand in-house costlier, widening the range of profiles for which outsourcing

dominates (Equation (14) is the limiting case of prohibitive adjustment costs). These cost
34The firm would leave money on the table if SH

I ̸= X̄, as it could then either decrease its peak
investments (if X̄ > SH

I ) or lower its integration labor (if X̄ < SH
I ), without losing effective capital.
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parameters are larger when the relevant skills are scarcer or more specialized, as typical

for newer or more rapidly changing capital.

A.3 What Investment Spikes Identify

This subsection uses a canonical model of lumpy investment, the model that Appendix E

takes to the data, to state the conditions under which investment spikes identify the skill

bias of new capital (our parameter of interest). In the model, investments are subject to

fixed costs, causing firms to lump them into spike events.

Skill Bias. As in Section A.1, we abstract from labor adjustment costs and the make-

or-buy decision to home in on the implications of lumpy investment: the labor inputs SP

and UP sum in-house and external labor, as in our outcome variables. Conditional on its

capital stock Kjt, the firm faces a series of static labor demand choices:

Πjt(K) = max
SP , UP

Djt F
(
K, θS

jtSP , θ
U
jtUP

)
− wSt SP − wUt UP , (15)

where θjt = (θS
jt, θ

U
jt) are labor-augmenting productivities, Djt is the firm’s output demand

shifter, and wt are market wages. We assume production F is increasing and homothetic

(decreasing returns to scale are allowed),35 and the integration technology G is homothetic

with constant returns to scale.

Taking first-order conditions, the demand shifter Djt cancels, and the relative demand

for skills satisfies

θS
jt FS

(
K, θS

jtSP , θ
U
jtUP

)
θU

jt FU

(
K, θS

jtSP , θU
jtUP

) = wSt

wUt

, (16)

with FS and FU the derivatives of F with respect to effective skilled and unskilled labor.

Because F is homothetic, these marginal products compare only the proportions of the
35Homotheticity also accommodates a downward-sloping firm demand curve: with iso-elastic demand

of elasticity εY > 1, revenue is Djt F 1−1/εY , again an increasing homothetic function of inputs.
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input bundle, never its size. Inverting Equation (16), the skill mix is determined by:

ln SP jt

UP jt

= ψ

 Kjt/Njt︸ ︷︷ ︸
capital deepening:
variable of interest

, θS
jt/θ

U
jt︸ ︷︷ ︸

factor-biased technology:
potential confounder

, wSt/wUt︸ ︷︷ ︸
relative wages:

common across firms

, (17)

where Njt ≡ θS
jtSP jt + θU

jtUP jt and the function ψ is determined by the curvature of F .36

Equation (17) distills the identification problem: across firms, differences in relative

skill demand can arise from capital deepening Kjt/Njt, our variable of interest, and the

factor-biased shifters θjt, the potential confounders. Relative wages are common to all

firms and absorbed by time effects. Output demand is absent: Djt moves the scale of the

firm, not its skill mix.

Investment Spikes. We now turn to what sets off an investment spike. Let the invest-

ment cost be cI
jt(X) = νjt +c(X) for X ̸= 0, with νjt > 0 a fixed-cost draw paid upon any

adjustment and c(X) a convex component; the program in Equation (11) then becomes

Vjt(K) = Πjt(K) + max

 β Et Vjt+1((1 − δ)K) , (18)

max
X, SI , UI

β Et Vjt+1
(
(1 − δ)K +G

(
X, θS

jtSI , θ
U
jtUI

))
− νjt − c(X) − wStSI − wUtUI

,
where the first branch waits and the second adjusts. Comparing the two branches, the

firm invests if and only if the value gain from optimally adjusting its capital covers the
36Formally, let S̃ = θS

jtSP , Ũ = θU
jtUP , and s = S̃/Njt. Because F is homothetic, the ratio FS/FU

is homogeneous of degree zero in (K, S̃, Ũ), so dividing its arguments by Njt turns Equation (16) into
(FS/FU )(Kjt/Njt, s, 1 − s) = (θU

jt/θS
jt)(wSt/wUt): one equation in the skill split s given capital per

effective worker and the two ratios, which pins down s under standard curvature conditions. The skill
mix in Equation (17) follows, since SP jt/UP jt = (θU

jt/θS
jt) s/(1 − s) is strictly increasing in s.
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fixed-cost draw:

max
X, SI , UI

{
β Et [Vjt+1((1 − δ)K +G(·)) − Vjt+1((1 − δ)K)]

− c(X) − wStSI − wUtUI

}
≥ νjt. (19)

The gain on the left grows as the gap between the firm’s target and actual capital widens,

through depreciation and the accumulation of shocks, while the fixed-cost draw on the

right does not. Firms therefore wait until the gap is large enough for the gain to cover

the draw and then close it in one step: adjustment follows an (S, s)-type policy, and

investment arrives in the occasional, discrete episodes that our spikes pick up (Bloom,

2009; Cooper and Haltiwanger, 2006; Khan and Thomas, 2008; Winberry, 2021). The

shadow value of installed capital rises as the gap widens and falls discretely once the firm

closes it. Whatever provides the final push, a spike is therefore a discrete decline in the

firm’s effective price of capital: our ideal experiment.

The identification problem in Equation (17) extends to integration labor. Differ-

entiating the adjust branch of Equation (18) with respect to SI and UI , the shadow

value of installed capital cancels, and the relative demand for integration labor satisfies

θS
jtGS/(θU

jtGU) = wSt/wUt (see the proof of Prediction 1(b)). Because G is homothetic

with constant returns to scale, inverting this condition gives the integration skill mix as

a function of the same three arguments as in Equation (17), with hardware per effective

integration worker in place of capital deepening.

Identification. What pushes a firm across the trigger? A low investment-cost draw

νjt delivers this decline exogenously: it makes adjustment cheap yet appears nowhere in

the labor demands of Equation (15). Accumulated growth in output demand Djt also

raises the gain from adjusting, but it is absent from the relative demand (17), so demand-

triggered spikes still identify the skill bias. A neutral trigger moves all of a firm’s labor
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demands and capital proportionally, so it differences out of the skill differentials and leaves

the mapping in Equation (8) unchanged. Factor-biased shocks θjt, by contrast, both set

off spikes and move the skill mix through (17). This is the key potential confounder, and

ruling it out is our identifying assumption:

Assumption 1 (Shocks and spike timing). Conditional on the pre-spike state Ij,e−1,

factor-biased innovations are orthogonal to spike timing: E[θj,e+k−θj,e−1 | Ij,e−1, spike at e] =

E[θj,e+k − θj,e−1 | Ij,e−1, no spike at e] for all k ≥ 0.

Assumption 1 is the structural counterpart of the identification discussion in Sec-

tion 3.1.1: the threat to identification is not that spikes are chosen, but that their timing

coincides with factor-biased changes in fundamentals. This also gives a structural motiva-

tion for our pre-trend checks: diverging trajectories in factor-biased fundamentals would

appear as pre-trends in skill bias through Equation (17).

Notably, Assumption 1 is implied by the assumptions of standard dynamic production-

function estimators (Doraszelski and Jaumandreu, 2013; Olley and Pakes, 1996) that

combine time-to-build (as in Equation (18)) with a Markov process for productivities θjt,

whose innovations are mean-independent of the cost and demand draws. A spike at e is

then decided in year e − 1, and conditioning on it adds nothing to what θj,e−1 already

predicts:

E
[
θj,e+k

∣∣∣ θj,e−1, Spikeje

]
= E[θj,e+k | θj,e−1] for all k ≥ 0. (20)

Because pre-spike outcomes reveal the pre-spike state through the factor demands in

Equation (15), firms with similar pre-spike outcomes have similar states θj,e−1, and As-

sumption 1 holds conditional on pre-spike outcomes.37 Comparing such firms also requires
37This inversion requires the static factor demand system implied by Equation (15) to be invertible in

firm productivities. Berry, Gandhi and Haile (2013) show that a “connected substitutes” condition en-
sures invertibility; the set of production functions satisfying it includes nested CES (as in Appendix A.4),
non-homothetic CES, mixed CES, and translog.
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overlap: firms in the same pre-spike state must differ in whether they spike. This holds

for states in which the value gain on the left of Equation (19) lies within the support of

the fixed-cost draw νjt, so that some of these firms draw a cost low enough to invest and

others do not.

In our setting, spiking and comparison firms have similar employment levels and skill

mixes two years before the spike (Table 2), and the event studies show parallel trends

before it; the only movement in year −1, when firms decide to invest, is in external

employment, as they begin engaging integrators for the upcoming installation. Hence,

under time-to-build and Markov productivity dynamics, the two groups also have similar

expected productivities in the post-event period, consistent with Assumption 1. More-

over, because comparison firms are matched only on industry and year, the balance on

employment outcomes also serves as an overidentifying check in the spirit of Altonji, Elder

and Taber (2005) and Oster (2019).

A.4 Skill Bias and Substitution Elasticities

This subsection shows how our estimated responses map into the substitution elasticities

at the heart of the capital–skill complementarity literature, deriving Equation (8) of the

main text.

Following Krusell et al. (2000), we specialize the homothetic production function of

Appendix A.3 to a nested CES that combines machinery K with high-STEM production

labor SP in the inner nest, and that composite H with low non-STEM production labor

UP in the outer nest:

H =
[
cKKρ + cSSρ

P

]1/ρ
, σKS = 1

1−ρ
, (21)

F =
[
cHHλ + cUUλ

P

]1/λ
, σHU = 1

1−λ
. (22)

Here σKS is the elasticity of substitution between machinery and high-STEM labor, and
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σHU the elasticity between the machinery–high-STEM composite and less-skilled labor.

Capital–skill complementarity in the sense of Griliches (1969) and Krusell et al. (2000)

corresponds to σHU > σKS: capital substitutes less readily for skilled than for less-skilled

labor.

Derivation. We model the investment spike as a firm-specific decline in the capital

user cost r and hold wages fixed within the event window, as the comparison of investing

with non-investing firms does, because wage changes common to both difference out

(Appendix E.4). The user cost r is the implicit rental of installed capital, the marginal

value of capital services in the static problem of Appendix A.3 given the firm’s stock,

which a cost-minimizing labor bundle reveals; the derivation therefore requires no interior

first-order condition for capital. In the static approximation of Appendix E.4.2, r =

(i + δ) pK . Log-differentiating the cost-minimizing factor demands implied by (21)–(22)

yields four first-order relations, in which all changes are treated-minus-control responses

and sH
K is capital’s cost share in the inner nest:

(i) inner first-order condition: ∆ lnK − ∆ lnSP = −σKS ∆ ln r, (23)

(ii) inner price index: ∆ lnPH = sH
K ∆ ln r, (24)

(iii) outer first-order condition: ∆ lnUP − ∆ lnH = σHU s
H
K ∆ ln r, (25)

(iv) composite quantity index: ∆ lnH = sH
K ∆ lnK + (1 − sH

K) ∆ lnSP .

(26)

Relation (23) is the relative factor demand within the inner nest, and (25) is its counter-

part for the outer nest. Relation (24) follows from Shephard’s lemma: the elasticity of

the inner-nest unit cost PH with respect to r equals capital’s cost share sH
K in that nest.

Relation (26) is the CES quantity index. Substituting (23) and (26) into (25) eliminates
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the latent shock ∆ ln r, which cancels, leaving

σHU

σKS

= 1 + 1
sH

K

· ∆ lnSP − ∆ lnUP

∆ lnK − ∆ lnSP

. (27)

The ratio exceeds one (capital–skill complementarity) if and only if high-STEM produc-

tion employment rises more than low non-STEM production employment (∆ lnSP >

∆ lnUP ), given that capital deepens faster than skilled employment (∆ lnK > ∆ lnSP ).

The relations are exact for small changes; for the finite changes around a spike they hold

with sH
K averaged along the adjustment path, and since capital’s share rises as the firm

deepens when σKS > 1, evaluating Equation (27) at the pre-spike share overstates the

ratio (Appendix E.3.2). Equation (8) of the main text evaluates it with total high-STEM

and low non-STEM employment, LS and LU , which also include integration labor. As in

the main text’s identification argument, the mapping requires only that no factor-biased

productivity shock coincide with the spike (Assumption 1): Hicks-neutral and pure scale

shocks wash out of the relative responses in (27).

Estimation. Evaluated with total employment, the capital stock, and capital’s cost

share at the firm’s optimum, Equation (27) overstates the ratio: on the model’s simulated

event study it gives 1.37 against a true ratio of 1.15, largely because total employment

still contains integration labor, so the skill differential combines both complementarities

(Appendix E.3).

B Data and Measurement

B.1 Data

We link the following firm-level datasets for the period 2003–2021:
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Annual Accounts. We obtain annual accounts for all incorporated non-financial firms

in Belgium from the National Bank of Belgium. The dataset includes standard balance-

sheet and profit-and-loss items, along with five-digit NACE industry codes. Crucially for

our analysis, the book value of tangible fixed assets is disaggregated into (i) land and

buildings, (ii) machinery and equipment, and (iii) rolling stock and office machinery. We

retain firms that report positive employment in at least one year.

VAT Declarations. All VAT-liable firms in Belgium are required to report their annual

totals for sales, investment, and intermediate inputs to the tax authorities. We use these

VAT declarations to measure sales, since the annual accounts report sales figures only

for large firms. These sales include both sales to consumers and businesses as well as

exports. The data on investment refers to total investment and is not disaggregated by

type (machinery, buildings, etc.).

Business-to-Business (B2B) Transactions. The VAT customer listings record do-

mestic buyer–supplier links. Every VAT-liable firm must file an annual report listing

the aggregate value of invoices issued to each customer. Imports and exports are not

covered. We restrict the sample to pairs in which both firms file an annual account

and the annual transaction value exceeds e1,000; this keeps the dataset manageable and

drops economically negligible transactions. The resulting dataset contains 115.6 million

transactions for 2003–2021. Our data construction follows Dhyne, Duprez and Komatsu

(2023) and updates the dataset used by, among others, Bernard et al. (2022) and Baqaee

et al. (2025).

Employee-Level Social-Security Data. We obtain worker-level information from

the Crossroads Bank for Social Security (KSZ). Employees are linked to their employers’

social-security declarations, and each worker is assigned the level and field of their highest
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diploma.38 The classification of education fields changed in 2021, affecting the classifica-

tion of low STEM and low non-STEM workers. Our employment results therefore focus

on the period 2003–2020.

Tables B.1 and B.2 list the education categories by level and field.39 For each firm-

year, we observe both the headcount and average full-time-equivalent (FTE) hours for

every education level-by-field cell, allowing us to construct FTE employment by education

category.

We classify degrees into four categories based on the cross of these two dimensions:

• High STEM: tertiary education or higher in STEM fields.

• High Non-STEM: tertiary education or higher in non-STEM fields (including

“not specified”).

• Low STEM: less than tertiary education (including undetermined or missing lev-

els) in STEM fields.

