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Abstract

This paper argues that there is a negative and sustained impact of exposure to
natural resources on productivity, education and industry specialization in the
long-run. I first develop a highly stylized model of innovation and industry spe-
cialization where the availability of natural resources influences sectoral composi-
tion. This model predicts that an exogenous increase in the availability of natural
resources is likely to induce over-specialization in the resource-intensive industry
which leads to an inefficiently low level of education, and, in turn, to an ineffi-
ciently low level of productivity. I then leverage a French dataset spanning the
whole XXth century to document a negative and sustained effect of exposure
to coalfields on both patenting quantity and patenting quality. Meanwhile, coal
extraction also exerted adverse impacts on upper-tail education as well as on in-
dustry specialization. I conclude the paper by outlining the main mechanisms
which explain the persistence of this negative impact over time: I notably argue
that specialization in the coal industry triggered negative feedback loops featur-
ing technological and cultural lock-in effects.
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1 Introduction

Coal extraction started in the beginning of the XVIIIth century in France as the first
concession was granted in 1717 in the city of Anzin in the Nord department. This
authorization paved the way for almost three centuries of coal extraction which made
of France one of the most important coal exporters in Europe. By the end of the XIXth
century, roughly 1,090 coalfields were actively run throughout the French territory
and largely contributed to the industrialization process as well as to economic growth.
Nord and Pas de Calais, which were the departments with the highest coal produc-
tion throughout the first half of the XXth century, ranked respectively 3" and 8"
in terms of wealth creation between 1922 and 1939, suggesting that coal contributed
substantially to industry capacity, at least in the beginning of the XXth century. This
successful story however came to a halt in the middle of the XXth century, as the
Jeanneney plan paved the way for the dismantling of the French coal industry. From
then on, former coal basins have witnessed severe economic flaws: to mention but a
few of them, unemployment in 2023 was much larger in the Nord department (9.5%)
and in the Pas de Calais department (8.5%) compared to the national average (7.3%);
similarly, a larger batch of the population was eligible to RSA in Nord (8.8%) and in
Pas de Calais (8.1%) compared to the national average (5.8%).

In that respect, coal extraction pertains to ambiguous impacts on economic outcomes
at the local level. On the one hand, coal resources are sometimes thought to be a key
ingredient of economic development, at least since the pioneer analysis by Pomeranz
(2014), who argues that living standards in Europe and in the most populated areas of
China were not significantly different at the end of the XVIIIth century. In his opinion,
the dramatic increase in European prosperity compared to Chinese levels started in
the XIXth century, as European countries cashed in on their abundant coal resource
to trigger the industrial revolution. On the other hand, natural resources may also
induce adverse impacts on economic, social and human development. Among others,
Marx (1867) was one of the first and most vivid opponents to the extractive industry
which, to his mind, epitomized the exploitation of workers by capitalists. Over the
past decades, a blooming literature has rekindled the interest regarding the effect of
natural resources on long-run prosperity: to mention but a few of them, Sachs and
Warner (1995) showed that economies with abundant natural resources tend to grow
less rapidly than natural-resource-scarce economies; from a theoretical standpoint,
Corden and Neary (1982) developed a model in which a boom in the natural resource
industry may squeeze profitability in other traded good sectors. More recent work
have focused on the negative long-run impact of coal on prosperity (Franck and Galor
(2021), Esposito and Abramson (2021)) or on individual trajectories (Rud et al. (2024),
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Allcott and Keniston (2017)).

Yet, in spite of the rising interest related to the effects of coal extraction in the long
run, little attention has been paid to the impact of natural resources endowment on
innovation. An understanding of the effect of resource endowment on innovation
seems nevertheless crucial in light of Figure 1 which illustrates the long-lasting gap
between patenting rates in Nord, a department which, as said earlier, was heavily
involved in coal extraction compared to Isere, a department that barely mined any
coal. While coal extraction is said to have lent a substantial support to early indus-
trialization which, in turn, is often associated with innovation activities, there is no
clear evidence that patenting activity rose quicker in departments abundantly en-
dowed with coal resources; on the contrary, it looks like Nord (pictured in yellow),
performed poorly with respects to Isere (pictured in navy blue). This finding holds
irrespectively of whether I consider total patenting activity (Panel (a)), or patenting
activity per capita (Panel (b)).

FIGURE 1: Patenting activity in Nord and in Isere, 1907 - 2007

(a) Total patenting activity (b) Patenting activity per capita
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Notes: Figure (a) plots the yearly total number of patents in Nord and in Isére from 1907 to 2007. Figure (b) plots the number
of patents per 100,000 inhabitants in Nord and in Isere. Source: Bergeaud and Verluise (2024)

In order to assess the effect of natural resource on patenting activity, I first elaborate
a highly-stylized innovation and industry-specialization model, whereby firms chose
to work either in a resource-intensive industry using natural resources as an input or
in a knowledge-intensive industry in which investments in knowledge are required.
This model yields valuable predictions regarding the influence of natural resources
availability on productivity, education and industry specialization. I then test these
predictions using a newly assembled dataset spanning French departments through-
out the XXth century. This dataset combines information on the number, the quality
and the specialization of patents, as well as on the location of historical coalfields,
population, geographical aspects and biological features either at the department or
at the city level. To evaluate the incidence of coal on patenting activity, I complement
OLS regressions with an IV strategy which, as is often done in this literature, exploits



the random heterogeneity in soil surfaces to instrument for the location of coalfields.

Overall, and consistently with the theoretical argument summarized in Section 2, my
tindings indicate that coal had a negative and lasting impact on French patenting
activity at the local level. This effect was magnified for breakthrough inventions in
the sense of Kelly et al. (2021), meaning that coal not only affected the quantity but
also the quality of inventions. Said differently, coal reduced the ability of departments
to invest in new technologies such as planes, computing sciences, communication or
biotechnology. In terms of magnitude, my estimates suggest that a one standard
deviation increase in coal exposure translated in a sustained reduction of innovation
ranging between -17% and -28% for total patenting activity, and between 20% to 40 %
for high-quality patenting activity. By contrast, inventions related to heavy industry
sectors were almost unaffected by coal extraction. I further show that this negative
impact reached other key economic parameters, including upper-tail education as
well as industry specialization. I finally provide evidence that the persistence of such
effects over time is accounted for by various mechanisms including path dependence,
technological myopia induced by coal and a negative human capital feedback loop,
whereby within-family transmission and brain drain patterns jointly slowed down the

pace of human capital accumulation in coal basins.

Related literature My paper thus contributes to the literature by examining the ef-
fect of abundant resources on a wide set of economic outcomes, with a specific focus
on innovation. The understanding of the effect of natural resource on economic out-
comes has garnered a rising interest over time. The first contributions in that respect
were that of Corden and Neary (1982) who developed a theoretical argument whereby
a boom in a tradable sector, such as the natural resource industry, might squeeze pro-
ductivity in other tradable sectors. On the empirical side, Sachs and Warner (1995)
showed that countries endowed with natural resources tend to have slower growth
rates compared to countries where natural resources are scarce. More recently, Es-
posito and Abramson (2021) found an adverse impact of coal on prosperity in the
long run. Similarly, Franck and Galor (2021) provide evidence that early industrial-
ization negatively affected economic development in the long run. To explain these
findings, both papers insist on similar though slightly different mechanisms: while
Esposito and Abramson (2021) investigate the education channel, Franck and Galor
(2021) bring forward the concept of a dual technological and cultural lock-in, meaning
that departments which experienced early industrialization were stuck in low-value
added industries and were therefore reluctant to embrace economic progress. My

paper contributes to this literature in a threefold way. First, I specifically focus on



patenting activity, both from a quantitative and a qualitative point of view, leveraging
the richness as well as the granularity of the Bergeaud and Verluise (2024) dataset.
Second, my findings suggest that the effect of coal on patenting activity is not akin to
a reversal of fortune story, but rather pertains to a lasting negative impact. Third, I
try to bring a theoretical contribution to the literature by building a simple two-sector
model in which accessibility of natural resources drive an over-specialization in the

mining sector, ending in poor human capital accumulation and hence innovation.

Additionally, this paper speaks to the blooming literature related to the determinants
of economic growth and innovation. Important contributions in this field have been
proposed, among others, by Aghion and Howitt (1992) who argue that growth re-
sults exclusively from technological progress which, itself, stems from competition
among research firms that generate innovations. However, the innovation effort un-
der laissez faire might either be too low or too high depending on the magnitude of
two counteracting effects: on the one hand, inventors cannot fully reap the benefits
of their innovation which reduces their incentives to create new ideas; on the other
hand, inventors do not internalize the destruction of rents generated by their inno-
vations. Whenever the former effect outweighs the latter, government intervention
should support private R&D through better patent enforcement or subsidies to R&D.
Other contributions in this field have stresses the role of historical and political factors
in fostering long-run prosperity. Mokyr and Voth (2010) notably points the role of the
Enlightenment period in shaping a specific European culture prone to science and
progress; in particular, the European political fragmentation in the modern era paved
the way for accrued competition between countries to attract major scientists which,
in turn, stimulated inventions and productivity. From a political standpoint, Ace-
moglu et al. (2001) mention the role of institutions in long-run prosperity: leveraging
the differences in institutional settings in former European colonies, they show that
colonies where inclusive institutions, which encourage investments through better
enforcement of property rights, were settled are now wealthier than those where ex-
tractive institutions, which concentrate power in the hands of a small elite and create a
high risk of expropriation, prevailed. In that respect, Acemoglu et al. (2001) question
the influence of geographical conditions on economic development and prosperity.
Among others, Sachs et al. (2001) draws upon the intuition of Smith (1776) to contend
that differences in soil characteristics as well as in accessibility can explain lasting
economic patterns including the persistence of poverty across some countries in the
world. In a complementary analysis, Sachs and Warner (2001) shows that countries
endowed with abundant natural resources display poorer economic performances
mostly because of price effects. I modestly contribute to this literature by providing

empirical evidence of the negative influence of natural resources on productivity and
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long run prosperity; given that the analysis is led at the department scale, meaning
at a relatively disaggregated level which precludes differences in institutional settings
among treated units, my results lend credence to the argument that natural resources,
even at the local level, can result in adverse effects on prosperity and economic well
being. Perhaps more importantly, this paper is, to the best of my knowledge, the first
to document extensively the implications of coal mining on the pace of growth of in-
novation, as well as on its quality and specialization which ultimately drives economic

prosperity.

Finally, this paper speaks to the voluminous literature on path dependence under-
stood as the phenomenon where the current state or outcome of a system is influ-
enced by its historical trajectory. David (1985) was the first to delve in that topic by
showing the persistence of the QWERTY keyboard in spite of its poor performance
with respects to other designs in terms of typing speed; he contends that this subopti-
mal persistence mostly stems from a lock-in effect, whereby both demand and supply
for typing skills are used to a specific keyboard so that changing it would entail a sig-
nificant cost. More recently, this literature has experienced a rekindle in the context
of global climate change; among others, Aghion et al. (2012a) develop a theoretical
model whereby firms with a larger track record in clean technologies are more likely
to patent clean technologies in the future; conversely, firms involved in dirty tech-
nologies are less likely to develop green technologies, suggesting that government
intervention might be required to comply with the Sustainable Development Goals
(SDG). More specifically, they find upon calibrating their model with patent data that
an increase of 40 percent of fuel prices would be required to allow clean innovation
stocks to overtake dirty stocks in a 15 year span. Another important contribution in
that field, though in a slightly different spirit, stems from Agrawal et al. (2009) who
discuss the concept of company-towns, meaning cities where a small set of firms are
overwhelmingly dominate the local labor market, implying that such cities tend to
develop myopic behaviors, whereby they fail to diversity in various industries. Fi-
nally, recent papers have tried to bring evidence regarding the role of within-family
transmission in lock-in mechanisms, whereby individuals fail to escape the education
level or the job occupation of their ascendants: typically, Rud et al. (2024) look at
the lasting impact of coalfield closures on wage and local employment; in a similar
spirit, Brey and Rueda (2024) leverages the contraction of the coal industry in the UK
to estimate the lifelong effects of being exposed to pit closures; they notably show
that individuals exposed to such a shock as children have worse health throughout
life, an effect which is transmitted over generations. My paper speaks to this path
dependence literature in a twofold way: I first document a lasting impact of early

exposure to coal industrialization on patenting activity, second, I examine the mecha-
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nisms which led to the persistence of this effect, and notably show that specialization
in the mining industry translated in a technological and cultural lock-in whereby de-
partments abundantly endowed with natural resources suffered from self-reinforcing

technological myopia and depletion of human capital.

The remainder of this paper is organized as follows: Section 2 drafts the theoretical
argument. Section 3 details the data sources and outlines the methodology employed
to measure exposure to coal mining. Section 4 presents the empirical strategy as well
as the key results of this paper. Section 5 investigates the underlying mechanisms.
Finally, Section 6 discusses potential threats to identification and suggests robustness
checks.

2 The theoretical argument

2.1 Set-up

This set-up provides a static model of a two-sector economy with a continuum of
tirms of mass 1 and a representative consumer endowed with a revenue R. Firms can
operate either in the resource-intensive sector i or in the knowledge-intensive sector
j. The resource-intensive industry is one in which firms require natural resources
as an input while the knowledge-intensive industry is one in which firms must ac-
quire knowledge to generate output. The specificity of knowledge accumulated in
the knowledge-intensive sector is that it can be transferred to the resource-intensive
sector through between-industry spillovers. In short, the model essentially captures
the trade-off between acquiring education and working in a knowledge-intensive sec-
tor which nurtures spillovers for other industries, and joining the resource-intensive
sector, the profitability of which depends on the availability of natural resources. As
will be explained later, this model builds on the theoretical framework elaborated by
Aghion et al. (2015).

2.2 Environment

Consumption Industries i and j produce two goods, namely x; and x;. The repre-
sentative consumer is endowed with a revenue R which she uses to maximizes her

utility with respects to her budget constraint; formally, she optimizes:

U(xj,xj) = Inx; +Inx; (1)



Subject to the resource constraint:
px¥i + pjxj < R (2)

Production There is a continuum of firms of mass 1 which join either the resource-
intensive industry i or the knowledge-intensive industry j. Industry i is resource-
intensive in the sense that it uses natural resources as an input; more specifically, firms
joining the resource-intensive industry must pay a fixed cost which is increasing in
the price of natural resources p,. For simplicity, I assume that this fixed cost is linear
in the price of natural resources so that profit for a firm k in the resource-intensive

industry writes:

UL (pis pn) = piD(pi) 7tix — Pn 3)

Where p; indexes the price of good x;, D(p;) stacks total demand for good x; and 77
captures the profit made per unit sold by firm k. Equation 3 basically states that the
profit of the firm depends on (i) her sales, (ii) her profit per unit sold and (iii) the price
of natural resources. Symmetrically, firms may join the knowledge-intensive sector j
in which case they need to pay a firm-specific knowledge cost xx where k indexes
the firm. This is like saying that firms have differential abilities in terms of research
and development which may depend on location, history, or workers. Similarly to
equation 3, the profit made by a firm k in the knowledge-intensive industry writes:

Lk (pj, xx) = piD(pj) ik — % (4)

Innovation In both industries, firm may improve their profit margin per unit sold
upon investing in R&D processes. More specifically, I follow Aghion et al. (2012b)
who assume that a firm investing '72—2 in R&D processes innovates successfully with
probability g in which case she divides her marginal cost by a scale (1 + &;) where
I € {i,j}, so that ¢; is industry-specific. As firms compete a la Bertrand, a firm who
successfully innovates keeps her price at the marginal cost ¢; of her closest competitor
so that, with probability g;, she derives a per-unit profit of:

Br=(1+¢)q (5)

This equation establishes that the per-unit sold profit margin f; of a firm operating in

sector [ is increasing in the radicality of innovation as measured by ¢;. Without loss
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of generality, I assume that ¢ is set to 1 which implies that:

viedijtpr=1+¢ (6)

With probability 1 — g;, innovation efforts in industry / are unsuccessful and the firm
simply gets the competitive profit. While Aghion et al. (2012b) allow for a general
formula, where competitive profit is negatively related to the within-industry degree
of competition, I normalize profits in case innovation fails to 0. It is shown in the
Appendices that this assumption is made without loss of generality, but it nevertheless

proves useful to derive simple formulas.

Profits Wrapping-up, this implies that firms who join the resource-intensive sector

maximize the following problem:

2
q;
IT; (qi; pis Pn) = 9ixBipiD(pi) — Tk — Pn (7)

As price is exogenously fixed and is set to the initial marginal cost of each sector,

which I normalized to be 1, this implies that:

1 (qi; pn) = qixBiD(1) — > T Pn (8)

I introduce here a key assumption which departs from Aghion et al. (2015): I posit
that the extent of cost reduction incurred by innovation effort in the resource-intensive
industry is increasing in the innovation efforts achieved by the knowledge-intensive
industry. Said differently, the resource-intensive industry benefits from spillovers

emanating from the knowledge-intensive industry.

Assumption 1. The radicality of innovation achieved by the resource-intensive industry i is

linearly increasing in the innovation effort achieved by the knowledge-intensive sector j.

Formally, this assumption writes:

Bi(Qj) = (1+¢)(Q;+1) )

Where:

= kdk 10
Q= | ais (10)
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And J indexes the set of firms who join the knowledge-intensive industry. This
implies in turn that the profit of a firm operating in the resource-intensive industry i

writes:

i
Ik (qixs Pns Qj) = qiBi(Q;)D(1) — Tk — Pn (11)

Meanwhile, I assume that there are no spillovers emanating from the resource-intensive
industry, so that total profit achieved by a firm k operating in the knowledge-intensive
industry simply writes:

2

q.
I (g5 xx) = q;8;D(1) — 3] — K (12)

2.3 Solving the model

I then solve the model in three steps: first, the representative consumer optimizes her
consumption given her budget constraint; second, firms choose the optimal innova-
tion effort achieved in each industry and taking demand for granted; third and finally,
I characterize the optimal specialization decisions made by each firm depending on
the profits they may derive in each industry. These three steps pin down a unique
equilibrium, the features of which are studied in the next subsection.

Consumption The representative consumer maximizes her utility under her resource
constraint. Without loss of generality, I normalize R to 2 which trivially implies, as
shown in Appendix A.1 that:

vie{ij},x =1 (13)

Innovation Plugging the optimal consumption level in the profit equations implies

that firms, conditional on working in the resource-intensive industry i, optimize:

2
q,
Iik(gii s Q) = 4iBi( Q) — = — pu (14)

Then, as proved by Appendix A.2, the optimal innovation effort g7, of firm k in the

resource-intensive industry i writes:

7= 01+&)(1+9)) (15)
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This equation basically states that the innovation effort achieved by a firm in the
resource-intensive industry depends on the extent to which it may reduce its cost
upon innovating. This, in turn, depends on two components: first, on the industry-
specific parameter ¢;, second on the spillovers emanating from the knowledge-industry
as captured by Q;. Similarly, substituting D(1) = 1 implies that profit in the knowledge-
intensive industry writes:

2
Tk

Ik (qj6%) = q;xBj — ]7 — K (16)
As derived in Appendix A.2, the optimal innovation effort q}kk of a firm k in the
knowledge-intensive industry j then writes:

Tk = Bj (17)

This innovation effort only depends on the industry-specific parameter f; which
captures the extent to which firms in the knowledge-intensive industry may reduce
their costs upon achieving successful innovation efforts. The key difference with re-
spects to equation 15 is then that innovation in the knowledge-intensive industry
does not depend on that in the resource-intensive industry. In other words, firms
in the knowledge-intensive industry are generating positive externalities towards the
resource-intensive one, while firms in the resource-intensive industry are generating

no spillovers.

Specialization In order to choose which industry to operate in, a firm must compare
its expected profits upon joining the resource-intensive industry with that obtained
upon joining the knowledge-intensive industry. Given the optimal innovation deci-

sions derived above, the profit of a firm joining the resource-intensive industry writes:

[(1+&) 1+ 9))]* — pu (18)

N[~

Hi,k(Pn/ Q]/ Al) -

Reciprocally, the profit of a firm with ability «; joining the knowledge-intensive in-

dustry writes:

1
Ik (Bj, By ki) = 55]2' — Kk (19)

For the sake of simplicity, I posit Assumption 2, which, without loss of generality,

tixes the distribution of the knowledge cost «; :
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Assumption 2. The knowledge cost parameter xj is uniformly distributed over the interval
[0,1].

As will be demonstrated in Appendix A.3, and under assumption 2 and 4, there
exists a unique value & such that firms with a cost inferior to this cutoff value join the
knowledge-intensive industry and firms with a cost in excess of this cutoff value join

the resource-intensive industry. This yields Lemma 1:

Lemma 1. There exists a unique cutoff value & such that all firms with a cost of knowledge
inferior to that cutoff join the knowledge intensive sector while firms with a cost larger than
this cutoff join the resource-intensive sector.

As & directly pins down the share of firms who join the knowledge-intensive sector,
it allows to compute innovation in both industries, total education effort, total inno-
vation and, finally, total consumption. Hence, Lemma 1 ensures the existence of a

unique general equilibrium which is uniquely characterized by the set of parameter

<ﬁi/:8]" P”>

24 Equilibrium properties

In this subsection, I briefly summarize the main characteristics of this equilibrium, by
investigating the impact of the main parameter, namely the price of natural resources

pn, on industry specialization, education, total innovation effort and profits.

Industry specialization As shown in Appendix A.4, the price of natural resources
positively affects the share of the knowledge-intensive sector. This finding is summa-

rized in Proposition 1:

Proposition 1. The larger the price of natural resources, the larger the share of the knowledge-
intensive sector. Said differently, the larger the availability of natural resources, the lower the

share of the knowledge-intensive sector.

