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A Data: Description and Sources

In this section, we list the sources of the data and describe how we construct the variables used in

the analysis.

A.1 Patents

Patent Data Patent data are from Berkes (2018), who performed optical character recognition

(OCR) on original patent documents issued by the United States Patents and Trademark O�ce be-

tween 1836 and 2010. Information includes the �ling and issue year, author name, latitude and lon-

gitude of the inventor(s), and inferred USPC technology class. The data contain a set of additional

variables, including the complete text of the patent document and the issue year of the patent, not

used in our analysis. We geo-code each patent to its 1920 county using boundary shape�les supplied

by NHGIS. When we collapse by county year, we weigh each patent by the inverse of the number of

technology classes, as well as by the inverse of the number of authors. Hence, a patent with two au-

thors and two technological classes appears four times in the original patent-level dataset, and each

instance is assigned a .25 weight when aggregating at the county level. We code USPC classes to

the NBER classi�cation (Hall et al., 2001). We modify the canonical NBER classi�cation and con�ate

the “Chemical” and “Drugs” categories into a single “Pharmaceuticals” class. Since multiple USPC

codes are typically assigned to a single patent, most patents that would fall under “Drugs” would

also appear as “Chemical.” To avoid this, we simply recast them into one single category. It is worth

noting that all the results that we present in terms of pharmaceutical patents also hold if we keep

the “Chemical” and “Drugs” classes separate.

Quality Data Wemeasure patent quality using the measure developed by Kelly et al. (2021). From

their data, we derive two metrics. One is the average quality. The second, which we label “Break-

through”, is an indicator variable returning value one if the patent’s quality is in the top 25% of

the overall quality distribution, and zero otherwise. Both measures are net of grant-year �xed ef-

fects. We take forward and backward similarity within a 5-year window around the issue year of

the patent.

Linked Inventor-Census Data Patent data alone do not allow to uniquely identify an inventor.

Because in Table B.14 we need to measure inventor productivity as well as the number of unique

inventors, we exploit a novel sample of inventors linked to the census by Bazzi et al. (2022). This

allows us to assign a unique identi�er to each inventor in our sample, and compute the related statis-

Appendix p. 2



tics. We defer the interested reader to the accompanying paper describing the data in more detail.

An inventor can be matched to multiple census entries. In this paper, we disregard all inventors

with more than �ve matches (about 5% of the overall stock). Then, we weigh the remaining by the

inverse of the number of matches, as is standard in the census-linking literature.

A.2 Names

We take name data from the individual full-count US 1930 population census (Ruggles et al., 2021).

First names require some cleaning. First, we remove non-ASCII characters and drop all those report-

ing the initial only. Then, we manually identify common diminutives (e.g., “Thos” for “Thomas”).

Finally, we agglutinate variations and minor spelling mistakes on the same underlying name. To do

so, we code a simple script that collects a set of reference names as those appearing more than 50

times in the entire population census. We then compute the Jaro-Winkler similarity between each

name and the reference names, and normalize it to lie between 0 and 1. If, for a given name, there is

one reference name with a similarity above .99 we con�ate that name to the reference. Otherwise,

we just keep the name as is. This simple procedure is not intended to agglutinate either transla-

tions (e.g., “Tommaso” and “Thomas) or endearments (e.g., “Willie” and “William”). We thus take

a conservative stand as to whether the same name in di�erent languages–or its endearments–may

convey di�erent religious attitudes. It is merely an algorithmic approach to correct minor spelling

mistakes. Overall, after the manual trimming we are left with 1,366,844 single names, which de-

crease to 623,792 after the algorithmic trimming procedure. However, weighting these �gures by

the number of children reveals that less than 20,000 names account for more than 95% of the total

number of newborns.

A.3 Religious A�liations

Data on religious a�liations are supplied by NHGIS, and are originally from the Census of Religious

Bodies which took place at decade frequency between 1906 and 1936. We discard the 1936 census

because previous research shows that the uptake was low and unequal across counties (Stark, 1992).