• Low Non-STEM: less than tertiary education (including undetermined or missing

levels) in non-STEM fields (including “not specified”).
38Education information is sourced from the Belgian population census; hence, only employees residing

in Belgium are included.
39A sizable share of low-education records is coded as “not specified,” whereas the corresponding share

among tertiary academic degrees is only 5.9%.
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Table B.1: Levels of Education

Code Description Category Share of
Employment

0 Pre-primary education / less than primary education Low 1.1%
02 Limited pre-primary education Low 0.0%
10 Primary education Low 5.9%
24 Lower secondary education – General Low 9.0%
25 Lower secondary education – Vocational Low 9.7%
34 Upper secondary education – General Low 22.4%
35 Upper secondary education – Vocational Low 13.3%
40 Post-secondary non-tertiary education Low 2.6%
44 Post-secondary non-tertiary education – General Low 0.4%
45 Post-secondary non-tertiary education – Vocational Low 2.6%
55 Higher education – Short cycle – Vocational High 0.2%
64 Higher education – Bachelor’s or equivalent – Academic High 0.1%
65 Higher education – Bachelor’s or equivalent – Vocational High 14.8%
74 Higher education – Master’s or equivalent – Academic High 9.1%
84 Doctorate or equivalent – Academic High 0.3%
98 Highest degree not determined for persons younger than 15 Low 0.0%
99 Highest education level could not be determined Low 5.1%
. Missing Low 3.3%

Notes: This table shows how we classify education levels as “low” or “high.” The last column reports
each level’s share of total full-time-equivalent employment in 2012, the midpoint of our sample period.
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Table B.2: Fields of Education

Code Description Category Share of
Employment

00 Generic programmes and qualifications Non-STEM 11.3%
01 Education Non-STEM 1.0%
02 Arts and humanities Non-STEM 3.9%
03 Social sciences, journalism and information Non-STEM 2.1%
04 Business, administration and law Non-STEM 11.3%
05 Natural sciences, mathematics and statistics STEM 1.6%
06 Information and Communication Technologies STEM 1.6%
07 Engineering, manufacturing and construction STEM 26.7%
08 Agriculture, forestry, fisheries and veterinary Non-STEM 1.1%
09 Health and welfare Non-STEM 2.3%
10 Services Non-STEM 3.6%
99 Not specified Non-STEM 30.2%
NA Not available Non-STEM 0.0%

Notes: This table shows how we classify education field as “STEM” or “Non-STEM.” The last column
reports each field’s share of total full-time-equivalent employment in 2012, the midpoint of our sample
period.

B.1.1 Linking Datasets

Linking KSZ and Annual Accounts. We link the datasets using unique firm iden-

tifiers. Of the 3.9 million annual account observations, 2.7 million match to KSZ social-

security records. The remaining 1.2 million observations almost entirely reflect firms with

zero employees and therefore no KSZ record.40 Restricting attention to firms that report

positive employment, we obtain 2,717,110 observations on 326,554 firms for the period

2003–2021. Within manufacturing, the sample comprises 269,556 observations on 30,030

firms.
40Only 83,000 unmatched observations report positive employment. These correspond to firms that file

an annual report but lack a social-security number (for example, certain intermunicipal cooperatives).
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Linking Annual Accounts and B2B Transactions. We link the annual accounts

(complemented with KSZ employment data) to the B2B transactions using the same

unique firm identifiers. Among the 115.6 million transactions in the B2B records, 90.6%

of suppliers are matched to firms in our annual accounts dataset, corresponding to 91.8%

of total transaction value. The unmatched suppliers are firms with zero employment.41

Dropping transactions with suppliers without employment has no bearing on first-order

external employment and only drops higher-order chains that pass through firms without

employees.

B.2 Measurement

B.2.1 A Robot-Integration Example

To fix ideas about the external skills required to integrate and operate new machinery,

and how they enter our data, Box B.1 traces a typical robot-integration project through

the buyer–supplier transactions we observe. The phases of the project, its split between

hardware and integration labor, its milestone billing, and its recurring service relationship

all follow standard industry practice and contract terms.42 Robot integration is a leading

example of the machine-complementary services we measure, but only one instance of

the broader skill bias of new machinery.
41Our annual accounts dataset includes only firms that report positive employment in at least one

period, a restriction not applied to the B2B dataset.
42We thank Søren Peters (HowToRobot), Maarten Daemen (KUKA), Peter Kiekens (Industrial

Cobotics), Benjamin Parent (Stäubli), Alain Wayenberg (Agoria), Søren Peter Johansen (Danish Techno-
logical Institute, Robot Technology), Bo Hanfgarn Eriksen (Region Syddanmark), Per Rasmussen (BILA
Robotics), and Martin Jespersen (Odense Robotics) for conversations that greatly helped us understand
the structure of the robot-integrator industry.
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Box B.1: A Robot-Integration Project in the Transaction Data

A manufacturer decides to automate a production step and orders a robot cell from a
specialized integrator. The installed system costs roughly e250,000 (Anandan, 2015).
Only about one-third of this is the robot hardware; the remaining two-thirds pays for
integration, covering the engineering and design of the cell, safety guarding, programming,
installation and commissioning, and operator training (IFR, 2022; Anandan, 2015). A
typical project runs over a few months, from design and engineering through build and
factory testing to on-site installation, commissioning, and training (Elkins, 2025). The
integrator’s engineers and technicians, many of them high-STEM, do this work, not the
manufacturer’s own staff.

The project (spike year). Payments track the progress of the work. The European engi-
neering industries’ standard contract conditions (Orgalime S 2012) stipulate one third of
the price at the order, one third when the system is ready for delivery, and the remainder
at delivery (Orgalime, 2012, Clause 19); bespoke contracts often tie further milestones
to the project’s sign-off gates, such as design approval and acceptance testing (Elkins,
2025). The project is short, so almost all of the e250,000 shows up as the manufacturer’s
purchases from the integrator within a single year, the investment-spike year, and the
payments arrive in the same year as the integration labor they pay for. Under our pro-
portionality assumption (Section 2.2.3), if the manufacturer accounts for a share s of the
integrator’s sales that year, we attribute the share s of the integrator’s workforce to the
manufacturer. In this way, the transaction data pick up the integration labor behind the
investment even though none of these workers ever appear on the manufacturer’s payroll.

After commissioning (later years). The relationship does not have to end at handover: the
manufacturer may keep buying preventive maintenance and spare parts, technical sup-
port, and, if it changes its product mix, reprogramming and re-tooling (Anandan, 2015).
Industry estimates put such running costs on the order of 10–12% of the initial system
cost per year (HowToRobot, 2024), with maintenance requirements rising as components
wear. These smaller, recurring transactions sustain the buyer–supplier link, attributing
a now-smaller share of the integrator’s engineers to the manufacturer for years after the
installation.

The example clarifies the time profile of our estimates: external high-STEM demand

at machine suppliers (Figure 3, Panel (a)) rises sharply in the spike year (the integration

burst) and then declines without returning to baseline, reflecting the persistent servicing

relationship.43

43Outsourcing integration is not legally mandated. Robot warranties typically require installation ac-
cording to the manufacturer’s instructions, not by a certified external firm, and under the EU Machinery
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B.2.2 Machine Supplier Industries

The value chain of machine supply includes producers, distributors, installers, and advi-

sors of new machinery. While production is concentrated among a few large, international

suppliers, the downstream stages of the value chain are primarily domestic and sometimes

vertically integrated. For example, robot integrator firms often combine distribution, in-

stallation, and advisory services. Table B.3 lists the industry codes used to classify each

of the machine supplier categories.

Table B.3: Machine Supplier Industries

Type NACE

Builders 2562, 28
Installers 33, 4321
Distributors 4614, 466
Advisors 71, 7022

Notes: This table lists our classification of machine supplier industry codes.

Confirming the relevance of these industries, Figure B.1 shows that firms sharply

increase their purchases from them around machinery investment spikes, especially for

firms in manufacturing, construction, agriculture, and utilities.

Directive whoever assembles the final robot cell, an external integrator or the user itself, becomes its
legal manufacturer, responsible for its risk assessment and CE marking (European Commission, 2024;
International Organization for Standardization, 2025). Self-integration thus internalizes a fixed cost of
integration capability that specialized integrators spread across clients (Prediction 2).
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Figure B.1: B2B Transactions: Purchases from Machine Supplier Industries

(a) All Private Sector (b) Manufacturing

(c) Agriculture/Utilities/Construction (d) Services

Notes: This figure shows the share of purchases from machine suppliers around machinery investment
spikes for all private-sector firms (Panel a), Manufacturing (Panel b), Agriculture/Utilities/Construction
(Panel c), and Services firms (Panel d). The estimates are differences-in-differences in outcomes (mea-
sured relative to year −2) between the “spiking” and “non-spiking firms” from Table 2. Sample: Private
sector firms around their first machinery investment spikes. Balanced sample for four years before and
after the spike.

We use two external data sources on robot suppliers to validate our industry clas-

sification. First, we use a market report on robot suppliers and integrators in Belgium

(compiled by www.HowToRobot.com, a digital platform that connects manufacturing firms

to machine suppliers).44 Second, we gained access to the Customer Relationship Man-

agement (CRM) systems of three of Belgium’s largest robot producers and distributors.

These lists identify 606 robot supplier firms in 2021.

Figure B.2 decomposes purchases from firms on the external lists by whether they fall

in our machine-supplier industry codes. As the figure shows, our industry classification
44Békés et al. (2025) also use the HowToRobot database to identify robot integrators.
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captures most of the machine supply from the external lists. Compared to the external

lists, the industry code classification has the advantage of being time consistent (the

external lists are snapshots from 2021) and of covering machine supplies beyond robots

(the external lists focus on robot suppliers).

Figure B.2: Share of Purchases from External List of Robot Supplier Firms

(a) Machine Supplier Industries (b) Other Industries

Notes: This figure splits the purchases of spiking firms from the robot supplier firms (in percent of total
purchases) according to whether the suppliers are in our classified machine supplier industry codes. The
estimates are differences-in-differences in outcomes (measured relative to year −2) between the “spik-
ing” and “non-spiking firms” from Table 2. Sample: Manufacturing firms around their first machinery
investment spikes. Balanced sample for five years before and after the spike.

To further validate our machine supplier classification and to underscore the impor-

tance of domestic integrators, Figure B.3 splits the accumulated imports of industrial

robots (HS code 847950) by the industry of the importer. As Belgium does not produce

industrial robots, all robots have to be imported from abroad. Indeed, customs records

have been a common source of data on robot investments at the firm level; see e.g., Ace-

moglu, Lelarge and Restrepo (2020); Bonfiglioli et al. (2024) in France, Humlum (2022);

Mann and Pozzoli (2022) in Denmark, Dixon, Hong and Wu (2021) in Canada, and

Acemoglu, Koster and Ozgen (2023) in the Netherlands. However, as the figure shows,

end-user industries (that is, manufacturing firms that are not machine suppliers) repre-

sent less than 10% of the robot imports in Belgium. By contrast, our machine supplier

industries import more than 75% of all industrial robots in Belgium before these are sold
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to end-users (usually bundled with integration services). Békés et al. (2025) document a

similar pattern in Hungary.

Figure B.3: Accumulated Robot Imports by Sector of Importing Firm

Notes: This figure splits the accumulated aggregate imports of industrial robots (HS code 847950) to
Belgium by the industry of the importer.

C New Machinery and the Demand for Skills

C.1 Empirical Strategy

Table C.1 shows how our analysis sample shrinks with the sample restrictions described

in Section 3.1.
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Table C.1: Machinery Investment Spikes Sample Reduction

Sample Step Firms Investment Spikes
(1) (2)

1. Private-sector firms with a machinery spike 37,379 57,783
2. At least five workers before the spike 9,463 15,542
3. First investment spike 9,463 9,463
4. Balanced sample (four years before and after) 3,863 3,863

Notes: This table shows how our analysis sample shrinks with the sample criteria listed in Section
3.1. Column (1) shows the number of eligible firms, and Column (2) shows their number of machinery
investment spikes.

C.1.1 Proxy Controls

This subsection examines whether confounding output demand or productivity shocks

drive our results, first by tracing sales around the spikes and then by controlling for their

growth.

Figure C.1 shows the difference-in-differences estimate for log sales around machinery

investment spikes, using the same specification as in Figure 2. Sales evolve smoothly

around the spike, with no discernible pre-trend, and grow to about 20 percent four years

after the spike, a relative increase similar to that for total employment. This smooth,

gradual path is hard to reconcile with a discrete confounding demand or productivity

shock coinciding with the investment spike. Even such a shock would not generate the

high-STEM skill bias we document: output demand shocks raise all skill groups propor-

tionally (Lindner et al., 2024), as Appendix A.3 shows.
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Figure C.1: Sales around Machinery Investment Spikes

Notes: This figure shows the difference-in-differences estimate for log sales (in %) around machinery in-
vestment spikes, using the same specification as in Figure 2 (Equation (6)). The estimates are differences-
in-differences in log sales (measured relative to year −2) between the “spiking” and “non-spiking firms”
from Table 2, with whiskers representing 95% confidence intervals. Sample: Private sector firms around
their first machinery investment spike. Balanced sample for four years before and after the spike.

Figure C.2 adds controls for this sales growth directly to our employment specifica-

tion.45 Panels (a) and (b) reproduce the in-house and external employment effects from

Figure 2; Panels (c) and (d) re-estimate them controlling for the firm’s growth in sales

from year −2 to the event year. The controls lower absolute employment growth some-

what (most visibly for in-house employment in the spike year, where the year-0 effect

falls by 1–2 percentage points off a 3–5% base), but the external high-STEM skill bias,

our central finding, remains intact.
45This control is consistent with the conceptual framework in Section 1: because capital takes a year

to install (Equation (2)) and integration labor does not enter production (Equation (1)), year-0 sales
reflect output produced with the firm’s existing, pre-spike capital stock, so controlling for them is not a
“bad control”. We thank John Van Reenen for this suggestion.
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Figure C.2: Employment around Machinery Spikes: Controlling for Sales Growth
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) In-House: Main Specification (b) External: Main Specification

(c) In-House: Controlling for Sales Growth (d) External: Controlling for Sales Growth

Notes: This figure reproduces the in-house and external employment effects from Figure 2 with and
without controls for the investing firm’s sales growth. Panels (a) and (b) show the main specification
(no controls); Panels (c) and (d) add controls for the firm’s growth in log sales from year −2 to the
event year (year 0). The figures show employment of high-STEM, high non-STEM, low STEM, and low
non-STEM workers in percent of total pre-spike employment by skill group (Equation 7). The estimates
are differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and
“non-spiking firms” from Table 2, based on the specification in Equation (6), with whiskers representing
95% confidence intervals. Sample: Private sector firms around their first machinery investment spike.
Balanced sample for four years before and after the spike.

C.2 Main Results

Figure C.3 separates the external high-STEM bias of Figure 2 into two drivers, normal-

izing each component by its own pre-spike level rather than by total employment. Panel

(a) shows that external employment grows faster than in-house employment around ma-

chinery investment spikes, while Panel (b) shows that the skill composition of external

employment shifts toward high-STEM workers. Both channels reinforce each other in
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generating the patterns observed in Figure 2: more outsourcing of an increasingly high-

STEM-intensive supplier mix.

