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A Model: Upper-Tail Knowledge and Industrialization

In this section, we provide a simple model of spatial technology diffusion that connects the histor-

ical evidence discussed above with the empirical analysis that follows below. The model distin-

guishes between worker skills and upper-tail knowledge of entrepreneurs. We present a mechanism

where upper-tail knowledge enables local entrepreneurs toimprovetheir technology, while worker

skills raise the productivity for agiventechnology. This yields differential predictions for how the

two types of human capital affect income and economic growthbefore and after industrialization.

The model featuresn = 1, ..., N regions with given land endowment. In each region, there is a

massL >> 1 of workers who supply one unit of labor inelastically in eachperiod. Worker skills

hn vary across regions. In addition, there arei ∈ [0, 1] entrepreneurs who produce intermediate

goods in manufacturing. A sharesn of entrepreneurs in regionn disposes of upper-tail (scientific)

knowledge.1

There is no saving, so that all income is consumed in each period. In any given period, work-

ers optimally choose between working in two sectors: agriculture (A) and manufacturing (M).

The latter is performed in cities, so that the manufacturinglabor share also reflects urbanization.

We keep the model tractable by followingHansen and Prescott(2002) in assuming that agricul-

tural and manufacturing goods are perfect substitutes. In addition, we assume that workers and

entrepreneurs are immobile, operating within their regionof origin.2

Sector-specific wages in each region depend on both types of knowledge. First, average worker

skills affect the efficiency of production in both sectors, but to a lesser degree in agriculture. Sec-

1To distinguish between their effects on development, we assume thathn andsn are independently distributed
across regions. This also reflects the observation that our historical proxies for the two types of human capital, literacy
and subscriber density, are uncorrelated across French departments.

2Relaxing this assumption by allowing forcostlymigration would yield very similar cross-sectional predictions.
The historical literature documents substantial mobility, in particular of elites – merchants and legal officials were
more mobile than artisans or unskilled workers (Benedict, 2005). Nevertheless, in AppendixD.3 we show that more
than half (52%) of the “famous” people in scientific professions were born and died in the same city in France before
1887 (and this number is even higher when excluding Paris – 64%).
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ond, highly skilled entrepreneurs can raise productivity in manufacturing. Because we focus on

differential development in the cross-section, we take theaggregate technology frontier̄A as given.

We then study the effects when̄A grows (exogenously) over time. GrowinḡA has two interpreta-

tions that are both in line with the historical evidence: i) that France was a follower country, with

most technological progress coming from Britain; and ii) more broadly, that the frontier of useful

knowledge expanded during the period of Industrial Enlightenment and that this knowledge be-

came more accessible due to the emergence of “open science” (Kelly, Mokyr, and Ó Gráda, 2014).

The latter interpretation allows for the possibility that France also innovated (as suggested by the

historical evidence in Section2.1), instead of merely adopting existing technology.3 Finally, all

relevant cross-sectional predictions of our model can be derived in partial equilibrium, taking the

price of output (in both sectors) as given and using it as the numeraire.

A.1 Production

Each worker supplies one unit of labor and chooses a sector ofemployment at the beginning of

each period. Technology in all sectors exhibits constant returns, so that the scale of production is

not important. We denote total labor in sectorj ∈ {A,M} in regionn by Lj,n. In the following,

we characterize the production technologies used by the twosectors. Agricultural output in region

n is given by

YA,n = AAh
βA

n XαA

n L1−αA

A,n , (A.1)

whereX is land endowment,αA is the share of land in production, andβA reflects the sensitivity

of agricultural productivity with respect to worker skills.4 We assume that there are no property

rights to land, so that wages in agriculture are given by the average productyA,n = YA,n/LA,n:

wA,n = AAh
βA

n

(
Xn

LA,n

)αA

= AAh
βA

n

(
xn

lA,n

)αA

, (A.2)

where lA,n = LA,n/L is the agricultural labor share, andxn is land per worker in regionn.5

Note that agricultural wages increase if the labor share in agriculture declines, because this leaves

more land for each remaining peasant. Thus, growth in manufacturing indirectly raises wages in

3The second, broader, interpretation also reflects the historical account that upper-tail knowledge was crucial for
both innovation and adoption. Consequently, distinguishing between these two dimensions (as for example inVan-
denbussche, Aghion, and Meghir, 2006) is not crucial for our results.

4In growth models and development accounting,h typically multipliesL directly, reflecting the average impact of
schooling on productivity via Mincerian returns (c.f.Bils and Klenow, 2000). By using differentβj for j ∈ {A,M},
we allow these returns to vary across sectors, i.e., we allowfor sector-specific returns to worker skills.

5Alternatively, we could assume that workers earn their marginal product, while landlords earn rents from land but
are not active as workers or entrepreneurs. Then, usingÃA ≡ AA/(1 − α) instead ofAA would leave the rest of the
model unchanged.
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agriculture.

Our modeling of the manufacturing sector builds onAcemoglu, Aghion, and Zilibotti(2006).

The setup embeds a role for entrepreneurial skills in the manufacturing production process; it also

has the advantage that it reduces to a simple aggregate production function. The final manufac-

turing good is produced under perfect competition by firms that use labor and a continuum of

intermediates as inputs. The technology exhibits constantreturns, so that we can focus on aggre-

gate output in manufacturing, produced by a representativefirm in the final sector:

YM,n = ξ ·

(∫
1

0

AM,n(i)
1−αM zn(i)

αMdi

)(
hβM

n LM,n

)1−αM (A.3)

whereξ is a constant,zn(i) is the flow of intermediate goodi in final production,LM,n is total

labor in manufacturing,βM is the sensitivity of manufacturing production with respect to worker

skills, andαM denotes the share of intermediates in final production.6 Intermediates are produced

by entrepreneurs under monopolistic competition. Each entrepreneuri ∈ [0, 1] produces a specific

intermediatei by transforming one unit of the final good into one unit of the intermediate. Thus,

the marginal cost is identical for all entrepreneurs. However, the productivity with which interme-

diates enter final production,AM,n(i), differs across entrepreneursi.7 We study the evolution of

productivity as a function of entrepreneurial skills below.

Solving the entrepreneurs’ optimization problem yields a simple expression for aggregate man-

ufacturing output (see AppendixB.1 for detail):

YM,n = AM,nh
βM

n LM,n, with AM,n =

∫
1

0

AM,n(i)di (A.4)

Thus, aggregate manufacturing productivityAM,n is a simple linear combination of individual

entrepreneurial efficienciesAM,n(i). The first order condition of (A.3) with respect toLM,n implies

6We assume that the elasticity of manufacturing production with respect to worker skillsβM remains unchanged
when productivityAM,n grows. In other words, we assume that technological change is neutral with respect to
worker skills (but not with respect to entrepreneurial skills). The historical evidence discussed in the paper suggests
that technological change during the first Industrial Revolution was biased towards unskilled workers (c.f.O’Rourke,
Rahman, and Taylor, 2013). Introducing this into our model (e.g., viaβM depending negatively onAM,n) would
dampen the increase in industrial wages relative to agriculture asAM,n rises. However, unless taken to the extreme,
this effect would not reverse the net income gains and thus not change our qualitative results. In fact, this extension
would further diminish the role of worker skills during industrialization.

7Effectively, higherAM,n(i) raises the demand for intermediatei in final production, but it does not affect the unit
cost ofi. This approach ensures tractability. It can be motivated, for example, by interpretingAM,n(i) as the quality
of intermediatei, so that more productive entrepreneurs produce higher quality intermediates at the same marginal
cost. Note, however, that productivity can still be interpreted as the standard quantity-related concept: in equilibrium,
entrepreneurs with highAM,n(i) sell more and make higher profits, so that our setup is akin to an alternative that loads
productivity differences on marginal costs.
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that a share1 − α of final output is paid to labor. Combining this with (A.4) yields the wage rate

in manufacturing:

wM,n = (1− αM)AM,nh
βM

n (A.5)

Finally, we assumeβM > βA, i.e., that manufacturing production is relatively more sensitive with

respect to worker skills. This assumption matters for cross-sectional predictions in our model,

but it does not affect growth. In the following, we study the evolution of productivity, where

entrepreneurial skills play a central role.

A.2 The Evolution of Productivity

The technological frontier at timet is given byĀt, and it grows at an exogenous rateγĀ,t.
8 The

frontier affects the productivity of individual entrepreneursi at locationsn, as represented by the

productivity process

AM,n,t(i) = ηĀt + (1− η)
(
1 + τ(i) γĀ,t

)
AM,n,t−1 (A.6)

whereη ∈ (0, 1), andτ(i) reflects two types of entrepreneurs:τ(i) = 1 for those with upper-

tail (scientific) knowledge, andτ(i) = 0 for the remainder.AM,n,t−1 is aggregate manufacturing

productivity at locationn in the previous period (described in more detail below). To interpret

(A.6), consider first an entrepreneur withτ(i) = 0. In this case,η > 0 guarantees that at least

some innovation trickles through, and entrepreneurial productivity is the closer to the frontier the

larger isη. We refer to this mechanism as (passive) catchup.

Next, consider highly skilled entrepreneurs withτ(i) = 1. These also experience catchup, but

in addition they actively improve their productivity, by the rateγĀ,t relative to the initial local pro-

ductivity AM,n,t−1 . We refer to this process as “knowledge effect” – highly skilled entrepreneurs

improve local technology by keeping up with technical progress at the frontier. This reflects several

dimensions of the historical evidence discussed in Section2. First, more scientifically savvy en-

trepreneurs were more likely to know about the existence of new technologies, which reduced their

search costs and raised the likelihood ofadoption.9 Second, they couldoperatemodern technology

more efficiently because of a better understanding of the underlying processes. Third, scientific

knowledge made furtherinnovativeimprovements more likely.10 Importantly, the “knowledge ef-

8By taking the evolution ofĀt as given, we abstract from the feedback mechanism in Unified Growth Theory
whereby human capital drivesaggregatetechnological progress (Galor, 2011). At the local level, however, our ap-
proach allows for upper-tail skills to accelerate productivity growth.

9As Mokyr (2000, p.30) put it: “Of course I do not argue that one could learn a craft just from reading anEncy-
clopédiearticle (though some of the articles in theEncyclopédieread much like cookbook entries). But ... once the
reader knew what was known, he or she could look for details elsewhere.”

10This interpretation is in line withKelly et al.(2014), who argue that the Industrial Enlightenment generated ideas
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fect” is the stronger the higher isγĀ,t. This reflects the argument byNelson and Phelps(1966)

that human capital – here in the form of its upper tail – is particularly useful in periods of rapid

technological change.

We now turn to the evolution of aggregate manufacturing productivity at locationn, AM,n,t.

This term corresponds to the average entrepreneurial productivities, as given by (A.4). Recall that

at each locationn, there is a sharesn of highly skilled entrepreneurs. Thus, integrating (A.6) over

all entrepreneursi ∈ [0, 1] yields:

AM,n,t = ηĀt + (1− η)AM,n,t−1

(
1 + sn · γĀ,t

)
(A.7)

This equation illustrates three forces that drive manufacturing productivity at locationn: First,

passive catchup with the frontier, which depends onη. Second, the “knowledge effect,” which is

larger for regions with highersn, and larger when technological progressγĀ,t is rapid. Third, there

is also a spillover effect of entrepreneurs with upper-tailknowledge: they raiseAM,n,t, which is

then reflected asAM,n,t−1 in (A.6) in the following period, benefiting both entrepreneurs with and

without scientific knowledge. Our setup also ensures thatAM,n,t ≤ Āt, which holds with equality

in regions withsn = 1. In other words, a region where all entrepreneurs have scientific knowledge

will always be at the technological frontier.

Finally, we specify the productivity process in agriculture. We assume that upper-tail knowl-

edge is not important in this sector.11 However, some technologies from the frontier “trickle

through” to agriculture, as well.12 We model this process in the same fashion as for manufac-

turing, so that agricultural productivity in regionn evolves according to

AA,n,t = ηĀt + (1− η)AA,n,t−1 (A.8)

that were then implemented by entrepreneurs and scientistsin the upper tail of the skill distribution. Similarly,Mokyr
(2005) argues that technological progress often came in the form of micro-inventions by implementation of broader
technological concepts.