Census enumerators asked churches, congregations, and other local organizations to provide a list of

their members. The data was then aggregated at the county level. In our analysis, “Total Religiosity”

is computed as the simple sum of religious members across all possible denominations; “Catholics”

are enumerated as such. We collectively refer as “Protestants” to a set of denominations which

we manually mapped to some branch of Protestantism (including, e.g., the Methodist, Evangelical,

and–various–Baptist churches.)
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A.4 Occupational Structure

Individual-level data on occupations is extracted from the 1930 individual-level population census.

More precisely, we use the 1950 harmonized occupation classi�cation. We then manually map oc-

cupational codes to STEM occupations as described in Table B.1.

A.5 Controls & Mortality Statistics

We extract a battery of individual-level characteristics from the IPUMS full count data. Among

those, we use the the race and urban-rural status as additional individual-level controls.

County-level covariates are provided by NHGIS, which in turn aggregates individual-level data

from population censuses, and reports data from manufacturing and agricultural censuses. All data

come at historical county borders.

Mortality statistics are likewise provided by NHGIS. For the period we are interested in, namely,

1915-1919, they were collected for about 1,200 counties, covering approximately 60% of the US pop-

ulation. We measure In�uenza-related mortality as the ratio between deaths during the pandemic,

and deaths in the three years which preceded the In�uenza.1

A.6 Canadian Data

Following Abramitzky et al. (2020) we use the Canadian Census to construct an alternative measure

of religiosity. This has the advantage of reporting information on individuals’ religious a�liations

as well as their �rst names. We use three waves of the census: 1881 (full count), 1911, and 1921, and

construct religiosity scores by �rst name for the cohorts born between 1800 and 1916. Using the

same procedure outlined in Fouka (2019), we construct the following metric:

Religiosity scorename,� ,� =
Pr �name � �� ,��

Pr �name � �� ,�� + Pr �name � ��\� ,��
ñ 100 (A.1)

where (name) is �rst name, r is religion, c is birth cohort, and I is an indicator for individuals of

a given religion and birth cohort. ��\� ,� indicates individuals of religion other than r. The score

ranges from 0 to 100: a score of 0 implies a name is never found among individuals of religion r ; a

score of 100 implies a name is never found among individuals of a di�erent religion. We de�ne two

1The original documents report, for major cities, deaths broken down by (alleged) cause. We do not use this data for
two main reasons. First, they are incomplete and are only available for cities. Second, Beach et al. (2020) criticize the
methodology adopted to impute the cause of deaths.
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religious groups in the Canadian Census: Catholics and Protestants.2 First, we compute the scores in

equation A.1 for each religion and birth cohort. Second, we average the score within-decade (where

one decade corresponds to ten birth cohorts), for each religion and name. Finally, we generate a

Catholic dummy and a Protestant dummy. Each dummy takes the value 1 if the corresponding

religiosity score is larger than its 80, and zero otherwise.

A.7 Other Data

In several robustness regressions, we control forWW1mortality. The underlying datawere collected

by Ferrara and Fishback (2020).

A.8 Boundary Harmonization

County-level data from NHGIS and other sources are typically provided at historical borders. To

ensure comparability and consistency, we adopt the method developed by Eckert et al. (2018) to

compute geographical crosswalks between US counties over time. In a nutshell, their methodol-

ogy is as follows. Suppose that we know the distribution of a given variable � across counties at

decade frequency between 1900 and 1930. To harmonize borders to one single year, Eckert et al.

(2018) overlay the shape�le of counties in a given year, say, 1900, to that in the reference year, say,

1920. They then compute the percentage of land that a given county shares with itself between the

two years, and that which is assigned to other counties. To construct the harmonized variable, one

simply multiplies these overlapping area weights by the variable recorded in 1900, and aggregates

up by 1920-counties. The underlying assumption is that � is evenly distributed over the county ter-

ritory. While this may seem untenable in most cases, departures from this assumption are plausibly

innocuous in our setting. County borders had in fact undergone major consolidations before 1900

and remained stable thereafter. Moreover, mortality data are mostly available for the Northwest

and Midwest areas. Boundary changes in these regions were rare and minor after the 1890s. In our

application, we map all county-level variables to 1920-borders.