Figure C.3: Drivers of External Skill Bias around Machinery Investment Spikes

(a) In-House and External Employment Growth

(b) External Employment of Skills
(Diff-in-Diffs, In Percent of Pre-Spike External Employment by
Skill Group)

Notes: Panel (a) shows in-house employment in percent of pre-spike in-house employment and external
employment in percent of pre-spike external employment. Panel (b) shows the external employment of
high-STEM, high non-STEM, low STEM, and low non-STEM workers in percent of pre-spike external
employment of each skill group. Pre-spike employment is the average over years −3 to −1. The estimates
are differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-
spiking firms”. Sample: Private sector firms around their first machinery investment spike. Balanced
sample for four years before and after the spike.
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C.2.1 Treated and Comparison Group Means

Figure C.4 plots total employment separately for spiking firms and their comparison

firms, each in percent of its pre-spike level. The two groups start from the same level two

years before the spike, the base year of our event studies, so the gap that opens between

the lines is our difference-in-differences estimate (the sum of the in-house and external

estimates in Figure 2): for high-STEM workers, 50% in the spike year and 33% four years

later.

The sharp break at the spike comes entirely from the spiking firms. Comparison

firms have not yet spiked, so their employment follows the smooth trend of their industry.

A different comparison group can change this trend but not the break, which is why

our estimates change little across the alternative comparison groups in Appendices C.3.4

and C.3.5. The comparison firms are also upgrading skills: between year −2 and year

4, their high-STEM employment grows by 15%, against 4% for low non-STEM workers.

Our design differences out this common trend.
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Figure C.4: Total Employment around Machinery Investment Spikes, by Group
(In Percent of Pre-Spike Total Employment by Skill Group)

(a) High STEM (b) High Non-STEM

(c) Low STEM (d) Low Non-STEM

Notes: This figure shows total employment (in-house plus external) around machinery investment spikes,
separately for spiking firms and their matched comparison firms (the “spiking” and “non-spiking” firms
of Table 2). Each panel covers one skill group, in percent of the firm’s total pre-spike employment in that
group (Equation 7), so both lines are close to 100 before the spike. Pre-spike refers to the average over
the years −3 to −1. The two groups differ by at most 0.3 percentage points in year −2, the base year
of our event studies. At every horizon, the change in the vertical distance between the two lines relative
to year −2 equals the sum of the in-house and external difference-in-differences estimates in Figure 2,
which also reports their 95% confidence intervals. All four panels share the same vertical scale. Sample:
Private sector firms around their first machinery investment spike and their matched comparison firms.
Balanced sample for four years before and after the spike.

C.2.2 Decomposing Other Industries

Table C.2 decomposes the impact of machinery investment spikes on external employment

(as in Figure 3) across subindustries. The high-STEM bias (last column) is positive

in most supplier industries. Relative to their pre-spike share, it is most pronounced

for computer programming, followed by utilities and construction; in absolute terms,

wholesale and retail trade and construction contribute the most. Employment agencies,
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a large supplier of external labor, contribute broadly across skill groups but add no skill

bias.
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Table C.2: Decomposing the Impact on External Employment through Other Industries

Pre-Spike Effect on External Employment (Year 4) Skill

Share High STEM High Non-STEM Low STEM Low Non-STEM Bias

(1) (2) (3) (4) (5) (2)–(5)
(1)

Machine Suppliers 10.51 4.76 1.27 1.18 0.45 0.41
Other industries

1–9 Agriculture/Mining 2.05 0.03 0.01 0.07 0.03 0.00
10–12 Food/Beverages 4.35 0.24 0.38 0.19 0.20 0.01
13–15 Textiles/Apparel 1.06 0.10 0.03 0.03 0.02 0.08
16–18 Wood, Paper, Print 3.25 0.30 0.24 0.23 0.20 0.03
19 Coke 0.04 0.00 0.00 0.00 0.00 0.00
20 Chemical and Pharma 1.31 0.34 0.12 0.05 0.03 0.24
22 Rubber-Plastic 1.21 0.22 0.13 0.08 0.05 0.14
23 Non-Metallic 2.54 0.41 0.34 0.23 0.17 0.09
24 Basic Metals 0.48 -0.01 0.00 0.00 0.00 -0.02
25 Fabricated Metals 3.25 0.60 0.32 0.19 0.27 0.10
26 Computer, Electronics 0.18 0.00 0.00 0.00 0.00 0.00
27 Electrical Equip. 0.35 0.04 -0.01 -0.03 -0.01 0.14
29–30 Transport Equip. 0.46 0.05 0.03 0.05 0.03 0.04
31–32 Other Manuf. 1.85 0.42 0.18 0.19 0.11 0.17
35–39 Utilities 1.79 0.68 0.36 0.21 0.17 0.28
41–43 Construction 9.09 3.08 0.55 1.82 0.57 0.28
45–47 Wholesale/Retail 24.11 6.33 5.35 2.40 1.76 0.19
49–53 Transport/Storage 6.46 0.21 0.24 0.68 0.63 -0.07
55–56 Hotels & Restaur. 1.13 0.02 0.04 0.05 0.04 -0.02
58–60 Publishing 0.60 0.07 0.17 0.01 0.02 0.08
61 Telecom 0.16 0.04 0.00 0.01 0.00 0.25
62 Computer Program 1.35 1.30 0.19 0.04 0.04 0.93
63 Information Serv. 0.10 0.01 0.01 0.00 0.00 0.10
64–66 Financial Serv. 0.29 0.01 -0.02 0.00 0.00 0.03
68 Real Estate 0.42 0.03 0.04 0.01 0.00 0.07
69 Legal Serv. 2.55 0.02 0.27 -0.01 0.01 0.00
70 Manag. Consult 0.72 0.14 0.28 0.02 0.06 0.11
72 R&D 0.03 0.00 0.00 0.00 0.00 0.00
73 Advertising 0.59 0.04 0.16 0.01 0.03 0.02
74–75 Other Serv 0.20 0.04 0.02 0.00 0.00 0.20
77 Rental/Leasing 0.63 0.09 0.07 0.04 0.05 0.06
78 Employment Act. 11.99 2.24 3.19 1.71 2.52 -0.02
79 Travel Agency 0.10 0.00 0.00 0.00 0.00 0.00
80 Security 0.38 0.03 0.02 0.04 0.03 0.00
81 Building Serv. 2.65 0.05 0.19 0.24 0.39 -0.13
82 Administration 0.69 0.00 0.06 0.01 0.01 -0.01
84+ Public 1.06 0.01 0.11 0.05 0.08 -0.07

Notes: This table decomposes the impact of machinery investment spikes on external employment (as in Figure 3) across
two-digit industries and groups of them. Column (1) shows the percent share of the industry in external employment in
the year before the spike. Columns (2)–(5) show the contribution of this industry to the effect on total employment of each
skill group in year 4 after the spike (measured in % of pre-spike total employment). The final column shows the normalized
contribution to skill bias, measured as the difference in effects on high-STEM (Column (2)) and Low Non-STEM (Column
(5)), relative to the share of the industry in total external employment before the spike. Sample: Private sector firms
around their first machinery investment spikes. Balanced sample for four years before and after the spike.
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C.3 Robustness

C.3.1 Investment Spikes

Figure C.5 shows that the investment flow around a machinery spike is a one-off event:

the machinery flow per worker in Panel (a) peaks in the spike year and falls back sharply

the year after, even as the machinery stock it produces remains elevated (Figure 1). The

machine investment flow is computed from the stock assuming a depreciation rate of 12%.

Panel (b) plots the total fixed investment flow as a share of total sales taken from the VAT

records, which shows a similar pattern. The VAT records used to produce the investment

data do not split investment by asset type, so Panel (b) captures all fixed investment,

not just machinery. Because Panel (b) uses a different data source, it also shows that the

spikes are not an artifact of the annual accounts.

Figure C.5: Investment around Machinery Spikes

(a) Machine Flow per Worker (b) Investment as Share of Sales

Notes: This figure plots the machine investment flow per worker (panel (a)) and total fixed investment
as a share of total sales around machinery investment spikes (panel (b)). The machine investment flow
per worker is Ijt

0.5(Ljt−1+Ljt) , where Ijt = Kjt − (1 − δ)Kjt−1 with a depreciation rate δ of 12%. Sample:
Private sector firms around their first machinery investment spike. Balanced sample for four years before
and after the spike.

Figures C.6 and C.7 show that our main findings are robust to varying the percentile

cutoff for defining investment spikes. The 85th-percentile cutoff is e10,611 per worker

and yields 5,539 spikes in the balanced panel; the 95th-percentile cutoff is e35,079 per

worker and yields 1,826 spikes.
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At both cutoffs, the qualitative pattern from Figures 2 and 3 carries through: machin-

ery investment spikes raise the demand for high-STEM skills primarily through external

suppliers, with the initial response driven by machine suppliers and the longer-run re-

sponse by other industries.

Figure C.6: Employment around Machinery Spikes: 85th-Percentile Cutoff

(a) In-House Employment (b) External Employment

(c) Machine Suppliers (d) Other Industries

Notes: This figure reproduces the employment effects of machinery investment spikes using the 85th-
percentile cutoff (e10,611 per worker). Panels (a) and (b) consider in-house and external employment,
respectively; Panels (c) and (d) decompose external employment into machine suppliers and other indus-
tries. The figure shows employment of high-STEM, high non-STEM, low STEM, and low non-STEM
workers in percent of total pre-spike employment by skill group (Equation 7). Total pre-spike employ-
ment is the sum of in-house and external employment, averaged over years −3 to −1. The estimates are
differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-
spiking firms” from Table 2. Sample: Private sector firms around their first machinery investment spike.
Balanced sample for four years before and after the spike.
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Figure C.7: Employment around Machinery Spikes: 95th-Percentile Cutoff

(a) In-House Employment (b) External Employment

(c) Machine Suppliers (d) Other Industries

Notes: This figure reproduces the employment effects of machinery investment spikes using the 95th-
percentile cutoff (e35,079 per worker). Panels (a) and (b) consider in-house and external employment,
respectively; Panels (c) and (d) decompose external employment into machine suppliers and other indus-
tries. The figure shows employment of high-STEM, high non-STEM, low STEM, and low non-STEM
workers in percent of total pre-spike employment by skill group (Equation 7). Total pre-spike employ-
ment is the sum of in-house and external employment, averaged over years −3 to −1. The estimates are
differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-
spiking firms” from Table 2. Sample: Private sector firms around their first machinery investment spike.
Balanced sample for four years before and after the spike.

C.3.2 Single-Spiking Firms

Figure C.8 reproduces the main employment effects of machinery investment spikes (Fig-

ures 2 and 3) restricting the sample to the firms that experience only one investment spike

within the post-event window. The qualitative pattern is unchanged: in-house employ-

ment expands evenly across skill groups (Panel (a)), while external employment exhibits

a sharp high-STEM bias (Panel (b)), driven by machine suppliers initially (Panel (c)) and

by other industries over the longer run (Panel (d)). The estimates are smaller in the later
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post-event years (Figure C.9), because follow-on investments add to later employment in

the full sample, whereas here only control firms may still spike, and because conditioning

on no follow-on spike selects firms with less favorable shocks (Section 3.1.1).

Figure C.8: Single-Spiking Firms: Employment around Machinery Spikes

(a) In-House Employment (b) External Employment

(c) Machine Suppliers (d) Other Industries

Notes: This figure reproduces the employment effects of machinery investment spikes, restricting the
sample to the 61% of firms that experience only one investment spike within the post-event window.
Panels (a) and (b) consider in-house and external employment, respectively; Panels (c) and (d) decompose
external employment into machine suppliers and other industries. The figure shows employment of high-
STEM, high non-STEM, low STEM, and low non-STEM workers in percent of total pre-spike employment
by skill group (Equation 7). Total pre-spike employment is the sum of in-house and external employment,
averaged over years −3 to −1. The estimates are differences-in-differences in outcomes (measured relative
to year −2) between the “spiking” and “non-spiking firms” from Table 2. Sample: Private sector firms
around their only machinery investment spike. Balanced sample for four years before and after the spike.
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Figure C.9: In-House and External Employment around Machinery Spikes: All Spikes
versus Single Spikes

(a) All Spikes (b) Single Spikes

Notes: This figure shows in-house and external employment growth of private sector firms around ma-
chinery investment spikes. Panel (a) shows results for all spiking firms; Panel (b) restricts the sample
to single-spiking firms. In-house employment is expressed in percent of pre-spike in-house employment;
external employment is expressed in percent of pre-spike external employment. Pre-spike values are av-
eraged over years −3 to −1. The estimates are differences-in-differences in outcomes (measured relative
to year −2) between the “spiking” and “non-spiking firms”. Sample: Private sector firms around their
first machinery investment spike. Balanced sample for four years before and after the spike.

C.3.3 Unbalanced Panel

Figure C.10 reproduces the main employment effects of machinery investment spikes

(Figures 2 and 3), including firm exits as zero in-house and external employment. The

qualitative pattern is unchanged: in-house employment expands evenly across skill groups

(Panel (a)), while external employment exhibits a sharp high-STEM bias (Panel (b)),

driven by machine suppliers initially (Panel (c)) and by other industries over the longer

run (Panel (d)). Conditioning on post-spike survival is therefore not driving the result.
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Figure C.10: Including Exiting Firms: Employment around Machinery Spikes

(a) In-House Employment (b) External Employment

(c) Machine Suppliers (d) Other Industries

Notes: This figure reproduces the employment effects of machinery investment spikes, assigning zero
employment to firm exits. Panels (a) and (b) consider in-house and external employment, respectively;
Panels (c) and (d) decompose external employment into machine suppliers and other industries. The
figure shows employment of high-STEM, high non-STEM, low STEM, and low non-STEM workers in
percent of total pre-spike employment by skill group (Equation 7). Total pre-spike employment is the
sum of in-house and external employment, averaged over years −3 to −1. The estimates are differences-
in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-spiking firms”
from Table 2. Sample: Private sector firms around their first machinery investment spike, active for four
years before the spike.