11Compared to manufacturing, agriculture saw much less innovation that required advanced knowledge to be
adopted. This pattern is clearly borne out by innovations exhibited at world fairs: Among the 6,377 exhibits at
the 1851 Crystal Palace Exhibition in London, only 261 (or 4.1%) were agricultural machinery. At the other end of
the spectrum, modern manufacturing sectors made up the large majority of innovations: textiles alone accounted for
more than 26%, and engines and scientific instruments for another 15% (Moser, 2012, Table 3).

12This reflects the historical evidence that agricultural productivity also grew significantly during the industrial
revolution (Crafts, 1985; Mokyr, 2010). Nevertheless, scientific knowledge did not play a role fortechnological
progress in agriculture before the middle of the 19th century (see AppendixE.2). We note in passing that differential
growth in agriculture and manufacturing is not essential for our results. Alternatively, the same productivity process
in the two sectors, combined with non-homothetic demand, yields similar predictions due to high income translating
into disproportionately more manufacturing demand.
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Note that this equation corresponds to (A.7) with sn = 0. Thus, in regions without upper-tail

knowledge, productivity in agriculture and manufacturingare the same. This delivers a useful

benchmark case for our analysis.

A.3 Equilibrium and Predictions

We now analyze how worker skills and upper-tail knowledge affect income, growth, and the sec-

toral allocation of labor. Importantly, we assume that (exogenous) technological progress at the

frontier,γĀ,t, is initially slow and then accelerates. Growth in total factor productivity (TFP) was

minuscule prior to industrialization – probably in the range of 0.1% per year (Galor, 2005) – and

it then accelerated to approximately 1% in the mid-19th century (Crafts and Harley, 1992; Antràs

and Voth, 2003). With low γĀ,t, equation (A.7) implies that upper-tail knowledge does not have

important effects on regional productivity; it only matters when technology advances more quickly.

This difference is crucial for our predictions before versus during industrialization.

Within each regionn, labor mobility ensures that wages in agriculture and manufacturing are

equalized:wA,n = wM,n = wn. Using (A.2) and (A.5), this yields the employment share in

agriculture:

lA,n =

(
AA

(1− αM)AM

hβA−βM

n

) 1

αA

xn (A.9)

More land-abundant regions (higherxn) have higher employment shares in agriculture. Since we

assume that manufacturing production occurs in cities, theurbanization rate is given bylM,n = 1−

lA,M . In addition, equation (A.5) implies that wages grow at the same rate as local manufacturing

productivityAM,n.13 The growth rate is thus given by

γw,n,t = η

(
Āt

AM,n,t−1

− 1

)
+ (1− η) sn · γĀ,t (A.10)

where the first term reflects the catchup effect, and the second term, the “knowledge effect.”

We now present three predictions of the model. The first two analyze the cross-sectional effect

of knowledge elites for the cases of relatively lowγĀ (before the Industrial Revolution), and for

high γĀ (in the industrial period). The third prediction highlights the role of worker skills. We

discuss the intuition behind each prediction in the text.

Prediction 1. Pre-industrialization:If the technological frontier expands slowly (lowγĀ), labor
shares in manufacturing, wages, and economic growth are only weakly affected by local upper-tail
knowledge.

13Total income in regionn also comprises entrepreneurial profits given byαM (1− αM )YM,n (see AppendixB.1).
Since profits are directly proportional to wages, we focus onthe latter when discussing the model predictions.
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Intuitively, if technological progress is slow, entrepreneurs with upper-tail knowledge enjoy

only a tiny productivity advantage (or none at all, ifγĀ = 0). Thus, (A.7) implies that productivity

is similar or identical in regions with high and lowsn. Consequently, wages and labor shares –

given by (A.5) and (A.9) – are also similar in the cross-section. The same is true forincome growth,

given by (A.10). The left panel of FigureA.1 provides an illustration of Prediction1. Under

reasonable parameter choices, the percentage of entrepreneurs with scientific knowledge has only

minuscule effects on development.14 Finally, it is important to note that there were exceptions to

the generally slow growth before Industrialization. One example is the Commercial Revolution in

early modern Europe. In line with our model, there is historical evidence that advanced knowledge

mattered during this period (Dittmar, 2013; Cantoni and Yuchtman, 2014).
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Industrial period (1850)
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Figure A.1: Scientific knowledge and economic development

Notes: The figure illustrates how the share of entrepreneurs with scientific knowledge in regionn, sn,
affects urbanization, wages, and economic growth. The leftpanel refers to the pre-industrial period (illus-
trating model Prediction1), and the right panel illustrates Prediction2, referring to the industrial period.
The urbanization rate corresponds to the labor share in manufacturing. Wages (right axis) are reported
relative to regions without scientific knowledge (sn = 0). Relative wage growth (left axis) is measured as
annual percentage growth in regionn, net of growth in regions withsn = 0.

Next, we turn to the industrialization period, when technological knowledge grew rapidly. The

following prediction shows that, despite production knowledge being non-rival and available to all

regions, it can have differential effects on economic development.

Prediction 2. During and after industrialization:As the technological frontier expands more rapidly
(highγĀ), a larger local knowledge elite leads to higher wages, higher manufacturing employment,
and faster economic growth.

14The model calibration serves mainly illustrative purposes– we do not intend to precisely predict actual magni-
tudes of effects. AppendixB.3 explains our parameter choices in detail. We simulate the model for 250 periods,
corresponding to 1600-1850.
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The intuition for this prediction follows the same logic as above, but now with rapid technolog-

ical growth at the frontier, so that upper-tail knowledge has sizeable effects on regional productiv-

ity. The right panel of FigureA.1 illustrates the prediction in the simple calibrated version of our

model: both wages and manufacturing employment now grow hand-in-hand with the local density

of scientific knowledge.

Finally, we describe the effect of worker skills on income and employment.

Prediction 3. Effect of worker skills: Higher average worker skillshn in regionn lead to higher
employment shares in manufacturing and higher regional wages, but not to faster growth. This
holds irrespective of the rate of technological progress atthe frontier.

FigureA.2 illustrates this prediction. Regional wages in both sectors grow in worker skills,

as given by (A.2) and (A.5). In addition, worker skills are more important in manufacturing than

in agriculture (βM > βA). Thus, following equation (A.9), higherhn leads to a concentration of

employment in manufacturing – and thus in cities. Since these effects are independent of scientific

knowledge, we can plot the pre-industrial and industrial periods together. Finally, wage growth as

given by (A.10) is independent of worker skills. Intuitively, worker skills affect how productively

agiventechnology is operated, but not which technology is used.
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Figure A.2: The role of worker skills

Notes: The figure illustrates model Prediction3, showing how worker skills in regionn, hn, affect ur-
banization, wages, and economic growth. Since the effect ofworker skills does not change over time, the
figure illustrates both the pre-industrial period and the industrial period. See FigureA.1 for a description
of the three depicted variables.

Summing up, as compared to the previous theoretical literature, our model provides a more

differentiated view on the role of human capital during industrialization. Distinguishing between

worker skills and upper-tail (scientific) knowledge allowsus to derive predictions that differ im-

portantly for the two types of human capital.
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B Model: Technical Results and Proofs

B.1 Aggregate Manufacturing Production Function

Demand for intermediate producti in regionn follows from (A.3) and is given by:

zn(i) = ξAM,n(i)h
βM

n LM,n

(
1

p(i)

) 1

1−αM

(B.1)

Since each entrepreneuri faces a constant marginal cost of one unit of the final good, his total

costs are given by1 · zn(i). Consequently, entrepreneurs choose their pricep(i) so as to maximize

profitsπn(i) = (p(i)− 1) · zn(i), subject to (B.1). This yields:

p(i) =
1

αM

, ∀i (B.2)

Using this in (A.3) and choosing the constantξ ≡ α
−

2·αM

1−αM

M implies that total manufacturing output

in regionn is given by

YM,n = AM,nh
βM

n LM,n, with AM,n ≡

∫
1

0

AM,n(i)di (B.3)

Consequently, aggregate manufacturing productivity is a simple linear combination of individual

entrepreneurial efficiencies. Note from (A.3) that a share1 − αM of total output is paid to labor:

wM,nLM,n = (1− αM)YM,n, so that the wage rate in regionn is given by

wM,n = (1− αM)AM,nh
βM

n (B.4)

This completes the set of equations used in the main analysis. For completeness, we also present

the total profits by entrepreneurs, as well as output net of intermediate inputs. Total profits are

given byΠn =
∫

1

0
πn(i)di, with πn(i) given above. Substituting (B.1) and (B.2), we obtain:

Πn = αM(1− αM)YM,n (B.5)

Finally, note that the measure of total output given by (B.3) still includes the part that is used for

intermediate production. Net output is given byY net
M,n = YM,n −

∫
1

0
z(i)di. Using (B.1) and (B.2)

this yields:

Y net
M,n =

(
1− α2

M

)
YM,n (B.6)

It is straightforward to verify that total wage payments andprofits add up toY net
M,n.
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B.2 The Evolution of Productivity in Manufacturing

Aggregate productivity follows from (B.3), by integrating equation (A.6) from the paper over all

entrepreneursi ∈ [0, 1]. Without loss of generality, we assume that entrepreneursi ≤ sn have

scientific knowledge, and the remainder does not. This yields:

AM,n,t =

∫ sn

0

AM,n,t(τ(i) = 1)di+

∫
1

sn

AM,n,t(τ(i) = 0)di (B.7)

Substituting forAM,n,t(i) from (A.6) then implies:

AM,n,t = ηĀt + (1− η)AM,n,t−1

(
1 + sn · γĀ,t

)
(B.8)

B.3 Calibration

To calibrate our model, we chooseβA = 0.3, βM = 0.5, andαA = 0.6 (αM is a free parameter,

chosen implicitly withxn). For the catchup parameter, we useη = 0.02, which implies that

regions withsn = 0 lag about 35 years behind the frontier. We simulate the modelfor 250

periods, corresponding to 1600-1850. Over the first 100 periods, we useγĀ = 0.1%; thereafter,γĀ
rises by 0.015% each year, so that it reaches 2.35% after 250 periods. This is consistent with the

combined contribution of TFP and physical capital to growthduring the mid-19th century (Antràs

and Voth, 2003).15 Our calibration ofγĀ ensures that wages follow the trend of p.c. income shown

in appendix FigureC.1. We normalizeĀM = 1 in 1700 and choose landxn such that the labor

share in (overall) manufacturing is approximately 10% – this corresponds to the urbanization rate

in France in 1700.16 In FigureA.1, we keep average worker skills constant athn = 1.1 and use

the range ofsn ∈ [0, 0.2]. The latter reflects the historical accounts that only a small share of

French entrepreneurs was progressive and possessed upper-tail knowledge. Changing eitherhn or

the interval forsn does not affect our qualitative predictions.

When simulating the effect worker skills, we keep scientificknowledge constant at the bench-

mark levelsn = 0. The rangehn ∈ (1.0, 1.3) on the horizontal axis of FigureA.2 is chosen

as follows: the average return to schooling in a cross-section of countries is about 0.1 (Bils and

Klenow, 2000). In our sample, literacy in 1686 varies between 0 and 60% across French depart-

ments, and we assume that literacy is equivalent to 5 years ofschooling. With this, we obtain an

upper bound ofexp(0.1 · 0.6 · 5) ≈ 1.3, and a lower bound ofexp(0) = 1. Changing these values

15Since we abstract from physical capital in the model, we haveto load its effect on TFP growth if we want to match
historical data.

16This is computed using total city population fromBairoch, Batou, and Chèvre(1988), divided by French popula-
tion fromMcEvedy and Jones(1978).
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does not alter our qualitative results.