A.9 Details on Sample Construction

In this paragraph, we provide additional technical details on the way we construct the estimation

samples. The main sample restriction that we impose descends from the fact that we observe mor-

tality for 1265 out of 2917 counties. We then discard 45 counties with implausibly large (above 200%)

2We only de�ne two groups as, over this period, less than 1% of individuals reported a religious a�liation other than
Catholic or Protestant.
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or low (below 50%) values of excess mortality during the pandemic. Because such �gures are due to

scarcely-inhabited areas, these 45 counties account for less than 1% of the population in the 1265-

counties sample. We are left with a set of 1220 counties. In the rest of the paragraph, we explain

why we may not always be able to leverage all 1220 for the estimation.

County-Level Religiosity The county-level religiosity estimation sample is a balanced panel

dataset where each county is observed at a yearly frequency between 1900 and 1929. This implies

that the number of counties in this balanced panel may not be 1220 as long as at least one county

is not observed at least once between 1900 and 1929. This happens because, especially in scarcely-

inhabited areas, the name-frequency threshold that we impose may imply that we are not able to

match any newborn in a given cohort. If that is the case, the county’s religiosity will not be observed

every year of the sample, and the county will subsequently be dropped from the estimation sample.

This is the case for 19 out of 1220 counties, so the estimation sample, in this case, consists of 1201

counties accounting for 98.5% of the population in the 1220-counties sample.

In one robustness check shown in column (7) of Tables B.3, B.4, and B.5 counties are observed at

decade frequency instead. In this case, the sample is constructed from adults observed once per cen-

sus decade between 1900 and 1930, and the post-treatment indicator returns value one for decades

1920 and 1930, and zero otherwise. In table B.6 we employ an alternative measure of religiosity from

the 1906 Census of Religious Bodies that does not include �xed e�ects in the estimation equation

of the names religiosity scores. This measure is considerably more volatile than the baseline, so we

exclude the top and bottom 5% most extreme observations in the associated synthetic religiosity

distribution.

County-Level Innovation The county-level innovation sample is a balanced panel dataset where

each county is observed at a yearly frequency between 1900 and 1929. Thus, an observation in the

dataset can either be a number above zero (if there are one or more patents observed in that county-

year) or zero (if no patents are observed). The estimation sample in this case thus encompasses all

1220 counties for which we observe mortality. In columns (2) and (7) of Table B.11 we do not �ll the

panel with zeros when no patents are observed. This results in an unbalanced panel dataset where

a county may not be observed every year over the estimation time period.

Other County-Level Samples In Table B.8 we use as dependent variables various measure of

name concentration. Because these measures display sizable variability, we restrict the sample to

exclude counties at the top and bottom 1% of the excess deaths distribution. Results would remain
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qualitatively unchanged using the full sample, but they would con�ate pre-treatment statistically

signi�cant–selection–e�ects that would induce a spurious downward bias in the estimated treat-

ment e�ects.

Individual-Level We construct two individual-level datasets. In both samples, the unit of obser-

vation is the head of the household. In the �rst, each head of household is observed once. Regressions

(7) and (10) are estimated on this “adult” sample. In the second sample we observe the kids of each

head of household. We interpret the kids as realizations of the religiosity of their parent. Regressions

(9), (11), and (12) are estimated on this “kid” sample.
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B Additional Tables and Figures

B.1 Tables

T���� B.1: STEM P����������

Occ. Code Occupation Label Share (%) Occ. Code Occupation Label Share (%)