This proposition trivially stems from the trade-off that firms face upon choosing
which industry to join. The larger the price of natural resources, the larger the fixed
cost firms need to pay to enter the resource-intensive sector and, hence, the more
profitable it becomes, all else equal, to invest in education and join the knowledge-
intensive industry. Conversely, the lower the price of natural resources, meaning the
larger their availability, the smaller the firm-specific knowledge cost must be to ensure

that joining the knowledge-intensive industry remains profitable.
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Knowledge level Knowledge is also a key variable in the model given that firms
face a trade-off between investing in knowledge and joining the knowledge-intensive
sector or joining the resource-intensive industry where no specific knowledge is re-
quired. Because this trade-off essentially funnels through two parameters, namely the
price of natural resources on the one hand, and the firm-specific knowledge cost x; on
the other hand, it proves quite intuitive to demonstrate Proposition 2 as will be done
in Appendix A.5:

Proposition 2. The overall knowledge level « in the economy is decreasing in the availability
of natural resources, which is like saying that it is increasing in the price of natural resources

Pn-

Proposition 2 is a direct corollary of Proposition 1 in the sense that firms need to pay
a knowledge-fixed cost to join the knowledge-intensive industry. In that respect, the
larger the price of natural resources, meaning the lower their availability, the larger the
number of firms for which it is profitable to invest in knowledge and, in turn, to join
the knowledge-intensive industry. By contrast, a lower price of natural resources, or,
alternatively, a larger availability of such resources, discourages firms from investing
in knowledge which translates in a larger share of the resource-intensive industry.

Innovation effort Innovation is the main outcome of this model and has garnered an
increasing awareness since at least the pioneering work by Aghion and Howitt (1992).
In the considered framework, innovation effort basically depends on two complemen-
tary forces: first, it depends on the individual effort achieved by each firm depending
on the industry it works in; second, it depends on the sectoral composition of such an
economy, for there are innovation spillovers between the knowledge-intensive indus-

try and the resource-intensive one. Overall, total innovation Q writes:

Q = s + 57, (20)

Where s; and s; respectively index the share of the resource-intensive industry and
that of the knowledge-intensive industry while g; and q;-k capture the optimal innova-
tion effort of a firm operating respectively in the resource-intensive industry and in
the knowledge intensive one. As derived in Appendix A.6, it can be proved that there
exists a unique optimal value of the price of natural resources p, which maximizes

total innovation. This assertion is summarized in Proposition 3:

Proposition 3. There is an inverted U relationship between the price of natural resources py
and total innovation in the economy. In other words, total innovation first increases with the
price of natural resources and then decreases once the optimal cutoff value p;, is met.
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This proposition naturally comes with Corollary 1:

Corollary 1. There exists a unique value s; of the share of the resource-intensive industry in
the economy which maximizes total innovation.

These propositions are quite straightforward to interpret: they suggest that a variation
in the price of natural resources has ambiguous effects on total innovation depending
on the initial price of such resources. Indeed, when the price of natural resources is ex-
cessively large, firms tend to specialize in the knowledge-intensive sector which then
achieves large innovation efforts which benefit the resource-intensive sectors through
between-industry spillovers; yet, as the fraction of firms specializing in the resource-
intensive industry is small, spillovers are, to some extent, spoiled which lowers the
overall innovation effort. Conversely, when the price of natural resources is exces-
sively low, a large share of firms prefer to operate in the resource-intensive industry
instead of investing in the knowledge-intensive industry which, in turn, lowers the
innovation effort achieved in the knowledge-intensive industry and, finally, reduces

the amount of spillovers emanating from the knowledge-intensive sector.

Profit A last and important prediction of the model speaks to the overall profit level
in such an economy or, to state it differently, to the overall economic output. Let I be
total profit in such an economyj; it is straightforward to show that:

T — / IT; ¢k + / I, dk 1)
kel keJ

Where 7 and J respectively denote the set of firms joining the resource-intensive
industry and that of firms joining the knowledge-intensive industry. In that respect,
total profit I1 depends both on the individual profit achieved by firms operating in
each of those industries and on the share of each industry in the economy which,
itself, varies with the expected profit recovered in each industry. Again, and as will be
shown in Appendix A.7, there exists an optimal value of the price of natural resources

which maximizes total profit in the economy. This is summarized by Proposition 4:

Proposition 4. There exists an inverted-U relationship between the price of natural resources
and total profits derived in such an economy.

Proposition 4 is equivalent to its natural corollary 2:

Corollary 2. There exists a unique growth-maximizing share of the resource-intensive in such
an economy, such that total profits are maximized for this value.
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Proposition 4 and corollary 2 trivially state that the availability of natural resources
exert ambiguous effects on total growth in such an economy. On the one hand, avail-
able natural resources are profitable for they lower the costs of the resource-intensive
industry and hence maximize profit in this industry; meanwhile, an excessively low
price of natural resources lead to an over-specialization in the resource-intensive sec-
tor, which, in turn, makes the knowledge-intensive sector shrink and thus curtails the
spillovers emanating from that industry. In the end, there exists a unique optimal
value of the share of the resource-intensive sector such that innovation is maximized
in the economy. Given the negative relationship between the share of the resource-
intensive sector and the price of natural resources, this is like saying that there exists
an inverted U relationship between the price of natural resources and total innovation

in the economy.

2.5 Welfare analysis

The theoretical argument suggests so far that the price of natural resources exerts
an effect on total profits through two main channels, namely the composition effect
and the knowledge effect. The composition effect encompasses the share of each
industry in the economy while the knowledge effect captures the education effort
achieved by the knowledge-intensive industry which benefits the resource-intensive
one. I now turn to investigate the negative externalities stemming from this model.
More specifically, this subsection shows that the share of the knowledge-intensive
industry is likely to be inefficiently low in such an economy which, in turn, makes

total profits and total innovation effort sub-optimally low.

Profits To know whether private decisions lead to the same outcome as that which
would prevail in an economy ruled by a benevolent social planner, it suffices to derive
the optimal share of the resource-intensive sector that would be picked by the central
planner and compare it to that which stems from private firms decisions. Comparing

those two values implies studying the sign of G, where:

g =s]—s] (22)

Where s! and s} respectively capture the actual and the optimal value of the share of
the resource-intensive industry in the economy. In an economy where private agents
fully internalize the externalities, G would mechanically tend to 0. By contrast, if
agents do not fully take into account the effect of their private decisions on over-

all welfare, a discrepancy would appear between the share of the resource-intensive
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industry resulting from private decisions and that which would maximize overall
welfare. To simplify computations, and derive tractable results, I posit the following

assumption:

Assumption 3. The value of the radicality parameter in the resource-intensive industry,

namely ¢;, is normalized to 0.

This assumption imposes, without loss of generality, that the resource-intensive sec-
tor crucially depends on the innovation effort achieved by the knowledge-intensive
industry to reduce its costs. Using assumption 4 then implies that G can be written:

,Bj(ﬁj +1)+2+ ‘P(Pn)
B

Where ¢ is a decreasing function of the price of natural resources p,. As will be

g =

(23)

demonstrated in Appendix A.8, it follows that G is positive for reasonable values of
pn and decreasing in the price p, of natural resources; this is what Proposition 5
states:

Proposition 5. There exists a positive wedge between the actual and the optimal share of the
resource-intensive industry which decreases with the price of natural resources.

In short, this proposition establishes that the actual share of the resource-intensive
industry is excessively large with respects to the socially optimal level, which stems
from the fact that private firms do not take into account the positive effect of their
innovation in the knowledge-intensive industry on total innovation in the economy.
In turn, firms tend to under specialize in the knowledge-intensive industry, which is
all the truer when the price of natural resources is low, meaning that natural resources

are easily available.

Education As a by-product of Proposition 5, it can be easily shown that the over-
all education effort of the economy is inefficiently low, and that this negative exter-
nality is all the larger as the price of natural resources is low. In concrete words,
this means that a large availability of natural resources incentivize firms into join-
ing the resource-intensive industry which, in turn, precludes them from joining the
knowledge-intensive industry where they are led to invest in knowledge and R&D

processes. This finding is summarized formally in Corollary 3:

Corollary 3. There is a negative wedge between the actual knowledge level and the socially
optimal one, in the sense that the actual knowledge level in the economy is lower than the
optimal one that a central planner would achieve.
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Innovation In turn, innovation is inefficiently low in this economy given the spillovers
emanating from the knowledge-intensive industry. Also, this negative wedge between
the actual level of innovation and the socially optimal one is increasing in the availabil-
ity of natural resources or, said differently, decreasing in the price of natural resources.

This is what Corollary 4 states more formally:

Corollary 4. The negative wedge between actual innovation and socially optimal innovation
is increasing in the availability of natural resources or, said differently, decreasing in the price
of natural resources.

Corollary 4 is very similar to Proposition 5 in that it suggests that the overall inno-
vation effort of the economy is inefficiently low, and that this negative externality
is increasing in the availability of natural resources. Indeed, the greater the avail-
ability of natural resources, meaning, the lower the price of natural resources, the
larger the share of the resource-intensive sector which, in turn, lowers the share of
the knowledge-intensive industry. Yet, the former is generating positive spillovers in
terms of productivity for the resource-intensive industry, implying that firms tend to
over-specialize in the resource-intensive industry, and this all the more as a positive

shock on natural resources availability occurs.

2.6 Summary of Empirical Expectations

Following the theoretical argument summarized above, it can be expected that:

1. Excessively abundant natural resources lower the pace of innovation: with a low price
of natural resources, or, said differently, a large stock of natural resources, the

economy delivers less inventions.

2. Excessively abundant natural resources lower the incentive to acquire knowledge: with
a low price of natural resources, or, said differently, a large stock of natural

resources, investment in knowledge becomes less profitable.

3. Excessively abundant natural resources lead to an over-specialization in resource-intensive
industries: as the price of natural resources decreases, the share of resource-
intensive industries increase up to an inefficiently large level, given that firms
do not internalize the positive effects associated to specialization in high value-

added industries.

Each of these predictions will be tested separately using different datasets; the re-

mainder of this paper is organized as follows: section 3 discusses the French context
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as well as data sources; section 4 summarizes the empirical strategy as well as the
main results while section 5 elabores on plausible mechanisms that may explain per-
sistence of such effects over time; finally, section 6 concludes and gives orientation for

future research.

3 Background and data

This paper relies on a novel dataset at the department level, assembling information
from various sources for each of the 95 French departments. Among others, it no-
tably includes patent data, exposure to historical coalfields, education data, industry
outcomes and demographic characteristics. I start by providing some context regard-
ing coal extraction in France, and then move on to document data sources. Finally, I
briefly explain how I construct the measure of coal exposure, the main regressor used
in this paper.

3.1 Context

As highlighted, coal extraction started in the beginning of the XVIIIth century in
France when the first coal concession was granted in the city of Anzin in 1717. Un-
like in the United Kingdom, where coal output already reached 3 millions tons by
1700, it took decades for French coal industry to become sizable: at the end of the
XVIIIth century, only 15 more coalfields had opened in France, and the output re-
mained negligible. The number of concessions took off in the beginning of the XIXth
century to reach a record level of 1,090 in 1907 before plateauing at around 800 for
the subsequent decades. Improvements in the mining techniques however ensured
that, in spite of a stagnation of the number of mine concessions, the output per capita
increased steadily throughout the first half of the XXth century. This successful story
however came to a halt in the middle of the XXth century, as the Jeanneney plan paved
the way for the dismantling of the French coal industry. Step by step, coal extraction
slowed down and the last French coalfield located in Creutzwald in the Moselle de-
partment closed in 2004, almost 110 years after its foundation. This process did not
go without struggles: shutdowns of historical coalfields were often accompanied by
protest movements from miners such as the famous 1963 strike which was followed

by more than 90% of French miners.
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3.2 Data sources

Coal Data To measure coal exposure at the department level, I rely on Camino, a
recent dataset released by the French Ministry for Environment to compile informa-
tion on all mining fields on the French territory since the early XVIIIth century. More
specifically, Camino provides extensive details on the resource mined in each site, the
location, the surface covered or the time span of the concession. Overall, I identify
1,092 licenses to run coalfields in France at the onset of the XXth century covering
almost 7,000 square kilometers of the French territory. The main advantage of this
dataset is thus twofold: first of all, its richness allows me to measure the heterogene-
ity in the exposure of each department to coal both spatially and across time; second,
its granularity allows for a fine-grained identification strategy even at the city scale, a
level of analysis which is sometimes leveraged in this paper. To ensure that my results
are not driven by one specific measure of coal epxosure, I nevertheless complement
this dataset with the location of the 16 largest historical French coalfields which I re-
trieve from the European Route of Industrial Heritage project. The project censuses
historical industrial heritage sites across 44 European countries in Western Europe,
and has already been used in the related literature (see, for instance, Esposito and
Abramson (2021)). Later in this section, I show that the measures of coal exposure
stemming from these alternative sources happen to coincide, and I show throughout
the paper as well as in Appendices that my estimates are robust to using various

measures of coal exposure.

Geographical data As will be explained later, coalfields location might not be totally
random, in particular because coal extraction requires both a large labor force and
specific technical skills. To mitigate the risk that local geographical characteristics are
driving the estimate, as well as to implement the Instrumental Variable (IV) strategy
detailed below, I hence retrieve various geological and geographical features at the
department level in France. In terms of geographical characteristics, I mostly build
on Luterbacher et al. (2004) who compiled long-run geolocated temperature data. I
complement these details with land features collected by Ramankutty et al. (2002).
Also, I retrieve from Fernihough and O’Rourke (2014) various measures of distance
to important natural elements such as the Atlantic Ocean or the Mediterranean Sea.
Finally, I exploit the well-known 1 : 5 Million International Geological Map of Europe
and Adjacent Areas from Asch (2005) to recover the location of carboniferous rock

strata.

19



Patent Data The main dependent variable used in this paper is a measure of local
innovation that I construct from counting the number of newly issued patents filed
by either resident or international inventors every year. I recover patent data from the
PatentCity dataset (Bergeaud and Verluise, 2024), which provides information on the
location and nature of every patent filed in France since 1907, including the depart-
ment and the name of the inventor and the technological class. In order to adequately
reflect the innovation effort per department, I perform a minor adjustment to the
count of patents: in case of multiple inventors in a single patent, I split the patent
across the different departments from which its inventors come, so that each depart-
ment is assigned a fraction of the patent. While my main results still hold when
relaxing this adjustment, I shall only report the estimates of regressions using this
measure in the main paper and postpone the estimates for the non-adjusted patent
count to the Appendices. Patenting activity showed substantial variation during the
XXth century; overall, and as pictured by 2 it followed an upward trend interrupted
at times by major shocks such as both World Wars and the crises related to oil price
surges in the late seventies. Perhaps more strikingly, what Figure 2 suggests is that
patenting activity followed very different paths for coal and non coal regions through-
out the XXth century; it indeed pictures the evolution of total patenting activity (Panel
(a)) and patenting activity per capita (Panel (b)) in departments affected by coal min-
ing (gold line) versus departments unaffected by coal mining (blue line) '. While the
difference in innovation effort intensity it not salient before WWII, innovation trajec-
tories in both kinds of departments diverge significantly in the aftermath of World

War II, both in absolute and in relative values.

Education data Education ranks among the main outcome variables studied in this
paper to explain the sustained difficulties experienced by coal departments in patent-
ing activity. I exploit different sources spanning throughout the XXth century to
reflect the lasting impact of exposure to coal industry on educational attainment.
Among others, I hand collect the number of young men enrolled in the French Army
who held the baccalauréat degree at the end of the XIXth century as well as in the
beginning of the XXth century from the Annuaires Statistiques de la France. While
baccalauréat rates now stand at record high levels (c. 90% in 2024 in France), they
used to encompass a very high level of education achievement: typically, the average
baccalauréat rate among youg men barely reached 2.1% in 1910, suggesting that hold-

IFor the sake of clarity, we removed Paris from the sample used to build those graphs: Paris indeed
concentrated more than 50% of patenting activity throughout the XXth century, so that adding Paris
in the sample would distort patenting activity in favor of non coal regions.
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FIGURE 2: Patenting activity in coal and non coal regions

(a) Total patenting activity (b) Patenting activity per capita
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Notes: Figure (a) plots patenting activity (excluding Paris) in coal (gold) and non coal regions (blue) while Figure (b) pictures
patenting activity per capita (excluding Paris) in coal (gold) and non coal regions (blue). Source: (Bergeaud and Verluise, 2024)

ing this degree was a signal of high educational abilities. To complement this early
XXth century dataset, I obtain from censuses compiled by INSEE the breakdown of
young people aged 18 to 25 according to their achieved level of studies; data is aggre-
gated at the city level for seven years after WW2, respectively 1968, 1975, 1982, 1990,
1999, 2009 and 2016. Finally, I exploit administrative surveys conveying valuable and
precise insights regarding the type of studies pursued by French citizens across the
second half of the XXth century. To mention a few of them, I leverage the Enquéte
Emploi en Continu survey, which was born in the 50s to provide a regular measure of
unemployment; later on, it expanded its coverage to include detailed data about the
type of jobs occupied by each respondent as well as her birth place, her level of stud-
ies or her migration record. I also rely on the 1975 Enquéte Formation et Qualification
Professionnelle which records data on studies for roughly 35,000 respondents as well
as the jobs occupied by their father and their grandfathers.

Employment data Industry specialization is also one of the key channels through
which coal induced a negative impact on patenting activity in the long run. To evalu-
ate the strength of this channel, I combine various sources spanning, again, the whole
XXth century as well as the beginning of the XXIst century. I notably exploit the cen-
suses of 1901, 1906, 1911, 1921, 1926, 1931 and 1936 to compute the share of some
sectors of interest, such as engineering occupations, liberal jobs, chemistry or coal
mining from 1901 to 1936. To perform a similar analysis later on in the XXth cen-
tury, I mostly focus on the afore mentioned Enquétes Emploi en Continu which cover
more than 40 years starting 1980. The breakdown of occupation across sectors is very
precise as it is made at the 4-digit NAF2 level, allowing for a fine-grained analysis.
Finally, I again leverage the 1975 survey Enquéte Formation et Qualification Profession-
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nelle to investigate the transmission of job occupations within families, a key channel
of path dependence in coal regions.

3.3 Construction of the coal exposure measure

Throughout the paper, and for the sake of robustness, I present my main results for
different measures of exposure to coal industry. Most of the time, out of concision
motives, I report coefficients for two to three main measures of coal exposure, but
document the value of the coefficient attached to the other ones in the Appendices.
As highlighted, the main measures of exposure to coal industry are built using two
different data sources, respectively the Cadastre minier released by the French Ministry
for Environment and the European Route of Industrial Heritage (ERIH) project. While
the first dataset provides the localization of all coalfields licenses granted throughout
French mining history, the second dataset informs on the main and historical coal-
tields located in France, meaning the most important coal mining sites in terms of

coal output.

From the first dataset, I compute two measures of exposure to coal industry; respec-
tively, I calculate s;, the (log) surface of department i’s territory that is covered with
a coalfield, and the average proximity f;! of all cities in the department to the closest

coalfield. Formally, those measures are derived from the following equations:

$i=1In(1+s;) 1)

Where s; captures the total surface of coalfields actively run in department i. The
logarithmic transformation is applied to keep departments where no coalfield is run
in the sample; as such departments represent 44 out of the 95 French departments,
this transform sounds necessary. A complementary measure is given by the average

proximity p;!, which is computed as below:

1) (2)

31 . .. . ‘e .
Where d;” is the average minimal distance between cities of department i and the

closest coalfield:
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Where n; captures the number of cities in department i, I'; is the set of cities in de-
partment i and )(1 indexes the set of coalfields. In concrete terms, di is the average
distance between each city of department i and the closest coalfield. Average prox-
imity of department i to coalfields is then defined as the natural logarithm of this
average distance scaled with unity. This measure is actually derived from the existing
literature, namely from previous work by Esposito and Abramson (2021). It indeed
features different advantages related to the log structure of the measure: because of
the concavity of the log function, it ensures fast decreasing returns to scale in the
exposure to coalfields, meaning that what crucially matters in terms of coal exposure
is to have a large number of cities located in the direct vicinity of a coalfield. Addi-
tionally, and as emphasized by Esposito and Abramson (2021), proximity is a rather
convenient indicator in terms of explanatory power: indeed, it seems more relevant
from an interpretative point of view to consider the effect of an increased proximity
towards coalfields rather than the effect of an increased distance.

From the second dataset, I compute ;> which is recovered from the same formula as
pit except for the fact that I substitute 571-2 for Jil in Equation 2, where d~i2 is defined
as follows:

21
it==-y min d; (4)
n jel",- ceX

Where x? indexes the set of coalfields registered in the ERIH project, meaning the set
of the most important coalfields run throughout French history. As complementary
robustness checks, I also show in the Appendix that the main results still hold when
we define alternatively ﬁik fork € 1,2 as:

plt = —minp;. ®)
nj cey
In words, this alternative measure takes the average of proximity indicators computed
at the city level rather than applying the proximity transformation on the average dis-
tance which, itself, is measured at the city level. All in all, the various measures
suggested in this subsection not only allow to test the robustness of the effect through
a wide range of estimates, but it also provides valuable insights in terms of quantifica-
tion by delivering a range of marginal effects rather than one single point estimate. In
any case, the stability of the coal exposure measure across the different specifications
is supported by Figure 3 which plots the exposure to coal industry at the department
level for the two measures of 7;* discussed above. While the second measure plotted

in Panel (b) is a bit more restrictive since it only focuses on the largest coalfields, it
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FIGURE 3: Two continuous measures of coal exposure

(a) Using all French coalfields (b) Using only major coalfields
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Notes: Figure (a) plots the coal proximity measure when taking all French coalfields operated by 1900 into account while Figure
(b) pictures the coal proximity measure when restricting the set of coalfields to historical major coalfields documented in the
ERIH project.

also better captures the major coal basins of Nord Pas de Calais, Alsace Lorraine and
Saone et Loire. In the meantime, this specification downsizes the influence of coal

extraction in the Southern part of France, in spite of a long mining tradition.

In spite of their subtle differences, those two specifications are similar in that they
introduce a rather continuous measure of exposure to coal-related activities. In that
respect, they may not fully account for the discrete difference that might exist between
departments running coalfields and those not running any coalfield. As discussed
previously, 44 out of the 95 French departments never hosted any coalfield prior to
1900, so that they might have remained untouched by coal extraction throughout the
XXth century. In order to prevent potential concerns related to the continuity of the
indicators ;¥ plotted above, I also report in Figure 4 the values of coal exposure when
measured by the log transform of the department’s surface covered with a coalfield or
the average log output of coal at the onset of the XXth century, which I recover from
the Annuaires Statistiques de la France. Strikingly, coal exposure appears much more
concentrated under these semi-discrete measures than under the rather continuous
ones: this could represent both an advantage and a flaw. On the pro side, it enables
to clearly distinguish between departments depending on whether they used to mine
coal or not. On the con side, it makes the assumption that coal extraction did not
generate any spillovers, which might be disputed in case of coalfields located close
to the border with the next department. In light of the different pros and cons of
the four measures introduced above, robustness checks will be performed for each

regression to ensure that the estimates still hold under alternative measures of coal
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FIGURE 4: Two semi-discrete measures of coal exposure

(a) Using all French coalfields (b) Using only major coalfields

Notes: Figure (a) plots the (log) surface of coalfields while Figure (b) pictures the (log) average coal extraction output in tons at
the onset of the XXth century. Sources: Cadastre minier and Annuaires Statistiques de la France

exposure. Finally, I also check in some of the main regression tables as well as in
Appendix D that my results still hold when measuring coal exposure as a binary
variable taking the value 1 if at least one coalfield was ran at some point in time in a

given department.

