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1. Introduction

The impact of technological progress on average living standards and income inequality
is one of the most studied questions among economists and economic historians. Popu-
lar belief is that average living standards started to increase in western Europe with the
commercialization of steam power and the arrival of the First Industrial Revolution in
about 1750. However, most economic historians would agree that in the early decades of
the First Industrial Revolution, the adoption of steam power in coal mining and textile
production did not result in higher real wages in these sectors.1 An explanation for the
slow growth of real wages could be that labor demand decreased with the adoption of
steam pumps to drain water from coal mines and steam-powered spindles and looms
to automate the production of textiles.2

In this paper, we add to this literature by focusing on the first decades of average real
wage growth during the Second Industrial Revolution, from about 1840 to 1900, when
steam engines became broadly adopted but trade unions or other channels of workers’
voice were not yet recognized and often forbidden. In particular, this paper argues that
thewidespread adoption of steampower dissipated an economy-wide problem of excess
labor supply, which caused a change in the nature of labor relations from a monopson-
istic toward a more competitive labor market. To formalize the intuition, we present
a simple monopsony model that predicts average real wage growth when the balance
of power between firms and workers shifts in favor of workers due to technological
progress that complements workers. Although the model assumes that technological
progress complements all workers equally, the model also predicts a decrease in lower-
tail wage inequality if some firms adopt new technologies more intensively than others.
The intuition for this is that low-wage workers experience stronger relative wage growth
and disproportionately relocate from the lowest-wage firms that are less technology
intensive toward higher-wage firms that are more technology intensive.

To test our model’s predictions, this paper then uses data from Belgium’s industrial

1The timing and extent of real wage increases following the Industrial Revolution were subject to one of
the fiercest debates in the field of economic history (typically dubbed as the ‘living standards debate’),
with optimistic (Lindert and Williamson 1983; Clark 2005) and pessimistic (Feinstein 1998; Allen 2009)
views. In general, the literature appears to agree that real wage growth was relatively modest during the
early stages of industrialization (Gallardo-Albarrán and De Jong 2021; Humphries and Weisdorf 2019;
Federico, Nuvolari, and Vasta 2023).
2For such a perspective, see Acemoglu and Restrepo (2019). In another interpretation, Crafts and Mills
(2022) points to the role of demographic expansion as a depressing force on real wage growth.
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censuses in 1846 and 1896. The choice for these data is motivated by Belgium’s historical
context, as well as unique data access. First, Belgium’s historical context between 1846
and 1896 was that due to its high population density, manufacturing firms could easily
tap into low-cost labor. Moreover, labor markets remained largely unregulated until the
early twentieth century, as lawmakers held true to the free-market principles on which
Belgiumwas founded in 1830. As a result of an excess supply of workers and unregulated
labor markets, the balance of power between firms and workers was initially tilted in
favor of firms. However, in the following decades the Belgian economy experienced
rapid technological progress, being the first country on the European continent to
industrialize through the widespread adoption of steam engines in manufacturing,
which transformed labor markets and labor relations.

Second, the uniqueness of Belgium’s 1846 and 1896 Industrial Censuses makes an
analysis particularly interesting for two reasons. First, based on wage information on
every manufacturing worker in 1846 and 1896, we observe (relative) wages in each of
19 manufacturing sectors in 41 geographical districts. This detailed wage information
allows us to estimate changes in wage dispersion without having to rely on estimating
skill premia, which usually requires hard-to-verify assumptions in historical data.3

Second, in each census we observe the use of steam-based machinery expressed in
horsepower, which gives us a unique and comparable measure of technology adoption
across detailed sector-district cells.

In our analyses, the driver of average wage growth and the compression of lower-
tail wage inequality is the widespread adoption of steam power which increased labor
demand, thereby reducing excess labor supply. This shifted the balance of power away
from firms and towards workers, resulting in less monopsonistic and more competitive
labormarkets. That excess labor supplywas an important source ofmonopsonypower in
the early decades of industrialization also follows from the views of labor economists at
the time. The dominant view was that the most important source of unequal bargaining
power for workers was that most urban labor markets experienced a chronic excess
supply of unskilled labor, due to large-scalemigration from farm to city and long periods
of recession and depression. For example, Sidney and Beatrice Webb wrote in 1897:

3For instance, Clark (2007, 225) points to the relative stability of the skill premium in the English building
sector to argue that the Industrial Revolution was not skill-biased. However, Mokyr and Voth (2010)
questions the restricted focus of Clark on the building sector. Another example questioning the use of
skill premia in a British context is Feinstein (1988), whose criticism of Williamson (1985) illustrates the
difficulties in constructing reliable and representative measures of relative wages.
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“When the unemployed are crowding round the factory gates every morning, it
is plain to each man that, unless he can induce the foreman to select him rather
than another, his chance of subsistence for weeks to come may be irretrievably
lost. Under these circumstances, bargaining, in the case of the isolated individual
workmen, becomes absolutely impossible. The foreman has only to pick his man,
and tell him the terms. Once inside the gates, the lucky workman knows that if
he grumbles at any of the surroundings, however, intolerable; if he demurs to
any speeding-up, lengthening of the hours, or deduction; or if he hesitates to obey
any order, however unreasonable, he condemns himself once more to the semi-
starvation and misery of unemployment. For the alternative to the foreman is
merely to pick another man from the eager crowd, whilst the difference to the
employer becomes incalculably infinitesimal.” (1897, 660)

This idea was further developed by early institutional labor economists in the first half
of the twentieth century.4 Although they recognized that wage adjustments play an
important role in allocating labor and maintaining a balance between demand and
supply, they also believed that allowing the general level of wages and labor conditions
to fall in response to widespread unemployment is most often ineffective and even
counterproductive (Commons 1921; Slichter 1931). The reasoning, anticipating Keynes,
is that wage cuts in slack labor markets will fail to reduce unemployment because of
firms’ increased wage-setting power. This paper returns to this hypothesis.

More recent studies of technological progress assumemainly that labor markets are
perfectly competitive.5 In many growth models, including the textbook Solow model,
average real wages grow along a balanced growth path following technological progress
(Acemoglu and Restrepo 2018; Caselli and Manning 2019). This happens because tech-
nological progress not only increases output per worker, but also makes employment
more valuable to employers, which in a competitive labor market will increase average
real wages. Most recently, however, a literature has emerged in which technological
progress does not need to result in real wage growth for each worker. One reason is

4Prominent examples are John Commons, Paul Douglas, Richard Ely, Harry Millis, and Sumner Slichter.
Their ideas were in turn adopted by a younger generation of neoinstitutional labor economists, such as
John Dunlop, William Kerr, Richard Lester, and Lloyd Reynolds, and under their influence dominated
research in labor economics up to the 1970s. From 1980 onward, this tradition has been displaced by a
more neoclassical approach to labor markets, although it remains the intellectual core of the field of
industrial relations.
5One exception is Azar et al. (2023) who find that automation technologies lead to larger wage losses for
workers in monopsonistic labor markets.
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that the nature of technological progress can be such that it automates the tasks done
by some workers, thus decreasing their marginal product of labor (Autor, Levy, and
Murnane 2003). Another reason is that some workers cannot reap the benefits of an in-
crease in average labor productivity because labor markets are imperfectly competitive
and the balance of power is tilted in favor of firms (Acemoglu and Restrepo 2022). We
add to this more recent literature by arguing that there is a close relationship between
technological progress, changes in the balance of power between firms and workers,
and changes in average and relative wages.

This paper also builds on several recent studies that examine imperfectly competitive
labor markets. First, Dustmann et al. (2022) builds on the static monopsony model of
Card et al. (2018) in which workers have heterogeneous preferences over firms to argue
why higher minimum wages reduce lower-tail wage inequality and cause a reallocation
of employment from low-wage to high-wage firms. Second, Autor, Dube, and McGrew
(2023) argues that this framework can also be used to explain the recent decrease in
lower-tail wage inequality in the US. They argue that, similar to an increase in the
minimum wage, post-pandemic labor shortages effectively increased the elasticity
of firm-level supply. To do so, they refer to static and dynamic monopsony models
in which firms’ wage setting power decreases when workers’ job offer arrival rates
increase.6 Their paper is closest to ours. One important difference is that monopsony
power in our model originates from an employer’s discretion to pick workers if there
is an excess supply of labor. We model this by introducing the difference between a
job application and a job offer. If there are many job applicants because there is an
excess supply of workers, relatively few applicants will receive a job offer. Therefore,
workers who receive a job offer “feel lucky” and firms exploit this by offering lower
wages. Consequently, if labor market tightness increases due to technological progress,
firms’ monopsony power decreases, the average real wage increases, and lower-tail
wage inequality decreases.

Our paper also relates to recent studies that examine the Industrial Revolution. Voth,
Caprettini, and Trew (2024) argue that the British Industrial Revolution was an example
of directed technological change. They use the French Revolutionary and Napoleonic

6SeeManning (2021) for a review of static and dynamicmonopsonymodels. He refers to staticmonopsony
models as “new classical monopsony” and to dynamic monopsony models as “modern monopsony”.
He also conjectures about the promise of combining both sources of monopsony power into a single
framework, which he coins “thoroughly modern monopsony”. Our simple model below aims to take a
small step in this direction.
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Wars (1793-1815), which required a rapid expansion of Britain’s armed forces, leading
to significant shortages of labor supply in areas where naval recruitment was higher.
Using warships’ ease of access to coastal locations as an instrument, they show that
exogenous shocks to labor scarcity led to technology adoption. Our paper supports this
view by arguing that manufacturing firms could easily tap into cheap labor because
firms had wage-setting power, incentivizing firms to develop steam technologies that
complemented workers.7 In line with this, Rubens (2024) finds that monopsony power
encouraged coal mines to adopt mechanical coal cutters in 19th-century Illinois.

Like ours, some studies have focused on the importance of labor market imperfec-
tions during industrialization. Ashraf et al. (2024) argue that the decline of coercive
labor institutions over the course of industrialization was partly driven by the comple-
mentarity between physical capital and effective labor in manufacturing. Given the
difficulty of extracting labor effort in industrial tasks through monitoring and punish-
ment, capital-owning elites chose to emancipate their serfs to induce their effort and
thus boost the return to physical capital. They examine this hypothesis in the context
of Prussian watermill owners choosing to emancipate their workers between 1821 and
1848. Our paper does not assume that technology induces firms to pay efficiency wages.
Instead, we argue that labor relations changed because competition between firms for
workers increased due to technological progress. However, Delabastita and Rubens
(2025) show that this does not mean that labor markets remained imperfectly competi-
tive in some cases: they show that employer collusion between 227 Belgian coal firms
resulted in substantial wage markdowns between 1845 and 1913.

Focusing on wealth inequality, Reichardt (2025) shows that the adoption of steam
power in the US and the Netherlands increased wealth inequality, while the adoption of
electric power had the opposite effect. To explain these findings, he assumes a model of
monopolistic competition in which firms differ in their productivity, and steam but not
electric power has high sunk costs. Consequently, relatively fewer highly productive
entrepreneurs will dominate product markets after having invested in steam relative
to electric power, resulting in higher wealth inequality when sunk costs are higher.
Juhasz, Squicciarini, and Voigtlaender (2024) also examine the importance of firm
heterogeneity for the adoption ofmechanized cotton spinning during the First Industrial
Revolution in France. The find that a trial-and-error process in reorganizing production

7Similarly, Mokyr (1976) argues that the presence in Belgium of a dense network of a part-time peasant
industry, with a consequent low level of wages and a high supply elasticity of labor, drove Belgium’s
industrial development.
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led to initially low and widely dispersed productivity between firms operating the new
technology, but high productivity growth as new entrants adopted improved methods
of organizing production in the long term. Fiszbein et al. (2024) also find for the US
that electrification between 1890 and 1940 was accompanied by capital deepening and
organizational changes that increasedproductivity, especially for larger firms.Our paper
complements these studies. However, it does not focus on entrepreneurial income and
wealth inequality. Our paper also does not directly examine the importance of firm
heterogeneity and productivity growth.