C.3.4 Cell-Average Comparison Group

Figure C.11 reproduces the main employment effects of machinery investment spikes

(Figure 2) using as the comparison group the average of firms in the same industry-year

that meet the same sample criteria but have not yet experienced a spike as of the event

year, in place of a random non-spiking firm in the same industry-year cell. The results

are highly similar to the baseline, with slightly lower standard errors.46

46This industry-year-average estimator shares the imputation logic of Borusyak, Jaravel and Spiess
(2024): each spiking firm’s counterfactual is constructed from its own pre-spike outcome and the con-
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temporaneous changes of all firms in the same industry-year that had not yet spiked as of the event
year. Unlike their estimator, which gains further efficiency by leveraging all pre-treatment periods, it
differences from a single pre-spike base year (as firms may engage integrators already in the year before
the spike), uses industry-year cell averages rather than estimated fixed effects, and places no restriction
on comparison firms’ investment after the event year (Appendix C.3.5 shows robustness to imposing such
a “clean control” restriction).
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Figure C.11: Employment of Skill Groups around Machinery Investment Spikes
(Industry-Year Average as Comparison Group)

(a) In-House

(b) External

Notes: This figure shows employment of high-STEM, high non-STEM, low STEM, and low non-STEM
workers in percent of total pre-spike employment by skill group (Equation 7). Panel (a) considers in-house
employment; Panel (b) considers external employment at supplier firms. Total pre-spike employment
is the sum of in-house and external employment, averaged over years −3 to −1. The estimates are
differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-
spiking firms”. The comparison firms are the average of firms in the same industry-year cell that meet the
sample criteria and have not yet spiked as of the event year. The estimates are based on the specification
in Equation (6), with whiskers representing 95% confidence intervals. Sample: Private sector firms
around their first machinery investment spike. Balanced sample for four years before and after the spike.
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C.3.5 Clean Controls and Later Spikers

Neither the control group nor the treated group is restricted after the event: treated firms

may undertake follow-on spikes, and control firms may undertake their first spike. As

Figure C.12 shows, about 28% of treated firms undertake a follow-on spike within the post-

event window, while about 8% of control firms undertake their first spike. Appendix C.3.2

shows that the main results are robust when limiting the sample to treated firms that

do not undertake follow-on spikes within the post-event window. Figure C.13 reproduces

the main results using a “clean controls” comparison group including only firms that do

not spike within the post-event window, as in Cengiz et al. (2019). The results are highly

similar, although the impact is somewhat larger, consistent with the fact that some of

the comparison firms in the baseline spike in the post-event window.

Figure C.12: Follow-On and First Spikes after the Event

(a) Treated Firms: Follow-On Spikes (b) Control Firms: First Spikes

Notes: This figure shows the percentage of treated firms that undertake a spike (Panel (a)) and the
percentage of control firms that undertake their first spike (Panel (b)) within the post-event window.
The post-event window is defined as the four years after the first spike. Sample: Private sector firms
with their matched controls around their first machinery investment spike. Balanced sample for four
years before and after the spike.
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Figure C.13: Employment of Skill Groups around Machinery Investment Spikes
(Clean Controls: firms that do not spike within the post-event window)

(a) In-House

(b) External

Notes: This figure shows employment of high-STEM, high non-STEM, low STEM, and low non-STEM
workers in percent of total pre-spike employment by skill group (Equation 7). Panel (a) considers in-house
employment; Panel (b) considers external employment at supplier firms. Total pre-spike employment
is the sum of in-house and external employment, averaged over years −3 to −1. The estimates are
differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-
spiking firms”. The “non-spiking firms” are random one-to-one matches within the same industry-year cell
and exclude firms that spike within the post-event window. The estimates are based on the specification
in Equation (6), with whiskers representing 95% confidence intervals. Sample: Private sector firms
around their first machinery investment spike. Balanced sample for four years before and after the spike.
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As an additional robustness check, we also estimate the effects using as comparison

firms only firms whose first spike comes after the post-event window (Bessen et al., 2025).

As Figure C.14 shows, the external high-STEM effect is, if anything, slightly larger at

the spike, while by year four it returns to its baseline magnitude rather than the larger

clean-controls one. This is consistent with later spikers beginning to engage integrators

before their own investment, which makes them imperfect comparisons toward the end

of the window.47

47Because the pool of comparison firms is much smaller, we match within the same NACE 2-digit
industry instead of the same NACE 3-digit industry.
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Figure C.14: Employment of Skill Groups around Machinery Investment Spikes
(Later Spikers as Comparison Firms: firms that spike after the post-event window)

(a) In-House

(b) External

Notes: This figure shows employment of high-STEM, high non-STEM, low STEM, and low non-STEM
workers in percent of total pre-spike employment by skill group (Equation 7). Panel (a) considers in-house
employment; Panel (b) considers external employment at supplier firms. Total pre-spike employment
is the sum of in-house and external employment, averaged over years −3 to −1. The estimates are
differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-
spiking firms”. The “non-spiking firms” are random one-to-one matches within the same NACE 2-digit
industry-year cell and include only firms that spike after the post-event window. The estimates are
based on the specification in Equation (6), with whiskers representing 95% confidence intervals. Sample:
Private sector firms around their first machinery investment spike. Balanced sample for four years before
and after the spike.
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C.3.6 Higher-Order Links

Our main analysis measures external employment through firms’ first-order suppliers.

This subsection extends the analysis to third-order links (the suppliers of suppliers of

suppliers) to assess whether the broader network amplifies or attenuates our results. We

compute third-order external employment as

LO,3
jt =

∑
k

Tkjt

Tkt

(
LH

kt +
∑

r

Trkt

Trt

(
LH

rt +
∑

s

Tsrt
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LH
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))
, (28)

which iterates the first-order pass-through of in-house employment along the supply chain.

Extending the iteration to all orders would apply the full Leontief inverse of the firm-

to-firm input–output matrix, with each additional round damped by another layer of

purchase shares.

Figure C.15 shows that our main findings are robust to including these higher-order

links. Panel (a) reproduces the main external employment effects (Figure 2) and Panel (b)

reproduces the drivers figure (Figure C.3), each measured using the third-order definition.

Incorporating higher-order links amplifies the overall quantitative importance of external

employment relative to in-house employment.
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Figure C.15: Including Higher-Order Supplier Links (Third-Order Definition)

(a) External Employment in Percent of Pre-Spike Total Employ-
ment by Skill Group (Higher-Order Version of Figure 2)

(b) External Employment in Percent of Pre-Spike External Employ-
ment by Skill Group (Higher-Order Version of Figure C.3)

Notes: This figure shows third-order external employment growth around machinery investment spikes.
Panel (a) shows external employment in percent of pre-spike total employment by skill group. Panel (b)
shows external employment in percent of pre-spike external employment by skill group. Pre-spike values
are averaged over years −3 to −1. The estimates are differences-in-differences in outcomes (measured
relative to year −2) between the “spiking” and “non-spiking firms”. Sample: Private sector firms around
their first machinery investment spike. Balanced sample for four years before and after the spike.
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D Why Firms Outsource Capital-Complementary Skills

This appendix collects supplementary results for the analysis of why firms outsource

capital-complementary skills in Section 4. Appendix D.1 reports balance and machinery-

stock dynamics for the smaller- and larger-firm subsamples, Appendix D.2 does so for

the manufacturing and services subsamples, Appendix D.3 reports additional results for

building and intangible spikes, Appendix D.4 provides supplementary results on new

versus existing machine supply, Appendix D.5 presents the exhibits behind the supply-

side evidence, and Appendix D.6 examines the wage-savings motive.

D.1 Firm Size

Tables D.1 and D.2 report pre-spike employment for the smaller- and larger-firm subsam-

ples, where smaller firms have pre-spike total employment (year −1) below the sample

median (13.1 FTE). Spiking and non-spiking firms are well balanced on total employment

and skill shares within each subsample, supporting the difference-in-differences design for

both groups.

Comparing across subsamples, larger firms employ substantially more high-STEM

workers in-house already before the spike: their in-house high-STEM share is roughly

twice that of smaller firms (6.5% versus 3.2%). This pre-existing in-house capacity helps

explain why larger firms rely less on external skills to integrate and operate more capital-

intensive production, consistent with larger firms having already absorbed the fixed cost

of in-house high-STEM hires.

Figures D.1 and D.2 show that the underlying investment shock is similar for smaller

and larger firms: both subsamples experience an increase of roughly 40,000 euros in

machinery stock per worker, and the difference-in-differences estimate of machinery per

worker is not statistically different across firm size at the 5 percent level, although the

point estimates diverge after year 1. Hence, the differences in in-house and external
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employment responses across smaller and larger firms in Figure 4 reflect heterogeneous

responses to a similar shock, not differences in the magnitude of the shock itself.

Figure D.3 shows that smaller firms rely more on purchases from external machine

suppliers when upgrading their machinery: their share of machine suppliers in total

purchases rises by six percentage points in the year of the spike, versus four percentage

points for larger firms.

Table D.1: Smaller Firms: Firm Employment before Machinery Investment Spikes

Spiking Non-Spiking Std. Difference

In-House External In-House External In-House External
(1) (2) (3) (4) (5) (6)

Total employment 5.7 2.2 6.2 1.9 -0.12 0.14
(5.2) (2.2) (2.4) (2.1)

Share of employment (%)
— High STEM 3.2 5.3 3.1 4.9 0.01 0.07

(10.1) (5.8) (9.4) (5.6)
— High non-STEM 13.4 17.0 14.4 17.6 -0.05 -0.05

(21.3) (11.3) (21.6) (11.9)
— Low STEM 26.2 25.2 23.9 24.3 0.09 0.08

(26.0) (11.5) (23.6) (11.7)
— Low Non-STEM 57.1 52.5 58.5 53.2 -0.05 -0.06

(28.2) (12.5) (27.0) (12.7)

Nr. Firms 1,926 1,926

Notes: This table reports in-house and external employment in the treatment (Columns 1–2) and control
(Columns 3–4) groups in year t − 2. The table reports total employment in full-time equivalents and
the employment share of different skill groups. Columns 5–6 show the standardized difference between
the treatment and control group means, i.e. the difference in means divided by

√
(s2

T + s2
C)/2, where

absolute values above 25% are a standard threshold for assessing imbalance (Stuart and Rubin, 2008).
Sample: Smaller firms (pre-spike total employment below the sample median of 13.1 FTE) around their
first machinery investment spike. Balanced sample for four years before and after the spike.
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Table D.2: Larger Firms: Firm Employment before Machinery Investment Spikes

Spiking Non-Spiking Std. Difference

In-House External In-House External In-House External
(1) (2) (3) (4) (5) (6)

Total employment 71.6 36.3 72.8 32.2 0.00 0.02
(456.0) (183.4) (339.8) (166.7)

Share of employment (%)
— High STEM 6.5 6.3 5.7 6.0 0.08 0.05

(10.5) (5.7) (9.3) (6.0)
— High non-STEM 14.4 15.7 14.8 16.3 -0.02 -0.06

(16.2) (9.3) (16.3) (9.7)
— Low STEM 25.9 24.4 24.6 23.2 0.07 0.13

(18.1) (9.5) (17.3) (9.5)
— Low Non-STEM 53.2 53.6 54.9 54.5 -0.08 -0.08

(21.4) (11.4) (20.4) (11.4)

Nr. Firms 1,926 1,926

Notes: This table reports in-house and external employment in the treatment (Columns 1–2) and control
(Columns 3–4) groups in year t − 2. The table reports total employment in full-time equivalents and
the employment share of different skill groups. Columns 5–6 show the standardized difference between
the treatment and control group means, i.e. the difference in means divided by

√
(s2

T + s2
C)/2, where

absolute values above 25% are a standard threshold for assessing imbalance (Stuart and Rubin, 2008).
Sample: Larger firms (pre-spike total employment at or above the sample median of 13.1 FTE) around
their first machinery investment spike. Balanced sample for four years before and after the spike.

Figure D.1: Machinery Stock per Worker around Spike

(a) Smaller Firms (b) Larger Firms

Notes: This figure shows the machinery capital stock per worker around years of machinery investment
spikes. Panel (a) focuses on smaller firms, and Panel (b) on larger firms. Smaller firms have pre-spike
total employment (year −1) below the median (13.1 FTE). Sample: Private sector firms around their
first machinery investment spike. Balanced sample for four years before and after the spike.
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Figure D.2: Machinery per Worker: Larger versus Smaller Firms

Notes: This figure shows the machinery per worker around investment spikes. Smaller firms have
pre-spike total employment (year −1) below the median (13.1 FTE). The estimates are differences-
in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-spiking firms”.
Sample: Private sector firms around their first machinery investment spikes. Balanced sample for four
years before and after the spike.

Figure D.3: Share of Machine Suppliers in Total Purchases: Smaller versus Larger Firms

Notes: This figure shows the share of machine suppliers in total purchases around the first machinery
investment spike, separately for smaller and larger firms. Smaller firms have pre-spike total employment
(year −1) below the median (13.1 FTE). Sample: Private sector firms around their first machinery
investment spike. Balanced sample for four years before and after the spike.
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D.2 Application Sector

Tables D.3 and D.4 report pre-spike employment for the manufacturing and services

subsamples. Spiking and non-spiking firms are well balanced on total employment and

skill shares within each subsample, supporting the difference-in-differences design for both

groups.

Comparing across subsamples, manufacturing firms are both larger (63.5 FTE in-

house, versus 26.1 FTE in services) and employ a higher share of high-STEM workers in-

house already before the spike (6.1% versus 4.3% in services). While both sectors display

external high-STEM bias (Figure 5), the relative magnitudes are larger for services firms,

consistent with manufacturing firms already having absorbed part of the fixed cost of in-

house high-STEM hires before the investment spike. This pattern parallels the firm-size

comparison (Appendix D.1).

Figure D.4 extends the analysis to the remaining private-sector industries (agriculture,

utilities, and construction) and shows that the skill-biased external pattern from the main

text holds in these sectors as well.