C Data

C.1 Growth of per Capita Income in France, 1650-1900

Figure C.1 shows GDP per capita in France over the period 1650 to 1900. Overall, the data

confirm Roehl’s (1976) assessment that there is no clear “take-off” point. Nevertheless, growth

became steady in the mid-18th century and only slowed down temporarily during the decade after

the French Revolution.
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Figure C.1: Trend in per capita GDP in France, 1670-1890

Notes: The figure shows the evolution of French GDP per capita over the period 1670-1890. GDP per capita is
computed using data on gross output (at current prices) and weighted price deflators fromMarczewski(1961), com-
bined with population data fromMcEvedy and Jones(1978). Linear interpolation is used for decades with missing
data. The unit of measurement is Francs (in 1905-1913 prices); income in 1820 corresponds to approximately 1,100
International (1990) dollar, according toMaddison(2007).

Industrialization was not homogenous across France, as shown in FigureC.2. Both wages

in industry (left panel) and employment shares (right panel) show substantial dispersion across

departments in the mid-19th century. This is also evident inthe corresponding histograms (Figure

C.3). We exploit this spatial heterogeneity in our empirical analysis.
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Industrial Wages
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Figure C.2: Dispersion of Industrial Wages and Industrial Employment

Notes: The left panel shows the spatial distribution of industrial wages in 1852. The right panel shows the distribution
of industrial employment per capita in 1861. Data on industrial wages are fromGoreaux(1956), and data on industrial
employment in 1861 are from theStatistique Industrielleof theStatistique Général de France(1861). Both variables
are described in Section3.2.
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Figure C.3: Dispersion of Industrial Wages and Industrial Employment

Notes: The left panel shows distribution of industrial wages by department in 1852, and the right panel shows the
distribution of industriaial employment per capita in 1861. See the note to FigureC.2 for detail.
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C.2 Subscriber Density: Distribution, Alternative Definit ions, and Historical Detail

Spatial distribution of subscribers to the Encyclopédie

FigureC.4shows the correlation between subscriber density and literacy – in 1686 (left panel) and

in 1786 (right panel). The two variables are uncorrelated.
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Figure C.4: Correlation between Literacy andSubDens

Notes: The figure shows the correlation between subscriber density and literacy in 1686 (left panel) and
between subscriber density and literacy in 1786 (right panel). Subscriber density is defined asSubDens =

Subs/pop1750.

Next, FigureC.5 shows the distribution of our main explanatory variable, subscriber density,

for all cities (panel A) and for cities with positive subscriptions (panel B). In the following, we in-

troduce two alternative definitions. First, the left panel of FigureC.6shows subscriptions per 1,000

city inhabitants without taking logs. Comparing this with our main measure illustrates that taking

logs tightens the distribution, restricting the extent to which extreme values affect our results.
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Figure C.5: Baseline measure of subscriber density:lnSubDens

Notes: The figure shows the distribution of our main explanatory variable, subscriber density, defined as
lnSubDens = ln(Subs/pop1750+1). The right panel plots the histogram for all cities, and the left panel
plots the histogram only for cities with positive subscriptions.
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Alternative measures of subscriber density

For cities without subscriptions, our baseline measure of subscriber density does not exploit all

available variation: by assigning zero density throughout, it does not take into account city size. For

example, the zero subscriptions for 22,000 inhabitants in Arles (in the South of France) arguably

reflect a lower density of scientific knowledge thanSubs = 0 in the town of Saverne (in the

North-East) with 1,000 inhabitants in 1750. To exploit thisadditional information, we define an

alternative variable as follows:lnSubDens2 = ln [(Subs+ 1)/pop1750], wherepop1750 is city

population in 1750. This introduces variation across cities with zero subscriptions:lnSubDens2

is the smaller the larger is city population. The resulting distribution is presented in the right panel

of FigureC.6. Clearly, there is now more variation in the left part. Belowin AppendixD.1, we

show that the two alternative measures yield very similar results compared with our main measure

lnSubDens.
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Figure C.6: Subscriber density: with and without variationacross towns withSubs = 0

Notes: The left panel shows subscriber density defined asSubDens = Subs/pop1750. In this setup,
all cities with zero subscriptions have the valueSubDens = 0. The right panel plots the histogram for
lnSubDens2 = ln [(Subs+ 1)/pop1750], which allows for variation between cities with zero subscrip-
tions, depending on population size.
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Individual subscribers, book sellers, and cities with zerosubscriptions

For a small subset of subscribers to the Quarto edition of theEncyclopédie, an individual list

survived. The list was compiled by the bookseller Lépagnez and attached to the first volume of

theBibliothèque Nationaleset of the Quarto edition in 1777. The list is reprinted in (Lough, 1968,

pp.466-473). This list comprises customers of two booksellers, Lépagnez of Besançon (department

Doubs) and Chaboz of Dole (department Jura – adjacent to Doubs). There are altogether 253

subscribers, with information on profession and social status, as well as place of residence. Out of

the 253 subscribers, 175 (69.2%) lived in the same cities as the booksellers – Besançon or Dole.

In addition, the vast majority of the remaining subscriberslived in the same departments (Jura and

Doubs) in towns or villages that were too small to enter theBairoch et al.(1988) dataset. This

supports our convention to assign zero subscriptions to those cities inBairoch et al.for which no

sales are reported. While this may introduce measurement error, it is unlikely to systematically

affect our results: in Appendix TableD.3 we show that our results are equally strong for small,

medium, and large cities (for which this type of measurementerror is increasingly unlikely). In

addition, since those subscriptions that were sold outsidethe city boundaries went to buyers in the

immediate neighborhood, our department-level analysis captures most of the remaining variation.

C.3 Soldier Height

Data on soldier height before 1750 are fromKomlos (2005), who digitized height data and city

of birth for more than 38,000 French soldiers from 1716 to 1784 – these include conscripts born

between 1650 and 1770. In many cases, names of birthplaces are not reported, unrecognizable, or

ambiguous. Among those that can be clearly identified, we matched soldiers to all towns and cities

listed inBairoch et al.(1988). In addition, for those cities not listed inBairoch et al.(1988), we

hand-coded the department for all towns with more than 10 soldiers in the dataset. Overall, this

yields observations on about 22,000 soldiers in all 90 departments. Approximately 19,000 of these

were drafted prior to 1750. From these data, we compute the average height at the department

level before 1750 (i.e., we drop all drafts that occurred in 1750-84). Since average height may

have changed over the period 1716-49, we filter out birth cohort fixed effects by decade. We also

address the possibility that the age at recruitment may havediffered across regions, which in turn

may affect conscript height because body growth continues into the early 20s. We filter out age-

specific patterns by controlling forage andage2. TableC.1reports the results of these regressions.
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C.4 Control Variables: Sources and Descriptions

Baseline controls

Our baseline set of controls includes various geographic characteristics of cities, such as dummies

for cities with ports on the Atlantic Ocean and on the Mediterranean Sea, as well as for cities

located on navigable rivers. These data are fromDittmar (2011). Moreover, we use a set of “early

knowledge controls”: a dummy for cities that hosted a university before 1750 (Jedin, Latourette,

and Martin, 1970; Darby and Fullard, 1970), a dummy for cities that had a printing press between

1450 and 1500 (Febvre and Martin, 1958; Clair, 1976), and the number of editions printed before

1501 (ISTC, 2008). We construct a dummy for cities located in non-French speaking departments

using linguistic data fromhttp://www.lexilogos.com/france_carte_dialectes.htm. There are three

main groups of romance languages in France: langue d’oc, langue d’oil (the official French), and

langue francoprovencal. We consider all three “French.” Bythis definition, the following dialects

are “non-French”: Alsacien, Basque, Breton, Catalan, and Corsican.

STN books sales

Data on book sales to each French city are from theFBTEE(2012) project that reconstructed the

book trade of the important Swiss publishing house STN (which also published theEncyclopédie)

over the period 1769-1794. This source (available athttp://chop.leeds.ac.uk/stn/) covers the sales

of more than 400,000 copies, for which the location of the buyer (private or book traders, with the

vast majority located in France) is available. Note that STNbook sales are directly comparable to

our data onEncyclopédiesubscriptions, since both occurred during the same period,were shipped

from one place (Switzerland and Lyon) towards all of France,and reflected local demand for books

(sales) rather than supply (printing).

Pays d’élection

While France was a centralized state already before the French Revolution, in some regions –

the so-calledpays d’élection– the king exerted particularly strong power in fiscal and financial

matters: in thepays d’électiona representative of the royal administration was responsible for

the assessment and collection of taxes. In contrast, thepays d’étatand thepays d’imposition

enjoyed higher autonomy in terms of taxation.Pays d’électioncorrespond togénéralités – an

administrative region of the Ancien Régime that does not always overlap with department bor-

ders. We construct a dummy for cities located inpays d’électionbased on the maps provided at

http://fr.wikipedia.org/wiki/Généralité_(France), in combination with the city-généralités corre-

spondence in the atlas byBrette(1904). When running regressions at the department level, we

compute for each department the share of cities located inpays d’élection.
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Pre-industrial activity

We follow Abramson and Boix(2013) to construct data on pre-industrial centers in France, based

on the original sourcesCarus-Wilson(1966) andSprandel(1968). These include the total number

of mines, forges, iron trading locations, and textile manufactures. We sum the number of such

locations per department and calculate the local density ofpre-industrial activities (in the same

fashion as subscriber density). About half of the departments have some type of pre-industrial

activities, with the highest numbers in the departments of Isère, Nord and Pas de Calais.

Local density of the nobility

Data on the number of noble families is provided by the Almanach de Saxe Gotha.17 More specif-

ically, we use data onmarquises. Entries also contain information on the departments of origin of

these families, as well as the dates of creation and (if applicable) extinction of the dynasty. For each

department, we compute the total number ofmarquisfamilies existing in 1750. This number varies

substantially, from zero in Corsica and less than 4 in the departments of Haut-Rhin, Vosges, Meuse,

and Moselle (all located in the North East) to 32 and 39 noble families in the departments of Seine

et Marne, and Seine et Oise. We then compute the local densityof noble familieslnNoblesDens

in the same way as subscriber density, but normalizing by department-level population in 1750.

C.5 From City-Level to Arrondissement- and Department-Level Data

In our arrondissement (Tables11and12) and department level regressions (Tables6 and7), we ag-

gregate city subscriptions to these geographic units. Morespecifically, we computeSubDensarr

andSubDensdep as the average subscriptions per capita across all cities ina given arrondisse-

ment (department), where population corresponds to 1750 city inhabitants fromBairoch et al.

(1988). We then derivelnSubDensarr = ln(1 + SubDensarr) and lnSubDensdep = ln(1 +

SubDensdep).18 Thus, arrondissements (and departments) without subscriptions receive a value of

zero.

We also aggregate the city-level control variables listed in Table1 to the arrondissement and de-

partment level. This procedure yields dummies for arrondissements (departments) having at least

one Atlantic port, a Mediterranean port, or a navigable river, and a dummy for non-French speaking

departments. Moreover, we also control for the potential confounding factors described in Section

3.3: the density of STN books traded in France is calculated in the same way aslnSubDensdep,

while the density of pre-industrial activities, the density of nobles in 1750, and the density of exe-

cuted under the “Reign of Terror” are already defined at the department level. The aggregation for

17Available athttp://en.wikipedia.org/wiki/List_of_French_marquisates#cite_note-1.
18Throughout the paper and appendix, we uselnSubDens (i.e., without subscript) to refer to subscriber density at

all levels of aggregation.
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pays d’électionis less straightforward because these regions do not alwaysoverlap with depart-

ment borders (see AppendixC.4 above). When running regressions at the department level, we

thus compute for each department theshareof cities located inpays d’élection.

C.6 Balancedness of the Sample

In the main text, we analyzed the correlation of subscriber density with other city characteristics.

Here, we focus on the extensive margin, comparing cities with and without subscriptions. In

Table C.2, columns 1-3 report the mean and standard deviations of subscriber density and our

baseline controls, and column 4 shows the t-test for the difference in means between cities with

and without subscriptions. On average, cities with subscriptions were significantly larger, with

26,000 vs. 6,300 inhabitants. This difference is not surprising, however, given that larger cities

have many more potential subscribers. There is no significant difference with respect to location

at Atlantic or Mediterranean ports, but with respect to location on navigable rivers. Cities with

subscriptions are more likely to have a university prior to 1750, as well as a printing press and a

higher number of books printed in 1500. These differences are statistically significant. Finally,

cities with subscriptions also tend to have somewhat higherlevels of literacy in 1786.