The paper is structured as follows. In Section 2, we present a simple monopsony
model that predicts average real wage growth and a decrease in lower-tail wage in-
equality if technological progress also decreases firms’ wage-setting power. Section 3
then introduces the historical context. Next, Section 4 discusses our main data based
on the Belgian Industrial Censuses of 1846 and 1896, which contains detailed sectoral
information on wages, employment, and the use of steam engines. Using these data,
Section 6 provides empirical evidence that the adoption of steam engines resulted in
a decrease in lower-tail wage inequality. Section 7 considers alternative explanations.
Finally, Section 8 concludes.

2. Amodel

2.1. Graphical summary of the model

This subsection provides a graphical summary of our more formal model. Before 1850,
workers’ chances of a successful job application were low because of a high population
density together with limited growth in manufacturing labor demand. This lack of job
opportunities also meant that workers who received job offers “felt lucky” and that the
balance of power between firms and workers was in favor of firms. This gave companies
the ability to set wages, which is captured by the solid upward-sloping labor supply
curves (LS) in panels A and B of Figure 1. The marginal cost of labor (MCL) curves draw
the correspondingmarginal labor costs if the firmcannot discriminate betweenworkers.
In this sluggish labor market, equilibrium employment is given by the intersection of
the MCL curve and the downward-sloping marginal product of labor (MPL) curve.

The broad adoption of steam power across manufacturing sectors after 1850 in-
creased manufacturing labor demand and thereby workers’ chances of a successful
job application. Consequently, workers became less desperate to accept a job offer,
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which shifted the balance of power between firms and workers in favor of workers. The
decrease in the firm’s wage setting power is captured by an increase in the elasticity of
the firm’s labor supply curves in panels A and B of Figure 1. The dashed LS curves in
both panels indicate that wages, and therefore also the average real wage, grow because
of the decrease in firms’ monopsony power.

Figure 1 further illustrates what happens to relative wages and employment when
labor markets become more competitive and firms differ in productivity. The vertical
axes show that a more elastic labor supply results in a larger wage increase in low-
productivity firms (panel A) than in high-productivity firms (panel B). An interpretation
of this result is that increased competition between firms for workers requires low-wage
firms to increase their wages by more than high-wage firms. Consequently, technology-
induced increases in competition between firms for workers cause a decrease in lower-
tail wage inequality. The horizontal axes of Figure 1 show that lower-tail wage inequality
further decreases due to the reallocation of workers from low-productivity to high-
productivity employers, because the only way in which low-productivity firms can
increase their relative wages is by employing relatively fewer workers.

2.2. The balance of power between firms and workers

Following Card et al. (2018), assume that each firm j posts a single wage w j to attract
workers. Among all the posted wages, each worker then chooses to apply to a single
firm. Assume that utility of worker i from working at firm j is given by:

(1) ui j = ϵ[ln(w j ) + ln(θ(w j ))] + ηi j with ϵ ⩾ 0

with w j θ(w j ) the expected wage at firm j , which is the product of two terms. First,
w j is the wage earned if worker i is hired by firm j . Second, 0 ⩽ θ(w j ) ⩽ 1 is the
probability of getting a job offer from firm j given that worker i applied to that firm.
The term ηi j is an idiosyncratic preference term for the firm’s non-wage characteristics.
Examples are match-specific factors such as travel time or interactions with coworkers
and supervisors. Finally, ϵ captures workers’ preferences for expected wage income
relative to the firm’s non-wage characteristics.

We further assume that the probability of a successful application, 0 ⩽ θ(w j ) ⩽ 1, is
decreasing in w j as follows:

(2) ln(θ(w j )) = –ϵθw ln(w j ) with ϵθw ⩾ 0
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FIGURE 1. Technological progress in slack labor markets
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where theminus sign follows from the assumption that an increase inw j reduces θ(w j ).
The intuition for this is that a higher wage offer will attract more applications, which
reduces each applicant’s probability of receiving a job offer. ϵθw is the elasticity of a
successful application with respect to the wage paid by firm j .

Importantly, we assume that ϵθw is greater in slack labor markets. This captures
the fact that workers value the probability of receiving a job offer more when there is
an excess supply of workers. In particular, workers dislike lower wages relatively less
when labor markets are sluggish because they value the job offer relatively more. In
this way, a greater ϵθw formalizes the intuition of the previous subsection that workers
who receive a job offer “feel lucky” when there is an overall excess supply of labor. We
will show below that, therefore, firms will offer lower wages because the labor supply
to the firm is more inelastic in slack labor markets.

When aggregate labor demand increases such that excess labor supply decreases,
ϵθw decreases over time and the balance of power between firms and workers shifts
towards workers. We assume that this is what happened with the widespread adoption
of steam-based manufacturing during Belgium’s Industrial Revolution. In the extreme
case of ϵθw = 0, we have that θ(w j ) = 1 such that every job application is successful.8

2.3. The elasticity of firm-level labor supply

This subsection formally shows that a decrease in ϵθw increases the elasticity of firm-
level labor supply.

2.3.1. Firm-level labor supply

If {ηi j } are independent draws from a type-I Extreme Value distribution, the number of
applications to firm j is given by:

(3) a j =
exp (ϵ[ln(w j ) + ln(θ(w j ))])

∑
J
k=1 exp (ϵ[ln(wk) + ln(θ(wk)]))

L̃

with L̃ the total number of job applicants.
To simplify the analyses and abstract from strategic interactions in wage setting,

8Note that if ϵθw → ∞, we have that θ(w j )→ 0. In this case, no application is successful, which cannot
be true. In the following, we exclude this possibility by assuming that 0 ⩽ ϵθw ⩽ ϵ/(1 + ϵ).
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assume that the number of firms J is large such that we can write:

(4) ln(a j ) = ϵ[ln(w j ) + ln(θ(w j ))] + ln(λL̃)

where λ is a constant common across all firms. Using Equation (4) and the fact that
firm-level employment can be defined as l j ≡ a j θ(w j ), labor supply to the firm is given
by:

(5) ln(l j ) = [ϵ(1 – ϵθw) – ϵθw] ln(w j ) + ln(λL̃)

2.3.2. The elasticity of firm-level labor supply

Using Equations (2) and (4), the elasticity of firm-level applications w.r.t. wages is given
by:

(6) ϵaw ≡
d ln(a j )
d ln(w j )

= ϵ(1 – ϵθw)

which shows that ϵaw is decreasing in ϵθw.9

From Equation (5), the elasticity of firm-level labor supply is given by:

(7) ϵl w ≡
d ln(l j )
d ln(w j )

= ϵ(1 – ϵθw) – ϵθw = ϵ – (1 + ϵ)ϵθw

which shows that ϵl w is decreasing in ϵθw.10 To ensure that ϵl w ⩾ 0 or that firm-level
labor supply is upward sloping, we assume that 0 ⩽ ϵθw ⩽ ϵ/(1+ϵ). Note that a decrease
in ϵθw increases ϵl w. That is, firm-level labor supply becomesmore elastic if the balance
of power shifts towards workers, as was graphically illustrated in Figure 1. If ϵθw = 0
and ϵ→ ∞, we get ϵl w → ∞. In this limiting case, the law of one wage holds because
labor markets are perfectly competitive.

9Estimates of ϵaw for current labor markets are around 0.5. See Manning (2021) for a discussion.
10Estimates of ϵl w for current labor markets are between 0 and 6. See Langella and Manning (2021).
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2.4. Wage setting by firms

Assume that firms have the following production function:

(8) q j = ψ j ln(l j )

where ψ j is firm-specific productivity. Firms maximize profits by posting a wage that
minimizes labor costs given Equation (5):11

(9) max
w j

[
ψ j ln(l j ) – w j l j

]
s.t. l j = l j (w j )

The first-order conditions are given by:

ψ j
1
l j

dl j (w j )
dw j

= l j + w j
dl j (w j )
dw j

Using the definition of ϵl w, this can be written as:

(10) w j =
(

ϵl w
1 + ϵl w

)
ψ j
l j

which shows that wages are a markdown of marginal labor productivity. Moreover, note
that Equation (7) implies that:

ϵl w
1 + ϵl w

=
ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

Substituting this into Equation (10) and taking logs gives:

(11) ln(w j ) = ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
– ln(l j )

Combining Equations (2), (4), (5) and (11), equilibrium expressions for wages and

11We assume employers do not observe worker preferences for firm-specific non-wage amenities. This
implies that employers cannot discriminate between workers: if a firm wants to hire more workers, it
needs to offer higher wages to all workers. Also note that product markets are assumed to be perfectly
competitive.
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employment can be derived.12 Firm-specific equilibrium wages are given by:

(12) ln(w j ) =
1

(1 + ϵ)(1 – ϵθw)
ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
︸ ︷︷ ︸

≡A

–
1

(1 + ϵ)(1 – ϵθw)
ln(λL̃)

where the right-hand side only depends on the model’s parameters. Firm-level employ-
ment in equilibrium is given by:

(13) ln(l j ) =
ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
︸ ︷︷ ︸

≡B

+
1

(1 + ϵ)(1 – ϵθw)
ln(λL̃)

Note that terms A in Equation (12) and B in Equation (13) are firm-specific, showing
that relatively more productive firms (i.e. firms with higher ψ j ) pay higher wages and
employ more workers.

2.5. Comparative statics when the balance of power shifts towards workers

Wefirst show that the average realwage growswhenfirms’wage-settingpower decreases.
We then show that our model also predicts that lower-tail wage inequality decreases
because relative wages of low-wage workers increase and because workers relocate
from low-wage to higher-wage firms.

2.5.1. Average real wage growth

The economy-wide average real wage is given by the employment-weighted average of
firm-specific wages:

w̄ =
∑
j

l j
L
w j

with L the total number of jobs. Using Equation (10), this can be rewritten as:

(14) w̄ =
1
L

(
ϵl w

1 + ϵl w

)∑
j

ψ j

12See Appendix A.1 for details.
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If labor markets are perfectly competitive or ϵl w → ∞, the term in brackets in Equa-
tion (14) becomes unity. In this extreme case, technological progress directly results in
average real wage growth. This result is consistent with the existence of a “productivity
bandwagon” in competitive models.13Moreover, equation (14) shows that changes in
the balance of power between firms and workers can either slow down (if ϵl w decreases
because ϵθw increases) or speed up (if ϵl w increases because ϵθw decreases) this pro-
ductivity bandwagon. Importantly, we argue that part of the growth in average real
wages in the Industrial Revolution was driven by an increase in ϵl w.

2.5.2. Changes in relative wages and employment

Our model also predicts that a decrease in ϵθw results in a decrease in lower-tail wage
inequality because the relative wages of low-wage workers increase and low-wage
workers relocate to high-wage firms, as illustrated in Figure 1.