4 Main results

4.1 Simple empirical specification

To measure the impact of exposure to coal industry on patenting activity, education
and industry specialization throughout the XXth century and in the beginning of the
XXIst century as well, I estimate pseudo poisson specifications and OLS regressions
complemented with their IV strategy counterparts. My main dependent variable is
either patenting activity, the education level or the share of specific industries in total
employment. Formally, I estimate models of the following structure:

Yor = Beq+xTag+ar+eq; (6)

Where Y} ; depicts the variable of interest, which can either be total patenting activity,
both in counts or in logs, education level or the share of specific industries in total
employment. Meanwhile, e; is the coal exposure measure as described in Section

3 and T'; is a vector of geological, geographical and demographic controls usually
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considered in that literature and detailed in Section 3: more specifically, they include
distance to Paris, distance to the closest sea, suitability of land for agriculture activ-
ities, average value and standard deviation of temperatures since the XVth century,
average altitude, ruggedness of soils, the size of agriculture land and the initial den-
sity of population at the onset of my period of analysis. Finally, a; controls for year
fixed effects that could influence patenting activity at time t. Two important points
should be made clear: first, because of the time invariant structure of the main depen-
dent variable, meaning coal exposure, I cannot control for department fixed effects;
I however mitigate this issue in a twofold way: first, I control for a very wide range
of local characteristics spanning from geographical to geological features as well as
a demographic time varying component; I nevertheless show in the Appendices that
the results are robust to allowing for region fixed effects, where region either refers
to the old breakdown of French metropolitan territory in 22 entities, or to the new

ventilation which started as of 2015 and only encompasses 15 entities.

Second, I sometimes allow for a time varying regressor, namely p,;; which is the
density of the population recovered from the different censuses collected in France
throughout the period under study; more specifically, 14 censuses were conduced
at the national scale including 1901, 1906, 1911, 1921, 1926, 1931, 1936, 1946, 1954,
1962, 1968, 1975, 1982, 1990, 1999, 2006; later on, year on year assessments of the
French population would be made. Controlling for the density of the population
might prove crucial for many reasons; first of all, because, as highlighted, coalfields
were likely to be mined in densely populated areas where labor force was abundant;
this, however, should be mitigated by the introduction of the initial density of popula-
tion as a control in the main specification. Second, because density is a key indicator
of economic development which enables to compare departments that are similar in
their economic development and that only differ according to their exposure to coal
industry. As a robustness check, I show in the Appendices that the results still hold

when substituting the time varying population density for the initial density.

The coefficient of interest, namely f, can be causally interpreted under the identifying
assumption that the exposure to coal is orthogonal to the error term in equation 6
conditional on geographical and geological characteristics of each department and

year fixed effects. Formally, this identifying assumption writes as:

V(d,t),Eleqs x eqlar, Tg] =0 (7)

This identifying assumption states that, in the absence of coal extraction, departments

would have followed similar innovation, education and industry patterns in the long
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run conditional on all the observables included as controls in Equation 6. In order to
support this assumption, I implement a twofold strategy: first of all, and as discussed
previously, I allow for a rich set of initial geographical and geological characteristics
to demonstrate that the effect of coal is not confounded by other parameters which
could have affected simultaneously coal mining and patenting activity. Second, and
most importantly, I leverage an Instrumental Variable strategy in the spirit of Esposito
and Abramson (2021) to further prove that the estimates can be causally interpreted.

4.2 Instrumental variable strategy

As suggested, the exogeneity of coal mining with respects to department specifics is
debatable. On the one hand, location of coal deposits could be endogenous to geolog-
ical and geographical characteristics related to land suitability or to the accessibility
of underground resources; if such characteristics were to influence the localization of
economic activities and their intensity, my estimates would identify the impact of ge-
ographical and geological conditions on patenting activity rather than the sheer effect
of exposure to coal industry. On the other hand, mining a coalfield requires techni-
cal skills as well as prospects of sufficiently high profits compared to other economic
activities. Again, land suitability and weather conditions might have impacted the
propensity to mine coal to the extent that variation in climatic outcomes may affect
the profitability of the farming sector and, in turn, the likelihood to invest in industrial

activities.

Therefore, the literature related to the impact of coal resources on long-run economic
and political outcomes has often exploited a large set of instrumental variables. In par-
ticular, Esposito and Abramson (2021) make use of the 1 : 5 Million International Ge-
ological Map of Europe and Adjacent Areas from Asch (2005) which provides a very
detailed and fine-grained map of European soils geological content. More specifically,
this map pictures the type of strata found at the surface of earth in each European
country at a very detailed level. In particular, it exploits the location of carboniferous
rock strata: coal is indeed a sedimentary rock that was deposited over 300 million
years ago over a period named the Carboniferous Era, a geologic era that spans from
the end of the Devonian Period (about 350 million years ago) to the beginning of the
Permian Period (about 270 millions years ago). Because of their age, most of those
deposits are found deep underground, but earth movements or soil erosion might
have brought them close to the surface. In turn, it is more likely that regions where
such movements have brought carbon strata to the surface find and mine coal. Hence,
and following Esposito and Abramson (2021), I use the availability of carboniferous
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surface geology in each department to predict the historical presence of coalfields in
France throughout the period under study.

TABLE 1: Proximity to coal and distance to carbon rock strata

M @ ®) 4 ©®) (6) @)

Distance to carboniferous rock strata  -0.008***  -0.009***  -0.008***  -0.008***  -0.007***  -0.007***  -0.008***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Coal deposit 0.732*%*  (0.548**  (0.439***  (0.459***  (.453*** 0.340%
(0.159) (0.153) (0.182) (0.172) (0.181) (0.200)

Potato yield -0.112 0.036 0.074 -0.064 0.064
(0.163) (0.190) (0.185) (0.188) (0.165)

Wheat yield -0.686 -3.129 -0.741 -0.040 -0.275
(2.244) (2.889) (2.685) (2.724) (2.921)

QOat yield 0.474 2.597 0.368 0.222 0.175
(2.122) (2.665) (2.538) (2.562) (2.786)
Proximity to Mediterranean sea -0.117 0.205 0.118 0.489 **
(0.137) (0.174) (0.175) (0.237)
Proximity to Atlantic ocean -0.195** 0.394** 0.439** 0.5527%*
(0.082) (0.178) (0.178) (0.159)

Median temperature -0.626 -0.544 0.107
(0.716) (0.714) (0.681)
Variation temperature 4.882%** 5.798 6.899***
(1.249) (1.387) (1.995)

Ruggedness of land 0.214 0.339**
(0.142) (0.155)

Land surface -1.073* -0.392
(0.631) (0.731)

Longitude -0.037
(0.097)

Latitude 0.197*
(0.104)

(Log) Initial population 0.187*
(0.187)

Observations 95 95 95 95 95 95 95
R-squared 0.371 0.472 0.520 0.563 0.649 0.672 0.704
F-Stat 83.44 104.81 43.92 23.50 33.69 36.88 42.45

Notes: The dependent variable is the proximity to coal measure as discussed in 3 while the explanatory variables are
mainly the distance to the closest carbon rock strata, the existence of coal deposit within the department and alternative
geological and geographic potential confounders. *** p < 0.01, ** p < 0.05, * p < 0.1.

In concrete terms, I compute for each department the average distance of each city
to the closest carbon sedimentary rock strata. The validity and strength of this in-
strument is clearly supported by Table 1 which summarizes the estimates of the co-
efficients attached to each regressor included in the first stage regression. Strikingly,
the distance to carboniferous rock strata exerts a strong and negative impact over the
proximity to coalfields as demonstrated by the highly significant coefficient which
is very stable across the 7 different specifications. On the contrary, the coefficient
on the binary variable capturing the location of a coal deposit is highly positive and
significant at the 1% level in the first specification, but the value of the coefficient sud-
denly drops as I control for the initial population, suggesting that major coal deposits
were not totally random to the initial settlement of the population. Additionally, the
goodness of fit of the first model which exhibits a R-Squared of 37%, and which only
incorporates the distance to carboniferous rock strata, is illustrative of the validity and
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strength of my main instrument; adding the binary instrument, which proves slightly
less significant in the seventh model, increases the R-Squared by 10% to reach 47.2%.
Other geographical and geological controls do not significantly affect the goodness of
tit of the model; actually, among the different covariates added as further controls,
only 3 of them are significant at the 1% level in the extended specification, namely the
proximity to the Atlantic ocean, the variation in historical temperatures and the (log

of) the initial population.

FIGURE 5: Proximity to coal and distance to carboniferous rock strata

(a) All coalfields (b) Only major coalfields

ce to carboniferous
us rock strata

ce to carboniferot

al and distan
al and distan

Proximity to co
Proximity to co

Notes: Figure (a) plots the coal proximity measure when taking all French coalfields operated by 1900 against the
distance to carboniferous rock strata while Figure (b) plots the coal proximity measure when restricting the set of
coalfields to historical major coalfields documented in the ERIH project against the distance to carboniferous rock
strata.

The same analysis is performed for other measures of the exposure to coal, the results
of which are displayed in Appendix C for the sake of concision. In any case, the
coefficient on the distance to carboniferous rock strata is significant irrespectively of
the numerous geographical and geological controls as potential confounding factors.
This further supports the intuition that distance to carbon is a valid instrument as well
as a strong predictor of coalfield extraction throughout the period under study. This
argument is finally supported by Figure 5 which plots the two proximity measures
of coal exposure discussed in Section 3 against the distance to carbon. The negative
relation between proximity to coalfields, whether they are major and historical coal-
fields or only belonging to the overall set of coalfields run at the beginning of the
XXth century, is clear and significant, further asserting the validity of my strategy to

mitigate concerns related to potential endogeneity.

4.3 Coal mining and patenting activity

In this subsection, I briefly summarize the main results regarding the impact of coal

exposure on patenting activity. The model elaborated in Section 2 indeed predicts that
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abundant natural resources might induce an over-specialization in resource-intensive
industries, which, in turn, could affect productivity growth. In the three following
subsections, I back empirically these predictions by showing that coal exposure did
not only affect patent quantity, but it also impacted patenting quality and specializa-

tion.

43.1 Coal mining and patenting quantity

I summarize in this subsection one of the key results of this paper, notably the negative
and significant impact of exposure to coal industry on patenting activity throughout
the period under study, meaning 1907 to 2016. More specifically, I report in Table
2 the main coefficients of interest when running Equation 6 for the most important
specifications, namely the Pseudo Poisson count model, the OLS estimates and the
IV estimates exploiting the instruments discussed in the previous subsection. While
the overall regression model includes a dozen control variables, I only report here the
estimates obtained for the most meaningful ones, namely coal exposure, distance to
Paris, initial population density, longitude and latitude. These regressors are indeed
the most likely to influence patenting activity and hence to be potential confounders
to the analysis; numerous controls already detailed in Section 3 are however included
under the Geographical controls and Geological controls parameters, including land
suitability, distance to the sea, average altitude of the department and ruggedness of
soils. It is also noteworthy that all results are reported for the two main measures of
coal exposure, namely proximity to all coalfields on the one hand (henceforth measure
1), and proximity to the major coalfields on the other hand (henceforth measure 2).
At times, I also present results using the semi-discrete measures plotted in Figure 4,

but, most of the time, I postpone the summary of these results to Appendix D.

The evidence summarized in Table 2 clearly demonstrates the sustained impact of ex-
posure to coal industry on patenting activity. In spite of many controls for either ge-
ographical, demographic or geological confounders, the coefficients on the two main
measures of coal proximity are negative and significant at the 5% level and even at
the 1 % level for most specifications. In terms of magnitude, they imply that a one
standard deviation increase in coal exposure translates in a contraction of patenting
activity ranging from -29.2% to 42% depending on the specification. Strikingly, the IV
estimates are two to three times larger compared to the OLS estimates, which might
be accounted for by different reasons. Among others, it should be noted that my
coal proximity measure relies on coalfields that were actively mined at the end of
the XIXth century, while it excluded those which only started to be run after 1900 or

those that were already closed as of 1900. In that respect, my measure of coal expo-
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TABLE 2: Effect of coal on patent quantity for various specifications

Pseudo Poisson OLS v

Measure 1 Measure2 Measurel Measure2 Measure1l Measure 2

Coal exposure -0.351** -0.432%** -0.180** -0.248*** -0.544*** -0.556***
(0.148) (0.134) (0.079) (0.086) (0.166) (0.168)
Initial density 1.075%** 1.105*** 0.519** 0.511** 0.695*** 0.609***
(0.119) (0.120) (0.147) (0.157) (0.191) (0.198)
Distance to Paris -0.006*** -0.006*** -0.004*** -0.004*** -0.002** -0.003***
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
Longitude -0.099 -0.069 0.173 0.167** 0.139 0.139*
(0.169) (0.144) (0.090) (0.076) (0.117) (0.076)
Latitude 0.174 0.195 -0.283** -0.253** -0.169 -0.147
(0.267) (0.230) (0.0.136) (0.116) (0.183) (0.123)
Observations 10,900 10,900 10,751 10,751 10,751 10,751
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.850 0.852 0.614 0.615 0.351 0.387
F-Stat 13.31 14.14 17.04 14.87

Notes: The dependent variable is either patent count (Pseudo Poisson specification) or the (log) number of patents per
capita (OLS and IV models) while the explanatory variables are mainly the coal exposure measure, distance to Paris, initial
population density, longitude, latitude and other geographical and geological controls discussed in Section 3. *** p < 0.01,
**p <005 *p<0.1.

sure neither captures the additional negative effect of coalfields that had not yet been
discovered and exploited nor does it measure the negative effect related to formerly
opened coalfields. Additionally, it is likely that locations which decided to mine coal,
conditional on finding natural resources, were those with higher abilities; in technical
terms, this means that the error term in equation 6 is likely to be positively corre-
lated with the coal exposure measure which, in turn, might bias upwards the OLS
estimates. Reassuringly however, the estimates for both measures of exposure to coal
industry deliver very similar estimates irrespectively of the specification considered.
The second measure provides slightly higher point estimates which is consistent with
the fact that this measure only incorporates the largest coalfields which, by definition,
must have exerted a larger negative impact than the average ones.

4.3.2 Coal mining and patenting quality

A recent strand in the literature has emphasized the importance of innovation quality
rather than focusing on sheer quantity. The number of patents might actually not
be indicative of the quality of such patents; it could be that some departments find
a lot of inventions of poor significance while others restrict to game-changer inven-

tions which bring a higher contribution to economic performance. In that case, my
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TABLE 3: Effect of coal on citation weighted patents for various specifications

Pseudo Poisson OLS v

Measure 1 Measure2 Measurel Measure2 Measure1l Measure 2

Coal exposure -0.371** -0.456%** -0.181*** -0.245%** -0.558*** -0.561***
(0.167) (0.152) (0.079) (0.089) (0.174) (0.177)
Initial density 0.983*** 1.019*** 0.449** 0.442* 0.615*** 0.537**
(0.127) (0.121) (0.144) (0.193) (0.213) (0.229)
Distance to Paris -0.007#** -0.007#** -0.004*** -0.004*** -0.002*** -0.003***
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
Longitude -0.169 -0.130 0.125 0.123 0.078 0.093
(0.178) (0.154) (0.087) (0.077) (0.114) (0.080)
Latitude 0.146 0.156 -0.289** -0.162% -0.156 -0.147
(0.287) (0.255) (0.141) (0.131) (0.181) (0.135)
Observations 10,528 10,528 8,923 8,923 8,923 8,923
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.805 0.807 0.568 0.453 0.194 0.219
F-Stat 8.24 7.85 9.70 9.39

Notes: The dependent variable is either patent count (Pseudo Poisson specification) weighted by the number of citations
or the (log) number of patents weighted by the number of citations and divided by department population (OLS and IV
models) while the explanatory variables are mainly the coal exposure measure, distance to Paris, initial population density,
longitude, latitude and other geographical and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p <
0.1

estimates could only reflect a quantity effect rather than showing a causal impact of
coal exposure on the quality and productivity associated with inventions. Most of the
time, quality is approximated by weighting patents with their number of citations to
reflect the contribution of each patent to the related innovation literature. The under-
lying assumption behind this proxy is that the higher the number of citations received
by a patent, the larger its contribution to the scientific corpus; conversely, receiving
no citation might be indicative of a poor value with respects to scientific standards
and achievements. Building on the existing literature, I thus transform the count vari-
able of patents by their counterpart weighted with the number of citations received
throughout time and check whether the estimates are still significant. The results are
summarized in Table 3 which presents the coefficients on the main regressors when
the dependent variable is either patent count weighted by the number of citations
or the (log) number of patents weighted by citations and divided by the department
population. Additional robustness checks are shown in Appendix D, especially to
present the results of the same regression when using two alternative measures of

coal exposure as explanatory variables.

Two lessons may be drawn from this table: first of all, coal exposure still has a negative

and significant impact on patenting activity even when controlling for the number of
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citations received by each patent. Apart from the Pseudo Poisson specification using
the restrictive measure of coal proximity, where the coefficient on coal exposure is
only significant at the 5% level, all coefficients on coal exposure are again significant
at the 1% level, suggesting that not only patenting quantity, but also patenting signif-
icance and hence patenting quality were affected by coal exposure. Additionally, it
is noteworthy that the estimates are slightly, though not significantly, larger than the
estimates derived in the main regressions summarized in Table 2. Overall, the model
presented in Table 3 suggests that a one standard deviation increase in coal exposure
decreased quality-weighted innovation by c. 30% to 47% depending on the different

specifications while the effect ranged from 29 to 42% in the general framework.

And yet, weighting patent by citations might not be fully indicative of the quality of
each patent for different reasons. First of all, patent citations were much less com-
mon in the first half of the XXth century than in the second half of it. Second, some
inventions that later on contributed significantly to economic progress and science as
a whole only received a tiny number of citations: let’s take the example of patent
174,465 issued by the United States Patent Trade Office (USPTO) to Graham Bell for
the telephone in February 1876 and which totaled only 10 citations until March 1876
in spite of its large relevance for communication technologies. In order to correct for
the potential flaws of citations-weighted patents measures, Kelly et al. (2021) elabo-
rated a new measure of innovation quality over time by defining breakthrough inven-
tions as innovations that are both novel and meaningful in the sense that they both
differ from previous inventions and are useful to later research. Leveraging high-
dimensional textual data from patent documents, they identify significant patents
based on textual similarity of a given patent to previous and subsequent work. In
other words, such patents are distinct from previous work and hence novel, but are
related to subsequent innovations and hence meaningful. Given that their method
is very computationally expensive, and that I only have access to patents titles - and
not abstracts - in France before the early 80s, I exploit their dataset and collapse the
number of breakthrough patents at the year x 3-digit IPC code; I then define for each
year as a breakthrough technology the ten 3-digit IPC classes with the largest share of
breakthrough patents. Finally, I aggregate the number of breakthrough inventions at
the department x year level and run Equation 6 by substituting breakthrough inven-
tions for standard patenting activity. Results of this exercise are summarized in Table

4 for the six usual specifications.

Again, and in line with the results discussed above regarding citations-weighted
patents, two features clearly stand out. First, the estimates on coal exposure are still

negative and significant, most of the time at the 1% level, further supporting the idea
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TABLE 4: Effect of coal on breakthrough patents for various specifications

Pseudo Poisson OLS v

Measure 1 Measure2 Measurel Measure2 Measure1l Measure 2

Coal exposure -0.362** -0.428*** -0.215%** -0.262%** -0.632*** -0.632%**
(0.158) (0.153) (0.078) (0.092) (0.172) (0.175)
Initial density 0.996*** 1.019*** 0.552%** 0.537*** 0.746*** 0.656***
(0.119) (0.121) (0.161) (0.170) (0.195) (0.211)
Distance to Paris -0.006*** -0.007#** -0.004*** -0.004*** -0.003*** -0.003***
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
Longitude -0.183 -0.147 0.210* 0.167** 0.165 0.177*
(0.207) (0.183) (0.107) (0.076) (0.134) (0.091)
Latitude 0.299 0.308 -0.337** -0.316** -0.199 -0.186
(0.306) (0.272) (0.157) (0.140) (0.203) (0.141)
Observations 9,678 9,678 9,022 9,022 9,022 9,022
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.832 0.833 0.450 0.453 0.269 0.387
F-Stat 8.41 7.85 11.05 14.87

Notes: The dependent variable is either breakthrough patents count (Pseudo Poisson specification) or the (log) number of
breakthrough patents per capita (OLS and IV models) while the explanatory variables are mainly the coal exposure measure,
distance to Paris, initial population density, longitude, latitude and other geographical and geological controls discussed in
Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

that innovation quality was negatively affected by coal exposure. Second, it is telling
that the estimates are all larger than those derived in the general framework: while
general estimates suggested that a one standard deviation increase in coal exposure
reduced patenting activity by c. 29 to 42%, the estimates from Table 4 indicate that the
magnitude would range from 30 to 47% which pertains to a sizable effect. On average,
coefficients are about 10% larger when accounting for difference in inventions quality
than in the general framework; all in all, there is robust evidence that coal exposure

simultaneously reduced innovation quantity and quality.

4.3.3 Coal mining and patent specialization

Beyond its impact on innovation quantity and quality, coal exposure was also con-
ducive of a specific specialization pattern in terms of innovative activities which might
itself have affected the quality and quantity of patenting activity. This assertion is sup-
ported by Table 5 which summarizes the effect of coal exposure on a wide range of
technologies. More specifically, textile patents encompass innovation which technol-
ogy class begins with D0O; mining patenting activity corresponds to patents belonging
to IPC class E21; land vehicles refer to patents in IPC class B62; plane & space are
patents in IPC class B64 while computing and information patents capture respec-
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tively IPC class G06 and G16. Strikingly, the effect of coal exposure was heterogenous
across technology classes. While I only report the estimates for 6 IPC classes out of
concision, the overall pattern remains unchanged across specifications: the closer a
technology class is to the industry specialization favored by coal proximity, the less
negative the impact of coal exposure on this technology class. Conversely, the further
an industry is from heavy industries related to early industrialization, the higher and

the more negative the impact on long-run innovation activities.