Because of its strong correlation with city population, thedummy for subscriptions that we

used above will also capture other city characteristics that are related to size. Next, we restrict

attention to cities with above-zero subscriptions and split the sample into those with above- and

below-median subscriptionsper capita. Columns 5-8 of TableC.2 show the results. For cities

with above- and below-median subscriptions per capita, population is almost identical.19 The

same is true for all other controls, with a few exceptions that reflect local advanced knowledge:

34% and 39% of cities with above-median subscriptions are hosting a university and a printing

press respectively, compared to 14% and 26% of cities with below-median subscriptions – the

difference, however, is not significant for the “Printing Press” variable. Cities with below-median

subscriptions tend to have slightly higher levels of literacy in 1786 (reversing the pattern from

columns 2 and 3), but this difference is not statistically significant.

19We exclude Paris, because all city-level regressions include a dummy for the French capital. With its 570,000
inhabitants, Paris was five times larger in 1750 than the second-biggest city, Lyon. When including Paris cities with
below-median subscriptions actually have a larger population on average, reversing the pattern from columns 1-3,
while the remaining results are largely unchanged.
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Table C.1: Controlling for the effect of age and birth decadeon soldier height, 1660-1740

Dependent variable: Soldier height in cm

Age 0.440∗∗∗

(0.021)

Age2 -0.006∗∗∗

(0.000)

Birth Decade Dummy Yes

R2 0.07
Observations 29292

Notes: This regression is run by OLS.Birth Decade Dum-
miesinclude dummies for all decades from 1660 to 1740.
Robust standard errors in parentheses. * p<0.1, ** p<0.05,
*** p <0.01.
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Table C.2: Subscriptions and control variables – descriptive statistics

All cities Cities with subs>0 (Paris excl.)

(1) (2) (3) (4) (5) (6) (7) (8)

All Subs>0 No Subs t-test All Above Below t-test
median median

Subscriptions per 1,000 1.73 3.94 3.97 6.81 1.27 10.26
(3.14) (3.71) (3.72) (3.40) (0.99)

Population in 1750 15 26.05 6.31 3.2819.57 19.07 20.05 -0.24
(42.57) (62.52) (3.05) (18.68) (21.45) (15.85)

Atlantic Port 0.06 0.08 0.05 1.03 0.08 0.07 0.09 -0.33
(0.24) (0.27) (0.21) (0.28) (0.26) (0.29)

Mediterranean Port 0.03 0.04 0.03 0.3 0.04 0.02 0.05 -0.54
(0.17) (0.18) (0.16) (0.19) (0.16) (0.21)

Navigable River 0.09 0.16 0.03 3.41 0.15 0.12 0.19 -0.81
(0.28) (0.37) (0.16) (0.36) (0.33) (0.39)

University 0.11 0.25 0.01 5.53 0.24 0.34 0.14 2.21
(0.32) (0.43) (0.10) (0.43) (0.48) (0.35)

Printing Press 0.18 0.33 0.06 5.01 0.32 0.39 0.26 1.32
(0.39) (0.47) (0.25) (0.47) (0.49) (0.44)

ln(Books Printed 1500) 0.48 0.87 0.17 3.82 0.78 0.93 0.64 0.87
(1.31) (1.74) (0.7) (1.55) (1.62) (1.49)

Literacy 1786 0.43 0.46 0.39 1.73 0.45 0.42 0.49 -1.32
(0.25) (0.25) (0.25) (0.25) (0.24) (0.25)

Observations (Min/Max) 166/193 82/85 84/108 81/84 40/41 41/43

Notes: This table compares the means of subscriber density, literacy, as well as our “Baseline” and “Early Knowledge”
controls (as listed in Table1). In columns 1-4 we use the full sample, including all cities(column 1), and then
distinguish between cities with (column 2) vs. without subscriptions (column 3). In columns 5-8 we restrict the
sample to all cities with positive subscriptions (column 5), and we distinguish between cities with above- (column 6)
vs. below-median (column 7) subscriptions per capita. Columns 4 and 8 present t-tests for the difference in means
between cities with vs. without subscriptions and cities with above- vs. below- median subscriptions, respectively.
For details onEncyclopédiesubscriptions and controls see the notes to Table1, Section3, and AppendixC.4.
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D Additional Empirical Results

D.1 Additional Results for City Growth

We now perform a series of robustness checks and show that ourbaseline results on city growth

(Table3) are not driven by sample composition or by a particular specification of our variable of

interest.

Comparing cities with and without subscribers – matching illustrated

FigureD.1 illustrates our matching results for cities with vs. without subscribers. We use propen-

sity score matching to find, for each citywith subscribers, the closest match in terms of population

in 1750 among citieswithout subscribers. This gives two samples of equal size (each with84

cities). We then plot the average population growth over theperiod 1750-1850 for the cities with-

out subscribers (left bar), and for those with at least one subscriber (right bar). The 95% confidence

intervals shown in the figure illustrate that cities with subscribers grew significantly faster than their

counterparts with similar population size but without subscribers.
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Figure D.1:Encyclopédiesubscriptions and city growth, 1750-1850

Notes: The figure plots the average population growth over the period 1750-1850 for cities withoutEncyclopédie
subscribers (left bar), and for those with at least one subscriber (right bar). The sample of cities without subscribersis
obtained using propensity score matching based on population size: by computing for each citywith subscribers the
closest match in terms of population in 1750 among citieswithoutsubscribers. There are 84 cities in each subsample.
Paris is excluded because it had 4 times the population of thesecond-largest city (Lyon) in 1750.
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Splitting the main period 1750-1850

Table D.1 splits our main period of analysis into two sub-periods, 1750-1800 (column 1) and

1800-1850 (columns 2 and 3). This roughly captures the pre- and post-Revolution period, with

major differences in institutions. We find that our results hold for both sub-periods (columns 1

and 2). In column 3, we also control for growth in the earlier period and find a negative and

significant coefficient.20 This suggests that unobserved factors that determined citygrowth prior

to 1800 did not foster growth thereafter, which is in line with a structural break after the French

Revolution. Nevertheless, cities with higher subscriber density grew faster under both regimes.

This makes it unlikely that subscriber density reflects unobserved institutions that in turn drive

growth, complementing our results forpays d’élection.

Table D.1: City growth over the sub-periods 1750-1800 and 1800-1850

Dependent variable: log city growth over the indicated period

(1) (2) (3)
Period 1750-1800 1800-1850 1800-1850

Control for prior growth

lnSubDens 0.108∗∗∗ 0.059∗∗ 0.073∗∗∗

(0.035) (0.028) (0.027)

Growth 1750-1800 -0.187∗∗∗

(0.069)

Controls X X X

R2 0.29 0.39 0.42
Observations 192 192 192

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted by population in 1750.
The dependent variable is log city population growth over the period indicated in the table header. “Controls” include
the baseline controls and early knowledge controls listed in Table1 (columns 2 and 3 control for initial population in
1800 instead of 1750). For details onlnSubDens and controls see the notes to Table1. Robust standard errors in
parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Stable subsamples

In TableD.2, we run our growth regression for the 1750-1850 period, using four different subsam-

ples, each including those cities for which population dataare available in the year 1400, 1500,

1600, and 1700 respectively. For comparison, we also reportthe results for the full sample in

column 1 (which yields the same coefficient as our baseline specification in column 3 in Table3).

20This is unlikely to be driven by reversion to the mean, i.e., by fast initial growth being mechanically followed by
slower subsequent growth, because the regression separately controls for initial log population in 1800.

Appendix p.23



The coefficients oflnSubDens are very similar in magnitude to those of Table3 and are always

significant at the 1% level.

Table D.2: Restricting the sample to cities with available data for the pre-1750 period

Dependent variable: log city growth, 1750-1850

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

Data on city size in 1750 1700 1600 1500 1400

lnSubDens 0.169∗∗∗ 0.154∗∗∗ 0.139∗∗∗ 0.157∗∗∗ 0.193∗∗∗

(0.033) (0.036) (0.042) (0.037) (0.052)

Controls X X X X X

R2 0.36 0.39 0.57 0.55 0.57
Observations 193 148 58 62 50

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted by city population in
1750. The dependent variable is log city population growth in 1750-1850. We use cities where data on population
from Bairoch et al.(1988) are available over for the year indicated in the header. “Controls” include the baseline
controls and early knowledge controls listed in Table1. For details onlnSubDens and controls see the notes to Table
1. Robust standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

FigureD.2 uses the consistent sample of cities for which population growth can be computed

both in 1700-50 (pre-industrial) and in 1750-1850 (i.e., the sample used in column 1 of TableD.2.

The figure confirms the emergence of a strong relationship between subscriber density and city

growth after 1750.
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Figure D.2:Encyclopédiesubscriptions and city growth – before and after 1750

Notes: The figure plots average annual city growth in France against Encyclopédiesubscriber density
(lnSubDens), after controlling for our baseline controls (listed in Table1). The left panel uses the period
before industrialization set in (1700-1750). The right panel examines the same cities over the period of
French industrialization, 1750-1850. The sample is the same in both panels, including only cities for
which growth can be computed over both periods. Among these,average annual city growth was 0.28%
and 0.38% over the two periods, respectively.
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Sample split by initial city size

In TableD.3 we show that our main result holds for small, medium, and large cities. We split

the sample by terciles of initial city population in 1750. The coefficient on subscriber density is

largest within the first tercile, and of similar magnitude for medium- and high-population cities.

FigureD.3 presents the corresponding partial scatterplots, showingthat the relationships in the

subsamples are not driven by outliers.

Table D.3: Subscriptions for small, medium and large cities

Dependent variable: log city growth, 1750-1850

(1) (2) (3)

City size in 1750 Small Medium Large

lnSubDens 0.325∗∗∗ 0.149∗∗∗ 0.136∗∗

(0.079) (0.053) (0.052)

Controls X X X

R2 0.36 0.25 0.51
Observations 69 64 60

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted by city population in
1750. The dependent variable is log city population growth in 1750-1850. The sample is split by terciles of city
population in 1750. The first tercile (small) include 69 cities with a population between 1,000 and 5,000 inhabitants;
the second tercile (medium) includes 64 cities with a population between 6,000 and 10,000 inhabitants; the third
tercile (large) includes 60 cities with a population above 10,000 inhabitants. “Controls” include the baseline controls
and early knowledge controls listed in Table1. For details onlnSubDens and controls see the notes to Table1.
Robust standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Figure D.3: Subscriber density and city growth for small, medium and large cities

Notes: The figure provides the partial scatterplots forEncyclopédiesubscriber density (lnSubDens) corresponding to
the regressions in columns 1-3 in TableD.3 City sizes correspond to population terciles in 1750.
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Dummies for increasing subscriber density

In the main text, we have distinguished between the intensive and extensive margin of subscriber

density by including the dummyISubs>0 for above-zero subscriptions to capture the former, and

subscriber densitylnSubDens to reflect the latter. We found that the intensive margin was im-

portant, i.e., that additional subscriptions beyond the first are strongly associated with growth (see

for example column 4 of Table3 or column 4 of Table5). These previous results were based

on a linear relationship. In TableD.4, we provide additional evidence that the intensive margin

matters, without imposing linearity. In addition to an indicator for zero subscriptions (ISubs=0),

we now include two dummies for cities with above-zero subscriptions,ISubs>0,b.m. for those with

below-median subscribers per capita, andISubs>0,a.m. for those withSubDens > 0, but above

the median. We find that the coefficients increase for each step, and that these differences are

statistically significant (as shown by the p-values in the bottom of the TableD.4).
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Table D.4: Dummies for increasing subscriber density

Dependent variable: log city growth, 1750-1850

(1) (2)

ISubs=0 0.414∗∗∗ 0.468∗∗∗

(0.091) (0.105)

ISubs>0, b.m. 0.635∗∗∗ 0.711∗∗∗

(0.114) (0.132)

ISubs>0, a.m. 0.792∗∗∗ 0.855∗∗∗

(0.134) (0.147)