To see what happens to relative wages and employment when ϵθw decreases, we
can differentiate the firm-specific terms A in Equation (12) and B in Equation (13) w.r.t.
ϵθw.14 Deriving term A in Equation (12) w.r.t. a decrease in ϵθw gives:

(15) –
∂A
∂ϵθw

=
1

(1 + ϵ)(1 – ϵθw)2

[
1

ϵ – (1 + ϵ)ϵθw
– ln

(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)]
which is decreasing in ψ j .

FromEquation (13) it is straightforward to see that a decrease inϵθw will also increase
relative employment in firms with higher ψ j . More formally, differentiating term B in
Equation (13) w.r.t. a decrease in ϵθw gives:

(16) –
∂B
∂ϵθw

=
1

(1 + ϵ)(1 – ϵθw)2

[
1 + ln

(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)]
which is increasing in ψ j .

In conclusion, our model predicts average real wage growth in slack labor markets
when technological progress complements workers and diminishes the wage-setting
power of firms. Furthermore, it predicts that technological progress compresses lower-

13Acemoglu and Johnson (2023) coin the term “productivity bandwagon” to describe the increase in
the average real wage due to technological progress. In line with this, Armangué-Jubert, Guner, and
Ruggieri (2025) argue output per capita could increase by up to 44% in countries where GDP per capita
is low if labor markets in these countries were as competitive as in more developed ones.

14See Appendix A.2 for details.
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tail wage inequality even among identical workers. This is due to an increase in the
relative wages of the lowest-wage workers and the relocation of workers from low-wage
to high-wage firms. Lastly, our model suggests that both average real wage growth and
the compression of lower-tail wage inequality are more pronounced in sectors and
regions where the adoption of steam power was stronger.

3. Historical context

3.1. The Industrial Revolution in Belgium

Belgiumwas the first country on the European continent to industrialize by successfully
adopting British innovations of the eighteenth and early nineteenth centuries. There
are multiple plausible reasons for Belgium’s success. The Southern Netherlands, which
became Belgium in 1830, had a long tradition in urban and rural industries, helping the
region to sustain a high population density and, therefore, a large potential workforce.
Belgiumwas also a historical leader in commercial and financial developments (Van der
Wee 1996). In addition, Belgium’s Walloon area was endowed with easily accessible coal,
in which local industrialists had a centuries-long tradition of commercial exploitation.15

All these elements contributed to Belgium’s industrial success.
Belgium’s Industrial Revolution can be divided into its First and Second Industrial

Revolutions. Beginning in Great Britain around 1760, the First Industrial Revolution
had spread to Belgium by the late 18th century. This transition included going from
hand-made methods to machine production methods, especially in the textile indus-
tries with inventions such as mechanized spinning and weaving using steam power.
These technologies matured and became widespread across manufacturing sectors
after 1850, resulting in Belgium’s Second Industrial Revolution. From 1850 to 1914, the
country transitioned from a primarily agricultural economy to a leading industrial
nation, particularly in heavy industries such as iron, steel, and coal. This period saw
the widespread adoption of steam engines, mass production techniques, and a shift in
labor from rural areas to urban industrial centers.

15See Figure B1 in Appendix B for a detailed map of employment in coal mining in 1896.
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3.2. Labor markets in the 19th century

Belgium’s high population density meant that a large reserve was available to its indus-
trial entrepreneurs, a feature that has also been identified as a driver of the country’s
industrial growth (Mokyr 1976). This large labor supply translated into low wages and
modest, if any, wage growth during the early stages of industrialization (Mokyr 1976,
181-188). One of Belgium’s foremost contemporary observers, Natalis Briavoinne, paints
a vivid picture of the limited progress for the working class before 1850, referring to the
“congestion in markets, partial or total suspension of work; hence, deep misery for thousands
of families” (1839, 208).

In the late 18th century, Belgium’s economy had been supported by rural linen
production, particularly in the region of Flanders.16 However, its collapse in the first
decades of the 19th century, due to competition frommechanized production of cot-
ton textiles, forced thousands of rural workers into inactivity (Jacquemyns 1929). To
illustrate this, a member of Belgium’s Chamber of Representatives described the case
of Flemish rural workers in 1843 as (Ducpétiaux 1843, 14): “Our unfortunate workers,
who lack bread, do not ask for charity but rather for work to earn the bread needed for their
subsistence and that of their families.”

The situation of workers in mechanized factories producing cotton textiles was not
much better. For example, in their in-depth assessment of the strongly mechanized
cotton industry in the city of Ghent, Mareska and Heyman (1845, 85) write that “after a
life of honest labor, the worker, instead of receiving a fair and adequate reward, only encoun-
ters ruin and desolation”. Other contemporary commentaries were equally pessimistic.
In 1817, a government official visited the mechanized wool factories in Verviers and
commented (Mokyr 1976, 184): “Whenever business booms and machines are introduced so
that goods can be produced at a lower cost than the market price, workers continue to receive
the same wages, while manufacturers gain thousands.”

After 1850, however, workers’ fortunes in terms of employment opportunities and
real wage growth changed dramatically. Figure 2 combines various measures from the
literature of the evolution of employment and the real average wage after 1850. The
black line shows that the average real wage of manufacturing workers about doubled
between 1846 and 1896 (the two dashed green vertical lines corresponding to the two
census years that we use in our analyses below), but also that the average real wage did

16Figure B2 in the Appendix B shows a detailed map of the share of rural employment in 1896.
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not grow before 1846 or between 1896 and 1913. Total employment in manufacturing,
indicated by the red crosses and measured on the right scale, increased by about 70
percent between 1846 and 1896. Overall, the increase in the average real wage as well
as employment suggests that the demand for manufacturing workers increased in the
second half of the 19th century during Belgium’s Second Industrial Revolution.

However, improvements in labormarket outcomes were not due to the emergence of
labor market institutions that protected workers. Labor law, first drafted under French
rule in the beginning of the nineteenth century, prohibited collective bargaining over
wages or working conditions. Employers did not recognize labor unions as legitimate
partners in collective bargaining until after the First World War (Luyten 1995). Chlepner
(1972, 27) describes Belgian labor unions in the nineteenth century as follows: “It is not
necessary to describe at length what does not exist”. Labor unionswere not only nonexistent,
but labor contracts were also informal and predominantly verbal, with minimal legal
costs associated with hiring and firing (Van den Eeckhout 2005). Child labor, working
time, and factory inspection were also less regulated in Belgium than in most European
countries in the nineteenth century (Huberman and Lewchuk 2003).

This paper argues that, despite the lack of formal institutions supporting workers,
average real wages started to grow and wage inequality decreased because the balance
of power shifted in favor of workers due to changes in overall labor market conditions.
In particular, the widespread adoption of steam engines increased aggregate labor
demand and increased the relative wages of low-wage workers, as predicted by our
model.

4. Data

4.1. The Industrial Censuses of 1846 and 1896

This paper builds on two comprehensive industrial surveys performed by the Belgian
government, digitized by us. The first industrial census of Belgium was performed on
15 October 1846 by Adolphe Quetelet. The ambition and scale of this project was unlike
any other census before. A questionnaire was distributed to every taxable entrepreneur
who “by himself or by wage laborers under him, makes any kind of manipulation to a raw
material or a product, and gives them, by his work, a greater value” (Statistique de la Belgique
1846, VIII). Through this process, wages were collected from 314,842 employees. The
results for each of 19 industries were published in tables for each of 40 geographical
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districts, along with information on employment, the use of steam engines measured
in horsepower efficiency units.

On the 50th anniversary of the first industrial census, the Belgian government
launched a second industrial census covering all 19 manufacturing industries. The
1896 Industrial Census surveyed all entrepreneurs “who, by means of his own tools, oper-
ates the transfer, preparation or production of any goods, either alone or with the assistance of
salaried employees by him, and who works for the consumer” (Office du Travail 1896, 12).
Two complementary measures were taken. Small firms received an additional form in
which they were asked to list their employees by professional categories and according
to their wage. The payrolls of all enterprises with more than 10 to 20 employees were
manually consulted by agents who were tasked to secure the wages of each individual
worker. In total, 612,892 wages of 671,511 workers were successfully collected. Like in
1846, comprehensive counts of the amount of steam-engine horsepower installed in
each of 19 sectors in each of 41 districts are also available.17 Combined with the 1846
census data, this gives us industry-district-time variation in employment, wages, and a
comparable measure of technology adoption.18

Because historical statistics on female employment and wages are contentious (for
example, see Humphries and Sarasúa 2012), we present evidence using the sample of
male workers only in our empirical analyzes below. The same analyzes that use the
sample of male and female workers are qualitatively identical and are referred to the
appendix.19 Finally, it is important to note that our employment and wage data cover all
manufacturing workers. Our data do not rely on the construction of wage indices based
on representative occupations as in earlier historical work (Scholliers 1995; Segers 2003).
Furthermore, the fine-grained geographical and industrial composition of our data
allows us to investigate the relationship between steam-based industrialization and
relative wage changes accounting for industry-district fixed effects, or to instrument

17The 1846 census contains information for 41 districts, whereas the 1896 census contains more granular
information for 2,607 communities for some variables. At the district level, the 1896 census sometimes
does not distinguish between the adjacent districts of Charleroi and Soignies. Therefore, we aggregated
both the 1846 and the 1896 data to the level of 40 districts, merging the Charleroi and Soignies districts.

18See Appendix C for details. Historians generally regard these two censuses as highly comparable
(De Brabander 1984, 75; Scholliers 1991).

19Both industrial censuses also contain information on child labor. However, the reliability and coverage
of these data are extra difficult to gauge. Furthermore, child labor is one of the few cases for which
the Belgian government - from 1889 onward - imposed some institutional restrictions, although the
country was notoriously late in regulating child labor (De Herdt 1996; Huberman and Lewchuk 2003).
For these reasons, we omit child labor in our analyzes.
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the adoption of steam power with exogenous geographical variation.

4.2. Steam power

Our data contain information on the industrial use of steam engine horsepower for
each of 40x19 industry-district cells in 1846 and 1896. Figure 3 illustrates the widespread
adoption of steam power between 1846 and 1896. Panel (A) shows the adoption of steam
engines in all industries. In 1846, the use of steam engines was strongly concentrated,
with more than half of total horsepower installed in coal mining, textiles and iron
& steel. The use of steam engines in other sectors was very limited. In 1846, barely
1% of all Belgian firms had adopted steam engines of some kind (Van Neck 1979, 780).
However, in the fifty years that followed, the use of steam engines spread to all but a few
manufacturing industries. In food processing, sugar refineries, milling and the drinks
industry (breweries and distilleries) adopted mechanized production techniques.20

Steam engines were also increasingly adopted in the chemicals industry, usually consid-
ered the hallmark pioneer of the Second Industrial Revolution, where mechanization
was carried out by advances in the industrial application, production and processing of
mineral resources (such as cokes) and chemicals (such as soda).

Panel (B) of Figure 3 illustrates the adoption of steam power between 1846 and
1896 in all 40 districts. In 1846, the use of steam engines was concentrated in the coal-
rich districts of Wallonia, primarily Charleroi, Namur and Liège, which were the first
places on the European continent to adopt the Newcomen engine, invented by Thomas
Newcomen in 1712, to pump water out of coal mines, allowing miners to extract coal
from deeper areas previously flooded (Lebrun et al. 1981, 263). However, between 1846
and 1896, the use of steam engines spread to themore peripheral areas around Belgium’s
industrial base. In general, Figure 3 illustrates the spread of steam power across sectors
and districts as a general purpose technology (GPT).