TABLE 5: Effect of coal on innovation specialization

Textile Mining Vehicles Aeronautics Computing Information

Coal exposure 0.205 0.049 -0.220 -1.571% -0.671** -0.723**
(0.136) (0.239)  (0.243) (0.318) (0.319) (0.303)
Observations 10,810 10,600 10,810 10,810 10,716 10,810
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
Demographic controls  Yes Yes Yes Yes Yes Yes
R-squared 0.673 0.550 0.660 0.709 0.759 0.745

Notes: The dependent variable is the number of patents related to each category mentioned while the explanatory
variable is the proximity to coal according to the first measure discussed in Section 3; geographical and geological
controls pertain to the covariates discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

Typically, textile innovation does not seem to have been negatively impacted by expo-
sure to coal. On the contrary, coal proximity seems to have positively affected textile
related innovation though the coefficient is not significant due to statistical impreci-
sion. Similarly ,the effect of coal exposure on mining techniques was rather positive
in spite of a poor significance. The effect only starts to be negative for car-related in-
ventions, but, again, the coefficient is not statistically significant, even at the 10% level.
This trend is consistent with the sustained involvement of coal-exposed departments
to mining and textile industries which were typical of the early industrialization that
such departments experimented thanks to their proximity to natural resources. By
contrast, patents related to newer sectors that bear no relation to coal extraction and
the type of industries it may support have been negatively and significantly impacted
by coal exposure. For instance, a one standard deviation increase in coal exposure cor-
responds to a 78% decrease in patenting activity related to plane industry, an effect
which is more than twice as large as the overall effect derived for total patenting activ-
ity. While the estimates are not as large for computing and information technologies,
they still suggest that the effect of coal exposure on them was much stronger than for
overall patenting activity: a one standard deviation increase in coal exposure reduced
patenting activity of technology classes G06 and G16 by respectively 49 and 51 %, two
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estimates that are larger to the upper bound effect I find for total patenting activity.

To summarize, my main findings so far show that exposure to coal industry exerted
a negative and significant impact on patenting activity throughout the XXth cen-
tury 2. Additionally, coal exposure negatively impacted the quality of innovations
as measured either by a citation-weighted count of patents or by the more robust
breakthrough component of innovation discussed by Kelly et al. (2021). This by-side
finding suggests that, not only innovation quantity, but also innovation quality was
affected by exposure to coalfields. Finally, and related to this second point, technol-
ogy classes were heterogeneously affected by coal exposure: while technology class
closely intertwined with the first industrial revolution, and hence with coal availabil-
ity, were rather positively though not significantly affected, industries associated with
the post-war period, and more precisely to the third industrial revolution, such as air-
plane industry, communication technologies, and computing power, were negatively
and much strongly affected by coal exposure than standard patents.

4.4 Coal mining and industry specialization

The key force underpinning the results derived in the model exposed in Section 2 is
that the price of natural resources directly influences the profitability of each indus-
try, implying that a large and positive shock on the availability of natural resources,
such as the discovery of a new coalfield, will likely trigger an increase in the share of
the resource-intensive industry. Under the assumption that the former might be less
efficient at the innovation process than other industries, such a behavior might lead to
an inefficiently low level of innovation, a prediction that turned out to be confirmed
by empirical facts summarized in the previous subsection. I now check whether ex-
posure to coal-industry actually induced a lasting specialization in resource-intensive
industries by contrast with knowledge-intensive ones. As I unfortunately lack a con-
tinuous and homogeneous dataset for the whole XXth century, I first investigate the
impact of coal exposure on industry specialization in the early XXth century before
turning to its sustained impact in the late XXth century and the beginning of the XXIst

century.
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TABLE 6: Effect of coal on share of professions libérales, 1901-1936

Measure 1 Measure 2 Measure 3
OLS 1Y OLS v OLS 1Y
Coal exposure -0.086**  -0.236***  -0.089  -0.230*** -0.105*** -0.181***
(0.039) (0.071) (0.055) (0.071) (0.033) (0.053)
Initial density 0.015***  0.022***  (0.014*** 0.018**  0.014***  0.016***
(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)
Distance to Paris -0.001 -0.001 -0.001 -0.000 -0.001 -0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Longitude -0.003 -0.035 0.012 0.007 -0.000 -0.012
(0.063) (0.073) (0.059) (0.063) (0.054) (0.052)
Latitude 0.057 0.078 0.060 0.082 0.104 0.147

(0.095)  (0.100)  (0.096)  (0.101)  (0.091)  (0.092)

Observations 581 581 581 581 581 581
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.334 0.202 0.329 0.221 0.346 0.267
F-Stat 5.36 8.33 5.63 7.07 6.14 6.22

Notes: The dependent variable is (log) share of people working as profession libérale while the main explanatory
variable is the different measures of coal exposure, as discussed in Section 3. Other important covariates shown
here include distance to Paris, initial population density, longitude, latitude. Other geographical and geological
controls discussed in Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

4.4.1 Coal mining and early XXth century industry specialization

Table 6 summarizes the effect of coal exposure on the share of high-value added jobs
- as measured by professions libérales - in total population in the 1901-1936 period. In
concrete terms, professions libérales is an occupation category defined by the Annuaires
Statistiques de la France as encompassing doctors, teachers, engineers or artists. While
these jobs encompass very different tasks and, somehow, education levels, they most
of the time demand scientific or precise knowledge that, in turn, might contribute to
innovation activities. In that respect, a high share of such occupations in the popula-
tion is indicative of a superior ability to deliver new ideas and hence, patents. And
it turns out that both OLS and IV estimates suggest a sizable and consistent effect
across the three measures of coal exposure, indicating that coal industry adversely
impacted the specialization of coal-dependent departments. While the OLS estimate
for measure 2 is close to, but not significant at the 10% level, all other estimates, either

2Complementary checks performed in the Appendices provide support to the argument that the effect
started as soon as the onset of the XXth century, precluding the explanation of a sheer reversal of
fortune.
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in the OLS or in the IV strategy are indeed negative and significant, either at the 5%
or, most of the time, at the 1% level. In terms of magnitude, estimated coefficients
imply that a one standard deviation increase in coal exposure contracted the share of

people working as professions libérales from 8 to 21%.

These estimates are reinforced by Table 7 which depicts the effect of coal exposure
on the (log) share of people classified as "technical experts" by the French census op-
erated in 1921, 1926, 1931 and 1936. Unfortunately, my dataset for this dependent
variable is restricted to those four censuses, given that the number of experts at the
department level is not consistently reported for previous years. Allowing for both a
wide range of confounding factors, and different empirical specifications, I however
find a significant and negative effect of coal exposure on the share of expert jobs in
total active population. This finding strengthens the previous statement made by Ta-
ble 6 in so far as expert jobs is probably a better definition of occupations that were
the most likely to capture the share of engineers or other science-based occupations
in total population. In that respect, a lower presence of such jobs in total population
might be indicative of lower abilities to contribute to scientific and research effort.
Actually, coal exposure has substantially reduced the share of people working as ex-
perts: estimates are indeed very stable across the different measures of coal exposure,
and point to a -14 to -35% reduction in the share of expert jobs following a one stan-
dard deviation increase in coal exposure. That the estimates are significantly larger
than those derived for all professions libérales is no surprise: this second measure of
high value added jobs better captures jobs that are the most likely to contribute to
research efforts; given that some occupations among professions libérales were not nec-
essarily related to science-based activities - such as, for instance, nurses - they may
not have been affected by the lower investment in upper-tail education induced by

coal exposure.

4.4.2 Coal mining and late XXth century industry specialization

As will also be shown for the upper-tail education channel, it is noteworthy and
telling that such a negative effect of coal exposure on job specialization was sustained
throughout the XXth century. Again, I unfortunately lack precise data for job clas-
sification in the 1936-1980 period; however, I am able to build a detailed dataset at
the department level for the 40-year period between 1980 and 2020 which is informa-
tive of the share of each 4-digit NAF activity in total employment. More specifically,
this dataset builds on the Enquéte emploi en continu, A French administrative survey
originally aimed at better understanding unemployment, and which later on started

investigating the shape of employment at a local level. While these year-on-year sur-

38



TABLE 7: Effect of coal on share of expert jobs, 1921-1936

Measure 1 Measure 2 Measure 3
OLS v OLS v OLS v
Coal exposure -0.224***  -0.439*** -0.213*** -0.448*** -0.154*** -0.354***
(0.049) (0.113) (0.067) (0.117) (0.051) (0.091)
Initial density 0.594***  (0.549***  0.637***  0.018***  0.506***  (0.552***
(0.116) (0.125) (0.117) (0.159) (0.114) (0.143)
Distance to Paris -0.001 -0.001 -0.001 -0.000 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Longitude 0.055 -0.005 0.101 0.081 0.098 0.071
(0.085) (0.098) (0.090) (0.102) (0.081) (0.078)
Latitude 0.144 0.216 0.135 0.209 0.146 0.247**

(0.117)  (0.144)  (0.125)  (0.154)  (0.109)  (0.116)

Observations 356 356 356 356 356 356
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.717 0.624 0.696 0.611 0.672 0.600
F-Stat 21.88 15.71 22.27 18.75 23.13 18.97

Notes: The dependent variable is (log) share of people working as experts while the main explanatory variable is
the different measures of coal exposure, as discussed in Section 3. Other important covariates shown here include
distance to Paris, initial population density, longitude, latitude. Other geographical and geological controls discussed
in Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

veys were not exhaustive, they nevertheless rely on samples of roughly 35,000 indi-
viduals allowing for both individual-level analysis and accurate aggregation at the
department level. Building on these valuable insights, I show a strong persistence
in the effect of coal on industry specialization at the local level: namely, I document
that high-value added jobs such as finance occupations, scientific and technical advi-
sory or occupations with advanced technological content were adversely impacted by
coal exposure while low-skilled and labor intensive occupations such as iron indus-
tries were positively and significantly impacted. For concision reasons, I only report
the estimates for two measures of coal exposure, namely proximity to coalfields and
proximity to large coalfields as discussed in Section 3 and postpone the presentation
of results for the third coal exposure measure to Appendix D. Also, and for the same
reasons, I only show the point estimates for the coal exposure measure; derivation of
the coefficients for initial density, distance to Paris, longitude and latitude are shown

in the Appendix D as well.

The effect of coal exposure on late XXth century industry specialization is summa-
rized in Table 8 which confirms that the effect of coal exposure on industry special-

ization was sustained over the long run. More specifically, coal exposure induced a
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TABLE 8: Effect of coal exposure on post-war industry specialization, 1980-2020

Metallurgy Technical advisory Finance Technology
OLS v OLS v OLS 1\Y% OLS v
Coal exposure 0.252* 0.455** -0.102* -0.418* -0.073* -0.328*** -0.099 -0.494***
(0.148) (0.200) (0.056) (0.113) (0.039)  (0.078)  (0.065)  (0.131)
Observations 1,59 1,596 3,667 3,667 3,679 3,679 3,677 3,677
Year Fixed-effect Yes Yes Yes Yes Yes Yes Yes Yes
Geographic controls  Yes Yes Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.407  0.347  0.325 0.143 0.221 0.128 0.295 0.104
F-Stat 7.71 8.84 9.05 8.74 10.06 6.55 8.46 6.84

Notes: The dependent variable is (log) share of people working as experts while the main explanatory variable is the different
measures of coal exposure, as discussed in Section 3. Other important covariates shown here include distance to Paris, initial
population density, longitude, latitude. Other geographical and geological controls discussed in Section 3 are included. ***
p <0.01,* p <0.05*p <0.1.

lock-in effect in low-value added specialization such as the metallurgy sector, while
lastingly affecting the involvement in high-value added sectors such as technical advi-
sory, finance industry or technology. In terms of magnitude, a one standard deviation
increase in coal exposure is conducive of a 29 to 58% higher share of textile industry.
By contrast, a one standard deviation increase in coal exposure lowers the share of
technical advisory, finance industry and technology by respectively 52, 39 and 64%.
While these magnitudes are substantial, it should be recall that they apply on industry
shares, meaning that they indicate percentage point increases. All in all, the evidence
brought in this subsection lends credence to the argument that exposure to coal extrac-
tion exerted a sustained and negative impact on industry specialization, in the sense
that high-value added occupations were significantly curtailed while low-skilled in-
tensive industries remained active up until the beginning of the XXIst century.

4.5 Coal mining and upper-tail education

A by-product of the model elaborated in Section 2 is that education is inefficiently low
in places endowed with abundant natural resources, given that firms have an incentive
to invest in resource-intensive industries which require poor education levels. I now
investigate empirically this prediction, by looking at both early XXth education and
late XXth education. The impact of either natural resources or early industrialization
on education is indeed a contentious issue. Franck and Galor (2017) notably argue
that early industrialization was conducive of larger literacy rates, flying in the face of
the conventional wisdom that industry is rather associated with poorer human capi-

tal. And yet, their study mostly focuses on intermediate education, meaning average
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levels of knowledge rather than the upper-tail part of it which might be the most im-
portant one to proxy for invention abilities. Indeed, Squicciarini (2020) demonstrates
the differential impact of secular schooling with respects to catholic schooling in terms
of contribution to the industrialization process. The former actually supported signif-
icantly the involvement in new industries while the latter barely exerted any effect.
This finding, she argues, mostly stems from the different programs that were adopted
by those distinct schooling systems: while secular schools rather focused on technical
and scientific knowledge, catholic schools were reluctant to teach science-based con-
tent. Furthermore, Franck and Galor (2017) study early industrialization rather than

exposure to coal industry, which might lead to different conclusions.

451 Coal mining and early XXth century education

TABLE 9: Effect of coal on upper-tail education, 1885-1911

(Log) surface of coalfields Proximity to coalfields Proximity to large coalfields

OLS v OLS v OLS v
Coal exposure -0.120** -0.491** -0.124** -0.371*** -0.063 -0.208***
(0.053) (0.206) (0.071) (0.128) (0.042) (0.065)
Initial density -0.009 -0.018 -0.006 -0.007 -0.000 0.014
(0.019) (0.018) (0.021) (0.024) (0.022) (0.026)
Distance to Paris -0.001 -0.001 -0.001 -0.000 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Longitude 0.116 0.089 0.116 0.098 0.123* 0.119%
(0.073) (0.086) (0.070) (0.065) (0.073) (0.072)
Latitude -0.126 -0.045 -0.131 -0.087 -0.127 -0.067
(0.119) (0.139) (0.123) (0.126) (0.120) (0.118)
Observations 1,789 1,789 1,789 1,789 1,789 1,789
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.442 0.06 0.438 0.170 0.424 0.167
F-Stat 4.88 3.98 5.25 5.94 4.52 4.31

Notes: The dependent variable is the (log) ratio of soldiers who held the baccalauréat degree over the 1885-1911 period while the main
explanatory variable is coal exposure, as measured by the three specifications discussed in Section 3. Other important covariates shown
here include distance to Paris, initial population density, longitude, latitude. Other geographical and geological controls discussed in
Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

In order to elaborate on the impact of coal mining on upper-tail education in the early
XXth century, I hence assemble a dataset at the department level which records the
share of young men enrolled in the French army that held the baccalauréat degree from
1885 to 1911. I then investigate the impact of coal exposure using the usual measures
of exposure to coal industry as well as the controls for geographical, geological and

demographic potential confounders. The results of this analysis are conveyed in Table
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9 which supports the idea that coal exposure induced a negative and significant effect
on the share of young men holding the baccalauréat degree. Both OLS and IV estimates
suggest for the three measures of education that exposure to coal induced a negative
and significant impact on upper-tail education. In terms of magnitude, IV estimates
suggest that a one standard deviation increase in coal exposure decreased the upper-
education rate by 19% to 39% depending on the estimates. Strikingly, the impact of
large coalfields seem a bit lower, given that the OLS estimates is negative but only
significant at the 13% level while the IV estimate is negative and significant at the 1%
level but substantially smaller than the two other estimates. This might be explained
by the fact that large coalfields only encompass 16 major extraction sites while local
coalfields were in the proportion of c. 900 at that time. In that respect, proximity
to large coalfields is a much more stringent measure of coal exposure which might
leave some departments with low values of coal exposure despite a potentially high
level exposure to smaller coalfields. In any case, that the results are robust to both IV
strategy and the inclusion of many confounding parameters is suggestive of the large
impact coal extraction exerted on upper-tail education in the early XXth century.

4.5.2 Coal mining and education in the late XXth century

This negative impact was actually sustained throughout the XXth century. I unfortu-
nately lack data for the 1914-1968 period in terms of education data, so that my later
estimates only encompass the second half of the XXth century as well as the beginning
of the XXIst century. Thanks to the richness of the INSEE databases corresponding
to that period, I however leverage granular data, in fact at the city level, to document
the persistent negative impact of coal exposure on upper-tail education. More specif-
ically, I retrieve for each city the share of the population having no diploma, having
the baccalaureate degree, or having a higher education degree. While the results are
robust for the whole sample of French cities, I rather present the main estimates for
cities with an initial population greater or equal to 1,000 inhabitants out of fear that
my results may be driven by smaller cities where access to high schools is much more
reduced. Robustness checks for the whole sample of French cities are presented in
Appendices D. In the end, my sample is made of roughly 7,000 cities for which I have
seven points in time, spanning from 1968 to 2020. In terms of descriptive statistics, the
share of population aged 16 or more that held at most the baccalauréat degree raised
sharply from 2.7% in 1968 to 16.8% in 2016; symmetrically, the share of population
aged 16 or more that held a higher education degree improved at an even quicker
pace from 1% in 1968 to 23.5% by the end of 2016.

Table 10 summarizes the effect of coal exposure on higher education in France from
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TABLE 10: Effect of coal on lower and upper-tail education, 1968-2016

(Log) No diploma (Log) Baccalauréat degree (Log) Higher education

OLS v OLS 1Y OLS 1Y
Coal exposure 0.012***  0.036*  -0.029*** -0.107*** -0.059*** -0.214***
(0.004) (0.017) (0.009) (0.040) (0.016) (0.075)
Initial density -0.023***  -0.026***  0.084*** 0.090*** 0.148*** 0.161***
(0.004) (0.005) (0.007) (0.008) (0.014) (0.015)
Distance to Paris 0.000* 0.000 -0.000 0.000 -0.001%** 0.000
(0.000) (0.001) (0.000) (0.001) (0.000) (0.001)
Longitude -0.007 -0.015*  0.028** 0.043%*** 0.026 0.059**
(0.005) (0.007) (0.012) (0.014) (0.020) (0.027)
Latitude 0.016** 0.014  -0.047*** -0.030 -0.065** -0.035
(0.007) (0.009) (0.015) (0.019) (0.025) (0.035)
Observations 49,345 49,345 49,195 49,195 48,393 48,393
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.634 0.612 0.656 0.641 0.725 0.695
F-Stat 8.66 216.96 28.78 215.89 24.81 710.99

Notes: The dependent variable is respectively the (log) ratio of no diploma in total population, the (log) ratio of baccalauréat
degree in total population and the (log) ratio of higher education degree in total population while the main explanatory
variable is coal exposure, as measured by the proximity measure discussed in Section 3, but at the city level, rather than at
the department level. Other important covariates shown here include distance to Paris, initial population density, longitude,
latitude. Other geographical and geological controls discussed in Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

1968 to 2016. Higher education is measured in a threefold way: first, I take the share
of population which holds no diploma at all; second, I retain the share of popula-
tion for which the highest diploma is the baccalauréat exam; finally, I consider the
share of population which holds a higher education degree. In that respect, I consider
measures which are increasingly restrictive in terms of the measure of upper-tail ed-
ucation. While having no diploma is the norm for most of the French population
born before the post-war educational reforms, the baccalauréat exam progressively
spread throughout the population; however, it took until recently for the success rates
to reach the record levels now observed: in that respect, baccalauréat has long been a
measure of upper-tail education in the French population; finally, higher education is
the best proxy for upper-tail education and, to that extent, best encompasses the in-
crease in the upper-tail education level in France. Turning to the results, two features
clearly stand out.

First of all, coal exposure had a negative and significant impact over upper-tail educa-
tion for the whole second half of the XXth century. Indeed, both OLS and IV estimates
suggest that exposure to coal significantly increased the number of people holding no
diploma while reducing sharply the share of people with the baccalauréat degree, or
with a higher education degree. In terms of magnitude, the estimates again point to a
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sizable effect: a one standard deviation increase in coal proximity increases the share
of people having no diploma by 1 to 3.6%; it further reduces the share of people hold-
ing at most the baccalauréat degree by 3.5 to 9.5%; finally, and most strikingly, a one
standard deviation increase in coal exposure is conducive of a 5.8 to 18.9% decline in
higher education attainment. Second, and as highlighted above, the effect is all the
larger as the measure of education better captures upper-tail rather than average ed-
ucation. While the effect of coal exposure is modest for the lack of diploma, it is large
and substantial for higher education, suggesting that coal industry deprived cities
from the opportunity of escaping a poor specialization through upper education.