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

Panel A. STEM Occupations

12 Agricultural sciences 0.00 18 Mathematics 0.00
61 Agricultural scientists 0.03 19 Medical sciences 0.03
13 Biological sciences 0.00 772 Midwives 0.42
62 Biological scientists 0.32 69 Miscellaneous natural scientists 0.08
14 Chemistry 0.04 26 Natural science (n.e.c.) 0.00
7 Chemists 6.07 92 Surveyors 1.05
32 Dentists 12.39 67 Mathematicians 0.01
34 Dietitians and nutritionists 0.64 240 O�cers, pilots, pursers and engineers, ship 8.06
16 Engineering 0.01 94 Technicians, medical and dental 1.49
49 Engineers (n.e.c.) 0.88 70 Optometrists 1.33
41 Engineers, aeronautical 0.05 71 Osteopaths 0.73
42 Engineers, chemical 0.61 25 Statistics 0.00
43 Engineers, civil 13.31 75 Physicians and surgeons 30.98
44 Engineers, electrical 9.32 68 Physicists 0.04
45 Engineers, industrial 0.34 23 Physics 0.00
46 Engineers, mechanical 7.13 17 Geology and geophysics 0.00
47 Engineers, metallurgical, metallurgists 0.31 98 Veterinarians 1.77
48 Engineers, mining 1.11 83 Statisticians and actuaries 1.07
63 Geologists and geophysicists 0.33 61 Agricultural Scientists 0.07

Panel B. Other Skilled Occupations

1 � � � 99 Liberal and Skilled Professions 200 � � � 299 Managers
700 � � � 790 Service Workers

Notes: Panel A displays the occupations whichwe classify as Science, Technology, Engineering, andMathemat-
ics (STEM). Panel B displays the occupations that we classify as skilled: these include all STEM occupations,
in addition to the ones listed. Occupation codes and labels are from the IPUMS harmonized 1950 occupation
taxonomy. Column “Share” indicates the percentage share of individuals in the given occupation, relative to
total employment in STEM occupations in the baseline individual-level sample. STEM occupations account
for about 6% of total skilled employment, which in turn accounts for approximately 14% of total employment.
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T���� B.2: B������ C����� R����������

(1) (2) (3)
Coe�cient Standard Error 95% C. I.

Panel A. Income and Demographics
Population Density �0.098 (0.221) [�0.531, 0.336]

Income per Capita 0.332 (0.407) [�0.466, 1.131]

Share of Men 0.520��� (0.163) [0.200, 0.840]

Share of Illiterates 0.339 (0.362) [�0.369, 1.048]

Share of Young 0.366 (0.311) [�0.244, 0.976]

Panel B. Ethnic Composition
Share of Whites 0.255 (0.246) [�0.228, 0.738]

Share of African Americans �0.308 (0.235) [�0.769, 0.153]

Share of Foreign Population 0.444��� (0.159) [0.131, 0.757]

Immigrants from:
Italy 0.287 (0.282) [�0.265, 0.840]

Ireland 0.088 (0.126) [�0.159, 0.336]

Austria 0.172 (0.356) [�0.527, 0.870]

France 0.244 (0.188) [�0.123, 0.612]

Spain 0.419 (0.365) [�0.295, 1.134]

Portugal 0.000 (0.291) [�0.569, 0.570]

Panel C. Religion
All Denominations �0.126 (0.246) [�0.609, 0.356]

Catholics 0.175 (0.226) [�0.269, 0.619]

Protestants �0.263 (0.288) [�0.827, 0.302]

Panel D. Patents
Total 0.169 (0.103) [�0.032, 0.370]

Pharmaceutical 0.132 (0.097) [�0.058, 0.321]

Communication 0.100 (0.101) [�0.097, 0.297]

Electrical 0.226 (0.172) [�0.110, 0.562]

Mechanical 0.186� (0.096) [�0.003, 0.375]

Other 0.147 (0.091) [�0.031, 0.324]

Notes: This table displays the correlation between the Excess Death (de�ned in (4)) and a set of covariates in
1910, i.e., the last census year before the pandemic. Column (1) reports the standardized coe�cient of a regres-
sion between the row variable and our measure of excess deaths; column (2) reports the associated standard
error in round brackets; column (3) reports the con�dence interval of the point estimate at the 95% con�dence
level in square brackets. All variables are expressed as shares of total population, except for population density.
Regressions control for county population and include state �xed e�ects.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.3: I����� �� ��� I�������� �� R����������: R��������� �� A�� D������������

Baseline Sample Family Size Cuts Household Adults

(1) (2) (3) (4) (5) (6) (7)
Cont. Treat. Disc. Treat. WW1 No �rstborn < 5 Kids

Excess Deaths ñ Post 0.007�� 0.007�� 0.006� 0.007�� 0.003�� 0.014
(0.003) (0.003) (0.003) (0.004) (0.001) (0.012)