Baseline Controls X X

Early Knowledge Controls X

R2 0.73 0.73
Observations 193 193

p-values, test of difference in coefficients

ISubs=0 = ISubs>0, b.m. [0.002] [0.001]

ISubs>0, b.m. = ISubs>0, a.m. [0.025] [0.026]

Notes: All regressions are run at the city level, include a dummy for Paris, do not include a constant term and are
weighted by city population in 1750. The dependent variableis log city population growth in 1750-1850. We use
three indicator variables to classify cities based on theirEncyclopdia subscriptions per capita:ISubs=0 takes on value
1 for cities without subscriptions,ISubs>0, b.m. takes on value 1 for cities with positive subscription, but below the
median for all cities withSubs > 0 (from 0.5 to 3.25 subscriptions per 1,000 inhabitants), andISubs>0, a.m. takes
on value 1 for cities with positive and above-median subscriptions per capita (from 3.35 to 16.25 per 1,000). There
are 108 cities with zero subscriptions, 43 with positive andbelow-median subscriptions per capita and 42 cities with
positive and above-median subscriptions per capita. “Baseline Controls” and “Early Knowledge Controls” are those
listed in Table1. For further detail see the notes to Table1. Robust standard errors in parentheses.* p<0.1, ** p<0.05,
*** p <0.01.
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Restricting the sample toSubs > 0, and alternative definitions of subscriber density

In TableD.5 we check the robustness of our results on city growth to alternative definitions of

subscriber density and different samples. Panel A uses our standard measure of subscriber density,

lnSubDens, but restricts the sample to cities with positive subscriptions. Panel B uses subscriber

density without logs (SubDens) in the full sample. Panel C employs the alternative definition

lnSubDens2 which allows for variation across cities with zero subscribers (see AppendixC.2). In

all cases, our results continue to hold: subscriber densityis positively and significantly associated

with city growth over the 1750-1850 period, and the relationship is substantially weaker over the

pre-industrial period 1700-1750 (column 5).
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Table D.5:Encyclopédiesubscriptions and city growth: Alternative definitions andsamples

Dependent variable: log city growth, 1750-1850

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

[unweighted] 1700-1750

Panel A:lnSubDens = ln(Subs/pop1750 + 1). Only cities withSubs > 0

lnSubDens 0.090 0.135∗∗∗ 0.117∗∗ 0.086∗ -0.069
(0.063) (0.051) (0.045) (0.044) (0.053)

Baseline Controls X X X X

Early Knowledge Controls X X X

R2 0.08 0.46 0.48 0.38 0.32
Observations 85 85 85 85 76

Panel B:SubDens = Subs/pop1750. Full sample

SubDens 0.021∗∗ 0.040∗∗∗ 0.040∗∗∗ 0.048∗∗∗ 0.002
(0.009) (0.009) (0.008) (0.008) (0.009)

Baseline Controls X X X X

Early Knowledge Controls X X X

R2 0.10 0.35 0.35 0.26 0.17
Observations 193 193 193 193 148

Panel C:lnSubDens2 = ln[(1 + Subs)/pop1750]. Full sample

lnSubDens2 0.061∗∗∗ 0.088∗∗∗ 0.086∗∗∗ 0.107∗∗∗ 0.003
(0.022) (0.018) (0.017) (0.019) (0.021)

Baseline Controls X X X X

Early Knowledge Controls X X X

R2 0.13 0.36 0.37 0.28 0.17
Observations 193 193 193 193 148

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted (except column 4) by city
population of the respective period. The dependent variable is log city population growth over the period 1750-1850.
Panel A uses our standard definition of subscriber densitylnSubDens and restricts the sample to cities with positive
subscriptions. Panel B uses the definition of subscriber density without logs (SubDens = Subs/pop1750), and
Panel C uses a log-based specification that introduces variation across cities with zero subscriptions (lnSubDens2 =
ln((1 + Subs)/pop1750)) – see AppendixC.2 for further description. “Baseline Controls” and “Early Knowledge
Controls” are those listed in Table1 (column 5 controls for initial population in 1700 instead of1750). For further
detail see the notes to Table1. Robust standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Next, we check the robustness of our results for literacy andadditional controls. TableD.6 re-

peats the main regressions from Table5: odd columns correspond to the specification with literacy

only (as in column 1 in Table5), and even columns present the full specification with all addi-

tional controls and literacy (as in column 3 in Table5). We also vary the sample and the measure

of subscriber density: columns 1-2 use our main measure,lnSubDens, but restrict the sample to

cities with positive subscriptions. Columns 3-4 use subscriber density without logs (SubDens) in

the full sample, and columns 5-6 uselnSubDens2 , which allows for variation across cities with

zero subscribers (see AppendixC.2). In all cases, subscriber density remains a strong predictor of

city growth after 1750, while the coefficient on literacy is negative and in some cases significant,

confirming the findings in Table5.
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Table D.6: Alternative specifications of Table5

Dependent variable: log city growth, 1750-1850

Subs. Density: lnSubDens SubDens lnSubDens2

Sample: Subs>0 Full sample Full sample

(1) (2) (3) (4) (5) (6)

Subs. Density† 0.125∗∗ 0.154∗∗∗ 0.042∗∗∗ 0.048∗∗∗ 0.096∗∗∗ 0.101∗∗∗

(0.051) (0.051) (0.009) (0.010) (0.021) (0.021)
Literacy 1786 -0.315∗ -0.430∗∗ -0.187 -0.214 -0.219 -0.271∗

(0.167) (0.182) (0.144) (0.142) (0.138) (0.153)
lnSTNBooksDens -0.020 -0.029 -0.016

(0.022) (0.024) (0.021)
lnPreIndDens 0.707 1.217∗∗∗ 0.861∗∗

(0.629) (0.404) (0.398)
lnDistanceCoal 0.078 0.015 0.036

(0.061) (0.045) (0.046)
Pays d’Eléction -0.127 -0.017 -0.081

(0.105) (0.072) (0.074)
lnNoblesDens -0.172 0.166 0.129

(0.185) (0.111) (0.111)
Controls X X X X X X

R2 0.51 0.56 0.37 0.41 0.39 0.41
Observations 82 81 166 164 166 164

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted by city population in
1750. The dependent variable is log city population growth in 1750-1850. Columns 1-2 restrict the sample to cities
with positive subscriptions. “Controls” include the baseline controls and early knowledge controls as listed in Table
1. For details onlnSubDens and the other explanatory variables see notes to Table1. Standard errors (clustered at
the department level) in parentheses . * p<0.1, ** p<0.05, *** p<0.01.
† Subs. Density represents three measures of city-level subscriber density to the Quarto edition of theEncyclopédie:
lnSubDens in columns 1-2,SubDens in columns 3-4, andlnSubDens2 in columns 5-6. For details on the three
measures see the text, as well as Section3.1, AppendixC.2, and the notes to TableD.5.
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Discussion of Results for Control Variables

In Table5 in the paper, we included all additional control variables together, so that multicollinear-

ity may potentially be the reason why most of them showed insignificant coefficients. In TableD.7,

we include these controls one-by-one. We confirm the resultsfrom the paper: only pre-industrial

activity is positively and significantly associated with city growth (column 1). This confirms the

findings inAbramson and Boix(2013), who show that in Europe overall, industrialization was

more likely to take place in territories with a proto-industrial base.21 Note that controlling for early

industrial centers does not alter the coefficient on subscriber density, suggesting that the two are

parallel, rather than competing explanations (recall alsothe weak negative correlation between the

two measures in Table1). Comparing their magnitude, the standardized beta coefficients are 0.16

for pre-industrial activity, and 0.38 for subscriber density. Distance to coal (column 2), the reach

of central institutions (pays d’élection, column 3), and nobility density (column 4) are not sig-

nificantly associated with city growth. The latter is in linewith the historical evidence discussed

in Section2.2 that only a progressive subset of the nobility (which was more likely to read the

Encyclopédie) was involved in industrial activity. Note also that when all additional controls are

included together (column 4 of Table5), the individual coefficients remain largely unchanged.

21This work builds on a large literature that has examined proto-industrialization – a change in the spatial organiza-
tion of the pre-industrial economy, when the rural labor force increasingly engaged in market-oriented craft production.
According toMendels’ (1972) seminal contribution, this process “preceded and prepared modern industrialization
proper” [p. 241].Mokyr (1976) rejected this view and instead argued that proto-industrialization provided cheap “sur-
plus” labor that fueled industrialization.Coleman(1983) strongly criticized the literature on proto-industrialization,
arguing that its hypotheses do not fit the facts.
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Table D.7: Additional Controls: One-by-one

Dependent variable: log city growth, 1750-1850

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

lnSubDens 0.176∗∗∗ 0.178∗∗∗ 0.187∗∗∗ 0.176∗∗∗

(0.038) (0.039) (0.040) (0.041)
Literacy 1786 -0.276∗∗ -0.179 -0.190 -0.208

(0.133) (0.149) (0.143) (0.144)
lnPreIndDens 1.107∗∗∗

(0.363)
lnDistanceCoal -0.020

(0.039)
Pays d’Eléction -0.076

(0.065)
lnNoblesDens 0.085

(0.135)
ln(popinitial) -0.067 -0.080∗ -0.086∗ -0.061

(0.040) (0.045) (0.045) (0.055)
Controls X X X X

R2 0.40 0.38 0.39 0.38
Observations 166 166 164 166

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted by city population in
1750. The dependent variable is log city population growth in 1750-1850. “Controls” include the baseline controls
and early knowledge controls listed in Table1. For details on the explanatory variables see notes to Table1. Standard
errors (clustered at the department level) in parentheses .* p<0.1, ** p<0.05, *** p<0.01.
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Literacy and city growth before 1750

We now shed more light on the relationship between literacy and city growth. First, we analyze

the pre-industrial period 1700-1750 in TableD.8. For these regressions, we use the earlier literacy

rates in 1686 (which are highly correlated with those in 1786, with a correlation coefficient of

0.84). Coefficients are clustered at the department level – the geographical unit of observation

for literacy. TableD.8 shows that literacy is weakly positively (but only in column3 marginally

significantly) associated with city growth in 1700-50. While the relationship is too weak to lend

itself to interpretation, one explanation is the larger importance of medium-level worker skills in

traditional artisan manufacturing (c.f.de Pleijt and Weisdorf, 2014). Subscriber density is not

associated with growth prior to 1750, confirming our previous results.

Table D.8: City growth and literacy in the pre-industrial period, 1700-1750

Dependent variable: log city growth, 1700-1750

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

[unweighted]

lnSubDens 0.036 0.004 0.010
(0.038) (0.039) (0.031)

Literacy 1686 0.274 0.265 0.327∗ 0.202
(0.184) (0.183) (0.190) (0.211)

Controls X X

R2 0.05 0.06 0.22 0.13
Observations 126 126 126 126

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted
(expect for column 4) by city population in 1700. The dependent variable is log city population
growth in 1700-1750. “Controls” include the baseline controls and early knowledge controls
listed in Table1 (with the exception that here we control for population in 1700 instead of
1750). For details onlnSubDens, Literacy and controls see notes to Table1. Standard errors
(clustered at the department level) in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Check for complementarity between literacy and upper-tailknowledge

In TableD.9 we analyze whether there may have been a complementarity between literacy and

upper-tail knowledge during the period of French industrialization. In column 1, we interact lit-

eracy rates with subscriber density and obtain a small, negative and insignificant coefficient. In

columns 2 and 3 we split the sample into departments with below- and above-median literacy,

respectively. We find almost identical coefficients on subscriber density in both subsamples, indi-

cating that the relationship between upper-tail knowledgeand growth did not depend on literacy.

This is in line with our discussion in Section2.4: literacy approximates medium-level worker skills

that were not a limiting factor in the adoption of industrialtechnology. In contrast, spatial variation

in the type of workers whowerecrucial – the small number of high-quality craftsmen at the very

top of the worker skill distribution (engineers, instrument makers, and mechanics) – is unlikely

to be reflected by literacy rates.22 Consequently, we do not expect a complementarity between

literacy and upper-tail knowledge.