4.3. Daily wages

Our data also contain wage information for factory workers in each industry-district
cell in 1846 and 1896. The wage information in the Industrial Censuses is published in

20For example, under increasing population pressure and high levels of beer consumption, steam engines
revolutionized beer production. Initially used to mill grain and pump liquids, steam power was later
applied to various processes such as mixing, heating, and cleaning, significantly increasing efficiency
and scale (Van der Hallen 2011, 227-235).
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FIGURE 3. Evolution of steam engine horsepower usage, 1846-1896

A. By industry

B. By district

Source: authors’ database (see text).
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an interval-censored form: the data sheets assign each worker’s unobserved wage wi
to an observed wage interval [wli ,w

h
i ]. All wages have been deflated using the CPI of

Segers (2003, 622), and are expressed in 1910 Belgian Francs (BEF).21

Figure 4 illustrates this for the spinning of hemp fibers in textiles. Cultivated in local
fields, cut hemp stalks were transported to spinning factories. There, the hemp fiber
was first separated from the woody core of the stalks, which could be done by hand or
with the help of a special decortication machine. Using spinning machines, the fibers
were then twisted together to form hemp threads, which were sold to weaving factories
that produced textiles. The figure shows an extract from the 1896 data sheets, listing all
districts in Belgium with hemp spinning plants.22

The last row of Figure 4 shows that for Belgium as a whole, there were five spinning
factories that employed a total of 156 workers. The first to second last rows show that
these spinning factories were located in the Saint-Nicolas and Termonde districts.23 For
example, the first row contains data from a single factory in Saint-Nicolas that employed
127 workers in 1896, of which 101 were older than 16 years. Of these 101 adult workers, 39
were men and 62 were women. Among the 39 men, 23 earned less than 1.5 BEF for an
11-hour workday operating spinning machines. Another 12 men spun threads by hand
and earned a piece-rate wage between 2.5 and 3 BEF during an average 11-hour day. The
4 remaining men provided non-production tasks, with a driver earning between 2 and
2.5 BEF per day, a carpenter and a machinist with daily wages between 2.5 and 3 BEF,
and a mechanic earning between 3.5 and 4 BEF per day. The 62 adult women were all
employed in the preparatory stages of separating the fiber from the cut hemp stalks,
and they were paid between 1 and 1.5 BEF for an 11-hour workday.

We digitized data sheets for all industries and districts in 1846 and 1896, and used
two approaches to construct relative daily wages. In a first approach, we simply assign
midpoints of bins to all workers in that bin (i.e. assuming a uniform distribution within
every wage category). That is, ∀i : wi = [wli + w

h
i ]/2. We then compute wage percentiles,

using the number of workers in each bin as weights. This allows us to measure wage
inequality in each of industry-district cell in 1846 and 1896. However, one shortcoming
of this approach is that assigning the samemidpoint wage to all workers in the same bin,

211 Belgian Franc in 1910 is about 1 US Dollar today.
22See Appendix D.1 for an example of a data sheet from the 1846 Industrial Census.
23Each district is listed twice because the 1896 (but not the 1846) data sheets report a separate row for
each factory employing more than 10 workers.
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as well as having to make assumptions on the open-ended wage category {wHi ,∞}24,
are likely to introduce noise in our wage measures. As long as this error is exogenous to
our independent variable of interest, however, this is unlikely to affect our coefficients
of interest.

Be that as it may, we also propose a second approach in which we impute wage
percentiles by parametrically estimating wage densities using Maximum Likelihood
(see McDonald and Ransom 2008; Hlasny 2021). For the functional form, we estimate
three parameters to fit a continuousDagumprobability density function (Dagum1977).25

Fitting a continuous Dagum density results in wage variation even within observed
wage bins, which is more realistic. However, one drawback of this approach is that the
likelihood function does not always converge to a maximum if there are insufficient
observations in the wage bins. Therefore, we only impute wage percentiles at the
more aggregate industry-province (instead of industry-district) level. Because the 40
districts can be grouped into nine provinces, we estimate smooth wage densities for
19x9 industry-province cells.We refer to Appendix D.2 formore details on this approach,
as our regression results in the main text will be estimated through the first approach.

5. Changes in wage inequality

To assess whether changes over time in overall wage inequality were mainly the result
of workers shifting between industries or provinces, or whether changes occurred
largely within each industry or province, we re-weight the importance of industry-
province employment in the overall wage density of 1896 by their employment shares
in 1846 following the method by DiNardo, Fortin, and Lemieux (1996). That is, we ask
the question: what would overall wage inequality be in 1896 in a counterfactual world
in which employment shares across industry-province cells would not have changed
but wages would have grown within each industry-province as they did between 1846
and 1896? If this counterfactual density for wages in 1896 is close to the actual wage
density for 1896 but not for 1846, it must be that the change in overall wage inequality is
mainly driven by changes within rather than between industry-province cells. Panel A

24For this wage category, we simply extrapolate the wage midpoints from the lower wage categories.
25The Dagum distribution is commonly used in studies estimating the income distribution. Other exam-
ples assuming this distribution are (Bandourian, McDonald, and Turley 2003; Kleiber 2008; Von Hippel,
Scarpino, and Holas 2016; Hlasny 2021). Our results are robust to fitting other three- and four-parameter
distributions, such as a Singh–Maddala (Singh andMaddala 1976) or a GB2 (McDonald 1984) distribution.
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of Figure 5 shows that this is indeed the case. Although there was some reallocation
towards better-paying industries and districts, relative wage changes mostly occurred
within industries and provinces.

Panel B of Figure 5 further illustrates how wage inequality changed within industry-
province cells between 1846 and 1896. The gray lines plot wage growth by percentile in
each industry and province, and the black line shows growth in overall wage percentiles.
Importantly, lower-wage percentiles grew faster within most industry-province cells,
resulting in an overall compression of lower-tail wage inequality. An interesting question
is whether the widespread adoption of steam engines is an important driver of these
changes. To answer this question more causally, the next section exploits the variation
in changes over time in relative wages within industry-province cells documented in
Figure 5 by relating it to the variation in changes over time in the adoption of steam
engines within industry-province cells.

6. Empirical results

6.1. Two-Way-Fixed-Effects (TWFE) estimates

Consider the following regression equation:

(17) ln Yidt = α + γD1896 + β ln STEAMidt + Fid + ϵidt

with Yidt a wage percentile in industry i, district (or province) d, at time t. The variable
D1896 is a time dummy equal to 1 for 1896, and STEAMidt captures the use of steam
engines measured in horsepower per worker in industry i and district d at time t.
The term Fid is a vector of industry-district dummies, and ϵidt is an error term. First-
differencing Equation (17) over time gives an alternative estimating equation:

(18) ∆ ln Yid = γ + β∆ ln STEAMid + ∆ϵid

We are most interested in estimates of γ and β. Estimates of γ capture the growth of a
wage percentile between 1846 and 1896 that is common across industries and districts,
and estimates of β capture the impact of industry-district-specific growth of steam
power on the growth of a wage percentile in that industry and district. Given our model,
we expect that γ and β are larger for lower wage percentiles.

Different definitions of Yidt can be used. Panel A of Figure 6 uses the midpoint
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FIGURE 5. Changes in relative daily wages, 1846-1896

A. Actual and counterfactual wage distributions

B. Wage growth by percentile

Notes: Panel (A): The actual distributions are fitted to the grouped wage data using
a Dagum (1977) functional form. The counterfactual distributions are simulated
using the approach by DiNardo, Fortin, and Lemieux (1996). Panel (B): The gray area
shows the p90 and p10 of wage growth over all industry-province cells, for every
wage percentile.
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bin measures to impute wage percentiles in each industry-district cell in 1846 and
1896.26 Each imputed percentile is then used separately to estimate Equation (17), and
the percentile-specific point estimates for γ and β are plotted for each value on the
horizontal axis of panel A of Figure 6. Estimates of the time-fixed effects show that
percentiles 1,5 and 10 grew about 70%, while percentiles 90, 95 and 99 grew about 50%
on average across all industry-district cells. Estimates of the impact of industry-district-
specific adoption of steam engines indicate that doubling steam power per worker
increased lower wage percentiles by approximately 20%, and higher wage percentiles
by approximately 5%. Panel B of Figure 6 defines Yidt as a wage percentile relative to
the median, and finds positive estimates for percentiles below the median and negative
estimates for percentiles above the median. These estimates suggest that technological
progress resulted in average wage growth, as well as a compression in lower-tail wage
inequality.

6.2. Instrumental Variables (IV) estimates

However, the estimates in Figure 6 could not capture the causal effect of technological
progress on wages. To address this concern, this section uses an IV design.

6.2.1. Using potential hydropower and coal deposits as instruments

We instrument ∆ ln STEAMid in Equation (18) using two instruments. First, we instru-
ment the growth in horsepower per worker between 1846 and 1896 with a district’s
potential for the generation of hydropower. Economic historians have documented the
extensive use of water power in the British Industrial Revolution (Musson 1976), and
it has been suggested that the efficacy of water power delayed the adoption of steam-
based technologies (Mokyr 1990, 90). In addition, studies of the American Industrial
Revolution have underlined the impeding role of lower costs of water power in the
transition to new steam-based technologies (Atack, Bateman, andWeiss 1980; Hornbeck
et al. 2023).27

26Estimates including adult women and/or using maximum likelihood imputations of wage percentiles
are qualitatively identical. See Appendix F for details.

27In some cases, owners of traditional water and wind mills actively opposed the adoption of new steam
technologies. For example, in a 1841 letter, a public official of the district of Roeselare warned the
governor of the province of West Flanders of “the harm that will result from the establishment of a steam
engine for the owners of mills” (Van Neck 1979, 174). However, the prevalence and impact of these protests
are considered limited, both in Belgium (Van Neck 1979, 169) and internationally (Mokyr 2002, 256).
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FIGURE 6. OLS estimates of γ and β, industry-district level

A.Wage percentiles

B. Wage percentiles relative to themedian

Notes: The regressions are weighted using the employment shares. Clustered stan-
dard errors at the district level. More details can be found in Table F1 (panel A) and
Table F2 (panel B) in Appendix F.2.

27



These insights suggest the use of the potential of a district to generate hydropower
as a valid instrument for the adoption of steam technologies. Therefore, we measure
the hydropower potential of a district using a current-day database that identifies viable
areas for hydropower generation (Hoes et al. 2017), from which we calculate the density
of potential water mill locations per district in our historical data. Although we use
a current-day measure for an area’s potential to generate hydropower, this measure
strongly correlates with the use of watermills in 1846 which we observe in our historical
data.28 Panel A of Figure 7 shows the relevance of the potential of a district to generate
hydropower as an instrument in the first stage.29 A negative correlation suggests that
the potential of hydropower (and the use of watermills in 1846) is a substitute for the
adoption of steam power.30

Second, we also instrument the adoption of steam power at the district level by the
presence of local coal deposits, an approach that has also been used in other papers
(De Pleijt, Nuvolari, andWeisdorf 2020; Esposito and Abramson 2021; Ridolfi, Salvo, and
Weisdorf 2023; Reichardt 2025). More specifically, we quantify local coal deposits using
the historical atlas data from Atlas Châtel & Dollfus (1931) and Esposito and Abramson
(2021).31Wemerge this information into our historical data by constructing a measure
of the share of the surface of a district that potentially contains coal deposits. Panel B
in Figure 7 summarizes the relevance of this instrument for the first stage, suggesting a
negative correlation.32 Our intuition for this negative correlation is that the proximity
to coal deposits became much less important due to the expansion of railways, which
allowed districts with fewer coal deposits to also adopt steam engines. In 1846, the
Belgian railroad network was still in its infancy. However, by 1896, the Belgian railways
had become the densest network in the world, connecting all districts (O’Brien 1983;
Martí-Henneberg 2013).