TABLE 11: Effect of coal on share of grandes écoles, 1980-2020

Proximity to all coalfields Prooximity to large fields (Log) surface

OLS v OLS v OLS v
Coal exposure -0.148*** -0.522%* -0.165*** -0.528*** -0.238***  -0.538***
(0.045) (0.137) (0.063) (0.137) (0.065) (0.140)
Initial density 0.372%** 0.637*** 0.347%** 0.523*** 0.343***  (0.439***
(0.097) (0.132) (0.109) (0.153) (0.111) (0.157)
Distance to Paris -0.003*** -0.002*** -0.002*** -0.000 -0.002**  -0.002**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Longitude 0.058 -0.044 -0.084 0.052 0.076 0.049
(0.079) (0.116) (0.073) (0.095) (0.067) (0.071)
Latitude -0.226** -0.115 -0.221** -0.111 -0.188* -0.085
(0.105) (0.153) (0.108) (0.151) (0.095) (0.106)
Observations 3,093 3,093 3,093 3,093 3,093 3,093
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.525 0.204 0.487 0.176 0.501 0.252
F-Stat 10.52 6.27 8.93 7.31 8.54 6.67

Notes: The dependent variable is (log) share of surveyed people having completed their higher education in a grande école or
in a engineer school while the main explanatory variable is the different measures of coal exposure, as discussed in Section
3. Other important covariates shown here include distance to Paris, initial population density, longitude, latitude. Other
geographical and geological controls discussed in Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

This statement is further supported by an in-depth analysis of education specializa-
tion at the department level. Relying on Enquétes emploi en continu for the whole
1980-2020 period, I indeed retrieve for each department the share of people surveyed
year on year which achieved their higher education in either grandes écoles or an en-
gineer school not belonging to the somehow fuzzy grandes écoles label. Again, coal
exposure negatively and substantially affected the upper tail of the education distri-
bution. The estimates indeed suggest that a one standard deviation increase in coal
exposure reduced the (log) share of people attending a grande école by 14 to 42%.
Two facts deserve attention: first, the estimates are very stable across the different

measures of coal exposure and only vary depending on the specification (either OLS
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or IV). Second, the estimates do not contradict the values obtained in the city-level
analysis: the former indeed suggested that a one standard deviation increase in coal
exposure reduced the (log) share of higher education by 6 to 19%; given that this mea-
sure of higher education encompassed all kinds of upper education degree, it is not as
restrictive as the grande école measure, a difference which might account for the higher
magnitude of the coefficients obtained in Table 11. In any case, these estimates further
lend credence to the argument that coal exposure had a negative and sustained impact
over upper-tail education at the local level in France, a finding that might account for

the lasting discrepancies in innovation abilities across French departments.

5 Mechanisms

In this section, I address the main mechanisms underpinning the negative and lasting
impact of exposure to coalfields on patenting activity, education and industry spe-
cialization. While the standard economic framework would predict that investment
in unprofitable industries would vanish as alternative opportunities emerge, external-
ities as those described in the model summarized in Section 2 might account for a
sustained and negative effect of coal resources. More importantly, this section will
argue that exposure to coal triggered a negative feedback loop, whereby firm and in-
dividual decisions jointly concurred to lower productivity efforts by altering human

capital accumulation and by myopically investing in restricted industries.

5.1 Technological lock-in

One reason which could account for the sustained negative impact of coal exposure on
productivity would be the existence of a technological lock-in, whereby departments
heavily reliant on coal failed to diversify out of specific industries associated to coal
mining. This subsection will document evidence on that channel in a three-step way:
tirst, I will bring evidence that coal is an absorbing industry from a technological
standpoint, in the sense that coal patentees are more myopic with respects to other
technological fields; second, I will shed light on the fact that innovation was poorly
diversified in coal basins; finally, I will demonstrate that coal basins tend to be more
myopic in the sense of Agrawal et al. (2009), meaning that they disproportionately

draw from a restricted set of knowledge upon inventing new ideas.
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5.1.1 Is coal a myopic resource?

It is first noteworthy that coal technology is not similar to other scientific fields. In-
deed, it turns out that coal-related inventions exhibit a systematic myopic pattern in
the sense of Agrawal et al. (2009). Drawing on the example of "company town", the
authors define creative myopia as a measure of the degree to which inventors are
“nearsighted” in drawing disproportionately from prior inventions that are in some
way close to them. They show that such behavior is likely to occur in industries where
tirm concentration is large. As coal has been historically associated to large industries,
it could be that inventions related to coal are more myopic. To test this assumption,
I assemble a dataset at the country x IPC3 x year level spanning the whole XXth cen-
tury and compute technological myopia M{’ ; for each technology field f in country c

at time t as follows:

M., = A Z (8)

ctaeAC

Where M/ .t 1s the average technological myopia in technological field f in country ¢

at time t, N} '} indexes the number of assignees in technological field f in country ¢

at time f, A is the set of assignees in technological field f in country c at time f, Cf

counts the number of citing patents of country c¢ and technological field f at time ¢
for which the technology class of the cited patent is the same as the technology class
of the patent that makes the citations, and C£ ; is the number of citations made by
patents of technology field f in country c at time t. Intuitively, the larger M£ ;» the
more assignees in a given technological field within a country tend to cite patents
that belong to the same technological class as the patent they are making, meaning
that inventors tend to focus on a narrow set of technological fields to make progress

in their own knowledge effort.

I then run the following regression:

ML=ttt ) plk= fl+ e ©)

keT
Where «; indexes year fixed-effects, 7. captures country fixed effects and By fork € T,
where 7 indexes the set of all technological fields, are the parameters of interest.
Namely, they capture the individual effect of each 3-digit IPC class on the level of
technological myopia. In other words, they capture fixed effects specific to technology

tields once country and year fixed effects are removed. Results from this specification
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are shown in Figure 6 which clearly supports the idea that coal-induced inventions
exhibit a substantially larger myopia compared to their technological counterparts.
For the sake of clarity, I only report here the estimates obtained for 7 technological
classes, namely B23 (machine-tools), B60 (transportation), A61 (health and leisure),
HO1 (electric elements), F41 (weapons and ammunition), D05 (sewing and embroider-
ing) and finally C10 (coal, coke, gas and petroleum). This choice was made on the
basis of the representativeness of such technological classes which have been pecu-
liarly significant throughout the XXth century; yet, it is noteworthy that, in any case,
coal technology (as captured by IPC3 "C10") exhibits the larger coefficient by far; the
second largest technological-field specific coefficient is that of field D05 (sewing and

embroidering) which is also reported in this figure.

FIGURE 6: Creative myopia by technological field
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Notes: This Figure plots the results from equation 9 and shows the coefficients obtained for 7 IPC classe detailed above.
Standard errors are clustered at the 3-digit IPC level. Two models are presented: in blue, equation 9 is tested with country
fixed effects and year fixed effects while the red specification allows for country x year fixed effects.

In short, recovered estimates suggest that coal-related inventions tend to be thrice as
myopic as sewing-related inventions which, themselves, are the second most myopic
inventions according to the measure discussed above. These estimates are the more
striking as they are derived using agricultural inventions from IPC class "A01" as the
baseline, which itself is a highly myopic technological field. In that respect, it turns
out that coal inventions might contribute to short-sighted inventions or, at least, to
inventions that build on a narrow subset of past innovations. This, in turn, might
explain why former coal-basins experienced a hard time at delivering valuable inven-
tions throughout the XXth century: they might have disproportionately drawn from a

restricted set of technological fields, an hypothesis that the following subsections will
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reinforce.

5.1.2 Innovation diversity in coal basins

Previous paragraphs suggest that coal industry is myopic in the sense that it dis-
proportionately draws knowledge from a restricted set of technical fields. This, in
turn, could induce over-specialization of departments that once invested in the min-
ing industry; in particular, it could be that innovation in coal departments was largely
concentrated in a few technical fields. This assumption can be tested by defining tech-
nological concentration C;/ ; in department d at time ¢ according to the metric specified

by Agrawal et al. (2009):
cl=[1-Y Pras™) | _Pa (10)
at fer Pd,t Pd,t -1

Where Py 4; counts the number of patents filed in technological field f in department

d at time t while P;; counts the number of patents filed in department d at time
t. In words, this measure captures the concentration of patenting activity in depart-
ment d at time ¢ within a few technological class (first term of the RHS), operating
an adjustment depending on the total number of patents within that department in
a given year. The larger this ratio, the more diverse innovation is. Conversely, the
lower this ratio, the more innovation tends to cluster within a few industries in a
given department. To understand whether coal exposure had an impact over the in-
novation structure and, more specifically, over the degree of innovation concentration
within a given department, I run equation 6 by taking C;/t as the dependent variable.
The results are shown in Table 12 which clearly supports the idea that coal exposure
triggered an over-specialization within a few technological fields. On average, a one
standard deviation increase in coal exposure decreased technological diversity by 2 to
4% according to the IV estimates. This suggests that coal exposure strongly impacted,
not only patenting quantity or even quality, but also patenting structure. Coal basins
were more contingent on a few industries; as those industries started to fade in the be-
ginning of the 60s, coal basins were locked-in a tight and poor industry specialization,

precluding them from smoothly reconverting in frontier sectors.

5.1.3 Creative myopia in coal basins

Consistently with the evidence accumulated so far, coal basins seem to have adopted

a myopic behavior in terms of technological progress throughout the second half of
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TABLE 12: Effect of coal on technological diversification

Proximity to all coalfields

Proximity to large fields

Binary measure

OLS v OLS v OLS v
Coal exposure -0.007* -0.021*** -0.022%** 0.037%** -0.009  -0.047***
(0.004) (0.006) (0.003) (0.006) (0.006)  (0.015)
Initial density 0.015 0.022#** 0.023*** -0.017 0.015**  0.029**
(0.006) (0.008) (0.006) (0.008) (0.006)  (0.012)
Distance to Paris -0.000 0.000 0.000 0.000 -0.000  -0.000
(0.001) (0.001) (0.001) (0.001) (0.000)  (0.001)
Longitude 0.001 -0.001 -0.000 -0.001 0.000 -0.002
(0.004) (0.011) (0.004) (0.005) (0.004)  (0.008)
Latitude 0.002 0.007 0.005 0.007 0.001 0.003
(0.006) (0.008) (0.005) (0.008) (0.006)  (0.008)
Observations 10,070 10,070 10,070 10,070 10,070 10,070
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls  Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.180 0.048 0.173 0.048 0.169 0.031
F-Stat 8.84 8.89 8.15 8.89 8.52 5.61

Notes: The dependent variable is technological diversification as defined in equation 10 above while the main explanatory
variable is the different measures of coal exposure, as discussed in Section 3. Other important covariates shown here
include distance to Paris, initial population density, longitude, latitude. Other geographical and geological controls dis-
cussed in Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

the XXth century. More specifically, former coal basins exhibited a systematically
higher technological myopia in the sense of Agrawal et al. (2009) which was detailed
in subsection 5.1.1. To ensure that the results obtained for coal as a technological
class are similar when turning to a geography-based analysis, I compute technological
myopia ML for each department d at time t as follows:

i

t
: 11
c1 (11)

1
M, =— Y
7 A
Nd,t aceA

Where N, ; indexes the number of inventors in department d at time ¢, A indexes the
set of inventors in department d at time ¢, C;T/ ; counts the number of citations made by
patents filed in department d at time ¢ which refer to patents belonging to the same
3-digit IPC class as the citing patent, and CdT’t captures the total number of citations
made by patents filed in department d at time ¢. In short, M;,t is very similar to the
measure at the technology-class level discussed in the previous subsection, apart from
it is computed at the department level rather than at the technological class level. I
then simply test equation 6 by taking technological myopia Mg,t as the dependent
variable, which yields the results summarized in Table 13. In summary, exposure to

coal extraction substantially increased technological myopia; in terms of magnitude,

49



a one standard deviation in coal exposure allegedly translated in a 1 to 6% increase in
technological myopia, suggesting that the effect is sizable. Probably more important
is the economic meaning of such a myopia: by building on a narrower set of ideas and
knowledge compared to other departments, former coal basins lowered their chance
of reaching the technological frontier as well as the likelihood that they could escape

their overspecialization in the coal industry in the long run.

TABLE 13: Effect of coal on technological myopia

Proximity to all coalfields (Log) coal surface Binary measure

OLS v OLS v OLS v
Coal exposure 0.010* 0.030** 0.007**  0.030**  0.065***  0.064**
(0.006) (0.013) (0.003)  (0.006)  (0.012)  (0.026)
Initial density -0.020** -0.037#** -0.015**  -0.029**  -0.051** -0.035***
(0.010) (0.013) (0.007)  (0.014)  (0.023)  (0.015)
Distance to Paris -0.000 0.000 -0.000 0.000 -0.000 -0.000
(0.001) (0.001) (0.001)  (0.001)  (0.000)  (0.001)
Longitude -0.003 -0.001 -0.001 0.003 0.000 -0.002
(0.004) (0.011) (0.006)  (0.009)  (0.022)  (0.008)
Latitude -0.005 -0.010 -0.003 -0.009 -0.006 0.003
(0.006) (0.013) (0.009)  (0.014) (0.031)  (0.008)
Observations 3,131 3,131 3,131 3,131 3,131 3,131
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.173 0.054 0.173 0.051 0.162 0.031
F-Stat 5.43 4.51 5.62 4.51 5.82 5.61

Notes: The dependent variable is technological myopia as defined in equation 11 above while the main explanatory
variable is the different measures of coal exposure, as discussed in Section 3. Other important covariates shown
here include distance to Paris, initial population density, longitude, latitude. Other geographical and geological
controls discussed in Section 3 are included. ** p < 0.01, ** p < 0.05, * p < 0.1.

5.2 The burden of path dependence

Another mechanism which could account for the persistence in the negative impact
of coal industry on productivity and patenting levels could be some form of path
dependence. In the wake of Paul David’s pioneering research (David (1985)), path
dependence has garnered a rising interest in economic literature; important contribu-
tions in that respect include Acemoglu et al. (2001) and Aghion et al. (2012b). Given
the time-span during which coalfields were actively ran in France, coal is likely to
have lastingly affected industry and innovation structures. This subsection will inves-
tigate that plausible channel by first looking at graphical evidence, before showing
that coal departments exhibit substantially larger similarities with respects to their

former industry and innovation structure.
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5.2.1 Graphical evidence

Before turning to empirical results, it is noteworthy to take a look at Figure 7 which
summarizes the evolution of innovation structure in departments heavily invested in
the coal industry compared to departments barely affected by coal extraction. Figure
7 simply plots the evolution of the year on year proximity with respects to the initial
patenting structure of departments most heavily exposed to coal (gold) compared to
departments least heavily exposed to coal (navy blue). Formally, this value is obtained
by computing;:

Vt,Sar = Xar - Xa907 (12)

Where X, is the vector that stacks the share of each 3-digit IPC category in total
patenting activity of department d at time t while X; 1997 stacks the share of each 3-
digit IPC category in total patenting activity of department d back in 1907. In words,
the larger this product, the more similar patenting activity in department d at time ¢
is to the patenting activity of that department back in 1907. Said differently, the larger
this value, the more the department resembles its former innovation type, implying
that it is locked in a given specialization. Clearly, departments heavily exposed to
coal exhibit a sharper path dependence as measured by equation 12: throughout
the 1940-2010 period, such departments indeed exhibit substantially larger levels of
similarity with respects to their past innovation structure compared to departments
less intensively exposed to coal extraction. This finding is robust to excluding Paris
out of the sample, a finding which is important to the extent that Paris accounts for

almost half of total French patenting activity in the XXth century.

5.2.2 Industry path dependence

I now explore whether this graphical evidence pertains to a causal adverse effect of
coal exposure on path dependence. I first do this by checking whether coal depart-
ments were more likely to suffer from industrial path dependence, in the sense that
their industrial structure evolved less with respects to its baseline compared to non
coal departments. Unfortunately, I lack homogeneous data on industrial employment
throughout the XXth century; the best I can do is to leverage the Enquétes Emploi en
Continu which spans from 1980 to 2021 and provides detailed information on em-
ployment at the NAF 2-digit level in each department. I am thus able to compute an
indicator of similarity of employment structure in each department compared to its

1980 level; formally, I compute industrial similarity S é’t as:
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FIGURE 7: Graphical evidence on path dependence in coal departments

(a) Including Paris (b) Excluding Paris
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Notes: Figure (a) plots the evolution of similarity with respects to 1907 innovation structure in the top 10%
departments in terms of exposure to coal (gold) versus the bottom 1°% departments in terms of exposure to coal
(navy blue), including Paris in the sample, while Figure (b) replicates this graph but excluding Paris as a robustness
check.

Vvt >1980,8), = X, - X105 (13)

Where X dI/ ; is the vector that stacks the share of each 2-digit NAF sector in total em-
ployment in department d at time ¢t and X dI,1980 is that same vector but for year 1980.
In words, and as in the specification introduced in equation 12, S é,t measures how
close a department is from its initial industry structure. The closer this value is to
1, the more the department resembles its former industry structure; by contrast, the
closer this value is to 0, the further away the department is from its baseline indus-
try structure, and, hence, the less it exhibits path dependence in employment and
industry specialization. I then run equation 6 using S é,t as the dependent variable,
and summarize the results obtained in Table 14. Strikingly, coal exposure induced a
stronger dependence on past specialization as evidenced by the positive and signifi-

cant coefficient obtained for 5 out of the 6 specifications considered.

On average, a one standard deviation increase in coal exposure raised dependence
to past industrial structure by 10 to 20%. Alternatively, having been exposed to coal
exposure, as measured by the binary variable, allegedly increased path dependence
in terms of industry structure by 20 to 40% compared to departments that never mine
any coal. Such estimates suggest that the effect of coal on industry specialization in
the long run was lasting and sizable, which, in turn, could partly explain the persistent
slowdown in productivity experienced by those departments throughout the XXth
century, a slowdown which accelerated in the beginning of the 60s as suggested by
the graphical evidence introduced in Figure 1.
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TABLE 14: Effect of coal on industrial path dependence

Proximity to all coalfields (Log) coal surface = Binary measure

OLS v OLS v OLS v
Coal exposure 0.077 0.204*** 0.103**  0.215%*  0.174***  0.405**
(0.048) (0.070) (0.046)  (0.073) (0.062) (0.143)
Initial density -0.197** -0.245*** -0.187**  -0.209***  -0.206***  -0.258***
(0.075) (0.081) (0.097)  (0.075) (0.073) (0.087)
Distance to Paris 0.000 -0.000 0.000 -0.000 0.000 -0.000
(0.001) (0.001) (0.001)  (0.001) (0.000) (0.001)
Longitude -0.003 0.013 -0.000 0.013 0.007 0.032
(0.004) (0.073) (0.057)  (0.055) (0.064) (0.068)
Latitude -0.067 -0.114 -0.079 -0.125 -0.059 -0.087
(0.099) (0.110) (0.084)  (0.089) (0.088) (0.097)
Observations 3,563 3,563 3,563 3,563 3,563 3,563
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.745 0.405 0.748 0.424 0.751 0.407
F-Stat 12.68 9.45 11.53 9.85 11.99 7.66

Notes: The dependent variable is industrial path dependence as defined in equation 13 above while the main ex-
planatory variable is the different measures of coal exposure, as discussed in Section 3. Other important covariates
shown here include distance to Paris, initial population density, longitude, latitude. Other geographical and geolog-
ical controls discussed in Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

5.2.3 Innovation path dependence

In turn, industry path dependence also translated in innovation path dependence, in
the sense that coal departments were more likely to keep the same innovation struc-
ture throughout the XXth century, precluding them from exploring more recent and
contemporaneous technological fields. This finding can be supported by first defin-
ing technological path dependence as summarized in equation 12. I then leverage
the patent sample spanning from 1945 to 2017 to test equation 6 where I take S;;
as the dependent variable. Restricting the sample to the post-WW2 period aims at
better capturing path dependence, in the sense that dependence to former industry
structure may only be measured in the long run; testing for dependence of patenting
activity in 1908 with respects to innovation structure in 1907 would, in that respect,
not be meaningful; additionally, this allows me to exclude war periods during which
innovation may have been substantially altered in its structure owing to government

intervention. Results of this specification are summarized in Table 15.

Consistently with the estimates reported in Table 14, coal exposure seemingly strength-
ened reliance on past innovation. On average, a one standard deviation increase in
coal exposure translated in an increase in dependence to past innovations by 12 to

38%, a range of magnitude that is roughly comparable to that derived in the previous
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TABLE 15: Effect of coal on industrial path dependence

Proximity to all coalfields (Log) coal surface Binary measure
OLS v OLS v OLS v
Coal exposure 0.123* 0.382*** 0.175*  0.384**  0.234*  0.718***
(0.062) (0.118) (0.075) (0.117) (0.105) (0.241)
Initial density -0.311*** -0.387*** -0.298**  -0.326%** -0.206™*  -0.409***
(0.075) (0.107) (0.100) (0.103) (0.116) (0.156)
Distance to Paris -0.000 -0.002 -0.000 -0.001 -0.000 -0.001
(0.001) (0.001) (0.001) (0.001) (0.000) (0.001)
Longitude 0.036 0.101 0.023 0.044 0.052 0.150
(0.078) (0.088) (0.080) (0.080) (0.078) (0.102)
Latitude -0.052 -0.190 -0.061 -0.150 -0.040 -0.152
(0.119) (0.138) (0.119) (0.119) (0.117) (0.134)
Observations 5,530 5,530 5,530 5,530 5,530 5,530
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.097 0.025 0.091 0.424 0.088 0.011
F-Stat 2.40 2.80 3.03 3.56 2.63 1.83

Notes: The dependent variable is innovation path dependence as defined in equation 12 above while the main ex-
planatory variable is the different measures of coal exposure, as discussed in Section 3. Other important covariates
shown here include distance to Paris, initial population density, longitude, latitude. Other geographical and geologi-
cal controls discussed in Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

subsection. Alternatively, departments that mined coal exhibit, on average, a path
dependence in terms of innovation which is greater by 25 to 70% compared to depart-
ments that never mined any coal. All in all, evidence accumulated in the three last
subsections pertain to an adverse effect of coal exposure on capital and ideas reallo-
cation: more specifically, departments which invested more heavily in coal did not
manage to reallocate their funds and technical structure to alternative industries and
sectors over time which might bring an explanation to their persistently dampened

innovation levels.

5.3 Human capital trap

A last and important mechanism that could account for the persistence in the damp-
ened productivity level of coal-exposed departments lies in the cultural lock-in suf-
fered by such departments. More specifically, as they invested in low-skilled indus-
tries, these departments did not need to rely on a large basin of highly skilled workers
which, in turn, lowered human capital accumulation as was evidenced in Section 5.
Yet, it remains to be proved that coal basins suffered a peculiarly hard time at escap-
ing this suboptimal equilibrium. This subsection will hence discuss the feedback loop

whereby poor education levels were transmitted within family of coalfield workers
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while gifted individuals had no choice but to leave their birth department in order to

achieve better career outcomes in more dynamic places.

5.3.1 Within-family human capital transmission

I start this subsection by investigating the role of within-family transmission in the
human capital trap suffered by coal departments. More specifically, I bring evidence
that children whose father was a coalfield worker were less likely to achieve higher
education or to achieve high career outcomes such as becoming a white collar, an
engineer or even a teacher. I then rationalize these findings by showing that job trans-
mission was peculiarly high within coalfield families compared to families with other
job occupations. For that purpose, I leverage the 1977 survey Formation et Qualifica-
tion Profesionnelle which collected data on more than 35,000 individuals coming from
the whole French territory; in particular, this survey gathered information on career
outcomes, educational trajectories, birth place, residence place as well as valuable

insights on parents’ career and achievements.