Table D.9: Complementarity between literacy and upper-tail knowledge?

Dependent variable: log city growth, 1750-1850

(1) (2) (3)

Sample: All Below Median Lit. Above Median Lit.

lnSubDens 0.197∗∗∗ 0.186∗∗∗ 0.181∗∗∗

(0.060) (0.044) (0.067)

Literacy 1786 -0.173
(0.209)

lnSubDens× Literacy -0.040
(0.127)

Controls X X X

R2 0.38 0.40 0.38
Observations 166 87 79

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted by city population
in 1750. The dependent variable is log city population growth over the period 1750-1850. “Controls” include the
baseline controls and early knowledge controls listed in Table1. For details onlnSubDens, Literacy and controls see
notes to Table1. Robust standard errors (clustered at the department levelin column 1) in parentheses. * p<0.1, **
p<0.05, *** p<0.01.

22Note also the discussion in Section2.4that France initially lacked these high-quality craftsmen, so that progressive
entrepreneurs hired them from Britain. Thus, our proxy for the presence of enlightened elites may itself reflect some
of the spatial variation in high-quality craftsmen.
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D.2 Additional Results for Soldier Height

We now show further robustness checks on our income and industrialization regressions. Table

D.10 reports results for average conscript height in the pre-1750 period. We perform a similar

analysis as in Table6, but we now separately regress conscript height onlnSubDens (column 1,

4) and Literacy (columns 2, 5). Then, in columns 7 and 8, we weight regressions by the number

of soldiers observed in each department. All our results still hold: soldier height prior to 1750 is

positively associated with literacy, but not withlnSubDens.

Table D.10: Soldier height before 1750

Dependent variable: Soldier height in cm (controlling for age and birth decade)

(1) (2) (3) (4) (5) (6) (7) (8)

Weighted

Literacy 1686 1.170∗∗ 1.050∗ 1.135∗∗ 0.994∗ 1.007∗∗ 0.989∗∗

(0.540) (0.527) (0.558) (0.550) (0.433) (0.441)
lnSubDens -0.045 0.113 0.013 0.117 0.049 0.062

(0.129) (0.116) (0.118) (0.117) (0.112) (0.111)
Baseline Controls X X X X

R2 0.05 0.00 0.06 0.14 0.15 0.16 0.08 0.13
Observations 77 87 75 77 87 75 75 75

Notes: All regressions are run at the department level and includea dummy for Paris (Department Seine). The
dependent variable is average soldier height recorded overthe period 1716-49 and collected by Komlos (2005). To
account for variation in height and soldier age within this period, we control for age, age squared, and birth decade
(see AppendixC.1). In 7-8 we weight regressions by the number of soldiers per department. “Baseline Controls” are
those listed in Table1. For details on Literacy,lnSubDens and controls see the notes to Table1. Original city-level
variables are aggregated to the department level as described in AppendixC.5. Robust standard errors in parentheses.
* p<0.1, ** p<0.05, *** p<0.01.

D.3 Local Persistence and Alternative Proxies for Upper-Tail Knowledge: Sources and De-

tail

Scientific societies

Data on scientific societies are fromMcClellan(1985). These include the year of foundation and

the number of ordinary members. Altogether, there were 30 cities in France hosting scientific

societies – all of them were founded prior to 1784, and 22 of them prior to 1750. In the results

presented in the paper and below, we use only those founded prior to 1750. Using all 30 scientific

societies (i.e., including those that were officially registered after 1750, and before 1784) gives

very similar results.

In TableD.11we examine the relationship between early scientific societies (founded prior to
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1750) andEncyclopédiesubscriptions. Column 1 shows that 91% of cities with an early scientific

society also had subscribers to theEncyclopédie, as compared to 26% of all other cities reported

in Bairoch et al.(1988). Column 2 confirms this pattern: cities with scientific societies had on

average 4.54 subscribers per 1,000 inhabitants, while cities without scientific societies had 1.23.

Table D.11: Subscriptions and Scientific Societies

(1) (2)

Scientific Society Subs. Dummy Subs pc

Yes 0.91 4.54

No 0.26 1.23

Notes: This table analyzes the relationship between early scientific societies andEncyclopédiesubscriptions. Alto-
gether, there were 22 French cities with scientific societies founded before 1750. Column 1 shows the percentage of
cities with subscribers to theEncyclopédie, and column 2 shows subscriptions per 1,000 inhabitants, for cities with
and without scientific societies. For details on scientific societies andEncyclopédiesubscriptions see Section3.1and
AppendixD.3.

Descriptions des Arts et Métiers

TheDescriptions des Arts et Métierswas a multi-volume publication entirely devoted to the “use-

ful arts.” Its origin can be traced back to Jean-Baptiste Colbert, who in 1675 requested the French

Academy of Sciences to write a detailed description of the mechanical arts. The idea was to con-

nect artisans with scientists so that they could mutually benefit from this interaction. However, only

when René-Antoine Ferchault de Réaumur became responsiblefor the project in 1709, significant

progress was made, and the first volume was published in 1761 (Carpenter, 2011). Our data are

from the Neuchâtel (STN) edition of theDescriptions des Arts et Métierssold from 1771 to 1783.23

The text covered a wide range of “useful arts” (from objects of daily use such as candles or soap

to mathematical and astronomical instruments), and a largepart was devoted to industrial activi-

ties (such as iron production, textiles, and various metal products). Similarly to theEncyclopédie,

about 1,800 plates accompanied the text, illustrating the mechanical arts.24

There are 40 French cities for which the STN reports sales of the Descriptions des Arts et

Métiers; 80% of these cities also hadEncyclopédiesubscribers, and subscriber density was almost

four times higher than in the remaining cities (TableD.12).

A similarly strong relationship holds between per capita sales of theDescriptions des Arts et

23Data available athttp://chop.leeds.ac.uk/stn/, accessed on 1 September 2014.
24TheDescriptions des Arts et Métierswas also a source of inspiration for theEncyclopédie. In some cases, the latter

were accused of copying from the former, resulting in claimsof plagiarism. For more information on the relationship
between theDescriptions des Arts et Métiersand theEncyclopédieseeWatts(1952).
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Table D.12: Subscriptions andDescriptions des Arts et Métiers

(1) (2)

Descr. Arts et Métiers Subs. Dummy Subs pc

Yes 0.8 4.23

No 0.24 1.08

Notes: This table analyzes the relationship between sales of theDescriptions des Arts et MétiersandEncyclopédie
subscriptions. Altogether, there were 40 French cities with positive sales of theDescriptions des Arts et Métiers
reported by theFBTEE(2012) project. Column 1 shows the percentage of cities with subscribers to theEncyclopédie,
and column 2 shows subscriptions per 1,000 inhabitants, forcities with and without sales of theDescriptions des Arts
et Métiers. For details on theDescriptions des Arts et MétiersandEncyclopédiesubscriptions see Section3.1 in the
paper and AppendixD.3.

Métiersand subscriber density (columns 1-2 of TableD.13), and this holds even when we restrict

the sample to the 40 cities with at least one registered sale of the Descriptions des Arts et Métiers

(columns 3-4). Finally, columns 5-8 document the robustness of the relationship between sales of

theDescriptions des Arts et Métiersand city growth when including our baseline controls and using

different specifications: column 5 does not control for literacy and thus extends the sample; column

6 repeats our main regression from Table8 (but does not include early knowledge controls); and

columns 7 and 8 confirm the robustness of the city growth result to using sales per capita without

logs.
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Table D.13:Descriptions des Arts et Métiers, Subscriber Density, and City Growth

(1) (2) (3) (4) (5) (6) (7) (8)

Dep. Var.: lnSubDens Log City Growth, 1750-1850
full sample ArtMétiers>0 [no log] [no log]

ArtsMét. Dens 2.071∗∗∗ 2.653∗∗∗ 1.824∗∗ 2.428∗∗∗ 0.449∗∗∗ 0.589∗∗∗ 0.280∗∗∗ 0.343∗∗∗

(0.694) (0.770) (0.745) (0.779) (0.145) (0.157) (0.081) (0.093)
Literacy 1786 X X X X

Baseline Controls X X X X X X X X

R2 0.34 0.38 0.49 0.63 0.27 0.30 0.27 0.30
Observations 193 166 40 37 193 166 193 166

Notes: All regressions are run at the city level, include a dummy for Paris, and are weighted by city population in
1750. “Baseline Controls” are those listed in Table1. For further detail see the notes to Table1. Robust standard
errors (clustered at the department level in columns 2, 4, 6,and 8) in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
† “ArtMét. Dens” represents two measures of city-level salesof theDescriptions des Arts et Métiers: ArtMétDensin
columns 7-8, andlnArtMétDensin all other columns. These are computed analogous tolnSubDens andSubDens,
respectively, as described in Section3.1.
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Famous scientists

Data on “famous” people born in 1000-1887 are from theIndex Bio-Bibliographicus Notorum

Hominum(IBN), as coded byde la Croix and Licandro(2012). For each person, this includes the

city of birth, year of birth, profession, and city of death. There are 2,513 “famous” people that

worked in scientific professions (science, mathematics, chemistry, physics, or medicine) whom

we identify in our sample by city of birth and/or city of birth. 164 cities in our sample were

the place of birth and/or the place of death of at least one “famous scientist.” For each city, we

compute the density of famous scientists as ln(1+famous scientists/pop1750), where we divide by

city population in 1750 because this is closest to the mean year of birth of the “famous” individuals

(it also guarantees direct comparability with the way in which lnSubDens is calculated).

In Table D.14 we examine the relationship between subscriber density andthe presence of

famous scientists before 1750 (columns 1-2) and after 1750 (columns 3-4). In both cases the

two proxies for knowledge elites are strongly correlated, confirming our results from Table9 in

the paper. In addition, we find a strong positive relationship between famous scientists per capita

born in 1750-1887 and those born in 1000-1749, with a coefficient of 0.78 (std error 0.16) when all

baseline controls and a dummy for Paris are included. This provides further support for a relatively

stable spatial distribution of scientific elites.

Table D.14:Encyclopédiesubscriptions and famous scientists born before and after 1750

Dep. var.: Density of famous scientists

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

Birth year 1000-1749 1750-1887

lnSubDens 0.026∗∗ 0.024∗ 0.093∗∗∗ 0.116∗∗∗

(0.012) (0.014) (0.023) (0.024)

Controls X X

R2 0.03 0.04 0.09 0.20
Observations 193 193 193 193

Notes: All regressions are run at the city level and include a dummyfor Paris. The dependent variable is (log) famous
scientists per capita. These are people listed in theIndex Bio-Bibliographicus Notorum Hominumwhose profession
is related to science, mathematics, chemistry, physics, ormedicine. These data are fromde la Croix and Licandro
(2012). In total, there 614 famous scientists born in the period 1000–1749 and 1899 famous scientists born during
1750-1887. “Controls” include the baseline controls and early knowledge controls listed in Table1. For details on
lnSubDens and controls see the notes to Table1. Robust standard errors in parentheses. * p<0.1, ** p<0.05, ***
p<0.01.
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Mobility of knowledge elites

A potential concern is that differential mobility of knowledge elites could affect our results. For

example,Benedict(2005) documents that French elites (such as merchants and legal officials) were

more mobile than artisans or unskilled workers. If elites were attracted to cities that experienced

more rapid growth after 1750, this could explain whyEncyclopédiesubscriptions there were higher

in 1777-79. We implicitly addressed this issue by showing that earlier proxies for knowledge

elites (pre-1750 scientific societies and Huguenots in 1670) confirm our main results, which makes

reverse causality unlikely.

Here, we shed more light on the mobility of knowledge elites,using our data on “famous

scientists.” We begin by analyzing the average mobility of the 1,149 famous scientists in our

sample whose places of birth and death arebothknown. Among these, 52% were born and died

in the same city, and when excluding Paris, this number is as high as 64%. Consequently, there

was a substantial degree of local persistence of knowledge elites over their lifetime – places that

bred more scientists also tended to keep them throughout their lives. Next, we use the full sample

of 2,513 “famous scientists.” FigureD.4 plots the number of famous scientists deceased against

the number of famous scientists born in each French city of our sample. Once Paris is excluded

(right panel), a tight relationship emerges: all observations are close to the 45◦ line. Since all our

regressions include a dummy variable for Paris, selective migration of elites is unlikely to affect

our results.