28See Figure G1 in Appendix G for details.
29The Kleibergen-Paap F statistic is 58. See Appendix G.1 for details.
30This is not necessarily always the case, however. For example, steam engines were sometimes installed
to complement existing water mills. Perhaps the most convincing evidence for the complementary
nature of steam engines and water mills is provided by Ashraf et al. (2024), who find a positive re-
lationship between the initial use of water mills and the subsequent adoption of steam engines in
19th-century Prussia.

31We thank Elena Esposito for sharing this information.
32The Kleibergen-Paap F statistic is 91. For the over-identified model using both instruments simultane-
ously, the Kleibergen-Paap F statistic is 99.
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FIGURE 7. Relevance of instruments, district level

A. Hydropower potential and changes steam power adoption, 1846-1896

B. Coal deposits and changes steam power adoption, 1846-1896

Notes: Panel (A): Hydropower potential is calculated as the number of potential hydropower
locations per km2within a district. Panel (B): Coal presence is calculated as the share of surface
within a district covered by coal surfaces.
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6.2.2. IV estimates of β

IV estimates of Equation (18) are consistent only if our instruments are relevant and valid.
Relevance was already documented in the previous subsection. The more challenging
identifying assumption is the validity of the instruments. Althoughpotential hydropower
and coal deposits are measures that depend only on the geographical characteristics
of a district and are therefore as good as randomly assigned, each of our instruments
could still violate an exclusion restriction. For example, our estimates for growth in low
wages would be upward-biased if the relative demand for low-wage workers increased
for other reasons than the adoption of steam power, and more so in districts where the
potential for hydropower and the presence of coal deposits are lower. In the following
sections, we provide evidence that such alternative explanations are not very important.
In this section, we test for instrument validity showing that we cannot reject the null
hypothesis that our instruments are valid.

Panel A of Figure 8 shows the IV estimates of β using Equation (18), while defining
Yidt as the wage percentile relative to the median. For each percentile, we plot the
estimates for the exactly identified models using a single instrument, as well as for
the over-identified model using both instruments simultaneously. Point estimates are
very similar for exactly and over-identified models, suggesting a homogeneous impact
of steam power on relative wages across the different instruments. Assuming effects
are truly homogeneous, the over-identified model has a Hansen J statistic of 0.1 with a
p-value of 0.75, such that the null hypothesis that our instruments are valid cannot be
rejected. Also note that for each wage percentile, its IV estimates are higher than its
OLS estimates in panel B of Figure 6. In sum, our 2SLS estimates are consistent with
the predictions of our model of monopsony-reducing technological change.

6.3. Did the relative supply of low-wage workers decrease?

The remaining key question is whether the results of Sections 6.1 and 6.2 can be in-
terpreted by the effects of technological change on the aggregate labor demand, as
stipulated by our model in Section 2. We see two main threats to our interpretation.
First, the documented relationship between mechanization and wage inequality could
be explained away by a decrease supply in the supply of low-wage workers relative to
high-wage workers. Second, the unskilled-biased nature of trade and technological
progress increased the demand for low-wage workers relative to high-wage workers.
This subsection examines the possibility that the relative supply of low-wage workers
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FIGURE 8. IV estimates of β, industry-district level

A. Using Equation (18)

B. Augmenting Equation (18) with exports per worker

Notes: The regressions are weighted using the employment shares. Clustered standard errors
at the district level. More details can be found in Table G3 (panel A) and Table G4 (panel B) in
Appendix G.3. The first-stage estimates can be found in Table G1 in Appendix G.1.
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has decreased. Section 7 will focus on alternative explanations for an increase in the
relative demand for low-wage workers.

The relative wage of low-wage workers could have increased if steam-based industri-
alization induced a relative withdrawal of low-wage workers from the labormarket. This
could, for example, have been the result of the demographic transition that unfolded
in the latter decades of the nineteenth century in Belgium (Lesthaeghe 1977, 101-105).
Lower levels of fertility that spread to lower levels of society could have decreased the
relative supply of low-wage workers. In addition, income growth could have changed
gender norms and societal expectations surrounding work and family such that women
retreated from (formal) labor markets.33

However, it is more likely that the relative supply of low-wage workers to manufac-
turing jobs increased rather than decreased. Scholliers (1991, 114) observed that “wage
inequality decreased, precisely at the moment that a large supply of labor was released from the
agricultural sector”. He concluded that, therefore, the mechanization of manufacturing
must be the main explanation for the decrease in wage inequality. In addition, other
studies have found that agricultural employment declined in the second half of the 19th
century due to an increase in grain imports from theUnited States, as well as an increase
in agricultural productivity, providing a continuous supply of labor to manufacturing
jobs (Blomme 1993; Buyst Forthcoming). For example, there is some direct evidence
that negative wage shocks in agriculture resulted in higher levels of labor supply for
Belgian coal mines (Delabastita and Rubens 2025).

To provide some further evidence to support the hypothesis that the relative supply
of low-wage workers to manufacturing jobs increased instead of decreased, we enrich
our data with information about agricultural employment at the district level in 1846
and 1896.34 Figure 9 then visualizes the correlation, for both 1846 and 1896, between a
district’s manufacturing employment share (as a fraction of total employment in agricul-
ture and manufacturing) on the vertical axis and a district’s steam engine horsepower
per worker on the horizontal axis. In both years, this correlation is positive, suggest-
ing that districts with more steam engines per worker also have higher employment
shares in manufacturing. This suggests that low-wage agricultural workers were drawn

33However, this explanation seems less likely for the time period we examine. For example, the status
ofménagère (housekeepers) was only reserved for a small elite even in the wealthy textile district of
Verviers (Alter 1988, 98). Overall, it has been shown that women increased their labor force participation
in 19th-century Belgian districts where female employment opportunities were abundant (Buyst and
Delabastita 2023).

34See Appendix C.3 for details.
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into low-wage manufacturing jobs due to industrialization. Moreover, the compari-
son between 1846 and 1896 shows that the reallocation of workers from agriculture to
manufacturing strengthened between both years. These findings are in line with other
studies showing that agricultural workers could increase their wages by moving into
manufacturing, even though they brought little human capital or experience to the
factory floor (Scholliers 1995, Segers 2003, 339).

7. Did the relative demand for low-wage workers increase?

7.1. Unskilled-biased international trade

In 1846, Belgium’s trade with other regions was limited. However, because of its central
location, international trade increased during the globalization wave of the second half
of the nineteenth century. By 1896, Belgium was a large exporter of a highly diversified
set of goods (Huberman, Meissner, and Oosterlinck 2017). Therefore, trade could be an
alternative demand-side explanation for the observed changes in the wage distribution
if trade were biased in favor of low-wage workers.

To assess the importance of unskilled-biased trade, we collected data on trade vol-
umes to document the industrial composition of the export boom of Degrève (1982).35

We then augment Equation (18) with a district’s growth in exports per worker and re-
estimate it using both instruments simultaneously. Panel B of Figure 8 summarizes
the point estimates: we do not find any relationship between the growth of exports per
worker and the changes in relative wages, with the trade coefficients being insignificant
in all specifications except for the 99th percentile. However, the estimates of β remain
unchanged.

7.2. Unskilled-biased technological change

Our estimates of β could also be consistent with the “de-skilling hypothesis” (Katz and
Margo 2014, 42). According to this view, steam technology is more complementary for
unskilled workers than for skilled workers. Consequently, the demand for unskilled
relative to skilledworkers increases, resulting in a fall of the skill premium.The evidence

35The Belgian trade statistics were published at product level. We coded these products in Standard
International Trade Classification (SITC revision 2) and linked them to the ISIC (revision 2) codes in our
main data, using the concordance table provided by Muendler (2009). See Appendix C.2 for details.
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for the US seems to be largely supportive of this hypothesis: Lafortune, Lewis, and
Tessada (2019) deduce from the Age of Mass Migration that technological change was
biased toward unskilled labor. In addition, Atack, Bateman, and Margo (2004) and
Katz and Margo (2014) provide evidence that is broadly supportive of the deskilling
hypothesis.

However, in a careful review of the literature, Bessen (2012) argues that evidence on
the skill effects ofmechanization inAmerican 19th-centurymanufacturing ismixed. The
evidence for European countries is also mixed. On the one hand, some studies find that
occupational wage differences were stable throughout much of the 19th century (Clark
2007; van Zanden 2009). However, other studies suggest that steamengines increased the
demand for skilledworkers compared to unskilledworkers. In England, the use of steam
engines resulted in higher levels of apprenticeship (Feldman and van der Beek 2016)
and higher returns to experience (De Pleijt, Nuvolari, and Weisdorf 2020). Similarly,
Franck and Galor (2022) have found that the adoption of steam engines increased the
returns to schooling in France during the period 1839-1847.

Unfortunately, we do not have data on workers’ skills.36 But even if we did, cast-
ing a horse race between a decrease in firms’ monopsony power due to skill-neutral
technological progress and the unskilled-biased nature of technological change could
be misguided. To see this, return to the model in Section 2 but now assume that there
exist several skill types indexed by s = 1, ..., S. Firm-level labor supply for each skill type
s = 1, ..., S is then given by:

(19) ln(l sj ) = [ϵ(1 – ϵθw) – ϵθw] ln(w
s
j ) + ln(λ

sL̃s)

with L̃s the total number of job applicants of skill type s. For simplicity, we assume that
skill types have the same preference parameters ϵ and ϵθw. Introducing a different
utility function for skill typewould not qualitatively change the analysis. Further assume
that each firm j = 1, ..., J has the following production function:

(20) q j = ψ j

S∑
s=1
αs ln(l sj )

36We hypothesize that the heterogeneous nature of earlier findings, as discussed above, might at least
partly be ascribed to the difficulty of defining and measuring ‘skill’ or ‘human capital’ in a 19th-century
context. See also Henderson (2024) for a historical appraisal of human capital indicators and their
shortcomings in the context of industrializing England and Wales.
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with αs a skill-specific productivity parameter.
Following the derivation of Equation (12), an equilibrium expression for wages can

be derived for each type of skill. Using these expressions and assuming that there are
only skilled (S) and unskilled workers (U) for simplicity, the relative wage in each firm
j = 1, ..., J is given by:

(21) ln

wSj
wUj

 =
1

(1 + ϵ)(1 – ϵθw)

[
ln

(
αS

αU

)
– ln

(
λSL̃S

λU L̃U

)]
> 0

We assume a positive skill premium because skilled workers are sufficiently productive
and/or because they are sufficiently scarce. Note that the right-hand side of Equation (21)
does not depend on j , implying that the skill premium within each firm is identical.