Excess Deaths Dummy ñ Post 0.003��

(0.001)
WW1 Deaths ñ Post 0.000

(0.000)

County FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Sample Baseline Baseline Baseline No Firstborn < 5 Kids Household Adults
Number of Counties 1201 1201 1201 1200 1200 1201 1201
Observations 36030 36030 36030 36000 36000 36030 4804
R2 0.450 0.450 0.450 0.366 0.370 0.364 0.860
Std. Beta Coef. 0.109 0.021 0.110 0.086 0.099 0.101 0.081

Notes: This table displays the impact of exposure to the In�uenza on overall religiosity. The unit of observa-
tion is a county, observed at a yearly frequency between 1900 and 1929 in columns (1)-(6), and at a decade
frequency in column (7). “Post” is a categorical variable equal to one during and after the pandemic–i.e. over
the years 1918-1929 in columns (1)-(6) and the decades 1920-1930 in column (7)–and zero otherwise. The base-
line treatment “Excess Deaths” is de�ned in equation (4). The dependent variable is the name-based measure
of aggregate religiosity described in the main text. Column (1) displays the baseline results. Column (2) reports
the results coding the treatment as a binary variable returning value one if the continuous treatment is above
its median, and zero otherwise. In column (3) we control for WW1-related deaths. Column (4) drops �rst-born
children in every household. In column (5) we compute religiosity dropping all children beyond the fourth in
each household. In column (6) we �rst compute within-household average religiosity and then aggregate the
resulting religiosity series at the county-year level. Column (7) reports results measuring county religiosity
using the names stock of adults–which serves as a placebo check. All regressions in columns (1)-(6) include
county and year �xed e�ects; the regression in column (7) includes county and decade �xed e�ects. Addi-
tionally, each regression includes the interaction between population in 1900 and a post-treatment indicator.
Standard errors are clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.4: I����� �� ��� I�������� �� R����������: R��������� �� C��������

Baseline Sample Family Size Cuts Household Adults

(1) (2) (3) (4) (5) (6) (7)
Cont. Treat. Disc. Treat. WW1 No �rstborn < 5 Kids

Excess Deaths ñ Post 0.009��� 0.009��� 0.009��� 0.008�� 0.003�� 0.019
(0.003) (0.003) (0.003) (0.003) (0.001) (0.011)

Excess Deaths Dummy ñ Post 0.003���

(0.001)
WW1 Deaths ñ Post -0.000

(0.000)

County FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Sample Baseline Baseline Baseline No Firstborn < 5 Kids Household Adults
Number of Counties 1201 1201 1201 1200 1200 1201 1201
Observations 36030 36030 36030 36000 36000 36030 4804
R2 0.306 0.306 0.306 0.242 0.251 0.352 0.778
Std. Beta Coef. 0.184 0.030 0.182 0.158 0.140 0.122 0.136

Notes: This table displays the impact of exposure to the In�uenza on Catholic religiosity. The unit of obser-
vation is a county, observed at a yearly frequency between 1900 and 1929 in columns (1)-(6), and at a decade
frequency in column (7). “Post” is a categorical variable equal to one during and after the pandemic–i.e. over
the years 1918-1929 in columns (1)-(6) and the decades 1920-1930 in column (7)–and zero otherwise. The base-
line treatment “Excess Deaths” is de�ned in equation (4). The dependent variable is the name-based measure
of aggregate religiosity described in the main text. Column (1) displays the baseline results. Column (2) reports
the results coding the treatment as a binary variable returning value one if the continuous treatment is above
its median, and zero otherwise. In column (3) we control for WW1-related deaths. Column (4) drops �rst-born
children in every household. In column (5) we compute religiosity dropping all children beyond the fourth in
each household. In column (6) we �rst compute within-household average religiosity and then aggregate the
resulting religiosity series at the county-year level. Column (7) reports results measuring county religiosity
using the names stock of adults–which serves as a placebo check. All regressions in columns (1)-(6) include
county and year �xed e�ects; the regression in column (7) includes county and decade �xed e�ects. Addi-
tionally, each regression includes the interaction between population in 1900 and a post-treatment indicator.
Standard errors are clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.5: I����� �� ��� I�������� �� R����������: R��������� �� P����������

Baseline Sample Family Size Cuts Household Adults

(1) (2) (3) (4) (5) (6) (7)
Cont. Treat. Disc. Treat. WW1 No �rstborn < 5 Kids

Excess Deaths ñ Post 0.006�� 0.006�� 0.006�� 0.004 0.001 0.009
(0.003) (0.003) (0.003) (0.003) (0.001) (0.011)

Excess Deaths Dummy ñ Post 0.002
(0.001)

WW1 Deaths ñ Post 0.000���

(0.000)

County FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Sample Baseline Baseline Baseline No Firstborn < 5 Kids Household Adults
Number of Counties 1201 1201 1201 1200 1200 1201 1201
Observations 36030 36030 36030 36000 36000 36030 4804
R2 0.471 0.471 0.472 0.384 0.401 0.377 0.858
Std. Beta Coef. 0.100 0.015 0.103 0.102 0.057 0.064 0.062

Notes: This table displays the impact of exposure to the In�uenza on Protestant religiosity. The unit of obser-
vation is a county, observed at a yearly frequency between 1900 and 1929 in columns (1)-(6), and at a decade
frequency in column (7). “Post” is a categorical variable equal to one during and after the pandemic–i.e. over
the years 1918-1929 in columns (1)-(6) and the decades 1920-1930 in column (7)–and zero otherwise. The base-
line treatment “Excess Deaths” is de�ned in equation (4). The dependent variable is the name-based measure
of aggregate religiosity described in the main text. Column (1) displays the baseline results. Column (2) reports
the results coding the treatment as a binary variable returning value one if the continuous treatment is above
its median, and zero otherwise. In column (3) we control for WW1-related deaths. Column (4) drops �rst-born
children in every household. In column (5) we compute religiosity dropping all children beyond the fourth in
each household. In column (6) we �rst compute within-household average religiosity and then aggregate the
resulting religiosity series at the county-year level. Column (7) reports results measuring county religiosity
using the names stock of adults–which serves as a placebo check. All regressions in columns (1)-(6) include
county and year �xed e�ects; the regression in column (7) includes county and decade �xed e�ects. Addi-
tionally, each regression includes the interaction between population in 1900 and a post-treatment indicator.
Standard errors are clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.6: I����� �� ��� I�������� �� R����������: N���� S����� ������� F���� E������

Unweighted Weighted

(1) (2) (3) (4) (5) (6)
All Catholics Protestants All Catholics Protestants

Excess Deaths ñ Post 0.037�� 0.029� 0.014 0.100��� 0.089��� 0.021
(0.018) (0.016) (0.011) (0.034) (0.030) (0.025)

County FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Number of Counties 1201 1201 1201 1201 1201 1201
Observations 29612 29612 29612 29612 29612 29612
R2 0.387 0.540 0.282 0.636 0.804 0.557
Std. Beta Coef. 0.130 0.098 0.082 0.392 0.288 0.128

Notes: This table displays the impact of exposure to the In�uenza on religiosity. The unit of observation is a
county, observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to one during
and after the pandemic–i.e. over the years 1918-1929–and zero otherwise. The baseline treatment “Excess
Deaths” is de�ned in equation (4). Religiosity is measured using religiosity scores obtained by estimating
equation (2), except that we do not include the �xed e�ects in the regression speci�cation. In columns (4)–(6)
counties are weighted by their population in 1900. Columns (1) and (4) report the results for total religiosity;
columns (2) and (5) refer to Catholics; columns (3) and (6) refer to Protestants. Regressions include county
and year �xed e�ects and the interaction between population in 1900 and a post-treatment indicator. Standard
errors are clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.7: I����� �� ��� I�������� �� R����������: A���������� T���������

All Catholics Protestants

(� = 2) (� = 3) (� = 5) (� = 2) (� = 3) (� = 5) (� = 2) (� = 3) (� = 5)