Science Professionals in 1851

These data are from the 1851Recensementpublished by theStatistique Général de France(1851).

They include department-level information on the number ofpeople in professions related to sci-

ence (medicine andhommes de lettres et savants). For each department, we compute the density of

“science professionals” as ln(1+science professionals/pop1851), where pop1851 is the total depart-

ment population in 1851.

Innovation exhibits in 1851

Moser(2005) coded data on innovations exhibited at the Crystal Palace World’s Fair in London in

1851. The database includes information on both patented and not patented innovations from 30

different industries, together with the city of origin of the exhibitor. We match 1,261 exhibits with

our city database (78 cities display a positive number of innovations). For each city we define the

density of innovative activities as ln(1+number of exhibits/pop1850).
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Figure D.4: Mobility of Knowledge Elites

Notes: The figures plot a 45◦ line together with the number of famous scientists by city ofbirth (horizontal axis) and
the number of famous scientists by city of death (vertical axis). “Famous scientists” are people listed in theIndex
Bio-Bibliographicus Notorum Hominumwhose profession is related to science, mathematics, chemistry, physics, or
medicine. The data are fromde la Croix and Licandro(2012). In total, there are 2,513 famous scientists listed for
France over the period 1000–1887. For details on famous scientists see Section5.1. The left panel includes all cities;
the right panel excludes Paris.

D.4 Huguenots and Upper-Tail Knowledge: Sources and Detail

Data on Huguenots are fromMours (1958). We use information on the Huguenot population

residing in 78 French department in 1670 and 1815. The highest numbers of Huguenots are ob-

served in the departments of Charente-Maritime and Gard. InTable10we definelnHugDens1670

in the same fashion as the other department-level “density”variables, i.e., relative to aggregate

department-level city population in 1750. While this provides direct comparability to the other ex-

planatory variables, total urban population in 1750 is clearly a rough proxy for overall department

population in 1670. Unfortunately, the latter is not directly available, and departments did not yet

exist. We thus provide the following alternative approximation: we extrapolate the department

level population back to 1700, by using the population growth from total city population in each

department between 1700 and 1850, together with departmentlevel population in 1831 (when it

is first available). TableD.15 reports the results when using this alternative proxy for department

population to computelnHugDens21670. Our results still hold: Huguenot density is a strong pre-

dictor of upper-tail knowledge, but not of literacy (columns 1-2) and it is positively associated with

city growth after 1750 (column 3), but not before (columns 5 and 6).

Finally, FigureD.5 shows that the department-level Huguenot population in 1815 is closely

Appendix p.43



Table D.15: City growth and historical determinants of upper-tail knowledge

Huguenots (alternative), subscriber density, and city growth

(1) (2) (3) (4) (5) (6)

Dep. Var.: SubDens Literacy Log City Growth
1750-1850 1700-1750

lnHugDens21670 2.264∗∗∗ -0.098 0.723∗∗ 0.363 0.457 0.400
(0.781) (0.308) (0.331) (0.339) (0.348) (0.330)

lnSubDens 0.159∗∗∗ 0.024
(0.041) (0.032)

Baseline Controls X X X X X X

R2 0.23 0.07 0.15 0.21 0.10 0.10
Observations 142 142 142 142 119 119

Notes: All regressions are run at the city level and include a dummyfor Paris. “Baseline Controls” are those listed
in Table 1 (columns 5-6 control for initial population in 1700 insteadof 1750). lnHugDens21670 is calculated
using the alternative approximation for 1670 department-level population described in the text above. For details on
lnSubDens, Literacy and controls see the notes to Table1. Standard errors (clustered at the department level) in
parentheses. * p<0.1, ** p<0.05, *** p<0.01

related to its counterpart in 1670.25 This implies that emigration (and conversion) after the revoca-

tion of the Edict of Nantes in 1685 was not systematically stronger in some regions than in others.

Consequently, our use of Huguenot density in 1670 is a good proxy for their (clandestine) presence

in the 18th century.

25After the French Revolution, Huguenots again gained equal rights as French citizens. The first year for which
a head count is available is 1815. According to the data byMours (1958), the average number of Huguenots per
department declined from 11,310 to 5,640 between 1670 and 1815.
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Figure D.5: Huguenot population in 1670 and 1815

Notes: Data fromMours(1958). The figure shows that department-level Huguenot population in 1815 is
strongly related to Huguenot presence in 1670.
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D.5 Innovation, Knowledge Elites, and Productivity: Sources and Detail

This appendix complements Section5.3 in the paper, providing detail on sources, methodology,

and additional results.

Firm-Level Data and Results

We use French firm level data fromChanut, Heffer, Mairesse, and Postel-Vinay(2000), who

cleaned and digitalized a survey of more than 14,000 firms, originally conducted by theStatistique

Générale de la Franceover the period 1839-1847. The data are collected at the arrondissement

(sub-county) level, and categorize firms into 13 main manufacturing sectors.26 Merging the 13

French and the 21 British sectors, we obtain 8 consistent sectors.27 We then compute their innova-

tion index as the weighted average “share of inventive output” from the British patent data.28 Using

this index, we classify French sectors into “modern” and “old,” based on above- vs. below-median

innovation index. TableD.16lists the resulting 8 sectors together with their innovation index. The

dataset has about 630 (800) sector-arrondissement observations for “modern” (“old”) sectors.

In our analysis, we use male wages as dependent variable. These represent the average daily

wages for men (recorded in centimes). We compute establishment size as the total number of

workers, divided by the number of establishments for each firm. To control for agglomeration,

we include the log of total population, as well as the urbanization rate (both measured at the

department level in 1831). These data are fromStatistique Général de France(1878). In Table

12, we use information on the number of steam engines and other engines (which include water,

wind and animal engines), as proxies for an industry’s dependence on energy-related up-front

investment. These figures are reported inChanut et al.(2000).

British Inventions andEncyclopédiePlates

Data onEncyclopédieplates are fromthe Encyclopedia of Diderot and d’Alembert: collaborative

translation project29 and from theARTFL Encyclopédie project.30 For each volume, these sources

list all articles and plates of theEncyclopédieof Diderot and d’Alembert. Altogether, there are

2,575 plates, accompanying 326 entries. They contain reference numbers and characters to match

26Typically, arrondissements map one-to-one into cities in our sample; only 2 arrondissements include more than
one city with observed population in 1750 and above-zero subscriptions. The departments of Corsica, Savoie, Haute
Savoie and Territoire de Belfort are not included in the survey.

27Some categories overlap, so that a consistent match resultsin 8 sectors. Whenever there is more than one British
sector corresponding to a French sector, we compute a weighted average of the share of innovative output, where the
weights are the number of patents in the British sector.

28We use the average, rather than the sum of “inventive output”shares because otherwise aggregating many sectors
would mechanically raise their innovation index.

29Available athttp://quod.lib.umich.edu/d/did/index.html
30Available athttp://encyclopedie.uchicago.edu/
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Table D.16: Classifaction of individual industrial sectors into “modern” and “old”

(1) (2)

Sector Name Innovation Sector
Index Type

Textile and Clothing 0.145 modern

Printing Technology, and 0.094 modern
Scientific Instruments

Furniture and Lighting 0.045 modern

Transportation Equipment 0.040 modern

Metal and Metal Products 0.039 old

Leather 0.018 old

Mining 0.017 old

Ceramics and Glass 0.012 old

Notes: For each sector, column 1 reports the innovation in-
dex, obtained using data fromNuvolari and Tartari(2011);
column 2 classifies sectors into “modern” or “old” manufac-
turing, based on the median of the share of the innovation
index. For details on the innovation index and on the French
industrial survey see Section5.3and AppendixD.5.
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the various parts of the figure with the text and the legend. For all 326 entries, we computed the

exact number of accompanying plates, and – where possible – we matched each entry with one of

the 21 British Industrial sector fromNuvolari and Tartari(2011). In total, 156 entries accompanied

by 1,272 plates describe manufacturing technologies. Among them, 103 entries (and 849 plates)

are dedicated to the “modern” sector. The number of plates per entry varies substantially. For

instance, among all plates describing manufacturing, 30 entries have only one plate, while the

entries “Clock Making” and “Turner and Turning Lathe” have 51 and 87 plates respectively.

TableD.17 shows that the sectors that we classify as “modern” had a share of inventive out-

put of 0.084 – more than five times higher than the figure for “old” sectors.31 Column 2 shows

that more than two thirds of all plates dedicated to manufacturing in theEncyclopédiedescribed

“modern” technologies.

Table D.17: Modern vs. old sectors: Share of inventive output andEncyclopédieplates

(1) (2)

Share Invent. Share Plates
Output Encyclopédie

Modern 0.084 0.67

Old 0.016 0.33

Notes: This table distinguishes between “modern”
and “old” manufacturing sectors, based on the me-
dian share of total “inventive output” fromNuvolari
and Tartari(2011) (see Section5.3 for detail). Col-
umn 1 shows the average share of total “inven-
tive output” for both manufacturing technologies.
Column 2 compares the share of plates describing
“modern” and “old” manufacturing technologies in
all Encyclopédieplates dedicated to manufacturing
(see AppendixD.5 for sources and detail).

Finally, TableD.18 shows that our results in Table11 in the paper are very similar when we

use the alternative measure of subscriber densitySubDens (without taking logs).

31Of course, this difference results from classifying these sectors according to above- and below-median share of
inventive output, as described in AppendixD.5.
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Table D.18: Alternative specification of subscriber density in Table11 – SubDens no logs

Dep. Var.: log wages (by sector and arrondissement)

(1) (2) (3) (4) (5) (6)

SubDens 0.010∗∗ 0.010∗∗ 0.009∗∗∗ 0.007∗ 0.004
(0.004) (0.004) (0.003) (0.004) (0.006)

SubDens×Modern 0.019∗∗∗ 0.015∗∗∗ 0.012∗∗∗ 0.015∗∗∗ 0.016∗∗∗ 0.014∗∗∗

(0.004) (0.004) (0.004) (0.004) (0.005) (0.005)

School Rate 1837 0.248∗∗∗ 0.233∗∗∗ 0.239∗∗∗ 0.167∗∗

(0.070) (0.072) (0.071) (0.069)

School ×Modern -0.027 -0.035 -0.032 -0.007 0.016 0.051
(0.068) (0.066) (0.069) (0.091) (0.100) (0.108)

Establishment Size 0.055∗∗∗ 0.045∗∗∗ 0.042∗∗∗ 0.046∗∗∗ 0.041∗∗∗ 0.039∗∗∗

(0.008) (0.008) (0.009) (0.010) (0.010) (0.010)
Size×Modern -0.068∗∗∗ -0.031∗∗∗ -0.029∗∗ -0.030∗ -0.034∗∗ -0.034∗∗

(0.011) (0.011) (0.014) (0.016) (0.015) (0.016)
Modern Sector 0.133∗∗∗

(0.036)
Sector FE X X X X X

Baseline Controls X X X X

Additional Controls X X X

Department FE X (X)

Arrondissement FE X

R2 0.13 0.22 0.35 0.37 0.49 0.58
Observations 1482 1482 968 844 844 844

Notes: All regressions are run at the arrondissement level and include a dummy for Paris (Department Seine). The
dependent variable is the log of average male wages across all firms in a sectorj in arrondissementn. There are
more than 14,000 firms in the sample (see AppendixD.5). Firms a classified into 8 sectors, and the 4 most innovative
ones are categorized as “modern” (see Appendix SectionD.5 and TableD.16 for detail). Establishment sizeis the
(log) average number of workers across all firms inj andn. “Baseline Controls” and “Additional Controls” are those
listed in Table1; we also control for (log) total department-level population and urbanization rates (both in 1831) to
capture agglomeration effects. For each control variable,both its level and its interaction with “modern” is included.
SubDens is the number ofEncyclopédiesubscribers per 1,000 city inhabitants in 1750. For detailson controls see
the notes to Table1. Original city-level variables are aggregated to the arrondissement level as described in Appendix
C.5. Standard errors (clustered at the department level) in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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E Further Historical Background

E.1 French Institutions Before and After the Revolution

As we argued in the introduction, the fact that we use variation within France avoids many of the

problems common to cross-country studies. In particular, since France was a highly centralized

(and, until 1789, absolutist) state, regional variation ininstitutions or the rule of law was limited.