I then consider probit or logit models of the following form:

Vi=®(XiB+T2Z;+¢) (14)

Where )); is a dichotomous outcome of interest for individual i taking the value 1
when the event of interest is fulfilled and 0 otherwise. Events of interest include
having completed higher education, occupying a white collar position, having a high-
skilled job or working as an intellectual. &; is a vector of j dummy variables where
line k takes value 1 if individual i’s father occupied job k, while Z; controls for other
idiosyncratic factors such as the birth department, the residence department, the birth
year or the sex. In concrete terms, the occupation of individuals’ father is defined by
the 1975 employment code following the typology of INSEE at that time. While this
classification was as detailed as a 4-digit stratification, I focus on a broader classifica-
tion of jobs which I detail in the Appendix; it basically consists in grouping consistent
2-digit NAF occupations together to end up with 20 job categories which are more
tractable and easier to compare. I then leverage this specification for respectively four
outcome variables: first, I investigate the role of father occupation on the probabil-
ity of achieving higher education; second, I turn to the impact of father job on the
probability of becoming a white collar; third, I explore the effect of father’s job on
the probability of becoming an engineer; I finally sum up by considering the impact
of father’s job on the probability of occupying a high-skilled job, where I define a

high-skilled job as being a white collar, an engineer, a teacher or an intellectual.
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FIGURE 8: Father’s job effect on probability of achieving higher education and becoming a white-collar

(a) Upper education (b) White collar jobs
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Notes: Figure (a) plots the coefficients when testing Equation 14 with a binary variable taking the value 1 if the
individual achieved higher education and 0 otherwise while Figure (b) plots the coefficients when testing Equation

14 with a binary variable taking the value 1 if the individual works as a white collar and 0 otherwise. For the sake of
readability, coal professions are pictured in orange while other professions are shown in blue.

Results of these specifications are shown respectively in Figure 8 and 9, where, for the
sake of readability, I plot in orange the coefficients associated to the effect of having
a father working in the coal mining industry, while blue coefficients are attached to
other kinds of industries which include farming, metal, chemistry, electricity, admin-
istration, engineering, paper, wood, transportation, drawing, services, white collars,
construction, textile, health, food and others. In summary, what these graphs suggest
is that coal-professions, namely jobs which implied working in a coalfield, exerted a
significant and negative effect on the probability of having kids achieving higher edu-
cation, becoming white collars, engineers or, more generally, on having kids working
in high-skilled positions. More importantly perhaps, these estimates suggest that,
among the twenty job categories tested, the mining category ranks among the most
negative ones in terms of the effect on kids” achievements. Indeed, coal industry ranks
respectively 3rd st 3" and 2" in terms of negative impact on kids outcome when
considering respectively higher education, occupying a white collar job, an engineer
job and a high-skilled job.

Jointly with farming occupations, coal jobs are the professions that exerted the most
significant and negative impact on education and career outcomes of kids. In terms
of magnitude, having a father working as a coalfield worker reduced the chance of
achieving higher education by 5.2%, an outcome equivalent to that obtained for the
kids of farming workers. Similarly, having a father working in coalfields translates in a
8% lower likelihood of working as a white collar, while decreasing the chance of work-
ing as an engineer by 1.9%. Overall, having a father working as a coalfield worker
allegedly decreased the likelihood of occupying a high-skilled job (as defined above)
by roughly 10.8%, an effect which is very close to that obtained for kids of farming
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FIGURE 9: Father’s job effect on probability of becoming an engineer of occupying a high-skilled job

(a) Engineer (b) High-skilled job
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Notes: Figure (a) plots the coefficients when testing Equation 14 with a binary variable taking the value 1 if the
individual works as an engineer and 0 otherwise while Figure (b) plots the coefficients when testing Equation 14 with
a binary variable taking the value 1 if the individual occupies a high-skilled job and 0 otherwise. For the sake of
readability, coal professions are pictured in orange while other professions are shown in blue.

workers (10.9%) and much larger than that corresponding to children of metal work-
ers (-2.3%), construction workers (-7.4%) or even transportation workers (-6.3%). That
the effect of having a father working as a coal worker is peculiarly large might be ac-
counted for by the fact that kids of coal workers were more likely to work themselves
as coal workers. This finding is indeed supported by testing equation ?? where the
dichotomous variable is taken to be 1 if the father of surveyed individual occupied
the same job as his own father, and 0 otherwise.

The results of this last check are summarized in Figure 10 which summarizes the
probability of occupying the same job as one’s father depending on the industry in
which one works. As expected, farming jobs are those with the largest within-family
transmission: being the son of a farmer increases chance of occupying the same po-
sition by 47%. While this effect is significantly larger than that derived for all other
jobs, coal industry comes second and is associated to a 20% higher chance of inter-
generational job transmission. To get a sense of the magnitude of this coefficient, it is
telling to observe that the same coefficient for metal and construction workers corre-
spond respectively t a 2.4% lower chance of working in the same field as one’s father,
and a 5.3% higher chance of working in the same field as one’s father. All in all, this
subsection lent credence in favor of the argument that within-family transmission was
peculiarly strong among families related to coal. More specifically, being the kid of a
coal worker substantially reduced the likelihood of building a strong human capital,
or - which, to some extent, is equivalent - of occupying high-skilled positions; this
tinding mostly derives from the fact that such families were locked in this specific

industry.
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FIGURE 10: Probability of occupying the same job as one’s father, by indsutry

(a) Probit model (b) Logit model
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Notes: Figure (a) plots the probit coefficients when testing Equation 14 with a binary variable taking the value 1 if
the individual works in the same field as his father Figure (b) plots the same coefficients using a logit model. For the
sake of readability, coal professions are pictured in orange while other professions are shown in blue.

5.3.2 High-skilled migration

While families involved at some point of their history in coal mining seem to have
been stuck in that industry, it could however be argued that innovation is a very
concentrated process, so that only a few inventors suffice to drive productivity in a
given place. In that respect, one could argue that being stuck in an industry is not
necessarily detrimental from a patenting point of view, as long as a large enough
pool of inventors may be maintained. Yet, there is empirical evidence that coal basins
were peculiarly subject to a brain drain phenomenon, where by gifted individuals left
their home department to achieve higher career or studies opportunities in another
department. Migration is indeed a key component of the innovation network, which
has been widely studied in the recent economic literature. To mention a few of them,
Moser et al. (2014) leverage the Jewish emigration out of Nazi Germany to demon-
strate how highly-education migrants revolutionized US science in the early 30s while
Hornung (2014) exploits the Huguenot migration from France to Prussia in the early
XVIIIth century to study the positive long-run impact of the Huguenot settlement
on the productivity of textile manufactories in Germany. By contrast, I leverage the
already mentioned Enquéte Emploi en Continu to document a positive and sustained

impact of coal exposure on out-migration of skilled labor force.

More specifically, I compute for each department 4 at time ¢ the value £ 5’/ ; that captures
excess representation of skilled individuals in migration out of a department. In
concrete terms, for each available survey, I compute the share sg’t of skilled individuals
among total individuals born in department d; similarly, I compute the share sgl’fw of
skilled individuals among individuals who migrated out of their birth department 4.

I then define &£ ; ; to be:
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In words, this parameter captures the over-representation of skilled people in migra-
tion outflows out of any department 4 at time ¢. For all surveys, it relates the share of
high skilled individuals who are no longer living in their birth department to the share
of high-skilled individuals in that same department. The larger this ratio, the more
high-skilled invididuals from a given department d tend to leave their birth depart-
ment and find other opportunities in another French department. I then test equation
6 where I define the dependent variable to be £ 5, ;» namely the over-representation of
high-skilled individuals in out-migration patterns. Before turning to these empirical
causal results, it is noteworthy that graphical evidence supports the idea of a strong
brain drain effect out of coal departments.

FIGURE 11: Over-representation of high-skilled migration and coal exposure

(a) Exposure to all coalfields (b) Exposure to large coalfields
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Notes: Figure (a) plots excess migration outflows against proximity to all coalfields while Figure (b) plots excess
migration outflows against proximity to large coalfields.

Figure 11 indeed states a clear and positive relationship between the exposure to coal,
be it either measured as proximity to all coalfields (Panel (a)) or proximity to large
coalfields (Panel (b)), on the brain drain measure. This positive correlation may be
causally interpreted according to the results summarized in Table 16 which illustrates
a positive and significant effect of coal exposure on the magnitude of brain drain out
of French departments. All coefficients on the different coal exposure measures are
indeed positive and significant at the 1% level, both in OLS and in IV specifications,
suggesting that coal exposure induced a substantial brain drain out of former coal
basins. In terms of magnitude, a one standard deviation increase in coal exposure
translated in a 8 to 25% higher brain drain which suggests that the negative impact
was sizable and sustained. Alternatively, departments which experienced coal mining

in their history show 15 to 50% larger brain drain levels compared to departments
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which never mine any coal. As will be shown in the Appendix, it is noteworthy that
this effect still holds when adding unemployment rate as well as a variable coding for
the number of universities per capita. In the end, the evidence summarized in this
subsection add up to assert a negative and sustained feedback loop, whereby former
coal basins were less likely to accumulate human capital, owing both to within-family

transmission as well as to brain drain.
TABLE 16: Effect of coal exposure on brain drain

Proximity to all coalfields (Log) coal surface Binary measure

OLS v OLS 1\Y OLS v
Coal exposure 0.104*** 0.255%** 0.082*%*  0.252***  0.150***  0.508***
(0.033) (0.062) (0.028)  (0.056)  (0.051)  (0.135)
Initial density 0.037 -0.387%** 0.029  -0.326***  0.043 -0.039
(0.043) (0.107) (0.048)  (0.065)  (0.042)  (0.062)
Distance to Paris 0.001*** 0.001 0.001***  0.001**  0.001*** 0.001***
(0.000) (0.000) (0.000)  (0.001)  (0.000)  (0.000)
Longitude -0.059 -0.025 -0.073**  -0.052  -0.059*  -0.002
(0.036) (0.049) (0.033)  (0.035)  (0.035)  (0.059)
Latitude 0.138** 0.061 0.158***  0.089  0.163***  0.095
(0.055) (0.074) (0.053)  (0.061)  (0.050)  (0.075)
Observations 3,697 3,697 3,697 3,697 3,697 3,697
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.346 0.265 0.326 0.245 0.343 0.163
F-Stat 8.61 10.80 10.47 12.58 7.32 7.80

Notes: The dependent variable is brain drain as defined in 15 while the main explanatory variable is the different
measures of coal exposure, as discussed in Section 3. Other important covariates shown here include distance
to Paris, initial population density, longitude, latitude. Other geographical and geological controls discussed in
Section 3 are included. *** p < 0.01, ** p < 0.05, * p < 0.1.

6 Conclusion

In summary, this paper draws on a simplified theoretical framework to suggest the
existence of a negative and sustained effect of exposure to extractive industries such
as coal industry on productivity, education and industry specialization. Leverag-
ing a unique French dataset, I provide evidence of a negative and significant effect
of involvement in coal extraction on patenting activity at the local level in France
throughout the XXth century as well as in the beginning of the XXIst century. Not
only did coal exposure decrease the quantity of innovation; it also reduced its quality
and sustainedly shaped its orientation for subsequent decades. This negative effect of

coal exposure on patenting activity comes with a negative impact on industry special-
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ization and education decisions, which persisted over time through creative myopia

and a negative cultural lock-in.
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A Theoretical framework

A.1 Proof of optimal consumption levels

The representative consumer optimizes:

U(xj,xj) = Inx; +Inx;

Under the resource constraint:

xi+xj§2

Given that the resource constraint is saturated, this yields:

xi:2—xj

Substituting in equation Al implies that:

U(xj) = In(2 — xj) + In(x;)

Taking the derivative with respects to x; gives:

11
ok
2 x]. x].
Which simplifies to:
*
2 — X; = X;
So that:
x}k =1
And:
xp=2-x;=1
Hence:
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Vie{ij}x=1 (A9)

A.2 Proof of optimal innovation decisions

The innovation problem in the resource-intensive consists in maximizing;:

2
I1:(qi pn, Qj) = qiBi(Q)) — % — P (A10)

Taking the derivative with respects to g; entails the following optimality condition:

Bi(Qj) —q; =0 (A11)

Which trivially implies that:

q; = Bi(Q)) (A12)
Symmetrically, the innovation problem in the knowledge-intensive industry consists

in maximizing:

2
Tik
L1 (gj: %) = 9jBj — ]7 — Kk (A13)

Taking the derivative of the previous equation with respects to g entails the follow-

ing optimality condition:

Bi—aix=0 (Ald)

Which trivially yields:

q; = Bj (A15)

Where I removed the subscript k as the optimal innovation effort, conditionally on
joining industry j, does not depend on the firm-specific individual ability as captured

by K-
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A.3 Proof of uniqueness of cutoff value

As stated in the main text, firms join the knowledge-intensive industry if and only if
the profit derived in the former is greater than that derived in the latter. Formally,

this condition writes:

—_

%,B]Z'—Kk > 5 [(1‘1”‘31‘)(1—#@]')}2—;9” (A16)

Rearranging implies that the cost of education must abide by:

% < 58— 2 [+ xi) 1+ Q)1 + o (A17)

This formula basically states that only firms with a low enough cost of education
will join the knowledge-intensive sector. As kj is uniformly distributed over the [0, 1]
interval, this means that the fraction of firms with a sufficiently low level of education

cost can be defined as:

1
=B 1481+ Q)+ py (A18)
Where:
Q= /O gk (A19)

It then appears that equation A72 implicitly defines the equilibrium value k. More
specifically, the left hand side of equation A72 is increasing in & while the right hand
side is decreasing in & given that the derivative of the RHS with respects to k writes:

—(14&) & [(1+ &)1 +Rq))] (A20)

The first term of this equation is negative while the second is positive. Hence, it
follows that the right hand side of equation A72 is decreasing in & while the left hand

side is increasing. Let © be the following function:

Okipn ) =5 - (31— 5 [(1+E) 1+ Q)"+ i) (A2)

And let assumption 4 write:

Assumption 4. limg 0 O(K; py, B;) > 0 and limg_,1 O(%; pn, Bj) < 0
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Then, it follows that there exists a unique solution to equation A72, meaning that there
exists a unique value & on the interval [0, 1] such that firms with a cost inferior to &
invest in knowledge and firms with a cost in excess of & join the resource-intensive
industry. It is noteworthy that this demonstration could be made in a more general
framework where no assumption is made on the within-industry degree of competi-
tion which, for the sake of clarity and concision, was set to 0 in this model.
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A.4 Proof of Proposition 1
I start from the implicit equation which defines &:

» 1

1
k=3 Bi—(1—A)]" - 5 [Bi(Q)) — (1 - AP = (1= B) + pa (A22)
Taking the derivative on both sides with respects to p, writes:
7 (1 + &)1 +7g) — (1—A)]?
o __10[1+ )1k — (-8 23)
OPn 2 P
As:
19[(1+8)(1+&q) — (1-A)]° o
- — . N ) 7a:) — (1 — A
(A24)
This implies:
ok ok _
apn LT i+ E) [+ +7) — (1 -4)] (A25)
Rearranging yields:
ok
@[1+qj(1+€i)((1+€)(1+7?)—(1—Ai))} =1 (A26)
n
Finally, I obtain that:
ok 1
— - (A27)
opn [14g;(1+8) (1+8)(1+7) — (1-49)]
Given that it was already shown before that:
(1+8)(1+7) — (1= 4) >0 (A28)
It is straightforward to notice that:
I -0 (A29)
oPn

Which proves Proposition 1.
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A.5 Proof of Proposition 2

First, it should be recalled that total knowledge expenditures x write:

%
K:/ xdx
0

(A30)
Which trivially implies that:
K = &2 (A31)
Hence,
oK _ ok . (A32)
oPn P
Since:
oK >0 (A33)
Pn
It naturally follows that:
I -0 (A34)
oPn
Which is what Proposition 2 states.
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A.6 Proof of Proposition 3

Let us first recall that total innovation O writes:

Q = siq; +siq;

Replacing g; and q;f with their equilibrium values write:

Q=5 [(1+&)(1+ Q)] +(1—s5;)B;

Also, let us recall that:

o - [ g
i /0 Tjk
Which yields that:

Qj = kpj
As it was demonstrated earlier that:

K = S]'

I finally have:

Q) = sibj

So O now writes:

Q=s5; [(1+&) (14 (1—s)B;] + (1 —5))B;

(A35)

(A36)

(A37)

(A38)

(A39)

(A40)

(A41)

Taking the derivative with respects to s;, namely the share of the resource-intensive

sector, implies:

(T+&) [14+ (1 —=s7)B;j] —si(1+&)Bj—B;j =0

Rearranging and simplifying implies:

25; (1+Gi)Bj = 2(1 + &) — B
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Which finally yields:

2(14&;) — B;

= g -

This shows that there exists a unique value s;* which maximizes total innovation.
Also, as Q is a quadratic function in s; with a negative sign on the quadratic term, it
necessarily follows that Q first increases and then decreases with s; suggesting that
innovation increases with the share of the resource-intensive sector before decreas-
ing when the threshold s is reached. Interestingly enough, the optimal share of the
resource-intensive industry from an innovation standpoint is decreasing in f;, mean-
ing that the better the knowledge-intensive is at generating inventions, the larger its
share should be. Conversely, the optimal share of the resource-intensive industry is
increasing in ¢; which is straightforward as well for an increase in ¢; corresponds to
an increase in the ability of the resource-intensive industry to convert R&D processes
into effective cost reduction.

Finally, as s; is strictly decreasing in the price of natural resources, it is straightforward
to show that Proposition 3 is equivalent to Corollary 1 which states that the total
innovation effort is increasing and then decreasing with the price of natural resources
pn. Indeed, the larger the price of natural resources, the lower the share of the resource
intensive industry. Starting from a very low level of the price of natural resources,
increasing it can prove fruitful for it increases the share of the knowledge-intensive
sector which, in turn, contributes to innovation in the resource-intensive industry
through positive spillovers. At some point however, the resource-intensive industry
shrinks by an excessive amount, which reduces the magnitude of the spillovers and,
hence, the total innovation effort.
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A.7 Proof of Proposition 4

First, let me recall that total profit in this economy writes:
I = mt;dk + ﬂ]dk (A45)
kez keg

Where 71; and 71; respectively index the firm-level profit in the resource-intensive
industry and in the knowledge-intensive one. Also, s; and s; index the share of the
resource-intensive industry and the share of the knowledge-intensive industry. This
equation only asserts that total profits in this economy is equal to profits made by firm
in each industry weighted by the share of each industry in total output. Using the
optimal values of innovation, and the corresponding values of profit, it then follows
that:

keg

It should now be recalled that:

Q= /kej gidk = 5B = (1—s,); (A47)

This implies that total profit can be written in the following way:

= [ |3l a)a g —s)P —p| ke [ 38 -n|ak (as

kel

Recalling that firms with an education cost inferior to ¥ = s; join the knowledge-

intensive sector enables to write:

M= / [ (1+&)(1+Bi(1 —s:))]? —pn]dk+/1s[ 8] —Kk}dk (A49)

For simplicity, I take the following notation for the remainder of this Appendix:

Yi=1+G; (A50)

Which enables to rewrite total profit:
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S; 1—s5; 1—s;)?
=3 [0 4 B0 5))2 —sipu + 5 7 - L% (51
Taking the derivative with respects to s; implies the following optimality condition
for s;:
ol'l ’)’2 2 ) ﬁjz
% 2 [1+Bj(1=s)]" = 7isi [Bj(1+Bj(L=si)] —=pn— 5 + (1=si)  (A52)
Developing implies:
ol _ 7} (7iB))° B
F 5T Bivi — Bjvisi+ 12] (1=s1)> = 77Bjsi — (1iB))*si + (1iB))?si — 7] +(1—s;)
(A53)
Or:
oIl 3 1
% 5(%’5]')2512 — 5 [2(%'[3]')2 +297B) + 1} t3 [’Yzz +2B;77 + (1iB))* — ﬁﬂ — Pn
(A54)

It proves convenient to rearrange this expression in the following way:

Joll 3 1
P S (riBy)*st = si [2viB(viBi + i) + 1] + 5 [(%’ +7iB))* — ﬁﬂ —pPn (A3D)

Ths sign of this expression is ambiguous for it is quadratic with respects to s;. This is

a simple polynomial equation of degree 2 where I can compute A*:

* 2 3 1 1
AN = [29iBi(7iBj+ i) +1]" —4 [5(%/3]')2 (5(% +7iBj)* — 55]2' - Pn)] (A56)
Developing entails the following expression:

N = 4(7iB))? (viBj + 1)+ 4B (viBj + i) + 1 —6(7iB;)? K%(% +7iBj)* — %ﬁf - f%)]
(A57)
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Simplifying then yields:

A = (7iB) 2 (7iBj + 7i)* + 47iBi(viBj + i) + 1+ 3/5]2'(%'/5]')2 +6(7iB;) P

(A58)

It is straightforward to show that A is strictly larger than 0 for it is the sum of strictly

positive components. Hence, equation A55 has 2 solutions, which I denote s} and 512,

such that:

o = 2viBi(viBj + i) +1 - VA
| 3(7B;)?

And:

2 29iBi(YiBj+ 1) + 1+ VA
1 3(%’/3]')2

Yet, since y; > 0, it should be noticed that:

(7iB)*(viBj +7i)* = (7iB)*(viBj)* = (71iBj)*

Since:

4yiBj(viBj + vi) + 14 3B3(7iBj)* +6(7iBj)*pn > 0

It follows that:

A" > (1iBy)’

And, finally, that:

VAT > (1iB))?

Meanwhile, we have that:

279iBi(viB;i + i) = 2(7iBj)?

Hence:

OA-11

(A59)

(A60)

(A61)

(A62)

(A63)

(A64)

(A65)



3(7iB;)?
s? > (%—ﬁ])z =1 (A66)
3(7iB;)
Yet, since s; captures the share of the resource-intensive industry in the economy, it
must hold that:

s; € [0,1] (A67)

This trivially ensures that there is one unique solution to equation A55 in the interval
[0,1]. As equation A55 is a polynomial equation of order 2 where the coefficient on
the quadratic term is strictly greater than 0, it naturally follows that the derivative of
profits with respects to s; is decreasing in s;, and is first positive and then negative
on the [0, 1] interval. This is like saying that IT has a unique maximum over the [0, 1]

interval which writes:

o 21B(viB ) +1- VA
l 3(1:8;)?