51



Table D.3: Manufacturing: Firm Employment before Machinery Investment Spikes

Spiking Non-Spiking Std. Difference

In-House External In-House External In-House External
(1) (2) (3) (4) (5) (6)

Total employment 63.5 27.3 59.4 23.3 0.02 0.05
(215.6) (95.8) (148.6) (81.0)

Share of employment (%)
— High STEM 6.1 6.5 5.0 5.9 0.12 0.12

(9.5) (5.5) (8.4) (4.4)
— High non-STEM 10.6 14.9 11.0 15.1 -0.03 -0.02

(13.3) (8.1) (13.1) (8.4)
— Low STEM 32.8 26.3 31.3 26.0 0.07 0.03

(21.0) (9.2) (19.6) (9.8)
— Low Non-STEM 50.4 52.3 52.4 53.0 -0.09 -0.07

(22.1) (10.7) (21.0) (10.7)

Nr. Firms 1,226 1,226

Notes: This table reports in-house and external employment in the treatment (Columns 1–2) and control
(Columns 3–4) groups in year t − 2. The table reports total employment in full-time equivalents and
the employment share of different skill groups. Columns 5–6 show the standardized difference between
the treatment and control group means, i.e. the difference in means divided by

√
(s2

T + s2
C)/2, where

absolute values above 25% are a standard threshold for assessing imbalance (Stuart and Rubin, 2008).
Sample: Manufacturing sector firms around their first machinery investment spike. Balanced sample for
four years before and after the spike.
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Table D.4: Services: Firm Employment before Machinery Investment Spikes

Spiking Non-Spiking Std. Difference

In-House External In-House External In-House External
(1) (2) (3) (4) (5) (6)

Total employment 26.1 13.6 37.8 17.8 -0.03 -0.03
(388.7) (82.2) (425.1) (212.5)

Share of employment (%)
— High STEM 4.3 5.6 4.9 5.1 -0.05 0.08

(10.9) (6.3) (11.9) (6.1)
— High non-STEM 18.0 18.4 18.9 19.7 -0.04 -0.11

(21.9) (11.6) (21.2) (12.4)
— Low STEM 19.7 22.1 18.2 21.1 0.08 0.08

(19.6) (10.4) (18.2) (13.5)
— Low Non-STEM 58.0 54.0 58.0 54.1 0.00 -0.01

(25.4) (12.7) (24.5) (12.8)

Nr. Firms 2,011 2,011

Notes: This table reports in-house and external employment in the treatment (Columns 1–2) and control
(Columns 3–4) groups in year t − 2. The table reports total employment in full-time equivalents and
the employment share of different skill groups. Columns 5–6 show the standardized difference between
the treatment and control group means, i.e. the difference in means divided by

√
(s2

T + s2
C)/2, where

absolute values above 25% are a standard threshold for assessing imbalance (Stuart and Rubin, 2008).
Sample: Service sector firms around their first machinery investment spike. Balanced sample for four
years before and after the spike.
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Figure D.4: Employment around Investment Spikes: Agriculture/Utilities/Construction

(a) In-House Employment (b) External Employment

Notes: This figure shows the in-house and external employment around machinery investment spikes
for firms in agriculture, utilities, and construction. The figures show the employment of high-STEM,
high non-STEM, low STEM, and low non-STEM workers in percent of total pre-spike employment by
skill group (Equation 7). Total pre-spike employment is the sum of in-house and external employment,
averaged over years −3 to −1. The estimates are differences-in-differences in outcomes (measured relative
to year −2) between the “spiking” and “non-spiking firms”. Sample: Firms in agriculture, utilities, and
construction around their first machinery investment spike. Balanced sample for four years before and
after the spike.

D.3 Capital Types

Figure D.5 plots the capital stock per worker around each type of spike, mirroring Figure

1 for machinery. Each spike captures a discrete jump in the corresponding capital stock.

The figure uses the 85th-percentile cutoff for defining spikes.

Figures D.6 and D.7 address the concern that building spikes coincide with machinery

installation. Figure D.6 confirms that machinery stock per worker does rise around

building spikes, so part of the external skill bias from buildings in Figure 6 likely reflects

simultaneous machinery investment. Figure D.7, which excludes building spikes that

coincide with the top 25% of machinery-per-worker increases, shows that the external

skill bias narrows but does not disappear when buildings do not coincide with large

machinery investment, plausibly reflecting the involvement of architects and building

engineers.

Figure D.8 extends the building analysis to the full private sector at the 85th-percentile

cutoff (e137,000), which yields enough spikes to cover the full private sector. The qual-
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itative pattern from Figure 6 carries through: building spikes generate a less persistent

external skill bias and a limited in-house response.

Figure D.5: Capital Stocks per Worker around Investment Spikes

(a) Machine Spikes

(b) Building Spikes

(c) Intangibles Spikes

Notes: Panels (a)–(c) plot the capital stock per worker around, respectively, machinery, building, and
intangible investment spikes, mirroring Figure 1 for machinery. Machinery spikes are defined as years in
which the firm’s change in machinery stock per worker exceeds the 85th percentile of positive changes
(e11,000). Building spikes are defined analogously using the change in building stock per worker (85th
percentile: e137,000). Intangible spikes are defined analogously using the change in intangible capital
per worker (85th percentile: e14,000). Sample: Private-sector firms around their first investment spike,
using a balanced panel spanning four years before and after the event.
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Figure D.6: Machinery Stock per Worker around Building Investment Spikes

Notes: The figure plots the machinery capital stock per worker around years of building investment
spikes. Building spikes are defined as years when firms’ change in building stock per worker exceeds the
90th percentile (e220,195). Sample: Private sector firms around their first building investment spike.
Balanced sample for four years before and after the spike.

Figure D.7: External Employment around Building Spikes (Excluding Machine Spikes)

Notes: This figure shows the external employment of manufacturing sector firms around investment spikes
in buildings, excluding building spikes that coincide with the top 25% of machinery-per-worker increases.
Building spikes are defined at the 90th percentile of positive changes in the building stock per worker.
The figure shows employment of high-STEM, high non-STEM, low STEM, and low non-STEM workers
in percent of total pre-spike employment by skill group (Equation 7). Total pre-spike employment is the
sum of in-house and external employment, averaged over years −3 to −1. The estimates are differences-
in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-spiking firms”.
Sample: Manufacturing sector firms around their first building investment spike. Balanced sample for
four years before and after the spike.
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Figure D.8: Building Spikes: 85th-Percentile Cutoff

(a) In-House Employment (b) External Employment

Notes: This figure shows the in-house and external employment of private-sector firms around investment
spikes in buildings, defined at the 85th percentile of positive changes in the building stock per worker
(e137,000). The figure shows employment of high-STEM, high non-STEM, low STEM, and low non-
STEM workers in percent of total pre-spike employment by skill group (Equation 7). Total pre-spike
employment is the sum of in-house and external employment, averaged over years −3 to −1. The
estimates are differences-in-differences in outcomes (measured relative to year −2) between the “spiking”
and “non-spiking firms”. Sample: Private sector firms around their first building investment spike.
Balanced sample for four years before and after the spike.

D.4 New versus Existing Machine Supply

Figure D.9 shows the in-house employment estimates that correspond to Figure 7 from the

main text. The in-house response is similar across spikes driven by new versus existing

suppliers, in line with the limited in-house effects of machinery spikes overall (Section

3.2).

Figure D.10 decomposes the external employment response by supplier industry. The

differential high-STEM bias for new-supplier spikes shows up both at machine suppliers

(Panel (i)) and at firms in other industries (Panel (ii)), consistent with new machinery

embodying new technologies that demand specialized skills throughout the supply chain.
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Figure D.9: In-House Employment around Machinery Spikes: New versus Existing Ma-
chine Supply

(a) Spikes Driven by New Suppliers (b) Spikes Driven by Existing Suppliers

Notes: This figure shows in-house employment around machinery investment spikes, in percent of total
pre-spike employment by skill group (Equation 7). Panel (a) focuses on spikes driven by new suppliers;
Panel (b) focuses on spikes driven by existing suppliers. The classification is based on the ratio of the
change in purchases from new machine suppliers to the sum of the absolute changes in purchases from
new and existing machine suppliers at the time of the spike, Snew = ∆new/(|∆new| + |∆exist|). Spikes
with Snew above the sample median (excluding firms with non-positive changes in total purchases from
machine suppliers) are classified as new-supplier spikes; the remainder are classified as existing-supplier
spikes. The estimates are differences-in-differences in outcomes (measured relative to year −2) between
the “spiking” and “non-spiking firms” from Table 2. Sample: Private sector firms around their first
machinery investment spikes. Balanced sample for four years before and after the spike.
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Figure D.10: External Employment around Machinery Spikes: By Supplier Industry

(i) Machine Suppliers

(a) Spikes Driven by New Suppliers (b) Spikes Driven by Existing Suppliers

(ii) Other Industries

(a) Spikes Driven by New Suppliers (b) Spikes Driven by Existing Suppliers

Notes: This figure decomposes the external employment response from Figure 7 (main text) by supplier
industry: machine suppliers (Panel (i)) and other industries (Panel (ii)). Subpanels (a) focus on spikes
driven by new suppliers; Subpanels (b) focus on spikes driven by existing suppliers. The estimates are
differences-in-differences in outcomes (measured relative to year −2) between the “spiking” and “non-
spiking firms” from Table 2. Sample: Private sector firms around their first machinery investment spikes.
Balanced sample for four years before and after the spike.

D.5 Supply-Side Evidence

Figure D.11 documents that each investing firm’s demand for capital-complementary high-

STEM labor is small in absolute terms, supporting the fixed-cost rationale for outsourcing.

Even summing across all of its suppliers, the median spiking firm sources only 0.05 high-

STEM full-time equivalents (FTEs) in the spike year, and even the 90th percentile reaches

only 0.77, both below one full-time worker, a natural minimum scale for an in-house
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integration role.

Figure D.12 documents that machine suppliers absorb the lumpy demand of individual

investing firms by spreading their workforce across many imperfectly correlated clients,

supporting the adjustment-cost rationale. The figure plots machine suppliers’ absolute

year-over-year changes in own high-STEM employment against the sum of their client-

level absolute changes in the same quantity. Both quantities are scaled by the midpoint

of the supplier’s own high-STEM employment in the two adjacent years,48 such that the

x-axis runs between 0 and 2 by construction. If machine suppliers’ workforce volatility

were a one-for-one reflection of their clients’ demand changes, the binned means would lie

on the 45-degree line. Instead, gross client-level changes are 15.4 times the supplier-side

changes, because one client’s expansion absorbs another’s contraction. The figure also

shows non-machine suppliers serving spiking firms as a benchmark.

Table D.5 reports estimates of the relationship between machine suppliers’ skill mix

and the share of their revenue accruing from spiking-firm clients. Across all four skill

groups, the estimated coefficients are economically and statistically close to zero: ma-

chine suppliers’ skill mix does not vary with their customer composition, consistent with

a structurally specialized workforce. Machine suppliers also rely more on spiking-firm

clients: they derive 1.76% of their revenue from these firms, more than double the 0.69%

at non-machine suppliers.
48Davis and Haltiwanger (1992) use a similar midpoint normalization in measuring job creation and

destruction.
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Figure D.11: External High-STEM Labor per Spiking Firm

Notes: This figure shows the distribution of external high-STEM employment at spiking firms in the
spike year, summed across all of the firm’s suppliers (not only its machine suppliers). The vertical
reference line marks one full-time equivalent (FTE), an arguable minimum efficient scale for an in-house
integration role. The median is 0.05 FTEs and the 90th percentile is 0.77 FTEs, both well below one
FTE. Sample: Spiking firms; year of investment spike.
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Figure D.12: Workforce Smoothing at Machine Suppliers

Notes: This binned scatter plots, at the supplier-year level, the supplier’s absolute change in high-
STEM employment from year t − 1 to year t (x-axis, normalized by the midpoint of the two years)
against the sum across the supplier’s clients of absolute year-on-year changes in their high-STEM labor
allocations (y-axis, with the same supplier-midpoint denominator). Bins have fixed width, and marker
size is proportional to total high-STEM machine-supplier employment (S̄) in the bin. The 45-degree
reference line corresponds to perfectly correlated client demand changes; points above 45 degrees indicate
smoothing. The weighted-average ratio of the y- to x-axis quantities (weighting bins by S̄) is 15.4 for
machine suppliers. Non-machine suppliers serving spiking firms are shown as a benchmark. Sample:
Belgian machine and non-machine suppliers, 2003–2020.

Table D.5: Skill Mix Stability across Customer Mixes (Machine Suppliers)

High STEM High Non-STEM Low STEM Low Non-STEM
(1) (2) (3) (4)

Spiking-Client Revenue Share (%) .0018 −.0012 −.0012 .0006
(.0042) (.0067) (.0048) (.0063)

Mean of dep. var. (%) 13.3 22.8 23.0 40.9
Supplier FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 257, 332 257, 332 257, 332 257, 332

Notes: This table reports estimates from supplier-year-level regressions of machine suppliers’ skill-group
employment shares on the share of their revenue accruing from spiking-firm clients. The spiking sample
includes all spikes for which total employment was larger than 5 FTEs before the first spike. Each
column corresponds to a separate regression with a different dependent variable (employment share in
the indicated skill group, in percent). The regressor of interest is the share of the supplier’s revenue
coming from spiking-firm clients in that year. All specifications include supplier and year fixed effects.
Standard errors clustered at the supplier level are shown in parentheses. On average, machine suppliers
derive 1.76% of their revenue from spiking-firm clients, compared to 0.69% at non-machine suppliers.
Sample: Belgian machine supplier firms, 2003–2021.
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D.6 Wage-Savings Motive

Figure D.13 shows in-house and external employment by skill group around machin-

ery investment spikes, split by whether the investing firm’s residualized pre-spike wages

are above or below the sample median. A direct wage-savings motive would predict

that higher-wage firms outsource more, as they have more to save by sourcing capital-

complementary labor externally. We find the opposite: lower-wage firms display, if any-

thing, a larger external high-STEM skill bias. This pattern partly reflects that lower-wage

firms are also smaller, which Section 4.1 documents are more likely to outsource their

capital-complementary skills. Either way, the evidence weighs against direct wage savings

as the primary driver of the outsourcing we document.
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Figure D.13: Employment by Pre-Spike Investing-Firm Wage
(Diff-in-Diffs, In Percent of Pre-Spike Total Employment by Skill Group)

(a) In-House: Below-Median Wage (b) In-House: Above-Median Wage

(c) External: Below-Median Wage (d) External: Above-Median Wage

Notes: This figure shows in-house and external employment by skill group around machinery investment
spikes, split by whether the investing firm has residualized pre-spike wages above or below the sample
median. Firms are split by residualized pre-spike wages: firm-level log wages are residualized on skill
shares and year fixed effects (estimated on the unbalanced sample of spiking firms); the residual in the
year before the spike is then compared to the median residualized wage in the balanced sample. The
figures show employment of high-STEM, high non-STEM, low STEM, and low non-STEM workers in
percent of total pre-spike employment by skill group (Equation 7). Sample: Private sector firms around
their first machinery investment spike. Balanced sample for four years before and after the spike.

Table D.6 turns to the second part of the wage-savings analysis: a direct comparison

of the wages paid by machine suppliers and by investing firms in the year before the spike.

We regress log average firm wages on a machine-supplier indicator. Column (1) controls

only for year fixed effects: machine suppliers pay 13.8% higher wages than investing

firms. Column (2) adds controls for the firm’s skill shares, isolating the wage gap for a

comparable workforce composition: machine suppliers still pay about 3.6% higher wages.

This premium is the opposite of what direct wage savings would predict; it is consistent
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with efficiency gains from outsourcing to specialized suppliers and with the internal-wage-

structure motive discussed in Section 4.6.

Table D.6: Wage Premia of Machine Suppliers vs. Investing Firms

Dependent variable: log average wage

(1) (2)

Machine supplier .138*** .036***
(.008) (.007)

Year fixed effects ✓ ✓
Skill share controls ✓
Observations 86,196 86,196

Notes: Sample consists of machine suppliers and firms that experience an
investment spike, observed in the year preceding the spike. The sample is
restricted to firms with more than five FTE employees. Standard errors clus-
tered at the firm level are reported in parentheses. *** p < 0.01, ** p < 0.05,
* p < 0.10.
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E Aggregate Implications

This appendix lays out the model behind Section 6. Section E.1 states the model, Sec-

tion E.2 solves it, and Section E.3 estimates it. Section E.4 derives the sufficient statistics

behind Equation (9) and decomposes them into firm-level elasticities, Section E.5 mea-

sures them, from the event study and in the estimated model, and Section E.6 shows how

the results change with the elasticities we set outside the model. Finally, Section E.7

extends the model to the make-or-buy margin.