Importantly, Equation (21) shows that the relative wage of skilled workers can de-
crease following unskilled-biased technological change, captured by a decrease in
αS/αU . Alternatively, the skill premium can decrease because the labor market be-
comes more competitive, captured by a decrease in ϵθw. Therefore, examining changes
in skill premia over time is not necessarily a conclusive test of the unskilled-biased
nature of technological progress. If skill-neutral technological progress increases the
elasticity of firm-level labor supply, the skill premium could fall within each firm and,
therefore, on average in the economy.37

8. Conclusions

This paper showed that accounting for the importance of labor relations results in
a better understanding of technology-induced changes in relative wages. Because it
became increasingly easy for workers to find industrial employment due to growing
labor demand caused by the widespread adoption of steam power, the balance of power
betweenfirms andworkers shifted in favor ofworkers. Consequently, firms’wage-setting
power decreased and labor markets became more competitive. Because steam-based
mechanization was widely adopted and was largely complementary to labor, average

37As before, we assume that each firm takes λS and λU as given when setting wages for skilled and
unskilled workers. If all firms decrease the skill premium, λS/λU will increase, which would further
decrease the skill premium. Moreover, if ϵθw decreases, the comparative statics in Equations (15) and
(16) still hold. For example, if unskilled workers had initially sorted into low-wage firms, the decrease
in the economy-wide average skill premium would be even greater because low-skilled workers will
re-allocate from low-wage to high-wage firms if the elasticity of firm-level labor supply increases.
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real wages grew. Moreover, lower-tail wage inequality decreased because low-wage
workers saw stronger relative wage growth and disproportionately relocated from the
lowest-wage towards higher-wage firms.

Our focus on Belgium’s Second Industrial Revolution was motivated by Belgium’s
historical context. Belgium’s labor markets remained largely unregulated until the early
20th century. Because there was an excess supply of workers to do manufacturing
jobs, the balance of power between firms and workers initially was tilted in favor of
firms. Employment contracts were informal and mainly oral. Labor law, first drafted
under French rule in the beginning of the 19th century, prohibited collective bargaining
over wages or working conditions. At the same time, Belgium was the first country on
the European continent to industrialize, with the widespread adoption of steam-based
power in manufacturing.

The empirical application of our framework was also motivated by unique data
access. The uniqueness of our industrial census data made an analysis of 19th-century
Belgium particularly interesting for two reasons. First, based on wage information on
every manufacturing worker in 1846 and 1896, we observe wages across manufacturing
sectors and geographical districts. Second, we observe the use of steam-based machin-
ery expressed in horsepower, which gives us a unique measure of technology adoption
across detailed sector-district cells. Using these data and an instrumental variables
approach, we found evidence in support of our model’s predictions that technological
progress, in part through its impact on labor relations, resulted in average real wage
growth and less wage inequality.

If labor markets are competitive and technological progress complements labor,
workers’ wages will increase. Another channel through which workers can benefit
from productivity growth is through labor market institutions such as unions, who can
negotiate higher wages. Instead, this paper has argued that wage growth can also stem
from a shift in the balance of toward workers when technological progress increases
labor market tightness. The idea that labor relations change depending on market
conditions was a central question among economists a century ago, but it seems to
have been largely forgotten in recent decades. However, it remains relevant to know
whether recent changes inwage inequality could be explained by changes in the balance
of power between workers and firms driven by labor shortages, or whether wages in
developed countries are higher because technological progress has also created a more
competitive labor market in those countries.
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Appendix A. Amodel

A.1. Equilibrium expressions

From the firm’s maximization problem, we derived Equation (11):

(A1) ln(w j ) = ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
– ln(l j )

and we want to solve for ln(w j ) by substituting out ln(l j ) to get Equation (12).
To get an expression for ln(l j ), first substitute Equation (2) into (4) to get:

(A2) ln(a j ) = ϵ(1 – ϵθw) ln(w j ) + ln(λL)

Next substitute this expression into ln(l j = ln(a j ) – ϵθw ln(w j ):

ln(l j ) = ϵ(1 – ϵθw) ln(w j ) + ln(λL) – ϵθw ln(w j )

ln(l j ) = [ϵ(1 – ϵθw) – ϵθw] ln(w j ) + ln(λL)(A3)

which is Equation (5). Substitute Equation (5) into (11):

ln(w j ) = ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
– ln(l j )

ln(w j ) = ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
– [ϵ(1 – ϵθw) – ϵθw] ln(w j ) – ln(λL)(A4)

Rearranging terms gives Equation (12):

(A5) ln(w j ) =
1

(1 + ϵ)(1 – ϵθw)
ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
︸ ︷︷ ︸

≡A

–
1

(1 + ϵ)(1 – ϵθw)
ln(λL)

Finally, substituting Equation (12) into (11) gives Equation (13):

ln(l j ) = ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
– ln(w j )

ln(l j ) =
ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

ln
(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)
︸ ︷︷ ︸

≡B

+
1

(1 + ϵ)(1 – ϵθw)
ln(λL)(A6)
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A.2. Comparative statics

Deriving term A in Equation (12) w.r.t. a decrease in ϵθw gives:

–
∂A
∂ϵθw

=
1

(1 + ϵ)(1 – ϵθw)2

[
1

ϵ – (1 + ϵ)ϵθw
– ln

(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)]
(A7)

which is decreasing in ψ j such that wage growth is higher in low-wage firms.
Deriving term B in Equation (13) w.r.t. a decrease in ϵθw gives:

–
∂B
∂ϵθw

=
1

(1 + ϵ)(1 – ϵθw)2

[
1 + ln

(
ψ j

ϵ – (1 + ϵ)ϵθw
(1 + ϵ)(1 – ϵθw)

)]
(A8)

which is increasing in ψ j such that workers relocate from low-wage to high-wage firms.
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Appendix B. Historical context
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FIGURE B1. Presence of coal mine employment in Belgium, community level, 1896

Source: Industrial Census of 1896
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FIGURE B2. Share of industrial employment in rural industries in Belgium, community level, 1896

Source: Industrial Census of 1896
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Appendix C. Data

C.1. The coverage of employment in the industrial census of 1896

As illustrated in Table C1, the organizers of the IC1896 differentiated between employ-
ment and wage counts. The former allow us to investigate the coverage of the employ-
ment figures, as taken from the wage books. In Figure C1, we compare aggregated
employment figures from volumes I and II (bothmanual employment and total employ-
ment), and from volumes IX to XIV (employment from aggregating all wage earner
counts). This comparison reveals that the latter are a satisfactory approximation of total
manual employment, as a large majority of manual workers are included in the wage
sample.

Our wage sample does, however, appear to underestimate total employment, which
includes non-manual employment. This problem is confined to a selection of sectors,
with clothing and other handcraft industries being the most underrepresented in the
wage sample. The reason for this can be found in the exclusion of domestic industries,
which were especially prominent in these types of economic activity: domestic, and typ-
ically female, workers were characterized as non-manual workers in the IC1896. Given
that this paper is exclusively aimed at factory-based production, this undersampling
is of little concern. Furthermore, the IC1846 also omitted domestic labor, making this
restriction to factory labor necessary.
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TABLE C1. Coverage of the respective variables in the industrial censuses of 1846 and 1896

Source Employment Horsepower Wages

IC1846 District/urban District/urban District/urban
9 wage categories

IC1896 vol. I-II Community Community é

vol. IX-XIV District/urban (size) é District/urban (size)
Firm & occupation
13 wage categories

Notes: ‘District/urban’ means that the variable is available at the district (arrondissement)
level, with a distinction being made for urban and rural observations. ‘District/urban (size)’
observations allow us to differentiate between communities of seven different demographic
sizes. The wage data of IC1896 are also available at the occupation and firm level, albeit
anonymized.
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FIGURE C1. Employment per sector in 1896 according to different volumes

Notes: Employment from the wage books is based on volumes IX to XIV of the IC1896. Employ-
ment figures from themanual employment and total employment books are both adapted from
volumes I and II of the same census.

Source: Authors’ database (see text). Volumes I and II were digitized by the Quetelet Center for
Quantitative Historical Research of Ghent University.
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C.2. Comparing the Industrial Censuses (IC) of 1846 and 1896

Aside from the requirement to be exclusively aimed at the consumer market, the object
of the 1896 census was fairly similar to the one in 1846. As a consequence, both surveys
are regarded to be reasonably comparable (De Brabander 1984, 75; Scholliers 1991).
However, some challenges limiting the comparability between both surveys had to be
addressed.

First, the IC’s sectoral classification system changes fundamentally throughout dif-
ferent iterations of the census. To alleviate this, we linked the 1846 and 1896 industry
classifications to their corresponding four-digits codes (groups) in the International
Standard Industrial Classification of All Economic Activities (ISIC revision 2). These ISIC
codes were then used to aggregate the respective industries into 19 consistent groups,
as displayed in Table C2.

TABLE C2. Industries and their respective ISIC Rev.2 major groups

Nr. Industry ISIC Rev.2
Major group

1 Coal Mining 210
2 Other Mining 230, 290
3 Food & Drinks 311-313
4 Tobacco 314
5 Textiles 321
6 Clothing 322
7 Leather & Footwear 323, 324
8 Wood & Furniture 331, 332
9 Paper & Publishing 341, 342
10 Chemicals 220, 351-356
11 Mineral Products 361, 369
12 Glass 362
13 Iron & Steel 371
14 Non-Ferrous Metal 372
15 Metal Products 381
16 Machinery 382, 383
17 Transport Equipment 384
18 Instruments & Jewelry 385, 390
19 Construction 500
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Second, both surveys present the wage data in grouped form, albeit in a changing
number of wage categories (9 in 1846, 13 in 1896). As explained in the main text, we fit
these categorical wage data to obtain a continuous measure of inequality. To further
facilitate comparison between both sources, we use Segers’s CPI (2003, 622) to calculate
wages into 1910 Belgian Francs (BEF).

A final caveat relates to the changing nature of daily wages. In contrast to the 1896
IC, the 1846 survey does not present us with working time, but calculates daily wages
based on a theoretical working day of about 10 to 12 hours. Given that average working
days were presumably longer, daily wages are likely to have been underestimated
(Statistique de la Belgique 1846, XIX). However, we do not think that this drives the
observed compression in lower-tail wage inequality because we expect that, if anything,
the underestimation of working hours in 1846 is more severe for low-wage workers.

C.3. Agricultural employment

We obtain agricultural employment at district level in 1846 and 1896 from community-
level employment counts in the agricultural censuses (AC) of 1846 and 1895 respec-
tively.38 TheAC of 1895 presents a comprehensive data variable on the entire agricultural
population. For 1846, the AC distinguishes between agricultural staff, family members
and the numbers of days work performed by casual labor. We follow Goossens (1993,
238-239) in defining agricultural employment as the sum of the former two categories,
agricultural workers and their family. Casual labor was not included as most Belgian ca-
sual laborers were either owners of a small plot of land themselves or already included
in the category of family members. The census takers were supposed to double count
these workers in the category of casual labor.

38These data at the community level have been digitized by the Quetelet Center for Quantitative Historical
Research of Ghent University, and we thank them for access to this source.
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C.4. Provinces and districts in 19th-century Belgium

FIGURE C2. Belgiumwith 1890 borders

A. Provinces

B. Districts

Sources: Authors’ rendition. We thank Quetelet Center for Quantitative Historical Research of
Ghent University for access to their GIS files.
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Appendix D. Wages

56



D.1. Data sheets in the Industrial Censuses

FIGURE D3. Wages and employment in the Industrial Census of 1846

Sources: Statistique de la Belgique (1846), pages 2-3
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FIGURE D4. Wages and employment in the Industrial Census of 1896

Sources: Office du Travail (1896), volume XII, pages 2-3
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D.2. Maximum likelihood estimates

If there are ni observations in a wage interval [wli ,w
h
i ], we can write the following log

likelihood function:
L(θ|w) =

∑
i

nil og(Fθ(w
h
i ) – Fθ(w

l
i )).

with Fθ(·) an assumed parametric function of a probability distribution with parameters
θ. Maximizing the log likelihood function gives θ̂, which allows us to impute percentiles
and inequality measures.