Where Ais defined as above. This means that I is first increasing, and then decreasing

(A68)

with the share of the resource-intensive industry s;; as the latter is decreasing in the
price of natural resources p, this finally shows that there is an inverted U relationship
between total profits and the price of natural resources in such an economy. Observe

that, under assumption 4, s simply writes:

o 2Bi(Bi 1) +1— VAT

: 5 (A69)
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A.8 Proof of Proposition 5

As stated in the main text, the gap between the actual and the optimal share of the

resource-intensive industry writes:

G=s]—s] (A70)

It was shown in Appendix A.7 that the optimal share of the resource-intensive indus-

try writes:

o = 2vifi(vipi + i) +1 - VA
l 3(7iB;j)?

In the meantime, and as shown in Appendix A 4, the share of the knowledge-intensive

(A71)

industry stemming from private decisions verifies:

Sj = %ﬁ? - % [(1+E&) 1+ Q)]+ pa (A72)

Where, again:

Sj N
Q= [ ajdk =5, (A73)

Hence, using assumption 4, it must be that s; verifies the following condition:

1 1
$j = 5B = 5 (Bjsi +1)% + p (A74)
Developing writes:

1 1

Rearranging implies the following polynomial equation:

1 1 1
—55]2.5]2.— (1+ﬁj)sj+pn+§ﬁ]2-— 5 =0 (A76)
The determinant A? of this equation writes:
a 2 2 Lo 1
A" = (1+Bj)" + 2B (pn + 5P — 5) (A77)
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Clearly, A" is strictly positive as the sum of two terms that are strictly greater than 0.

It then follows that the above equation has two solutions, 5]1 and s]z., such that:

5]1- _ VA —‘3(21 + ﬁ]) (A78)
]

And:

- VAT — (14 B)) (A79)

S.
2
Bi

Clearly, the second solution is negative which contradicts the condition s; > 0 so
that there is a unique equilibrium share of the knowledge-intensive industry in the

economy which is:

s;-l _ VA —ﬁ(zl + ,5]) (AS0)
j

As it is trivial that s7 + S? = 1, it then naturally emerges that:

s?:ﬁf(ﬁjﬂ)ﬁjl_m (A81)
j

Using Assumption 4 which normalizes v; to 1, it is now easy to rewrite G in the

following way:

Bi(Bi+1) +1— VA" 2B;(fi+1)+1—VA*

g= (A82)
7 o8
Rearranging implies that:
3B:(B:+1 3—3VA*—-2B:(B;+1) —1+ VA*
g = BBy 1) +3 3V 2y 1) <14 VA .
Simplifying entails that:
(B:+1 2 A* — 3/ A4
g:ﬁ](ﬁ]+ )+2+V v (A84)

B

Hence, it proves quite easy to study the variation of G with respects to p, as:
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* a
%I% IVvVA*  dVA (AS5)
Pn [5]- IPn IPn
Which yields:
3G _ 1 [% % (AS6)
pn B VA VA

It then suffices to compare A* and A? to know the effect of the price of natural re-
sources on the wedge G. Let D = A* — A",

D = 4B3p, + 3B} + 287 +2B; — B3 (A87)

Given that i > 1 it naturally follows that:

D>0 (A88)
Which implies that:

% <0 (A89)

Pn

It now remains to be proved that G is greater or equal to 0 for plausible values of p,,.
Namely, let us recall that:

1
Vk T = Es]ﬂ]? — Py (A90)

Given that sjisa share, it must hold that:

1
ki < 57 = pn (A91)

Hence, so that firms may achieve a positive profit in the resource-intensive industry, I

need to make the following assumption, which is only a normalization assumption:

1 (A%2)

PHSZJ

Meanwhile, let us recall that:
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BB T2+ VA -3VA
G= 7

(A93)

2
Since it must hold that p,, < ﬁ—], and given that G is a decreasing function of p,, it
p 2 g g P

must be that:

2 . 4 3_ p2 . _ 4 .
0 g>/3j+[5,+2+\/7[3]-+25]. B2 +4B;+1-3, /281 4+ 2B+ 1 o
nr - 3ﬁ]2

The sign of the former expression is the same as that of the numerator, for the de-
nominator is strictly greater than 0, as the square of a positive number. Hence, let us

consider:

A=+ p+2+ \/75;;+25]3._;3]2+45j+1—3,/2ﬁ;%+2ﬁj+1 (A95)

It can be shown that:

3 2 _ g, 3
dA _ 2641+ 28p7 + 6B — 2B + 4 B 24p; +2 (A%6)
9B,
Bi 2\/7/3;% +2p3 — B2+ 4B+ 1 2\/2/5? +26j+1
It can be formally shown that:
aﬁi‘ >0« Bje 03] (A97)
j

Meaning that G is positive for plausible values of §; in the sense that ; captures the
parameter by which marginal cost is decreased upon successful innovation. That this
value lies in the [1,3] interval sounds a reasonable assumption, in the sense that it

allows for large cost reductions in the model.
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A.9 Proof of Corollary 3

Corollary 3 states that the knowledge effort in such an economy is inefficiently low,
due to spillovers emanating from the knowledge-intensive industry to the resource-
intensive one. This is easy to show; let us indeed recall that the overall knowledge
effort KC writes:

.
K = / ek (A98)
0

As « is uniformly distributed over the [0, 1] interval, it follows that:

§2
K= 31 (A99)

Let us denote K and K* the actual and the optimal education efforts. It then follows
that:

K = s}l (A100)
And:

K* =s; (A101)
As it was proved earlier that:

st >} (A102)
Since s; = 1 — s, it naturally follows that:

Kr > K" (A103)

Which is what Corollary 3 supported.
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B Data appendix

B.1 Coal data

One potential limitation of the French cadastre minier leveraged to build the main
coal exposure measure is that it only captures the licenses granted to run coalfields
throughout the period under study; there is, however, no absolute certainty that all
licenses were actively used throughout their authorization span. And yet, some miti-
gation points should be clarified. First of all, an official statement made on August, 3th
1810 stipulates that applying for a mining license involves preliminary and thorough
inquiries that prove the existence of resources in the underground. Second, among
all resources that were mined in France throughout the XIXth and the XXth centuries,
coal is the resource for which the number of abandoned projects was the lowest. >
Third and finally, licenses were often withdrawn when the coalfield had not been

actively run for a sufficiently large amount of time.

3While the proportion of licenses mines which were not actively run reaches 66% for iron resources, it
barely reaches 40% for coalfields
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C Instrumental variable

C.1 Graphical evidence

I discussed in Section 4 the plausibility of the measures of coal exposure used in the
paper. In particular, four measures are introduced, out of which I mostly use two
which I call the "continuous" ones to the extent that their values are continuous rather
than discrete. Additionally, I introduced two semi-discrete measures based either on
the (log) surface of coalfields in a given department or on the (log) coal output in a
given department at the onset of the XXth century. I only reported graphical evidence
for the validity of the suggested instrument for the two continuous measures of coal
exposure and postponed this evidence to the Appendix for the semi-discrete mea-
sures. Hence, I report in Figure C1 graphical evidence of a negative relationship be-
tween the two semi-discrete measures of coal exposure and distance to carboniferous
rock strata. As mentioned earlier, 44 out of the 95 French departments never mined
coal over their history which explains the substantial share of zeros in the sample. In
spite of this somehow puzzling fact, there exists a clear negative relation between coal
exposure and the distance to carboniferous rock strata which, again, lends credence
to the argument that coal was more likely to be mined where its deposits remained at
the surface at the onset of industrialization.

FIGURE C1: Proximity to coal and distance to carboniferous rock strata

(a) Coal surface (b) Coal output
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Notes: Figure (a) plots the coal surface when all French coalfields operated by 1900 against the distance to car-
boniferous rock strata while Figure (b) plots the average (log) coal output at the onset of the XXth century against
the distance to carboniferous rock strata.

C.2 Regression evidence

Graphical evidence is indeed not sufficient to assert the validity of our considered

instrument for the two semi-discrete measures of coal exposure; therefore, I show
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in Table C1 that the instrument is still valid when I restrict my focus to the first
semi-discrete measure of coal exposure, namely the (log) surface of coalfields in each
department. Clearly, the coefficient associated to the distance to carboniferous rock
strata remains negative and significant at the 1% level across all specifications. Also,
the magnitude of the coefficient is similar to that derived in Table 1 which summa-
rizes the regression results for the preferred measure of exposure. Adding potential
confounders such as geographical variables, geological data or even demographic pa-
rameters do not change the estimates.

TABLE C1: Coal surface and distance to carbon rock strata

M

@

®)

*)

®)

(6)

@)

Distance to carboniferous rock strata  -0.009**  -0.009***  -0.009***  -0.009***  -0.008***  -0.009***  -0.008***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Coal deposit 0.796*** 0.627** 0.579* 0.527 0.437 0.128
(0.261) (0.311) (0.331) (0.335) (0.346) (0.364)
Potato yield -0.017 -0.043 -0.096 -0.251 -0.088
(0.298) (0.305) (0.319) (0.323) (0.284)
Wheat yield -3.874 -5.821 -4.710 -3.774 -4.363
(4.111) (4.382) (4.889) (4.747) (4.400)
Oat yield 3.747 5.339 4.698 4.540 4.699
(3.829) (4.382) (4.516) (4.312) (4.067)
Proximity to Mediterranean sea -0.261 0.085 0.101 0.568 **
(0.199) (0.318) (0.328) (0.429)
Proximity to Atlantic ocean -0.092 0.419 0.439 0.190
(0.123) (0.305) (0.316) (0.309)
Median temperature -1.272 -1.829 -1.720
(1.049) (1.183) (1.089)
Variation temperature 2.578 4.616* 5.715
(2.136) (2.387) (4.700)
Ruggedness of land 0.107 0.234
(0.248) (0.234)
Land surface -1.901* -1.905
(1.082) (1.236)
Longitude -0.134
(0.203)
Latitude 0.244
(0.83)
(Log) Initial population 0.499**
(0.233)
Observations 95 95 95 95 95 95 95
R-squared 0.210 0.277 0.297 0.301 0.334 0.363 0.490
F-Stat 37.49 34.08 14.70 11.78 10.28 10.20 12.64

Notes: The dependent variable is the log surface of coal as discussed in 3 while the explanatory variables are mainly the
distance to the closest carbon rock strata, the existence of coal deposit within the department and alternative geological

and geographic potential confounders. *** p < 0.01, ** p < 0.05, * p < 0.1.

I finally perform the same robustness check for the second semi-discrete measure of
coal exposure, namely the average (log) output of coal per department at the onset
of the XXth century. Results of this complementary robustness check are reported
in Table C2 which summarizes the effect of the distance to the closest carboniferous
rock strata on the (log) average coal output measure at the onset of the XXth cen-
tury. Again, the coefficient on the distance to carboniferous rock strata is negative

and significant at the 1% level across all specifications, further asserting the validity
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of distance to carboniferous rock strata as instrument for the various coal exposure
measures. Adding various geological, geographical and demographic controls do not
alter the estimates which also remain consistent with the other results derived in Table
1 and in Table C1.

TABLE C2: Coal surface and distance to carbon rock strata

M @ ®) 4) ©) (6) @)

Distance to carboniferous rock strata  -0.010***  -0.010***  -0.010***  -0.010***  -0.010***  -0.010***  -0.011***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Coal deposit 0.326 0.427 0.360 0.303 0.311 -0.270
(0.308) (0.406) (0.444) (0.465) (0.464) (0.484)

Potato yield -0.271 -0.216 -0.279 -0.208 -0.009
(0.323) (0.350) (0.319) (0.323) (0.334)

Wheat yield 4.750 2.404 2.370 2.052 -1.313
(4.228) (5.053) (5.242) (5.275) (4.867)

Oat yield -4.300 -2.343 -1.981 -1.946 1.026
(3.914) (4.597) (4.728) (4.796) (4.534)

Proximity to Mediterranean sea -0.222 -0.029 0.101 0.390
(0.208) (0.351) (0.391) (0.423)

Proximity to Atlantic ocean -0.138 -0.051 -0.074 0.154
(0.127) (0.246) (0.255) (0.310)

Median temperature -.757 -0.783 -0.375
(1.078) (1.378) (1.375)

Variation temperature 0.003 -0.423 4.460
(1.939) (2.439) (5.037)

Ruggedness of land -0.110 -0.093
(0.294) (0.263)
Land surface 0.530 3.360**
(0.974) (1.376)

Longitude 0.214
(0.213)

Latitude 0.099
(0.150)
(Log) Initial population 0.574**
(0.218)

Observations 92 92 92 92 92 92 92

R-squared 0.261 0.272 0.283 0.297 0.300 0.300 0.490
F-Stat 57.25 28.87 11.67 8.80 10.28 10.20 12.64

Notes: The dependent variable is the log average coal output measure as discussed in 3 while the explanatory variables
are mainly the distance to the closest carbon rock strata, the existence of coal deposit within the department and alter-
native geological and geographic potential confounders. *** p < 0.01, ** p < 0.05, * p < 0.1.
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D Additional robustness checks

D.1 Robustness on patent quantity

It has been documented in Section 4 that coal exposure induced a negative and sig-
nificant effect on patenting quantity throughout the XXth century as well as in the
beginning of the XXIst century. For the sake of concision, results were only derived
using the two preferred measures of coal exposure. I nevertheless complement those
results with the coefficients recovered from running Equation 6 where the coal expo-
sure measure is alternatively one of the two semi-discrete measures as discussed in
Section 3. Results of this specification are presented in Table D1 which clearly shows
that my results are not contingent on one specific measure of coal exposure but rather
hold across the different measures discussed in Section 3. In particular, the (log) sur-
face measure and the (log) output measure deliver negative and significant estimates
in terms of the effect of coal exposure on patenting activity; also, the estimates are of
similar magnitudes with respects to my two preferred measures: they suggest that a
one standard deviation increase in coal exposure was conducive of a -12.1 to a -41.7%
decrease in patenting activity. For the sake of concision, I do not report the values
obtained for the coefficients related to important covariates often mentioned in the
main paper - such as, among others, initial demographics, longitude, latitude and
distance to Paris - though there is not much to say on them here, given that the recov-
ered estimates from this specification are highly similar to those discussed in the main
paper. It is noteworthy that the coefficients obtained through the log output measure
of coal exposure are slightly inferior to those recovered through the other specifica-
tions which might be explained by a selection issue: indeed, I lack output data for
the three departments which still belong to Germany before World War I, namely
Moselle, Bas Rhin and Haut Rhin; I thus need to exclude them from the sample when
using that specific measure which, in turn, might bias the estimates downwards to the
extent that those were important coal regions where the negative effects of exposure
to coalfields activities might have been peculiarly large.

D.2 Robustness on patent quality

I showed in the third part of section 4 that not only did coal exposure affect patent
quantity, but it also reduced its quality. To show that I ran several specifications of
Equation 6 where my main explanatory variables were the two preferred measures
of coal exposure. To further demonstrate the robustness of my findings to alternative

measures of coal exposure, I report in Table D2 the results of the same regression
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TABLE D1: Effect of coal on patent quantity for various specifications

Pseudo Poisson OLS v

Measure 1 Measure 2 Measure 1l Measure2 Measurel Measure 2

Coal exposure -0.318*** -0.212** -0.200%** -0.134*** -0.539*** -0.409***
(0.078) (0.088) (0.050) (0.044) (0.153) (0.116)
Observations 10,900 10,465 10,685 10,340 10,685 10,340
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
Demographic controls Yes Yes Yes Yes Yes Yes
R-squared 0.852 0.852 0.619 0.608 0.342 0.343
F-Stat 16.15 11.94 16.30 12.94

Notes: The dependent variable is either patent count (Pseudo Poisson specification) or the (log) number
of patents per capita (OLS and IV models) while the explanatory variables are mainly the coal exposure
measures, distance to Paris, initial population density, longitude, latitude and other geographical and ge-
ological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

when using the two semi-discrete measures of coal exposure as discussed in Section
3, and where citations weighted patents are the measure of innovation quality. Three
features again stand out: first, the estimates again point to a negative and sizable
impact of coal exposure on patenting activity, with magnitudes ranging from -12
to -45% in terms of patenting reduction. Second, these magnitudes are consistent
with those presented in the main paper, further asserting the validity of our analysis.
Finally, the recovered estimates are, as in the main paper, slightly larger than those
obtained when patents are taken as the dependent variable: this implies that the
negative influence of coal on patenting activity was magnified for the highest quality

patents.
TABLE D2: Effect of coal on citation weighted patents for various specifications
Pseudo Poisson OLS v
Measure 1  Measure 2 Measure1l Measure2 Measurel Measure 2
Coal exposure -0.341%* -0.233** -0.217** -0.137%** -0.535%** -0.410%**
(0.152) (0.096) (0.048) (0.044) (0.152) (0.115)
Observations 10,528 10,528 8,923 8,639 8,923 8,639
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.808 0.807 0.579 0.567 0.201 0.195
F-Stat 10.65 7.85 11.29 8.69

Notes: The dependent variable is either patent count (Pseudo Poisson specification) weighted by the
number of citations or the (log) number of patents weighted by the number of citations and divided
by department population (OLS and IV models) while the explanatory variables are mainly the semi-
discrete coal exposure measure, distance to Paris, initial population density, longitude, latitude and
other geographical and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

I perform the same robustness check when measuring patent quality with the Kelly
et al. (2021) measure. Indeed and in line with what was already stressed in Section 4,
citations are an imperfect proxy for the measure of innovation quality. Breakthrough
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inventions, on the contrary, might be a better proxy for the relevance of an invention:
by assessing both the novelty and the meaningful aspect of a patent, this measure
allows to detect patents that not only differ of what was done in the past, but that also
support further inventions and industrial development. Upon running Equation 6
where the dependent variable is breakthrough patenting activity as measured by Kelly
et al. (2021) and using the two semi-discrete measures of coal exposure discussed in
Section 3, I get the results summarized in Table D3 which supports the idea that
coal exposure was detrimental not only to patent quantity but also to patent quality.
Indeed, not only are the estimates on coal exposure measures negative and significant
across all specifications, they also are larger than the coefficients derived for total
patent activity for almost all specifications, indicating again that the effect of coal

exposure was magnified for high-value innovation.

TABLE D3: Effect of coal on breakthrough patents for various specifications

Pseudo Poisson OLS v

Measure 1 Measure2 Measurel Measure2 Measurel Measure 2

Coal exposure -0.358*** -0.192* -0.223** -0.133*** -0.605*** -0.457**
(0.088) (0.101) (0.054) (0.049) (0.153) (0.115)
Observations 9,678 9,366 8,923 8,716 9,022 8,716
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.837 0.833 0.460 0.443 0.259 0.252
F-Stat 10.82 7.15 15.16 10.60

Notes: The dependent variable is either patent count (Pseudo Poisson specification) weighted by the
number of citations or the (log) number of patents weighted by the number of citations and divided
by department population (OLS and IV models) while the explanatory variables are mainly the semi-
discrete coal exposure measure, distance to Paris, initial population density, longitude, latitude and
other geographical and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

D.3 Robustness on specialization

I discussed in the fourth subsection of Section 4 the impact of coal exposure on the
specialization of departments across different technology classes. Namely, I showed
that patenting activity was all the more negatively affected as technology classes were
not related to industries that were favored in the early XXth century by abundant
coal resources. And yet, out of concision, I only reported the estimates of Equation
6 for the main measure of proximity to coalfields, and postponed the presentation of
results related to the measure of proximity indexed on large coalfields. Leveraging
this second measure of coal exposure actually does not change the results substan-
tially: while the estimates for plane, computing and information inventions are still

negative, significant, and much larger than the coefficients derived for total patenting
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activity, the coefficients on respectively textile, mining industry and car-related prod-
ucts are either positive or negative, but never statistically significant. This, in turn,
suggests that the effect of coal exposure was heterogeneous across technology classes,
depending both on their novelty and on their distance to industries related to coal.

TABLE D4: Effect of coal on innovation specialization

Textile Mining Vehicles Aeronautics Computing Information

Coal exposure 0.139 -0.326 -0.198 -1.188*** -0.634* -0.634**
(0.133)  (0.306) (0.290) (0.297) (0.337) (0.319)
Observations 10,810 10,600 10,810 10,810 10,716 10,810
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
Demographic controls Yes Yes Yes Yes Yes Yes
R-squared 0.673 0.550 0.660 0.709 0.759 0.745

Notes: The dependent variable is the number of patents related to each category mentioned while
the explanatory variable is the proximity to large coalfields as discussed in Section 3; geographical
and geological controls pertain to the covariates discussed in Section 3. *** p < 0.01, ** p < 0.05, *
p <0.L

D.4 Robustness on breakthrough patents

My second key finding in terms of main results is that not only did coal exposure
affect patent quantity, but it also decreased their quality. To support this statement, I
notably leveraged the pioneering work by Kelly et al. (2021) who introduced a novel
measure of patent quality by bringing forward the concept of breakthrough inven-
tions. In their opinion, a patent is breakthrough provided that it is both novel and
meaningful. Novel means that the patent semantically differs from past patents, while
meaningful implies that its content will be used in future research and development.
Drawing on their dataset and as explained in Section 4, I computed for each year and
3-digit IPC class the share of patents labeled as breakthrough by Kelly et al. (2021). I
then defined as breakthrough inventions all patents belonging to the top 10 IPC class
in terms of frequency of inventions classified as breakthrough. Two criticisms could,
however, be heaped on that methodology: first, one could argue that patents which
were breakthrough in the United States were not necessarily breakthrough in other
countries at the same time; second, one could fear that the definition of breakthrough
patenting activity is excessively sensitive to the number of technology classes which
I retain as breakthrough. To alleviate these concerns, I perform different robustness

checks the results of which are summarized in the following paragraphs.