E.1 The Quantitative Model

The model is the firm’s dynamic program of Appendix A (Equation (10)) with functional

forms, firm heterogeneity, and a general-equilibrium closure. As in Appendix A.1, its

baseline abstracts from the make-or-buy decision, so SP , UP , SI and UI count in-house

and external workers alike; Appendix E.7 endogenizes that decision, letting firms hire

these workers in-house or buy them from suppliers.

Technology. Production and integration are both nested CES with constant returns.

Firm j produces output with machinery K, high-STEM production labor SP and low

non-STEM production labor UP :

Hj =
[
cK

j K
ρ
j + cS

j

(
θS

j SP j

)ρ]1/ρ
, Fj = Ω

[
cHHλ

j + cU
(
θU

j UP j

)λ
]1/λ

. (29)

This specializes the production function F of Equation (10) to the nested CES of Krusell

et al. (2000), as in Appendix A.4, with the factor-augmenting productivities θ of Ap-

pendix A.3. Production abstracts from other inputs, such as other capital, materials,

high non-STEM labor and low STEM labor. Our conclusions about skill bias carry over

if Fj is a homothetic aggregate that is weakly separable from these inputs: they then scale

the demands for K, SP and UP proportionally, as output demand does in Appendix A.3,
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and leave relative skill demand unchanged. Krusell et al. (2000) treat structures in the

same way: they enter as a Cobb–Douglas factor multiplying the nested CES, so the skill

premium does not depend on them.

Installed capital, Ij = Gj, is produced from hardware X and the integration labor of

both skill groups, SI and UI :

Jj =
[
cXXϕ

j + cSISϕ
Ij

]1/ϕ
, Gj =

[
cJJξ

j + cUIU ξ
Ij

]1/ξ
. (30)

This specializes the integration technology G of Equation (10). Appendix A.3 lets the

productivities θ augment integration labor as well; the quantitative model sets θ = 1

in integration, the technology of specialized suppliers, so the price of installed capital is

common to firms that face the same hardware price. The elasticities of substitution are

σKS = 1/(1 − ρ), σHU = 1/(1 − λ), σXS = 1/(1 − ϕ) and σJU = 1/(1 − ξ). Capital–skill

complementarity is σHU > σKS; investment–skill complementarity is σJU > σXS. The

integration technology generalizes Goldin and Katz (1998), in which hardware and skilled

labor are perfect complements (σXS = 0) and low-skilled labor does not enter integration

(cUI = 0). The coefficients c are normalizations that give each input its calibrated cost

share at the base prices (Table E.1), and Ω scales output so that the base input bundle

produces one unit.

Demand and Shocks. Each firm sells a differentiated variety with demand elastic-

ity εY . Revenue is Rj = R̃ AjF
1−1/εY

j , where Aj combines the demand shifter Dj of

Appendix A with Hicks-neutral productivity, and the industry shifter R̃ clears industry

demand with elasticity η: R̃ = A1/η Y 1/εY −1/η, with Y =
[ ∫

AjF
1−1/εY

j dµ
]εY /(εY −1)

. The

neutral index combines a permanent neutral productivity type and a persistent shock,

lnAj = ln Āj + aj, where ln Āj ∼ N(0, σ2
Ā

) and a′ = ρAa + u with u ∼ N(0, σ2
A). Firms

also differ permanently in the machinery share of H, whose logit is normal around the
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logit of sH
K with standard deviation σsK

. Each firm pays its own hardware price pXζj,

where ln ζj ∼ N(−σ2
z/2, σ2

z), and the firm redraws ζj from this distribution with proba-

bility pz each year. The model also allows for firm-level skill-biased productivity shocks,

an AR(1) in ln(θS
j /θ

U
j ) with persistence ρb, innovation standard deviation σb, and cor-

relation ρbA with u. All draws are independent across firms. The skill-bias shock is

Markov, so Assumption 1 holds conditional on a firm’s state in the year it decides to

invest (Appendix A.3). We set σb = 0 in the baseline.

The Firm’s Problem. Firms take as given the wages wS and wU , the industry shifter

R̃, and the hardware price pX , all constant in a stationary equilibrium. Because Equa-

tion (30) has constant returns, installed capital has a unit cost pK = pK(pXζj, wS, wU),

and integration labor per unit of installed capital depends only on prices. The friction-

less user cost of capital, r = (i+ δ) pK , is the price at which the static approximation of

Appendix E.4.2 lets firms trade capital services against labor; the firm’s problem below

has no rental price, since the firm weighs the cost of installing capital today against the

profits it will earn later. Capital is fixed within a year and production labor is chosen

each year, so profit given capital is

Π(K, e) = max
SP , UP

R̃ AjF
1−1/εY

j − wSSP − wUUP , (31)

where e collects the firm’s exogenous states. Capital takes a year to build and investment

is irreversible. The convex adjustment cost is denominated in installed capital, so every

cost scales with prices; like the fixed cost, it is a pure cost that adds neither to the stock

nor to the demand for hardware and integration labor, which scale with gross investment

I alone. A firm that invests more than a maintenance allowance mK also pays that fixed
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cost, a random share ν of its revenue R. The value of a firm is

V (K, e) = Π(K, e) + Eν max
{

max
0≤I≤mK

[
β E[V (K ′, e′) | e] − pKC(I,K)

]
,

max
I≥mK

[
β E[V (K ′, e′) | e] − pKC(I,K)

]
− νR

}
, (32)

where K ′ = (1 − δ)K + I, C(I,K) = I + γ
2 (I/K)2K, ν ∼ U [0, ν̄] drawn each year, and

β = 1/(1+i). The first branch invests within the maintenance allowance; the second pays

the fixed cost and moves capital to its target. The fixed cost makes investment lumpy:

firms let a gap open between their capital and its target, and close it in an episode. Firms

invest only on low draws: the fixed cost they pay averages 11 percent of annual revenue

per episode. Because G has constant returns, the cost of installed capital bundles the

hardware and integration-labor costs that Appendix A.3 writes separately, and the fixed

cost νR is the fixed-cost draw of Equation (19).

Definition 1 (Stationary equilibrium). Given the hardware price pX , a stationary equilib-

rium consists of wages wS and wU , an industry shifter R̃, a value function with investment

and labor policies, and a distribution µ of firms over capital and exogenous states, such

that:

(i) the value function and the investment policy solve Equation (32), production labor

solves Equation (31), and integration labor is gross investment I times the require-

ment per unit of installed capital implied by Equation (30);

(ii) µ is invariant under the investment policy and the processes for the exogenous states;

(iii) the industry shifter is consistent with aggregate output, R̃ = A1/η Y 1/εY −1/η, with Y

aggregated over µ;

(iv) both skill markets clear:

∫
[SP + SI ] dµ = BS w

εS

S ,
∫

[UP + UI ] dµ = BU w
εS

U . (33)
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Labor supply to each skill group is iso-elastic in its own wage, with the same elasticity

εS for both groups. The supply shifters BS and BU are set so that the initial wages clear

both markets, and they do not change afterwards. Market clearing counts production

and integration labor alike, and in-house and external workers alike. Wages are thus

endogenous, whereas the price of hardware is the exogenous driving force in the model.49

The Counterfactual. We compare two stationary equilibria that differ only in the

hardware price.50 As in Krusell et al. (2000), a falling price of equipment drives the rise

in the skill premium. The price decline is calibrated to deliver the 108.0 log point rise in

machinery per worker in the Belgian private sector, from e19,498 in 2003 to e57,441 in

2021 (Figure E.1).51 This requires the quality-adjusted hardware price to fall to 0.3027

of its initial level, because integration labor, which does not become cheaper, accounts

for two thirds of the cost of a machine (Appendix B.2.1).
49A natural assumption for Belgium, a small open economy facing world machinery prices: industrial

robots, the canonical case in our setting, are not produced domestically and are entirely imported
(Appendix B.2.2).

50Comparing stationary equilibria is a standard approach to evaluating the equilibrium impact of new
technologies in firm-dynamics models (see, e.g., Hubmer and Restrepo, 2026; Rubinton, 2026).

51The aggregate series runs one year beyond our 2003–2020 estimation sample.

70



Figure E.1: Aggregate Machinery Per Worker
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Notes: This figure plots the aggregate machinery stock per worker in the total private sector and in
manufacturing. Machinery capital is deflated using the equipment price deflator from Federal Reserve
Bank of St. Louis (2025).

E.2 Solving the Model

Solving the Firm’s Problem. We discretize capital on a log-spaced grid of 240 points,

from 0.05 times the smallest to 10 times the largest frictionless capital target. The

exogenous states take 225 combinations: the persistent productivity shock takes five

values by the method of Rouwenhorst (1995), and the neutral productivity type, the

machinery-share type, and the hardware price take three, three, and five equal-probability

nodes of their (log or logit) normal distributions. Given capital, labor solves the static

first-order conditions. We solve Equation (32) by value function iteration, accelerated

with Howard’s improvement step (Howard, 1960). The continuation value is interpolated

linearly in capital, and in each iteration the investment target maximizes that interpolated

objective exactly; the expectation over the fixed-cost draw has a closed form. Because the

contraction property of the exact Bellman operator (Stokey and Lucas, 1989) does not

carry over automatically to this discretization, we verify the solution directly: the Bellman
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residual, the optimality of the policy against a finer search, concavity, homogeneity in

prices, stability of the aggregates when the grid is doubled, and that virtually no firms

reach the top of the capital grid. We find the stationary distribution of firms by iterating

the solved policies forward until the distribution no longer changes, assigning each off-grid

capital choice to its two neighboring grid points (Young, 2010).

Solving for Equilibrium. Heterogeneous firms interact only through prices: each

firm’s problem depends on the rest of the economy only through the wages wS and wU

and the industry shifter R̃. A stationary equilibrium is therefore a fixed point in these

three prices, which we find as follows:

1. Guess wS, wU and R̃.

2. Solve Equation (32) at these prices and find the stationary distribution, as described

above.

3. Aggregate over the distribution and compute the log deviations from the industry-

demand and skill-market conditions of Definition 1.

4. Update the three prices with a quasi-Newton step and return to step 2, until the

largest log deviation is below 10−7.

For the counterfactual we add the hardware price as a fourth unknown and the condition

that machinery per worker rises by 108.0 log points.

E.3 Estimation

We estimate the model in three steps: we set the parameters that the event studies cannot

inform, run our investment-spike design on simulated firms, and choose the remaining 12

parameters so that the simulated event study matches the estimated one. Section E.3.2

then assesses the fit, reads the estimates, and compares the implied elasticity ratio with

aggregate estimates.
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E.3.1 Method

Parameters Set Outside the Model. The two production cost shares come from

the average spiking firm before the spike (Table 2). Machinery services, valued at a user

cost of i+ δ = 0.17 on pre-spike machinery, and a high-STEM wage bill at a fully loaded

cost of e75,000 per full-time equivalent (Eurostat, 2026a,b) give sH
K ; the same two flows

against total cost give sH (Table E.1). The remaining parameters are listed in Table E.1:

σHU takes its macro-labor value (Krusell et al., 2000; Katz and Murphy, 1992), εS is set

equal to it as a symmetric baseline and varied in Table E.3, δ and i are conventional,

and χX follows the rule of thumb of Appendix B.2.1. σXS and σJU are set rather than

estimated, because the event study does not sharply distinguish them,52 and alternative

values move the production ratio only between 1.07 and 1.20 (Table E.5).

The Simulated Event Study. We simulate 20,000 firms for 60 years from the sta-

tionary distribution and apply our investment-spikes design to them. We apply the spike

cutoff in euros rather than as a percentile, because in the model only investment episodes

raise the stock. Machinery per worker divides by all labor a firm uses, in-house and

external, and we convert the data’s machinery moments and cutoff to that basis. As

in the data, each firm’s first spike is matched one-to-one to a not-yet-spiking firm with

at least five workers, and we estimate Equation (6) with the outcomes, base year, and

winsorization of Section 3.1; firm size is scaled so that the median spiking firm employs

13.1 workers. Because the baseline model has no make-or-buy decision, we target each

skill group’s total employment response, with the dynamics informing the split between

integration and production labor.
52The spike-year responses are informative about integration, but they cannot separate its substitution

elasticities from the skill share of integration costs and the dispersion of hardware prices.
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Moments and Objective. We estimate the model by indirect inference (Gourieroux,

Monfort and Renault, 1993), targeting 26 moments: the responses of machinery and of

total (in-house plus external) high-STEM and low non-STEM employment at event years

−4, −3 and −1 to 4, the pre-spike level of machinery per worker at spiking firms, and

the share of spiking firms that spike again within four years (Appendix C.3.5). The 12

estimated parameters minimize

Q(ϑ) =
∑

k wk

[(
m̂k(ϑ) −mk

)
/sek

]2
∑

k wk

, (34)

where mk is an estimated moment, sek its standard error, and m̂k(ϑ) its simulated counter-

part. The weights wk are one for the event-study responses and pre-spike machinery, and

0.1 for the follow-on share, which describes the investment distribution rather than the

response to an episode. We minimize Q with the Nelder–Mead simplex method (Nelder

and Mead, 1965), searching on a smaller panel of 8,000 firms over 50 years with fixed

random draws; all reported results use the 20,000-firm panel above, on which Q = 4.8 at

the estimated parameters.

Standard Errors. Standard errors come from the usual formula for indirect inference,

Σϑ = (G′WG)−1G′W (Σm + Σsim)WG(G′WG)−1, (35)

where G is the Jacobian of the simulated moments with respect to the parameters, W the

weight matrix of Equation (34), Σm the sampling variance of the event-study estimates,

and Σsim the covariance of the simulated moments across 64 random draws of the panel

used in the search. We take Σm as diagonal, since the estimates come with one standard

error per coefficient and no covariances. Because simulated moments are not smooth in

the parameters, we compute G from finite differences over a step of ±4 standard errors

rather than as a local derivative, verified not to bend over that range. We report standard

74



errors conditional on six parameters that our moments inform only weakly, treating them

as known: five that end near their search bounds (ν̄, γ, ρA, σA, m) and σĀ, which

changes firm size but not skill mix. This also puts the remaining estimates at an interior

optimum, as the formula requires. By the delta method, with the hardware-price decline

re-solved to the observed rise in machinery at each perturbed parameter, the rise in the

skill premium in Table 3 has a standard error of 0.57 log points on the same basis.

E.3.2 Results

Model Fit. Figure E.2 compares the simulated and estimated event studies for machin-

ery per worker and for employment by skill group. The model fits the data well, with two

exceptions that both relate to time to build. The model installs new machinery within a

single year, whereas in the data an investment episode is more spread out. First, some

firms engage integrators in the year before the machinery arrives, raising the demand

for skilled workers already in year −1, which the model cannot generate. Second, some

firms install over several years, which registers as a follow-on spike, most often in the year

after the event (Figure C.12); the model produces fewer of these, 0.01 against 0.28. The

model’s spiking firms also start from less machinery per worker than in the data, e16,967

against e19,086.