Figure D5 presents the published interval-censored data alongside the fitted Dagum
wagedistributions for the entiremale factory population inboth 1846 and 1896. FigureD5
further illustrates the similarity of ML estimates for the Dagum, Singh-Maddala and
GB2 distributions.
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FIGURE D5. Distribution of male daily wages in 1846 and 1896

A. 1846

B. 1896
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FIGURE D6. Different parametric forms for male daily wages in 1846 and 1896

A. 1846

B. 1896
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Appendix E. Overview of sample sizes

TABLEE1. Overviewof sample sizes across differentmodels inmain text and appendix

Model Sample selection Number of observations (N)

a) Main text

Figure 6(A) and Table F1 Base sample in logs 320 (industry-district)
Figure 6(B) and Table F2 Base sample in logs 320 (industry-district)
Figure 8(A) and Table G3 Base sample in log-differences 160 (industry-district)
Figure 8(B) and Table G4 Export/capita available 156 (industry-district)

b) Appendix (robustness)

Figure F1(A) and Table F3 MLE available 150 (industry-province)
Figure F1(B) and Table F4 Full sample in levels 1212 (industry-district)
Figure F1(C) and Table F5 Base sample in logs 320 (industry-district)
Figure F1(D) and Table F6 MLE available 150 (industry-province)
Figure F1(E) and Table F7 Full sample in levels 1212 (industry-district)
Figure 8(A) and Table G5 Base sample in log-differences 160 (industry-district)
Figure 8(B) and Table G6 Export/capita available 156 (industry-district)
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Appendix F. TWFE estimates

In this section, we provide more information on our Instrumental Variables (IV) ap-
proach as well as alternative specifications. This section is structured as following:
• Section F.1 presents the estimates of σ and β under alternative specifications.
• Section F.2 presents the tables underlying the IV estimates of the main text as well
as the alternative specifications.

Weprovide several alternative specifications to assess the robustness of our findings that
19th-century steam technology affected wage inequality negatively. First, we replace the
dependent variable in Equation (17) from our ‘naive’ midpoint-based appraisals of the
respective percentiles by themaximum likelihood estimates (MLE) thereof, as discussed
in Section 4.3. This exercise is performed at the industry-province level, rather than
at the industry-district level. Figure F1(A) and Figure F1(B) show the robustness of our
results, without and with a control for trade intensity per worker respectively.

Second, we also present the estimation of Equation (17) in levels, rather than in
logs. This is to ensure that we do not impose sample bias by selecting only non-zero
observations. This is important, as our horsepower per capita in 1846 contains many
zeros, given the limited state of mechanization in 1846 as well as the high level of
disaggregation of our data at the industry-district level. Figure F1(C) shows how the key
stylized fact of decreasing wage inequality, and the relationship with the horsepower
variable remains intact. A difference is, however, that the reduction in wage inequality
in levels is mostly driven by comparatively slower wage growth at the higher ends of
the wage distribution compared to the median.

Next, we assess whether our results also hold for the wider population of adult
workers. We do so using both our ‘naive’ midpoint-based and MLE-based estimates of
percentiles of the adult wage distribution. The estimates β̂ and γ̂ for both approaches
can be seen in Figure F1(C) and Figure F1(D) respectively. In Figure F1(E), we again
estimate Equation (17) in levels (without log transformation) and find a pattern similar
to when analyzing the male-workers sample in Figure F1(C).
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F.1. Alternative specifications

FIGURE F1. Estimates of γ and β (robustness)

A. Male workers (MLE), industry-province level

Notes: The regressions are weighted using the employment shares. Block-

bootstrapped at the industry-province level (panel A). More details can be found in

Table F3 (panel A).
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Estimates of γ and β (robustness) - continued

B. Male workers, no logs, industry-district level

C. Adult workers, industry-district level

Notes: The regressions are weighted using the employment shares. Clustered stan-

dard errors at the district level (panel A and B). More details can be found in Table F4

(panel A) and Table F5 (panel B) in Appendix F.2.
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Estimates of γ and β (robustness) - continued

D. Adult workers (MLE), industry-province level

E. Adult workers, no logs, industry-province level

Notes: The regressions are weighted using the employment shares. Block-

bootstrapped at the industry-province level (panel A). Clustered standard errors

at the district level (panel B). More details can be found in Table F6 (panel A) and

Table F7 (panel B) in Appendix F.2.
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F.2. Tables of main and alternative specifications

TABLE F1. TWFE (levels), male workers

Independent variables

Percentile Variable Coef. SE R2 N

1 ln(Horsepower per capita) 0.254 (0.053) 0.827 320
I(year=1896) 0.702 (0.154)
Constant -0.057 (0.149)

5 ln(Horsepower per capita) 0.217 (0.031) 0.810 320
I(year=1896) 0.646 (0.086)
Constant 0.228 (0.070)

10 ln(Horsepower per capita) 0.142 (0.045) 0.836 320
I(year=1896) 0.756 (0.078)
Constant 0.210 (0.092)

25 ln(Horsepower per capita) 0.109 (0.027) 0.875 320
I(year=1896) 0.615 (0.058)
Constant 0.536 (0.064)

50 ln(Horsepower per capita) 0.086 (0.035) 0.900 320
I(year=1896) 0.579 (0.072)
Constant 0.749 (0.084)

75 ln(Horsepower per capita) 0.071 (0.021) 0.925 320
I(year=1896) 0.539 (0.046)
Constant 0.980 (0.052)

90 ln(Horsepower per capita) 0.060 (0.011) 0.924 320
I(year=1896) 0.510 (0.027)
Constant 1.153 (0.028)

95 ln(Horsepower per capita) 0.046 (0.010) 0.907 320
I(year=1896) 0.530 (0.022)
Constant 1.222 (0.023)

99 ln(Horsepower per capita) 0.049 (0.010) 0.879 320
I(year=1896) 0.452 (0.020)
Constant 1.496 (0.020)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Percentile’ column

indicates the dependent variable, the respective percentiles.
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TABLE F2. TWFE (relative), male workers

Independent variables

Percentile Variable Coef. SE R2 N

1 ln(Horsepower per capita) 0.168 (0.034) 0.581 320
I(year=1896) 0.123 (0.114)
Constant -0.806 (0.101)

5 ln(Horsepower per capita) 0.132 (0.035) 0.429 320
I(year=1896) 0.067 (0.085)
Constant -0.521 (0.078)

10 ln(Horsepower per capita) 0.057 (0.040) 0.533 320
I(year=1896) 0.177 (0.085)
Constant -0.539 (0.090)

25 ln(Horsepower per capita) 0.024 (0.026) 0.231 320
I(year=1896) 0.036 (0.055)
Constant -0.212 (0.061)

75 ln(Horsepower per capita) -0.015 (0.023) 0.585 320
I(year=1896) -0.040 (0.042)
Constant 0.231 (0.050)

90 ln(Horsepower per capita) -0.026 (0.028) 0.623 320
I(year=1896) -0.068 (0.054)
Constant 0.404 (0.065)

95 ln(Horsepower per capita) -0.040 (0.039) 0.575 320
I(year=1896) -0.049 (0.084)
Constant 0.473 (0.096)

99 ln(Horsepower per capita) -0.037 (0.037) 0.638 320
I(year=1896) -0.127 (0.080)
Constant 0.747 (0.091)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Percentile’ column

indicates the dependent variable, which compares the respective percentiles to the median

( p50).
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TABLE F3. TWFE (relative), male workers (MLE)

Independent variables

Percentile Variable Coef. SE R2 N

1 ln(Horsepower per capita) 0.266 (0.185) 0.713 150
I(year=1896) 0.093 (0.341)
Constant -1.151 (0.458)

5 ln(Horsepower per capita) 0.149 (0.115) 0.702 150
I(year=1896) 0.077 (0.218)
Constant -0.785 (0.294)

10 ln(Horsepower per capita) 0.096 (0.085) 0.683 150
I(year=1896) 0.069 (0.170)
Constant -0.620 (0.232)

25 ln(Horsepower per capita) 0.019 (0.052) 0.545 150
I(year=1896) 0.058 (0.124)
Constant -0.377 (0.180)

75 ln(Horsepower per capita) -0.078 (0.050) 0.717 150
I(year=1896) -0.011 (0.092)
Constant 0.243 (0.125)

90 ln(Horsepower per capita) -0.155 (0.099) 0.717 150
I(year=1896) -0.022 (0.183)
Constant 0.487 (0.250)

95 ln(Horsepower per capita) -0.208 (0.133) 0.717 150
I(year=1896) -0.029 (0.245)
Constant 0.652 (0.335)

99 ln(Horsepower per capita) -0.325 (0.207) 0.717 150
I(year=1896) -0.046 (0.383)
Constant 1.018 (0.524)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Percentile’ column

indicates the dependent variable, which compares the respective percentiles to the median

( p50).
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TABLE F4. TWFE (relative), male workers, no logs

Independent variables

Percentile Variable Coef. SE R2 N

1 Horsepower per capita 0.004 (0.023) 0.532 1212
I(year=1896) 0.143 (0.030)
Constant 0.334 (0.013)

5 Horsepower per capita -0.011 (0.051) 0.411 1212
I(year=1896) 0.126 (0.035)
Constant 0.471 (0.019)

10 Horsepower per capita 0.013 (0.039) 0.545 1212
I(year=1896) 0.120 (0.021)
Constant 0.545 (0.014)

25 Horsepower per capita 0.007 (0.043) 0.195 1212
I(year=1896) 0.041 (0.024)
Constant 0.780 (0.013)

75 Horsepower per capita -0.019 (0.062) 0.635 1212
I(year=1896) -0.098 (0.023)
Constant 1.352 (0.025)

90 Horsepower per capita -0.085 (0.047) 0.628 1212
I(year=1896) -0.168 (0.036)
Constant 1.672 (0.023)

95 Horsepower per capita -0.161 (0.081) 0.600 1212
I(year=1896) -0.162 (0.051)
Constant 1.858 (0.034)

99 Horsepower per capita -0.327 (0.097) 0.629 1212
I(year=1896) -0.282 (0.065)
Constant 2.434 (0.046)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Percentile’ column

indicates the dependent variable, which compares the respective percentiles to the median

( p50).
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TABLE F5. TWFE (relative), adult workers

Independent variables

Percentile Variable Coef. SE R2 N

1 ln(Horsepower per capita) 0.097 (0.041) 0.522 320
I(year=1896) 0.221 (0.126)
Constant -0.969 (0.125)

5 ln(Horsepower per capita) 0.120 (0.032) 0.468 320
I(year=1896) 0.098 (0.122)
Constant -0.621 (0.105)

10 ln(Horsepower per capita) 0.099 (0.035) 0.471 320
I(year=1896) 0.090 (0.090)
Constant -0.482 (0.091)

25 ln(Horsepower per capita) 0.030 (0.038) 0.364 320
I(year=1896) 0.057 (0.074)
Constant -0.280 (0.100)

75 ln(Horsepower per capita) -0.061 (0.020) 0.565 320
I(year=1896) 0.040 (0.041)
Constant 0.116 (0.052)

90 ln(Horsepower per capita) -0.051 (0.021) 0.687 320
I(year=1896) -0.029 (0.034)
Constant 0.383 (0.050)

95 ln(Horsepower per capita) -0.046 (0.028) 0.695 320
I(year=1896) -0.043 (0.059)
Constant 0.497 (0.076)