In the paper, we usedpays d’électionas a rough proxy for the king’s reach in taxation. In the

following, we provide a more detailed historical discussion of the judicial system, focusing on the

centralization of the rule of law.Braudel(1982) argues that

[B]y the thirteenth century, France was already the major political unit of the conti-
nent...having all the requisite ancient and modern characteristics of a state: the charis-
matic aura, the judicial, administrative and above all financial institutions, without which
the political unit would have been completely inert.(Braudel, 1982, p.323)

The king with hisconseilwas at the top of the royal judicial system. At the next level,there

were about 15 regional and provincial parliaments and councils. Below these followed approxi-

mately 400 local royal courts – calledbailliagesin northern France andsénéchausséesin southern

France. These were responsible for appeals for non-nobles and ecclesiastics, and they were also

the first instance for disputes concerning nobles. Finally,the bottom of the pyramid ofroyal juris-

dictions was represented by about a thousand lower courts (Hamscher, 2012, p.11), whose names

differed across regions (e.g., prévôtés, vicomtés, or châtellenies).

The judges of the royal justice system were generally fidélesto the king (Mousnier, 1979,

p.354), received the same training, and were closely monitored. The same is true for those of

the lower local courts – theseigneurialjurisdictions.32 Seigneurial courts were ultimately subject

to the king’s justice, and their sentences could be appealedin royal tribunals (Hamscher, 2012).

Graham(2011) observes that

[J]udges, lawyers and court officials received the same sorts of training during the eigh-
teenth century, whether they ended up working in royal jurisdictions or seigneurial ones.
Officials in the royal courts were reasonably effective in monitoring their seigneurial coun-
terparts precisely because of their shared expertise and a concern to defend their mutual
interests.(Graham, 2011, p.16)

Similarly, Muessig(2012, p.212) concludes that“by the 14th century at the latest, royal juris-

diction dominated, and the feudal justice seigneuriale became subordinate to royal jurisdiction.”

Johnson and Koyama(2014) describe how centralization was reinforced after civil disturbances in

32Theseigneurialcourts were appointed by lords, or seigneurs, and exerciseda civil and criminal jurisdiction within
the limit of the seigneurie.
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the early 1650s (“Fonde”) had been put down. This was accompanied by both a vast increase in

the number of government officials and efforts to align theirincentives with the central govern-

ment, rather than the provinces. All this points to the conclusion that the institutional setting was

– in comparison to other countries – relatively homogenous across the different French regions. In

Graham’s (2011, p.16) words:“by the eighteenth century, there was in essence just one system of

justice in France: that of the king.”

During the French Revolution, the judicial system was largely reformed, and almost allAn-

cien Régimecourts were abolished. The revolutionary program initially planned to institute a

new system relying mostly on informal mediation, rather than on formal law. However, after the

Reign of Terror, this distaste for legal formality faded away, and lawyers and formal courts were

re-instituted. A crucial change occurred during the Napoleonic period when key reforms were

implemented, establishing the institutions that still characterize today’s French legal system.33 At

the bottom of the private judicial system were thetribunaux de première instance, which had gen-

eral jurisdiction over all civil and criminal matters. The next level was represented by thecours

d’appel, which handled appeals from thetribunaux de première instance. Finally, at the top of the

judicial system was thecour de cassation(Kessler, 2010).

Most important for our study, if France was centralized before the Revolution, it became even

more so thereafter. For example,Tilly states that“revolutionaries installed one of the first systems

of direct rule ever to take shape in a large state”(Tilly , 1990, pp. 107-10). On the other hand,

among the early observers, Alexis de Tocqueville emphasized that the French government was al-

ready “highly centralized” before 1789, and that in this dimension, the French Revolution resulted

in “far fewer changes” than is usually supposed (de Tocqueville, 1856, pp.ix, 20, 32-41).

E.2 Agricultural Productivity and Scientific Knowledge

Increasing agricultural productivity was crucial for industrialization because it enabled rapid pop-

ulation growth and increasing urbanization, due to the increasing availability of food for nonfarm

people. However, in this initial phase, the increase in foodproduction occurred without the ap-

plication of modern science. AsJohnson(1997, p. 2) points out: “The application of scientific

knowledge, both basic and applied, to agriculture is a recent event, dating from the middle of the

19th century.” The beginning of agricultural research is typically dated from the time of the work

of Justus von Liebig in agricultural chemistry in the 1840s.34 By that time, laboratory experiments

on agricultural research were founded around Europe (for instance in England Lawes established

33An important difference with theAncien Régimewas the introduction of a distinct public judicial system, where
private individuals could challenge state actions.

34His pioneering workOrganic Chemistry in its Relation to Agriculture and Physiology “launched the systematic
development of the agricultural sciences” (Scheewe, 2000, p.17).
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an experiment station and started the production of the superphosphate fertilizer (Huffman and

Evenson, 2008). Innovations in the chemical industry led to large increases in yield per hectare

through the understanding of the critical role of nitrogen in food production and the introduction

of commercial fertilizer (Huffman and Evenson, 2008; Smil, 1997).

The pre-industrial period also witnessed significant increases in agricultural productivity. How-

ever, these did not require scientific knowledge. Instead, they were “the result of the activities of

private individuals who had little formal research training” (Huffman and Evenson, 2008, p. 17).

Johnson(1997, p. 7) reinforces this point: “[a] significant increase in food production in Western

Europe started well before the application of modern science. Prior to two centuries ago, food

production increased primarily as a result of more intensive use of land, rather than from increased

yields per unit of sown area of the principal grains.” Similarly, Grantham(1989, p. 44) suggests

that until the mid-19th century, the growth of agriculturalproduction depended more on “intensive

use of known technology than on novel methods.”

Increasing commercialization during industrialization triggered changes in agricultural produc-

tivity through different channels. For example, European farmers reacted to market opportunities

by increasing labor input and investment, and by choosing more marketable crops. However,Clark

(1987) shows that before 1850, work rates (rather than technological improvements) affected dif-

ferences in agricultural output across European regions. Using data for Britain,Clark (1987) doc-

uments that the increase of agricultural productivity from1661 to 1841 was mainly due to labor

inputs, and that only 15% can be attributed to technical progress. Similarly, analyzing detailed data

from France,Grantham(1989) suggests that technical innovation contributed to the improvement

of agricultural production only after the 1840s, with the introduction of commercial fertilizers and

mechanical harvesting.

From the 1830s and 1840s farmers started to buy inputs directly from the manufacturing indus-

try. This dramatically increased access to inputs comparedto the pre-industrial period when they

would obtain seeds from their own harvest, manure from theirlivestock, and grass to feed animals

from their own farm. In addition, the availability of cheap iron fostered the use of better equip-

ment such as iron ploughs, drills, and reapers in agricultural production. However, none of these

productivity-enhancing methods introduced before the 1840s required advanced technological or

even scientific knowledge.
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Overview of the variables used in the paper (1/2)

Variable Name Variable Description Source

Explanatory Variables

ISubs dummy equal to 1 for cities with a positive number of subscriptions Darnton(1973)

lnSubDens log of 1+ subscriptions per capita Darnton(1973)

IScient.Society dummy equal to 1 for cities hosting a scientific society before 1750 McClellan(1985)

lnMembDens log of 1+ per capita members of scientific societies before 1750 McClellan(1985)

IArtsMetiers dummy equal to 1 for cities with sales of theDescriptions des Arts et Métiers McClellan(1985)

lnArtMétDens log of 1+ sales per capita of theDescriptions des Arts et Métiers FBTEE(2012)

Literacy percentage of men able to sign their wedding certificate in 1686 or 1786 Furet and Ozouf(1977)

School Rate 1837 ratio of students to school-age populationin 1837 Murphy (2010)

Outcome Variables

log city growth log of city population growth over the indicated periods Bairoch et al.(1988)

Soldier Height pre-1750 average soldier height in cm in 1716-1749 (dept level; cohort and age controls)Komlos(2005)

Soldier Height 1819-1826 soldier height in cm (dept. level) Aron, Dumont, and Le Roy Ladurie(1972)

ln (disposable income) log disposable income in 1864 (dept.level) Delefortrie and Morice(1959)

Industrial Output industrial output per capita in 1861 (dept. level) Statistique Général de France(1861)

Industrial Employment industrial employment per capita in1861 (dept. level) Statistique Général de France(1861)

Wage Industry wage in industry in 1852 (dept. level) Goreaux(1956)

Wage Agric wage in agriculture in 1852 (dept. level) Goreaux(1956)

Wage modern/old wage in “modern” and “old” sectors in 1839-1847 (arrond. level) Chanut et al.(2000)



Overview of the variables used in the paper (2/2)

Variable Name Variable Description Source

Baseline Controls

lnPopinitial log city population at the beginning of the respective period Bairoch et al.(1988)

Atlantic Port dummy equal to 1 for cities located on an Atlantic port Dittmar (2011)

Mediterranean Port dummy equal to 1 for cities located on a Mediterranean port Dittmar (2011)

Navigable River dummy equal to 1 for cities located on a navigable river Dittmar (2011)

University dummy equal to 1 for cities hosting a university before 1750 Jedin et al.(1970); Darby and Fullard(1970)

Paris dummy equal to 1 for Paris or for the Seine department

Non French Speaking dummy equal to 1 for cities located in non-French speaking departments http://www.lexilogos.com/france_carte_dialectes.htm

Printing press in 1500 dummy equal to 1 for cities who had a printing press in 1500 Febvre and Martin(1958); Clair (1976)

ln(Books Printed 1500) log of editions printed before 1500 ISTC(2008)

Establishment size log of number of workers per establishment in 1839-1847 (arrond. level) Chanut et al.(2000)

Log population in 1831 log total population in 1831 (dept. level) Statistique Général de France(1878)

Urbanization rate in 1831 urban population, divided by total population in 1831 (dept. level) Statistique Général de France(1878)

Population in 1861 total population in 1861 (dept. level) Statistique Général de France(1851)

Additional Controls

lnSTNBooksDens log of 1+ STN book sales per capita FBTEE(2012)

Pays d’élection dummy equal to 1 for cities located in apay d’éléction http://fr.wikipedia.org/wiki/Généralité_(France)

lnPreIndDens log of 1+ pre-industrial centers per capita (dept. level) Carus-Wilson(1966); Sprandel(1968)

lnDistanceCoal log distance (in km) from the closest coal field Barraclough(1978)

lnNoblesDens lot of 1+ noble families per capita (dept. level) http://en.wikipedia.org/wiki/List_of_French_marquisates#cite_note-1

Other Variables

lnHuguenotsDens log of 1+ huguenots per capita in 1670 (dept. level) Mours(1958)

lnScientistsDens log of 1 + famous scientists per capita in 1000-1887 de la Croix and Licandro(2012)

lnInnovationsDens log of 1+ innovations (exhibited at the Crystal Palace Exhibition Moser(2005)
in London in 1851) per capita

lnScienceProf1851 log of 1 + people in scientific professions per capita in 1851 (dept. level) Statistique Général de France(1851)

Share Inventive Output measure based on reference-weighted patents, adjusted for the sector-specificNuvolari and Tartari(2011)
frequency of patenting rates and citations

Share PlatesEncyclopédie share ofEncyclopédieplates related to modern sectors, divided by total plateshttp://quod.lib.umich.edu/d/did/index.html
dedicated to manufacturing http://encyclopedie.uchicago.edu/

http://www.lexilogos.com/france_carte_dialectes.htm
http://fr.wikipedia.org/wiki/G�n�ralit�_(France)
http://en.wikipedia.org/wiki/List_of_French_marquisates#cite_note-1
http://quod.lib.umich.edu/d/did/index.html
http://encyclopedie.uchicago.edu/