Parameter Estimates and Related Moments. Table E.1 lists the parameters and

the moment most closely associated with each. The 12 estimated parameters fall into

four groups, each tied to a feature of the event study.

1. The skill bias of machinery. The model separates the two stages by their tim-

ing: integration labor rises in a burst around installation, production labor with

the stock.53 At fixed wages, the firm’s skill mix in production satisfies ∆ lnSP −
53Applied to the simulated event study with the capital stock and the cost share at the firm’s optimum,

Equation (27) gives 1.37 with total employment, which still contains integration labor four years after
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∆ lnUP = (σHU/σKS − 1) sH
K (∆ lnK − ∆ lnSP ), which contains neither the neu-

tral shock nor the hardware price. The high-STEM skill differential per unit of

machinery deepening from year 1 on, once the new machinery is in use, therefore

pins down σKS given the cost share and σHU : with σHU at its macro-labor value,

σKS is 1.306 (s.e. 0.058), a production ratio of 1.15. More precisely, the differential

identifies the product (σHU/σKS −1) sH
K , which is 0.054 at the estimate, so the ratio

is conditional on the cost share: letting the other parameters re-adjust, the ratio at

sH
K = 0.25 or 0.45 is 1.19 or 1.12. With time to build, the spike-year responses are

integration labor, and their skill differential pins down χS, the skilled integrators’

share of the cost of installed capital.

2. The lumpiness of investment. The size of the machinery response at the spike

informs the fixed-cost draw ν̄, its timing the convex cost γ, and its decay the

maintenance allowance m.

3. Selection into spiking. The pre-spike machinery level of spiking firms, relative to

the economy’s, together with the size of the spike, pins down the dispersion of

machinery intensity σsK
and of hardware prices σz: machinery-intensive firms spike

from a higher stock, firms whose hardware becomes cheap from a lower one. The

probability of a new hardware-price draw, pz, is tied to the follow-on spike share

and is the least precisely estimated.

4. Firm scale and neutral shocks. Employment growth from year 1 on pins down the

demand elasticity εY given σHU , and the flat employment pre-trends pin down the

dispersion of the neutral shock σA: with time to build and Markov productivity,

they imply that investment spikes are mostly triggered by hardware prices and

depreciation rather than by demand shocks. Its persistence ρA and the dispersion

a spike, and 1.24 with production labor alone, the remaining gap reflecting dynamics the static formula
ignores.
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of the permanent size type σĀ are not informed by scale-free moments, and the

standard errors below are conditional on them.

Aggregate Capital–Skill Complementarity. To compare with aggregate estimates,

we fit the aggregate nested CES of Krusell et al. (2000) to the model economy. Lowering

the hardware price at fixed wages and applying Equation (27) to aggregate machinery,

employment, and cost shares gives 1.21 when integration workers count as production

labor, still well below their 2.5.

Figure E.2: The Simulated Event Study against the Estimated One
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Notes: The left panel plots the difference-in-differences in machinery per worker (in euros, per worker
in-house and external) and the right panel in high-STEM and low non-STEM employment (in percent
of pre-spike employment of each skill group), relative to year −2. Model lines estimate Equation (6) on
the simulated panel of the estimated model; data lines are the targeted event-study estimates.
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Table E.1: Parameters

Description Value Source or moment

Measured outside the model
δ Depreciation rate of machinery 0.120 BEA
i Interest rate (β = 1/(1 + i)) 0.050 Conventional
sH

K Machinery’s share of the high-STEM nest H 0.360 Table 2; Appendix E.3
sH Share of H in production cost 0.115 Table 2; Appendix E.3
χX Hardware share of installed-capital cost 0.333 Installation rule of thumb
σHU Elasticity, H vs. low non-STEM labor 1.500 Katz and Murphy (1992); Krusell

et al. (2000)

Chosen by indirect inference on the event study
σKS Elasticity, machinery vs. high-STEM labor 1.306 Skill differential, years 1–4
χS High-STEM integrators’ share of capital cost 0.055 Skill differential in year 0
ν̄† Maximum fixed-cost draw (share of revenue) 4.943 Machinery response at the spike
γ† Convex adjustment cost 0.026 Timing of the machinery response
σz S.d. of log hardware-price multiplier 1.801 Pre-spike machinery level;

response at the spike
pz Annual probability of redrawing ζj 0.015 Follow-on spike share
m† Fixed-cost-exempt maintenance (share of K) 0.104 Decay of the machinery response
ρ†

A Persistence of the log neutral shock 0.984 Employment growth
σ†

A Innovation s.d. of the log neutral shock 0.014 Employment pre-trends
σĀ S.d. of the permanent log neutral type 0.498 Employment growth
σsK

S.d. of the logit of machinery’s share of H 0.141 Pre-spike machinery level
εY Demand elasticity for a firm’s variety 3.828 Employment growth, years 1–4

Set a priori
εS Elasticity of relative skill supply 1.500 Varied in Table E.3
η Industry demand elasticity 1.000 No effect on relative demand
σXS Elasticity, hardware vs. high-STEM integrators 0.900 Varied in Table E.5
σJU Elasticity, J vs. low non-STEM integrators 1.500 Varied in Table E.5
ρb Persistence of the skill-bias shock 0.900 Off in the baseline
σb Innovation s.d. of the skill-bias shock 0.000 Off in the baseline
ρbA Correlation of skill-bias and neutral innovations 0.000 Zero in the baseline

Notes: Parameters chosen by indirect inference are estimated jointly; the source listed is the moment
most closely associated with each, and Appendix E.3 describes what each estimate is conditional on. †
At a bound of the search. σĀ is not identified by scale-free moments.

E.4 Deriving the Sufficient Statistics

We compare two equilibria of the labor market, before and after the rise in machinery. Let

LS ≡
∫
[SP + SI ] dµ and LU ≡

∫
[UP + UI ] dµ denote aggregate high-STEM and low non-

STEM employment, ω ≡ ln(wS/wU) the skill premium, and M machinery per worker. We
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first derive Equation (9), then decompose its sufficient statistics into firm-level elasticities.

E.4.1 The Sufficient Statistics

Supply. Dividing the two supply schedules in Equation (33) and taking logs gives

relative supply,

ln LS

LU

= ln BS

BU

+ εSω, (36)

which holds exactly, for a change of any size, because the supply shifters do not change

between the two equilibria.

Demand. Every cost in the firm’s problem scales with the wages and the hardware

price, and because production has constant returns and every cost is proportional to a

firm’s size, the industry revenue shifter scales firms up or down without changing their

skill mix or machinery per worker. Relative labor demand, the aggregate counterpart of

Equation (17), therefore depends only on the skill premium ω and x, the log hardware

price relative to the geometric mean of the two wages. Given ω, a lower hardware price

raises machinery per worker, so over the range of our counterfactual we can replace x

by lnM and write ln(LS/LU) = L(ω, lnM). This lets us define the counterfactual by

the observed rise in machinery rather than by an unobserved price. Go from (ω0, lnM0)

to (ω1, lnM1) in two steps, first raising machinery at the initial skill premium and then

raising the premium at the final machinery:

∆L = L(ω0, lnM1) − L(ω0, lnM0)
∆ lnM︸ ︷︷ ︸

ΨM

·∆ lnM − L(ω1, lnM1) − L(ω0, lnM1)
−∆ω︸ ︷︷ ︸

εD
M

·∆ω. (37)

ΨM is the shift in relative demand at the initial wages, the aggregate counterpart of what

our event study measures: comparing investing with non-investing firms holds wages fixed,

because wage changes common to both difference out. Because ∆ lnM is the observed
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rise in machinery, which already contains the response of machinery to wages, εD
M holds

machinery per worker fixed rather than letting it adjust.54

Equilibrium. In equilibrium, the change in relative demand in Equation (37) equals

the change in relative supply from Equation (36), εS∆ω:

ΨM · ∆ lnM − εD
M · ∆ω = εS · ∆ω.

Solving for the premium, and using the supply schedule for employment,

∆ω = ΨM · ∆ lnM
εS + εD

M

, ∆ ln LS

LU

= εS · ∆ω,

which is Equation (9); Figure E.3 illustrates the adjustment. In the model, ΨM = 0.0817

and εD
M = 1.379 when both are measured as averages along the path between the two

equilibria, which makes Equation (9) exact; the derivatives at the initial equilibrium are

0.0740 and 1.399. Section 6.3 reports the path average for ΨM , which is the shift in

Table 3, and the initial derivative for εD
M , which Section E.4.2 decomposes.

54Describing relative demand by (ω, x) instead gives an elasticity that lets machinery adjust, εD
A ≡

−∂L/∂ω|x. The local derivatives are linked by εD
M = εD

A + ΨM · ∂ ln M/∂ω|x, so pairing εD
A with the

observed rise in machinery would count the response of machinery to wages twice.
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Figure E.3: General-Equilibrium Adjustment in the Relative Labor Market
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Notes: Illustration of the general-equilibrium adjustment in the market for high-STEM labor relative to
low non-STEM labor. The shift in relative demand at the initial wages, ΨM · ∆ ln M , shifts the relative
demand curve rightward from D0 to D1. The new equilibrium E1 implies a relative employment response
smaller than the partial-equilibrium shift, with the residual absorbed by growth in the skill premium.
The figure is drawn with equal slopes, close to our calibration (εS = 1.5, εD

M = 1.399), in which relative
employment absorbs about half of the shift.

E.4.2 Decomposition into Firm-Level Elasticities

Firm-Level Responses. We now express ΨM and εD
M in terms of the model’s param-

eters. The expressions are a static approximation: each firm responds as if it sat at its

capital target, facing the current user cost, with its investment proportional to its capital.

The expressions are also first order: cost shares and employment weights are held at their

initial values, so they describe local responses, which Section E.4.1 averages along the

path between the two equilibria when it evaluates finite changes. Hold wU fixed and let

ŵ ≡ ∆ lnwS and p̂ ≡ ∆ ln pX . A firm has five cost shares: machinery’s share of H, sH
K ;

the share of H in production cost, sH ; the shares of hardware and of skilled integration
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labor in the price of installed capital, χX and χS; and the share of hardware in J , sJ
X .

The firm’s price of capital and unit cost change by

r̂ = χX p̂+ χS ŵ, ĉ = sH

[
sH

K r̂ + (1 − sH
K) ŵ

]
.

Three firm-level elasticities summarize the technology:

σP = σKS s
H
K + σHU(1 − sH

K), κP = σKS(1 − sH
K) + σHU s

H
K ,

σI = σXS s
J
X + σJU(1 − sJ

X).
(38)

σP is the elasticity of substitution between high-STEM labor and the other production

inputs, κP the one between machinery and the other production inputs, and σI the one

between high-STEM labor and the other integration inputs. Cost minimization gives the

firm’s relative responses:

gP ≡ ∆ ln(SP/UP ) = −σP ŵ − (σHU − σKS) sH
K r̂,

gK ≡ ∆ ln(K/UP ) = −κP r̂ − (σHU − σKS)(1 − sH
K) ŵ,

gI ≡ ∆ ln(aS/aU) = −σIŵ − (σJU − σXS) sJ
X p̂,

∆ ln aU = σJU r̂,

(39)

where aS and aU are integration labor per unit of investment. At fixed wages (ŵ = 0),

the production responses reduce to the nested-CES relations (23)–(26) of Appendix A.4,

with r̂ the change in the user cost. The firm’s scale changes its low non-STEM production

employment by −(εY −σHU) ĉ, plus a term common to all firms. Production and integra-

tion have the same structure: when the input that complements skill becomes cheaper,

demand tilts toward skill in proportion to that input’s cost share and to the gap between

the two elasticities.

Aggregation. Let EZ denote the average over firms weighted by each firm’s share of

aggregate Z. Let ιs be the share of integration labor in the employment of skill group s,
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and nS the high-STEM share of employment. Adding up the firms’ responses gives the

changes in aggregate relative employment and in machinery per worker:

∆ ln LS

LU

= (1 − ιS)ESP
[gP ]︸ ︷︷ ︸

within production

+ ιS ESI
[gI ]︸ ︷︷ ︸

within integration

+ (ιS ESI
− ιU EUI

) [∆ ln aU + gK ]︸ ︷︷ ︸
across stages

− (εY − σHU) (ES − EU) [ĉ]︸ ︷︷ ︸
across firms

, (40)

∆ lnM = EK [gK ]︸ ︷︷ ︸
within firms

−nS(1 − ιS)ESP
[gP ]︸ ︷︷ ︸

production skill mix

−
{
nS ιS ESI

[gI + ∆ ln aU + gK ] + (1 − nS) ιU EUI
[∆ ln aU + gK ]

}
︸ ︷︷ ︸

integration employment

− (εY − σHU) (EK − EN) [ĉ]︸ ︷︷ ︸
across firms

. (41)

The scale term common to all firms drops out because every set of weights sums to one.

The across-stages term is the change in integration employment relative to production

employment, ∆ ln aU + gK : cheaper hardware raises capital per production worker by

κPχX and lowers integration labor per unit of investment by σJUχX , so its sign is that of

κP − σJU . With σJU set equal to σHU , that difference is −(σHU − σKS)(1 − sH
K), negative

under capital–skill complementarity. That step uses aggregate flow balance firm by firm.

Aggregate investment equals δK exactly in a stationary equilibrium, but when a firm’s

hardware price, and with it its integration requirements as, changes over time, integration

labor is E[asI] rather than δ E[asK]; the gap belongs to the dynamic residual. The across-

firm terms are those of Oberfield and Raval (2021): firms whose costs fall most expand,

and this changes aggregate relative employment to the extent that these firms use one

input more intensively than the other.
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The Demand Shift and the Demand Elasticity. ΨM is the ratio of Equation (40)

to Equation (41) when the hardware price falls with wages unchanged, (ŵ, p̂) = (0,−1):

ΨM = G/H,

G = (σHU − σKS)(1 − ιS)ESP
[sH

K χX ] + (σJU − σXS) ιS ESI
[sJ

X ]

+ (ιS ESI
− ιU EUI

) [(κP − σJU)χX ] + (εY − σHU) (ES − EU) [sH s
H
K χX ],

H = EK [κPχX ] − nS(1 − ιS)(σHU − σKS)ESP
[sH

K χX ]

− nS ιS ESI

[
(σJU − σXS) sJ

X + (κP − σJU)χX

]
− (1 − nS) ιU EUI

[(κP − σJU)χX ] + (εY − σHU) (EK − EN) [sH s
H
K χX ]. (42)

G is the skill bias of cheaper hardware and H the deepening it causes. For εD
M , set ŵ = 1

and let the hardware price change by p̂∗, the value that sets Equation (41) to zero, so

that machinery per worker does not change. With r̂∗ = χS + χX p̂∗ and ĉ∗ the implied

changes,

εD
M = (1 − ιS)ESP

[σP ]︸ ︷︷ ︸
within production

+ (σHU − σKS)(1 − ιS)ESP
[sH

K r̂∗]︸ ︷︷ ︸
capital-price adjustment

+ ιS ESI

[
σI + (σJU − σXS) sJ

X p̂∗
]

︸ ︷︷ ︸
within integration

+ (ιS ESI
− ιU EUI

)
[
(κP − σJU) r̂∗ + (σHU − σKS)(1 − sH

K)
]

︸ ︷︷ ︸
across stages

+ (εY − σHU) (ES − EU) [ĉ∗]︸ ︷︷ ︸
across firms

. (43)

The first four terms are the average of firms’ own responses. The last is reallocation

across firms: it moves the aggregate elasticity away from that average by εY −σHU times

the gap in cost exposure between the firms that employ high-STEM workers and those

that employ low non-STEM workers, in either direction depending on that gap.
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Identical Firms without Integration. With identical firms and no integration labor,

Equation (42) becomes

ΨM = (σHU/σKS − 1) sH
K

1 + (1 − nS)(σHU/σKS − 1) sH
K

, (44)

which depends on the two elasticities only through their ratio, the object that Equa-

tion (27) maps from the event-study responses.