99 ln(Horsepower per capita) -0.063 (0.024) 0.757 320
I(year=1896) -0.080 (0.053)
Constant 0.739 (0.065)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Percentile’ column

indicates the dependent variable, which compares the respective percentiles to the median

( p50).
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TABLE F6. TWFE (relative), adult workers (MLE)

Independent variables

Percentile Variable Coef. SE R2 N

1 ln(Horsepower per capita) 0.339 (0.287) 0.717 150
I(year=1896) 0.119 (0.490)
Constant -1.289 (0.669)

5 ln(Horsepower per capita) 0.179 (0.147) 0.748 150
I(year=1896) 0.099 (0.248)
Constant -0.881 (0.341)

10 ln(Horsepower per capita) 0.106 (0.087) 0.773 150
I(year=1896) 0.090 (0.150)
Constant -0.697 (0.207)

25 ln(Horsepower per capita) -0.000 (0.046) 0.467 150
I(year=1896) 0.076 (0.107)
Constant -0.425 (0.148)

75 ln(Horsepower per capita) -0.107 (0.095) 0.670 150
I(year=1896) -0.013 (0.167)
Constant 0.271 (0.227)

90 ln(Horsepower per capita) -0.213 (0.191) 0.670 150
I(year=1896) -0.027 (0.333)
Constant 0.543 (0.455)

95 ln(Horsepower per capita) -0.286 (0.256) 0.670 150
I(year=1896) -0.036 (0.447)
Constant 0.728 (0.610)

99 ln(Horsepower per capita) -0.446 (0.399) 0.670 150
I(year=1896) -0.056 (0.697)
Constant 1.136 (0.952)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Percentile’ column

indicates the dependent variable, which compares the respective percentiles to the median

( p50).
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TABLE F7. TWFE (relative), adult workers, no logs

Independent variables

Percentile Variable Coef. SE R2 N

1 Horsepower per capita 0.003 (0.041) 0.599 1212
I(year=1896) 0.130 (0.022)
Constant 0.336 (0.014)

5 Horsepower per capita -0.059 (0.044) 0.494 1212
I(year=1896) 0.139 (0.024)
Constant 0.445 (0.016)

10 Horsepower per capita 0.009 (0.035) 0.476 1212
I(year=1896) 0.102 (0.025)
Constant 0.523 (0.015)

25 Horsepower per capita 0.000 (0.037) 0.277 1212
I(year=1896) 0.052 (0.022)
Constant 0.740 (0.010)

75 Horsepower per capita 0.014 (0.043) 0.543 1212
I(year=1896) -0.114 (0.042)
Constant 1.369 (0.019)

90 Horsepower per capita -0.023 (0.072) 0.574 1212
I(year=1896) -0.209 (0.057)
Constant 1.767 (0.022)

95 Horsepower per capita -0.068 (0.095) 0.577 1212
I(year=1896) -0.231 (0.081)
Constant 1.975 (0.025)

99 Horsepower per capita -0.260 (0.127) 0.668 1212
I(year=1896) -0.348 (0.095)
Constant 2.643 (0.047)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Percentile’ column

indicates the dependent variable, which compares the respective percentiles to the median

( p50).
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Appendix G. IV estimates

In this section, we provide more information on our Instrumental Variables (IV) ap-
proach as well as alternative specifications. This section is structured as following:
• Section G.1 presents more background information and the details behind the first-
stage estimates.

• Section G.2 presents the estimates of β under alternative specifications.
• Section G.3 presents the tables underlying the IV estimates of the main text as well
as the alternative specifications.

G.1. Instruments and first-stage estimates

FIGURE G1. Hydropower potential and watermills in 1846

Notes: Hydropower potential is calculated as the number of potential hydropower locations

per km2 within a district.
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TABLE G1. First-stage of 2SLS procedure in Figure 8, male workers

IV approach Variable Coef. SE R2 F-stat N

1) Coal Coal presence -0.019 (0.002) 0.276 90.625 160
Constant 2.238 (0.084)

2) Hydro Hydro potential -8.934 (1.178) 0.172 57.517 160
Constant 2.803 (0.197)

3) Vector Coal presence -0.015 (0.002) 0.284 98.820 160
Hydro potential -2.982 (1.114)
Constant 2.531 (0.130)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level.

TABLE G2. First-stage of 2SLS procedure in Figure G2, adult workers

IV approach Variable Coef. SE R2 F-stat N

1) Coal Coal presence -0.019 (0.002) 0.276 90.625 160
Constant 2.238 (0.084)

2) Hydro Hydro potential -8.934 (1.178) 0.172 57.517 160
Constant 2.803 (0.197)

3) Vector Coal presence -0.015 (0.002) 0.284 98.820 160
Hydro potential -2.982 (1.114)
Constant 2.531 (0.130)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level.
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G.2. Alternative specifications

FIGURE G2. IV estimates of β, adult workers

A. Using Equation (18)

B. Augmenting Equation (18) with exports per worker

Notes: The regressions are weighted using the employment shares. Clustered standard errors

at the district level. More details can be found in Table G5 (panel A) and Table G6 (panel B) in

Appendix G.3. The first-stage estimates can be found in Table G2 in Appendix G.1.
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G.3. Tables of main and alternative specifications

TABLE G3. IV, male workers

Independent var.

HP/cap. Hansen test

IV Percentile Coef. SE N F-stat J (p)

a) Coal presence 1 0.410 (0.074) 160 90.625
5 0.394 (0.075)
10 0.220 (0.085)
25 0.104 (0.037)
75 -0.027 (0.045)
90 -0.021 (0.039)
95 -0.079 (0.057)
99 -0.069 (0.054)

b) Hydro potential 1 0.352 (0.066) 160 57.517
5 0.429 (0.109)
10 0.412 (0.135)
25 0.119 (0.057)
75 -0.079 (0.077)
90 -0.048 (0.071)
95 -0.087 (0.096)
99 -0.051 (0.082)

c) Vector 1 0.398 (0.069) 160 98.820 0.839 (p= 0.360)
5 0.401 (0.077) 0.191 (p= 0.662)
10 0.258 (0.096) 3.843 (p= 0.050)
25 0.107 (0.039) 0.142 (p= 0.706)
75 -0.037 (0.047) 0.977 (p= 0.323)
90 -0.026 (0.042) 0.364 (p= 0.546)
95 -0.080 (0.062) 0.018 (p= 0.893)
99 -0.065 (0.057) 0.098 (p= 0.754)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Vector’ instrumen-

tal variable includes both coal presence and hydro potential as instruments. The ‘Percentile’

column indicates the dependent variable, which compares the respective percentiles to the

median ( p50).
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TABLE G4. IV, male workers, augmented with trade

Independent var.

HP/cap. Export/cap. Hansen test

IV Percentile Coef. SE Coef. SE N F-stat J (p)

a) Coal presence 1 0.449 (0.099) -0.027 (0.054) 156 58.637
5 0.410 (0.091) -0.066 (0.060)
10 0.255 (0.074) -0.089 (0.034)
25 0.117 (0.046) -0.027 (0.013)
75 -0.043 (0.044) -0.004 (0.021)
90 -0.030 (0.042) -0.034 (0.025)
95 -0.103 (0.057) -0.019 (0.025)
99 -0.093 (0.059) -0.044 (0.021)

b) Hydro potential 1 0.350 (0.065) -0.005 (0.041) 156 62.008
5 0.417 (0.101) -0.068 (0.062)
10 0.409 (0.108) -0.123 (0.053)
25 0.138 (0.071) -0.032 (0.016)
75 -0.085 (0.075) 0.005 (0.027)
90 -0.056 (0.074) -0.028 (0.026)
95 -0.097 (0.095) -0.020 (0.028)
99 -0.057 (0.080) -0.052 (0.022)

c) Vector 1 0.424 (0.087) -0.022 (0.050) 156 68.353 1.633 (p= 0.201)
5 0.412 (0.087) -0.067 (0.060) 0.006 (p= 0.938)
10 0.294 (0.082) -0.098 (0.038) 3.547 (p= 0.060)
25 0.122 (0.051) -0.028 (0.013) 0.192 (p= 0.662)
75 -0.054 (0.046) -0.002 (0.022) 0.609 (p= 0.435)
90 -0.036 (0.045) -0.032 (0.024) 0.264 (p= 0.608)
95 -0.102 (0.063) -0.019 (0.025) 0.010 (p= 0.919)
99 -0.084 (0.061) -0.046 (0.021) 0.355 (p= 0.552)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Vector’ instrumen-

tal variable includes both coal presence and hydro potential as instruments. The ‘Percentile’

column indicates the dependent variable, which compares the respective percentiles to the

median ( p50).
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TABLE G5. IV, adult workers

Independent var. Hansen test

IV Percentile Coef. SE N F-stat J (p)

a) Coal presence 1 0.440 (0.107) 160 40.093
5 0.472 (0.138)
10 0.358 (0.101)
25 0.049 (0.054)
75 -0.116 (0.046)
90 -0.073 (0.043)
95 -0.085 (0.058)
99 -0.094 (0.057)

b) Hydro potential 1 0.400 (0.134) 160 28.242
5 0.415 (0.215)
10 0.539 (0.183)
25 0.111 (0.063)
75 -0.102 (0.052)
90 -0.077 (0.046)
95 -0.087 (0.083)
99 -0.108 (0.079)

c) Vector 1 0.431 (0.105) 160 32.235 0.163 (p= 0.686)
5 0.459 (0.150) 0.162 (p= 0.687)
10 0.398 (0.117) 2.280 (p= 0.131)
25 0.063 (0.054) 0.972 (p= 0.324)
75 -0.113 (0.045) 0.128 (p= 0.720)
90 -0.074 (0.041) 0.014 (p= 0.906)
95 -0.085 (0.060) 0.001 (p= 0.976)
99 -0.097 (0.058) 0.060 (p= 0.807)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Vector’ instrumen-

tal variable includes both coal presence and hydro potential as instruments. The ‘Percentile’

column indicates the dependent variable, which compares the respective percentiles to the

median ( p50).
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TABLE G6. IV, adult workers, augmented with trade

Independent var. Hansen test

IV Percentile Coef. SE N F-stat J (p)

a) Coal presence 1 0.482 (0.150) 156 26.018
5 0.490 (0.167)
10 0.396 (0.106)
25 0.054 (0.060)
75 -0.137 (0.038)
90 -0.088 (0.041)
95 -0.110 (0.054)
99 -0.119 (0.049)

b) Hydro potential 1 0.401 (0.141) 156 28.177
5 0.398 (0.211)
10 0.531 (0.161)
25 0.127 (0.072)
75 -0.105 (0.047)
90 -0.087 (0.046)
95 -0.096 (0.081)
99 -0.116 (0.076)

c) Vector 1 0.460 (0.136) 156 22.564 0.456 (p= 0.500)
5 0.465 (0.173) 0.395 (p= 0.530)
10 0.433 (0.117) 1.552 (p= 0.213)
25 0.075 (0.061) 1.119 (p= 0.290)
75 -0.128 (0.039) 0.806 (p= 0.369)
90 -0.088 (0.039) 0.001 (p= 0.973)
95 -0.106 (0.059) 0.067 (p= 0.796)
99 -0.119 (0.053) 0.003 (p= 0.954)

Notes: The regressions are weighted according the district share in employment over both

periods. Clustered standard errors (in parentheses) at the district level. The ‘Vector’ instrumen-

tal variable includes both coal presence and hydro potential as instruments. The ‘Percentile’

column indicates the dependent variable, which compares the respective percentiles to the

median ( p50).
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