As mentioned, the first concern could be that breakthrough patents are not necessarily
the same at the same moment across the globe. One technology that is peculiarly ad-
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vanced in the United States might already be largely implemented in other countries
or the converse might also hold. In that respect, indexing breakthrough inventions in
France at time t on breakthrough inventions in the US at the same moment might be
misleading. To ensure that my baseline estimates adequately measure breakthrough
inventions, and that my results are not driven by a measurement error, I allow for
a timing difference in the diffusion of breakthrough techniques across the US and
France. More specifically, I relax the assumption that breakthrough inventions spread
at the same speed across the United States and France and allow for lags of 5, 10
and 20 years for such a diffusion. Hence, I define as a breakthrough technology class
at time t in France an invention belonging to the 3-digit IPC class that were "break-
through" in the United States respectively 5 or 10 years before and check that the
estimates are still significant and larger than those derived in the baseline framework.
The results of the robustness check when the lag if fixed at 5 years are pictured in
Table D5. Clearly, my main estimates are not driven by a potential 5 years-lag be-
tween the timing of breakthrough inventions in the US and that in France; indeed,
the coefficients on coal exposure are all significant either at the 5% or at the 1% level,
and are rather magnified than reduced under this new specification with increases

hovering around 5 p.p.

TABLE D5: Effect of coal on breakthrough patents, lag =5

Pseudo Poisson OLS v

Measure 1 Measure2 Measure 1l Measure2 Measurel Measure 2

Coal exposure -0.372** -0.434*** -0.217+*** -0.273*** -0.648*** -0.646***
(0.177) (0.167) (0.080) (0.092) (0.176) (0.178)
Observations 9,682 9,682 9,060 9,060 9,060 9,060
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.821 0.822 0.462 0.467 0.266 0.219
F-Stat 8.93 8.35 11.17 9.39

Notes: The dependent variable is either the count of breakthrough patents as defined by the 5-year lag
explained above (Pseudo Poisson specification) or the (log) number of patents weighted by the number
of breakthrough patents as defined by the 5 year lag explained above and divided by department pop-
ulation (OLS and IV models) while the explanatory variables are mainly the coal exposure measure,
distance to Paris, initial population density, longitude, latitude and other geographical and geological
controls discussed in Section 3. *** p < 0.01, ** p < 0.05,* p < 0.1.

I also test for the same robustness check, but applying an even more cautious 10 years
lag, assuming that French innovation was, on average, lagging 10 years behind the US
pace throughout the XXth century. Results of this complementary falsification test are
summarized in Table D6 which further lends support to the idea that my main results
are not driven by a framing issue, whereby I would not be capturing breakthrough
innovation in France because of a timing issue. Lagging the classification of IPC

categories in terms of their breakthrough propensity based on a 10-year lag with
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respects to the US even gives slightly larger estimates across all specifications, with
coefficients being significant at the 5% level or even at the 1% level in the majority
of cases. Hence, this additional test strongly confirms that coal exposure not only
affected innovation quantity but also innovation quality across various measures.

TABLE Dé: Effect of coal on breakthrough patents, lag = 10

Pseudo Poisson OLS v

Measure 1 Measure 2 Measure 1l Measure2 Measurel Measure 2

Coal exposure -0.376** -0.444** -0.209*** -0.288*** -0.677*** -0.675***
(0.185) (0.171) (0.080) (0.096) (0.181) (0.180)
Observations 9,687 9,687 9,120 9,060 9,060 9,060
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.812 0.814 0.447 0.462 0.253 0.296
F-Stat 8.79 8.32 10.53 9.10

Notes: The dependent variable is either the count of breakthrough patents as defined by the 10-year lag

explained above (Pseudo Poisson specification) or the (log) number of patents weighted by the number

of breakthrough patents as defined by the 10 year lag explained above and divided by department pop-

ulation (OLS and IV models) while the explanatory variables are mainly the coal exposure measure,

distance to Paris, initial population density, longitude, latitude and other geographical and geological

controls discussed in Section 3. *** p < 0.01, ** p < 0.05,* p < 0.1.
A second criticism which could be formulated regarding my definition of break-
through patenting activity is the threshold which I apply to detect breakthrough IPC
classes. Namely, it has been said in the main paper that, for each year, I define as a
breakthrough technology class one which belongs to the top 10 3-digit IPC categories
in terms of frequency of the number of breakthrough patents. Yet, it could be argued
that this ranking is somehow arbitrary and that my estimates might critically hinge
on this 10 threshold. To speak to these issues, I implement two robustness checks in
the way I define breakthrough technology classes, whereby I respectively make the
classification either more stringent or more flexible. In concrete terms, rather than re-
taining only the 10 first technology classes as breakthrough ones, I respectively retain
only the first 5 ones or the first 20 ones and show that the main findings derived in
Section 4 are still valid. Table D7 first shows the results when restricting breakthrough
inventions to the top 5 3-digit IPC categories in terms of yearly share of breakthrough
inventions. While the estimates are slightly lower than those derived under the main
specification, they are still all statistically significant either at the 5% or at the 1% level,
and remain larger than the estimates obtained for total patenting activity. This lends
credence to the argument that our results are not driven by a specific definition of
breakthrough patenting activity, but that they rather hold under flexible assumptions.

As the last robustness check in this subsection, I replicate the table above using a
wider definition of breakthrough inventions. Namely, I allow the top 20 IPC categories

each year to proxy for breakthrough inventions and estimate equation 6 upon using
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TABLE D7: Effect of coal on breakthrough patents, only top 5

Pseudo Poisson OLS v

Measure 1 Measure2 Measurel Measure2 Measurel Measure 2

Coal exposure -0.349** -0.425%** -0.226%** -0.261*** -0.617*** -0.607***
(0.163) (0.158) (0.076) (0.093) (0.164) (0.168)
Observations 9,678 9,678 8,137 8,137 8,137 8,137
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.806 0.807 0.401 0.401 0.249 0.270
F-Stat 7.23 6.80 9.46 7.51

Notes: The dependent variable is either the count of breakthrough patents as defined by the top 5
measure explained above (Pseudo Poisson specification) or the (log) number of patents weighted by
the number of breakthrough patents as defined by the top 5 measure explained above and divided by
department population (OLS and IV models) while the explanatory variables are mainly the coal expo-
sure measure, distance to Paris, initial population density, longitude, latitude and other geographical
and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

this new dependent variable. Recovered estimates are presented in Table D8 which
show that exposure to coal translated in a negative and significant effect on patenting
activity, even when allowing for a more flexible definition of breakthrough patenting.
At the same time, it is noteworthy that the coefficients are of a smaller magnitude
than those usually derived when applying other measures of breakthrough patenting
activity. This finding deserves two comments: first, the estimates remain larger across
almost all specifications than those obtained when using total patenting activity as
the dependent variable, suggesting in turn that breakthrough inventions, even when
defined with a very flexible way, were more negatively affected by coal exposure than
global inventions. Second, it is no surprise that a broader definition of breakthrough
inventions leads to lower estimates to the extent that such a larger measure might
encompass technology classes which are further away from the technology frontier

and hence less qualitative.

D.5 Are the results driven by Paris?

A natural question that arises in this kind of framework is whether the results are not
driven by a specific unit in the sample. Indeed, it could be that the negative effect of
coal on patenting activity is either driven by a member of the treatment group which
would exhibit specific characteristics unrelated to coal extraction, or by a large enough
member of the control group that, for some reasons, would exhibit abnormally large
innovation performances. While I control for numerous geological, demographic and
geographical factors which, normally, would reflect and reduce the importance of
extreme values within either treated or control units, I cannot rule out such issues

given that I don’t allow for fixed effects since my treatment is a time-invariant vari-
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TABLE D8: Effect of coal on breakthrough patents, only top 20

Pseudo Poisson OLS v

Measure 1 Measure2 Measurel Measure2 Measurel Measure 2

Coal exposure -0.347** -0.436*** -0.190** -0.248%** -0.571*** -0.578***
(0.146) (0.142) (0.079) (0.091) (0.170) (0.171)
Observations 9,678 9,678 9,383 9,383 9,383 9,383
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.847 0.849 0.489 0.494 0.230 0.325
F-Stat 9.13 8.97 11.92 10.38

Notes: The dependent variable is either the count of breakthrough patents as defined by the top 20
measure explained above (Pseudo Poisson specification) or the (log) number of patents weighted by
the number of breakthrough patents as defined by the top 20 measure explained above and divided by
department population (OLS and IV models) while the explanatory variables are mainly the coal expo-
sure measure, distance to Paris, initial population density, longitude, latitude and other geographical
and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

able. A good candidate for such an outlier that could drive the estimates is Paris: the
city-department indeed concentrated around 50% of French total patenting activity
throughout the XXth century. I thus re-run all equations discussed above but exclud-
ing Paris out of the sample, and show that the estimates remain negative, significant,
and of the same range of magnitudes as that obtained in the general framework. The
results of this robustness check are indeed summarized in Table D9 for the two main
measures of coal exposure, namely the average proximity to all French coalfields and
the average proximity to the largest coalfields. Clearly, all coefficients remain signifi-
cant either at the 10% level (for one specification, namely the OLS specification using
the first measure of coal exposure) or at the 1% level (for all other estimates) implying

that my baseline results are not driven by the specific case of Paris.

TABLE D9: Effect of coal on patenting activity, excluding Paris

Pseudo Poisson OLS v

Measure 1 Measure2 Measurel Measure2 Measurel Measure 2

Coal exposure -0.416%** -0.535%** -0.150* -0.228*** -0.536*** -0.524%**
(0.164) (0.130) (0.082) (0.085) (0.191) (0.181)
Observations 10,695 10,695 10,570 10,570 10,570 8,716
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.709 0.718 0.580 0.587 0.265 0.315
F-Stat 10.51 11.63 10.74 10.91

Notes: The dependent variable is either patent count (Pseudo Poisson specification) or the (log) num-
ber of patents and divided by department population (OLS and IV models) when excluding Paris out
of the sample while the explanatory variables are mainly the semi-discrete coal exposure measure,
distance to Paris, initial population density, longitude, latitude and other geographical and geological
controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.
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D.6 Robustness on education

As highlighted in Section 5, education is a key mechanism accounting for the negative
impact of coal exposure on patenting activity. More specifically, I have been arguing
that coal extraction negatively affected the upper-tail of the education distribution as
soon as the onset of the XXth century and used three measures of coal exposure to de-
rive that prediction. As a robustness check, I document that this negative and causal
effect still holds when considering the fourth measure of coal exposure, namely the
(log) average output of coal at the onset of the XXth century; I complement this robust-
ness check by showing that the negative impact of coal still holds when restricting the
coal measure to a binary variable taking the value 1 in case at least one coalfield was
to be found within the department at the beginning of the period under study in this
sample, namely 1885. Results summarized in Table D10 clearly suggest that the neg-
ative effect of coal on the upper tail of the education distribution holds irrespectively
of the measure of coal exposure I retain. Besides, the magnitude of the coefficients is
similar to those derived in the main paper. It is however noteworthy that the gap be-
tween the OLS and the IV estimate is larger for the binary specification which might
be explained by the substantially larger standard deviation associated with the binary
IV outcome; further more, the discrepancy between OLS and IV estimates, which is
discussed extensively in Appendix XX, might be attributed to the fact that coalfields
still open in the course of XIXth century and even in the beginning of the XXth cen-
tury; as coalfields were more likely to start being ran in departments where coalfields

already were mined, the OLS estimates are likely to be biased towards zero.

TABLE D10: Effect of coal on baccalauréat rate, 1885-1914

OLS v

Measure 1 Measure 2 Measure 1l Measure 2

Coal exposure -0.103*** -0.120* -0.159*** -0.451**
(0.088) (0.069) (0.056) (0.150)
Observations 1,789 1,789 1,789 1,789
Year Fixed-effect Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes
R-squared 0.440 0.424 0.212 0.151
F-Stat 5.49 4.38 5.56 4.43

Notes: The dependent variable is the log rate of baccalauréat in the 1885-
1911 period while the explanatory variables are respectively the fourth mea-
sure of coal exposure (output based) or a binary variable taking the value 1
if at least one coalfield is located within the department, distance to Paris,
initial population density, longitude, latitude and other geographical and
geological controls discussed in Section 3. *** p < 0.01, * p < 0.05, *
p < 0.1
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D.7 Robustness on industry specialization

In the second part of Section 5, I documented a negative and significant impact of
coal exposure on the share of high-skilled jobs at the local level, as soon as the onset
of the XXth century. To support these effects, I however only used three out of the
tive measures I have to proxy for coal exposure. Namely, I used neither the output-
based measure nor the binary variable; to further show the impact of coal exposure
on the likelihood of occupying a high-skilled job, I test the same equation as in Table
6 but substituting the last two measures of coal exposures for those used in the main
paper. The results of this additional robustness check are presented in Table D11
which summarizes the effect of coal exposure on the share of professions libérales as
measured by the seven censuses spanning the 1901-1936 period. Again, coal exposure
induced a negative and significant effect on the extent of high-skilled occupations at
the department level, lending further credence to the argument that coal extraction
was detrimental to high-value added industries.

TABLE D11: Effect of coal on professions libérales, 1901-1936

OLS v

Measure 1 Measure 2 Measure 1 Measure 2

Coal exposure -0.080*** -0.137% -0.195%** -0.494**
(0.029) (0.077) (0.058) (0.158)
Observations 581 581 581 581
Year Fixed-effect Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes
R-squared 0.335 0.325 0.223 0.165
F-Stat 5.69 5.19 6.79 7.38

Notes: The dependent variable is the log share of liberal professions in the
1901-1936 period while the explanatory variables are respectively the fourth
measure of coal exposure (output based) or a binary variable taking the
value 1 if at least one coalfield is located within the department, distance to
Paris, initial population density, longitude, latitude and other geographical
and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, *
p <0.1

D.8 Robustness on public support

I discussed in the fourth subsection of Section 5 the role played by public support in
maintaining inequalities among departments in terms of innovation abilities. In par-
ticular, I built two measures of exposure of departments towards public investment
either in R&D or in specific industrial sectors and leveraged those measures to show
(i) that coal exposed departments were less likely to receive support on the part of the
French government and (ii) that such a support was conducive of a significant increase
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in patenting activity for targeted sectors and departments. Some robustness checks
were however postponed to the appendices, and I briefly describe them here. In par-
ticular, Figure D1 provides evidence of the consistency between the two measures of
exposure to public funding, suggesting that those measures adequately capture the
support received by French departments throughout the period under study. Techni-
cally speaking, the coefficient of correlation between both variables is as high as 50%,
providing strong support to the argument that both measures adequately capture the

exposure of a department to public support.

FIGURE D1: Consistency between two measures of exposure to public support

Relation between two measures of public support

Notes: This graph plots the value of the (log) second measure of exposure to
public support against the (log) first measure of exposure to public support.

These two measures are all the more consistent as they seem to correspond to similar
technology classes and industries. Among the three digit IPC classes most targeted
by public investment as proxy by the “grand champions” policy, I indeed find that GO01
and HO1 also rank among the most prominent technology classes in terms of expo-
sure to public funding, right after H04 which corresponds to electric communication
techniques. In terms of evolution across time, I also find a sizable increase in the role
of public support to specific industries, a role which peaked in the late 70s when the
share of public-related firms in total patenting activity was as large as 5%, a finding,

again, consistent with previous estimates derived in Section 5.
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FIGURE D2: Public R&D support: time evolution and industry specialization

(a) Increase in public R&D support, 1953-2013 (b) Specialization of public support to R&D, 1953-2013
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Notes: Figure (a) plots the evolution of public involvement in R&D while
Figure (b) plots the technology classes most heavily targeted by public sup-
port to R&D.

As an illustration of the increasing role played by public support in shaping the quan-
tity and the direction of innovation, I report in Figure D3 the estimates obtained
when running cross section regressions of patenting activity on the two measures of
exposure to public support, allowing for the usual geographical, demographic and
geological potential confounders. The interesting features of those estimates is that
they show a substantial increase in the effect of industrial policy starting in the early
70s, an effet which pursued throughout the 2008 financial crisis. Not all coefficients
are statistically significant, also because of the large standard deviations induced by
the small sample size; overall however, these estimates are consistent with a sizable

impact of public intervention in shaping the innovation effort after World War II

FIGURE D3: Magnitude of public spillovers across time, 1953-2013

(a) Effect of public R&D support, 1953-2013 (b) Effect of "grands projets”, 1953-2013

-5 -54

Notes: Figure (a) plots the effect of public involvement in R&D on patent-
ing activity while Figure (b) plots the effect of the “grands projets” policy on
patenting activity. Estimates are derived from separate cross section regres-
sions for all years from 1953 to 2013. Confidence intervals are shown at the
5% level.
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D.9 Allowing for region-fixed effects

Across the main paper, I always presented equations where only year fixed effects
were introduced and not department fixed effects. This empirical specification stems
from the definition of the main covariate, namely the coal exposure measure, which
is time-invariant and thus does not allow for department-level fixed effects. Instead, I
complemented my dataset with many geographical, geological and demographic con-
trols to ensure that the estimates were not driven by department-level idiosyncratic
characteristics. Similarly, the IV strategy should ensure a neat identification strategy
irrespectively of local confounding factors. Yet, it could be feared that I still omit a
department-level important variable which would correlate the ability to invent new
features. Beyond the structural reason for not including department fixed effects, it
sounds noteworthy to recall that region is not a time invariant unit across time in
France. More specifically, regions did not exist, at least from an administrative stand-
point, until 1962, meaning roughly in the middle of my sample. Hence, no unified
and homogeneous policy was implemented at that scale before at least 1962. Second,
since then, the concept of region has not remained stable as a reform enacted in 2015
changed the boundaries of regions, agglomerating them in larger groups than before.
In that respect, allowing for region fixed-effects is both a demanding robustness test
and somehow a puzzling one, given that it pertains to entities that moved across
time. To speak to concerns related to local idiosyncratic characteristics, I however
run my main regressions, namely Equation 6, allowing for region fixed effects and
summarize the results in Table D12. Again, the main estimates are unaffected by this
exercise and all remain significant either at the 10% or, most of the time, at the 1%
level. Also, all estimates are similar in terms of magnitude to those obtained in the

general framework where no geography-based fixed effects are allowed.

TABLE D12: Effect of coal on patent quantity for various specifications, allowing
for region F-E

Pseudo Poisson OLS v

Measure 1 Measure2 Measure 1l Measure2 Measurel Measure 2

Coal exposure -0.258* -0.372%** -0.293*** -0.249%** -0.747%** -0.490***
(0.136) (0.139) (0.054) (0.086) (0.231) (0.122)
Observations 10,810 10,810 10,685 10,685 10,685 10,685
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.870 0.872 0.660 0.645 0.198 0.269
F-Stat 24.50 16.03 10.14 15.16

Notes: The dependent variable is either patent count (Pseudo Poisson specification) or the (log) num-
ber of patents per capita (OLS and IV models) while the explanatory variables are mainly the coal
exposure measure, distance to Paris, initial population density, longitude, latitude and other geograph-
ical and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.
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D.10 Alternative clustering methods

In the main paper, I cluster standard errors at the department level since my basic
unit of observation is the year x department cell. It could however be that there
exist economic spillovers within regions and across departments, in which case the
nuisance terms could be correlated not only within departments across time but rather
within region across time. Again, this assumption is not very likely to hold to the
extent that department is a much more stable unit of treatment across time in France.
To test for this assumption, I however again run Equation 6 where I cluster standard
errors at the region level rather than at the department level and summarize the main
tindings of this robustness exercise in Table D13. Again, all estimates on the coal
exposure measure remain negative and significant either at the 5% or at the 1% level,
further supporting the idea that the results hold under a wide variety of specification

and functional forms.

TABLE D13: Effect of coal on patent quantity for various specifications, clustering
at the region level

Pseudo Poisson OLS v

Measure 1 Measure2 Measure 1l Measure2 Measurel Measure 2

Coal exposure -0.350** -0.432%* -0.179** -0.248** -0.544%** -0.556***
(0.148) (0.146) (0.077) (0.089) (0.166) (0.177)
Observations 10,810 10,810 10,685 10,685 10,685 10,685
Year Fixed-effect Yes Yes Yes Yes Yes Yes
Geographic controls Yes Yes Yes Yes Yes Yes
Geological controls Yes Yes Yes Yes Yes Yes
R-squared 0.850 0.852 0.609 0.615 0.351 0.387
F-Stat 36.43 28.71 60.09 81.94

Notes: The dependent variable is either patent count (Pseudo Poisson specification) or the (log) num-
ber of patents per capita (OLS and IV models) while the explanatory variables are mainly the coal
exposure measure, distance to Paris, initial population density, longitude, latitude and other geograph-
ical and geological controls discussed in Section 3. *** p < 0.01, ** p < 0.05, * p < 0.1.

D.11 Dynamic evolution of the effect over time

Figure 2 supported the idea that the effect of coal exposure on innovation was per-
sistent over time; more importantly, it suggested that the magnified over time. A
possible explanation for this finding will be brought forward by Section 5 which dis-
cusses plausible mechanisms for the negative impact of coal on patenting activity. Yet,
it might prove useful to check whether coal exposure might account for the widen-
ing gap in innovation abilities throughout the XXth century and the beginning of the
XXIst century. To evaluate this question, I collapse the yearly number of patents at the

decade level for each department, and then run a new version of Equation 6 where I
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interact decade fixed-effects with the coal exposure measure. This new specification,
which I formally summarize in Equation D1, enables me to capture the time-varying

effect of coal exposure on patenting activity:

11
paty, = Y 1:(k) X Breq + ar +1g + €4, (D1)
k=1

Where 7, captures department fixed effects; indeed, by contrast with Equation 6
which does not include department fixed effects, given that the main explanatory
variable is time-invariant, I know have a time varying explanatory variable given that
I interact the time-invariant coal exposure measure with year fixed effects. I then plot
the results of this specification for the two main coal exposure measures in Figure
D4 which suggests that the negative impact of coal exposure on patenting activity ac-
celerated over time; more specifically, coal exposure exerted an increasingly negative
effect over time with respects to its effect during the first decade of the XXth century.
This, of course, does not imply that the effect did not already start prior to World
War 2: indeed, running Equation 6 on the subset of patents before WW2 also yields
negative and significant effects of coal exposure on patenting activity; yet, these two
novel graphs support the idea that coal exposure was all the more negative starting
in the second half of the XXth century, consistently with the mechanisms detailed in
the next section.

FIGURE D4: Dynamic effect of coal exposure

(a) All coalfields (b) Only major coalfields
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Notes: Figure (a) plots the dynamic effect of coal exposure when coal exposure is defined as the
proximity to all coalfields while Figure (b) plots the dynamic effect of coal exposure when coal exposure
is computed restricting the set of coalfields to historical major coalfields documented in the ERIH
project. For both panels, the coal exposure measure is instrumented with the carboniferous rock strata
distance, as described in Section 4
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