E.5 Measuring the Sufficient Statistics

E.5.1 From Firm-Level Event Studies to the Aggregate Demand Shift

The Event-Study ΨM . Taking the event study at face value, ΨM is the skill differential

four years after a spike per log point of machinery deepening, with machinery per worker

on the same basis as our employment outcomes, all the labor a firm uses. High-STEM

employment is 33 percent above its pre-spike level and low non-STEM employment 19

percent, a differential of 0.113 in logs, over a rise in machinery per worker of 1.051:

ΨM = 0.108 (standard error 0.023). The log differential removes the investing firm’s own

growth, which all skill groups share, and a spike raises machinery per worker by about

as much as the aggregate rise we study (105.1 against 108.0 log points), so the ratio is

applied over the range it is measured on. Measured against the comparison firms’ own

growth instead of the pre-spike level, the ratio is about 16 percent lower. Applied to this

ΨM , Equation (9) gives 4.0 log points in the skill premium and 6.0 in relative employment,

against 3.1 and 4.6 in the model.

From Investing Firms to the Aggregate. The model’s own simulated event study

gives ΨM = 0.1176, within one standard error of our estimate, so the gap to the aggregate

ΨM = 0.0817 reflects a difference between the investing firms that enter our event studies

and the economy-wide response to the rise in machinery per worker. The difference
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has two causes. First, the event study follows selected firms through one long jump,

from below the economy’s machinery per worker to well above it, where production labor

responds more per log point of deepening than for the average firm. Second, the year-four

differential misses two pieces of integration labor that pull in opposite directions. A firm

with more machinery must install more each year to replace depreciation, but four years

after a spike investing firms replace only about a quarter of that flow; adding the missing

installation labor, at the labor per euro installed that the spike year reveals, raises the

shift from 11.7 to about 14.1 log points. The ratio also takes a machine to need as much

integration labor in 2021 as in 2003, whereas in the model cheaper hardware lowers it,

which takes back about 2.2 log points. In our event studies the two roughly offset, leaving

about 12 log points; in the estimated model the second is larger, which, together with

the selection of investing firms, accounts for the gap to 8.8.

In-House Employment. A researcher with payroll data would instead divide in-house

employment by in-house pre-spike employment. We approximate that log change by

ln(1 +βH
s /hs), where βH

s is our in-house coefficient and hs the in-house share of pre-spike

employment (0.63 for high-STEM and 0.68 for low non-STEM workers, from Table 2).

Four years after a spike, in-house employment has risen by 8.7 percent of pre-spike em-

ployment for high-STEM workers and by 12.5 percent for low non-STEM workers, which

gives the negative payroll ΨM of Section 6.4. The conversion approximates aggregate

in-house shares, the right ones for an aggregate of payrolls, by ratios of Table 2’s means;

at the average in-house share across investing firms, 0.28, the payroll ΨM would instead

be positive, 0.093.

E.5.2 The Decomposition in the Estimated Model

Table E.2 evaluates the terms of Equations (42) and (43) in the estimated model. Substi-

tution within production accounts for most of both ΨM and εD
M . Integration contributes
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35 percent of the skill bias in ΨM with only 4.3 percent of high-STEM employment,

mainly because the gap between the two substitution elasticities is wider in integration

than in production. That gap rests on elasticities we set rather than estimate, and in-

tegration’s share ranges from 8 to 68 percent across the alternatives in Table E.5; what

disciplines them is that, under them, integration remains a roughly stable share of what

a machine costs as hardware gets cheaper (Appendix B.2.1). Reallocation across firms

is small because firms that employ high-STEM workers and firms that employ low non-

STEM workers see much the same cost decline: machinery intensity is the model’s only

source of variation in skill intensity. Skill shares are therefore less dispersed across firms

in the model than in the data; at the dispersion we measure, εD
M would be 1.67 and the

equilibrium effects about 9 percent smaller (Appendix E.6, Table E.6). The dynamic

residual, the gap between the static formulas and the model’s own derivatives, is -0.0007

for ΨM and 0.003 for εD
M .
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Table E.2: The Decomposition of ΨM and εD
M in the Estimated Model

Value Share

ΨM : skill differential, numerator
within production 0.0383 63.4%
within integration 0.0213 35.2%
across stages -0.0017 -2.9%
across firms 0.0026 4.3%

total 0.0605

ΨM : machinery deepening, denominator
within firms 0.7817 96.6%
production skill mix -0.0021 -0.3%
integration employment -0.0004 0.0%
across firms 0.0302 3.7%

total 0.8094

ΨM , formula 0.0747
ΨM , the model’s own derivative 0.0740
dynamic residual -0.0007

εD
M

within production 1.3568 97.2%
capital-price adjustment -0.0021 -0.2%
within integration 0.0379 2.7%
across stages 0.0031 0.2%
across firms 0.0008 0.1%

εD
M , formula 1.3964

εD
M , the model’s own derivative 1.3993
dynamic residual 0.0028

Notes: The table evaluates the terms of Equations (42) and (43) on the stationary distribution of the
estimated model. ΨM is the ratio of the first block to the second: both are responses to a fall in the
hardware price at unchanged wages, so the price change cancels and the ratio is the skill differential per
log point of machinery deepening. Shares are of each block’s formula total. “Formula” is the closed form
above, “the model’s own derivative” is the same object computed numerically from the model, and the
dynamic residual is their difference: uncertainty, time to build, irreversible and lumpy investment, and
the timing of investment across hardware prices, which the closed forms do not carry. All derivatives
are taken at the initial equilibrium, so ΨM here differs from the 0.0817 used in the counterfactual
(Appendix E.4), which averages responses along the path between the two equilibria.
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E.6 Sensitivity

Table E.3 solves the model under other supply elasticities: with perfectly inelastic supply

the whole shift raises the skill premium, and as supply becomes more elastic more of it

raises relative employment. The results also depend on σHU , which our event study does

not pin down: in the special case of Equation (44) only the ratio σHU/σKS matters for

ΨM , and although the full model depends on levels too, εD
M moves almost one for one

with σHU . Holding ΨM and the ratio fixed, raising σHU from 1.25 to 1.5 raises εD
M from

1.18 to 1.40 and lowers the rise in the skill premium from 3.3 to 3.0 log points (Table E.4).

The two elasticities inside integration are set a priori. Re-estimating all parameters for

each pair in Table E.5, the model’s rise in the skill premium ranges from 3.1 to 4.4 log

points, against 3.1 at the baseline.

Table E.3: The Results under Other Supply Elasticities

εS Skill premium Relative employment

0.0 6.4 0.0
0.5 4.7 2.3
1.0 3.7 3.7
1.5 3.1 4.6
3.0 2.0 6.0

Notes: The model solved numerically, in log points, on the model’s own demand shift (Table 3). Each
row lowers the hardware price until machinery per worker has risen by the observed amount.
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Table E.4: The Results under Other Values of σHU

σHU σKS εD
M Skill premium Relative employment

1.05 0.914 1.000 3.5 5.3
1.25 1.088 1.179 3.3 4.9
1.50 1.306 1.396 3.0 4.6

Notes: Equation (9) with the model’s demand shift ΨM = 0.0817 (Table 3), εS = 1.5 and the observed
rise in machinery per worker, in log points. σKS moves with σHU so that their ratio stays at its estimated
value; εD

M is the closed form of Equation (43) evaluated in the model with the other parameters at their
estimated values. Away from the baseline the first-order approximation is less accurate: in the model,
the formula’s error against the exact counterfactual reaches 9 percent at the ends of this range.

Table E.5: The Results under Other Integration Elasticities

σXS σJU σKS σHU/σKS Equation (27) Integration share Skill premium Relative employment

0.90 1.50 1.306 1.15 1.57 35% 3.1 4.6
0.50 1.50 1.399 1.07 1.46 68% 4.4 6.6
0.90 1.25 1.249 1.20 1.68 21% 3.7 5.6
1.40 1.50 1.277 1.17 1.57 8%

Notes: For each pair of integration elasticities, all 12 parameters are re-estimated by indirect inference on
the event study; the first row is the baseline. The column headed Equation (27) applies that equation to
each pair’s simulated event study as a researcher would, with machinery per worker and the pre-spike cost
share. The skill premium and relative employment are the model’s general-equilibrium counterfactual,
in log points; the integration share is its share of the skill differential in ΨM . The model requires
σJU > σXS . For (σXS , σJU ) = (1.4, 1.5) the two general-equilibrium columns are blank because the
model cannot be solved at the counterfactual hardware price; the base economy, which the other columns
use, does solve. Omitted because the model cannot be solved for them at all: (σXS , σJU ) = (1.25, 1.5);
(σXS , σJU ) = (0.9, 2).

Reallocation across Firms. The last term in Equation (43) is reallocation across

firms, and it depends on how much more skill-intensive the firms that employ high-STEM

workers are than those that employ low non-STEM workers. That difference is small in

the model, where firms differ in productivity, which changes their scale but not their

skill mix, and in machinery intensity, which is the only thing that does. Skill shares are

therefore less dispersed than in the data: the high-STEM share of total employment has

a standard deviation of 6.3 points around a mean of 5.0 across firms, against 0.5 in the

model. Table E.6 shows what this is worth: with the model’s skill-intensity gap replaced
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by the one the measured dispersion implies within industries, and everything else at its

estimated value, εD
M rises from 1.40 to 1.67 and the rise in both the skill premium and

relative employment is about 9 percent smaller. The two shrink together because a more

elastic relative demand moves the equilibrium less for the same shift; the split between

wages and employment is set by the supply elasticity (Table E.3).

Table E.6: The Results under the Measured Dispersion of Skill Shares

Skill-intensity gap εD
M Skill premium Relative employment

the model 0.000 1.399 3.0 4.6
measured dispersion, within industry 0.118 1.674 2.8 4.2
measured dispersion, raw 0.179 1.816 2.7 4.0

Notes: Equation (9) with the model’s demand shift ΨM = 0.0817 (as in Table E.4), in log points. The
skill-intensity gap is the difference in skilled cost shares between the firms that employ high-STEM
workers and those that employ low non-STEM workers, the last term of Equation (43); εD

M adds that
term to the model’s value. “Within industry” uses the standard deviation of the high-STEM share
of total employment demeaned by NACE 2-digit industry and year, “raw” the undemeaned one. The
implied gap assumes equal firm sizes and compares high-STEM workers with all other workers; it moves
only εD

M , with ΨM held fixed.

E.7 The Make-or-Buy Margin

The baseline model sums in-house and external workers in each firm’s labor demand. We

now bring back the make-or-buy choice of Equation (3) for high-STEM production labor,

in a quantitative version of the fixed-cost mechanism behind Prediction 2: each firm

chooses every year whether to hire its high-STEM production workers in-house, paying

the wage wS plus a fixed cost fwS, or to buy them from suppliers at the price (1 + τ)wS

with no fixed cost.55 Given capital and states, the two options yield profits

πH(K, e) = Π(K, e; wS) − f wS, πO(K, e) = Π
(
K, e; (1 + τ)wS

)
, (45)

55Both the fixed cost and the markup are pure costs, denominated in the skilled wage so that they
scale with prices: neither is paid in labor, and bought workers enter market clearing in the same skill
pool at wS , so the markup acts like an iceberg cost on bought labor. It stands for the higher wage bill
and the overhead behind a supplier’s price.

91



where Π(K, e;w) is the profit of Equation (31) when high-STEM production labor costs

w. In the notation of Appendix A.2, the external price is wO
S = (1 + τ)wS and the fixed

cost is fH
S = f wS. A mean-zero logit shock with scale ς smooths the choice, so the firm

buys with probability Pr(O) and earns in expectation Π̃:

Pr(O) = exp(πO/ς)
exp(πH/ς) + exp(πO/ς)

, Π̃ = ς ln
[

exp(πH/ς) + exp(πO/ς)
]
. (46)

Π̃ replaces Π in Equation (32), and ς is half a percent of the firm’s in-house skilled wage

bill, so the choice turns on the cost saving rather than on noise. Firms that need few

high-STEM workers buy them, as in Prediction 2. Bought workers come from the same

skill pool, so Equation (33) is unchanged, with each firm’s labor demand the probability-

weighted average of the two options; integration labor is supplied externally throughout.

For each markup τ , we set f so that 0.63 of high-STEM employment is in-house, as in

the data, hold the other parameters at their estimated values, and recompute ΨM and

εD
M (Table E.7).

The margin makes high-STEM demand more responsive in both directions. Cheaper

hardware pushes some firms to hire in-house, lowering their price of skill by the markup

and raising ΨM ; a higher skilled wage pushes some to buy, raising εD
M . The two effects

largely offset in the skill premium. With a markup of 3.6 percent, the machine-supplier

wage premium we estimate (Table D.6), 77 percent of firms buy, and ΨM , εD
M and the

premium rise by 0.9, 1.7 and 0.4 percent. Because suppliers’ prices also cover overhead

and margins, the wage premium is a lower bound on the markup; with a markup of 15

percent, the changes are 3.8, 9.3 and 1.5 percent.
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Table E.7: The Results with an Endogenous Make-or-Buy Decision

τ f External share Firms buying ΨM εD
M Skill premium

Baseline 0.0740 1.3993 3.06
Make-or-buy 0.036 0.0096 0.371 0.774 0.0747 1.4230 3.08
Make-or-buy 0.150 0.042 0.371 0.800 0.0768 1.5296 3.11

Notes: τ is the supplier markup and f the fixed cost of in-house high-STEM labor, in units of the high-
STEM wage. The model without the margin describes each firm’s total labor demand, in-house and
external together, and has no split, so its external share and share of firms buying are empty. With the
margin, the external share counts high-STEM production labor bought from suppliers plus integration
labor, which is assigned to suppliers; f is set so that this share matches the data, where 0.63 of high-
STEM employment is in-house. ΨM and εD

M are the model’s local derivatives. The skill premium is the
model’s general-equilibrium counterfactual, in log points, as in Table 3. All other parameters are held
at their estimated values.
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