Excess Deaths ñ Post 0.012 0.007�� 0.004�� 0.007� 0.009��� 0.004� 0.003 0.006�� 0.004
(0.008) (0.003) (0.002) (0.003) (0.003) (0.002) (0.004) (0.003) (0.002)

County FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Counties 1201 1201 1200 1201 1201 1200 1201 1201 1200
Observations 36030 36030 36000 36030 36030 36000 36030 36030 36000
R2 0.378 0.450 0.356 0.248 0.306 0.483 0.353 0.471 0.416
Std. Beta Coef. 0.115 0.109 0.097 0.117 0.184 0.093 0.047 0.100 0.091

Notes: This table displays the impact of exposure to the In�uenza on religiosity. The unit of observation is
a county, observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to one
during and after the pandemic–i.e. over the years 1918-1929–and zero otherwise. The baseline treatment
“Excess Deaths” is de�ned in equation (4). Religiosity is measured using religiosity scores obtained estimating
equation (2). The term � denotes the frequency threshold a name must exceed to be included in our sample, in
‰ terms. For instance, � = 2 implies that at least 2‰ children in our sample must be called with a given name,
for that name to be included in the sub-sample of names used to compute the religiosity score. We report the
baseline results, with � = 3, as well as those with lower and larger thresholds. As � decreases, the number of
names for which we compute a religiosity score increases. Regressions include county and year �xed e�ects
and the interaction between population in 1900 and a post-treatment indicator. Standard errors are clustered
at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.8: I����� �� ��� I�������� �� ��� C������������ �� N����

HHI CCI Rosenbluth C-5 C-7 C-9 C-10

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

Excess Deaths ñ Post -0.090 -0.005�� -0.115� -0.007 -0.007 -0.007 -0.008
(0.065) (0.002) (0.059) (0.004) (0.005) (0.006) (0.006)

County FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Number of Counties 1150 1150 1150 1150 1150 1150 1150
Observations 34490 34490 34490 34490 34490 34490 34490
R2 0.853 0.779 0.875 0.779 0.807 0.824 0.830
Std. Beta Coef. -0.092 -0.162 -0.109 -0.109 -0.094 -0.085 -0.085

Notes: This table displays the impact of exposure to the In�uenza on name concentration. The unit of observa-
tion is a county, observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to
one during and after the pandemic–i.e. over the years 1918-1929–and zero otherwise. The baseline treatment
“Excess Deaths” is de�ned in equation (4). The dependent variables measure the concentration of names, and
are: in column (1) the Her�ndahl-Hirschman (HHI) index; in column (2) the Comprehensive Concentration
index (CCI), which relative to the HHI assigns more weight to relatively uncommon names; in column (3) the
Rosenbluth index (RI), which further re�nes the CCI because it is more sensitive to the number of uncommon
names. In columns (4)–(7) the dependent variable is the �-concentration ratio, i.e. the share of children called
with the � most common names. More formally, let �� denote the share of kids with name �, and let � be the
total number of names. Suppose that shares are ranked in increasing order, meaning that rank(�) � rank(��)
if and only if �� � ��� , and rank(�) < rank(��) if and only if �� > ��� for all �, ��. Then, ��� � ��

�=1 �
2
�;

��� � �1 + ��
�=2 �

2
�(2 � ��), �� � 1

2��
�=1 ����1

; �� � ��
�=1 ��. Regressions include county and state-by-year

�xed e�ects and the interaction between population in 1900 and a post-treatment indicator. Standard errors
are clustered at the county level, and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.9: I����� �� ��� I�������� �� R���������� �������� W��� C������� ��� S����/B���
����� S�����

Canada Scores Biblical and Saints Scores

(1) (2) (3) (4) (5)
Catholics Protestants Biblical/Saints Saints Biblical

Excess Deaths ñ Post 0.013�� 0.006 0.055��� 0.051��� 0.013���

(0.005) (0.020) (0.009) (0.008) (0.003)

County FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Number of Counties 1200 1200 1200 1200 1200
Observations 36000 36000 36000 36000 36000
R2 0.327 0.491 0.959 0.958 0.958
Std. Beta Coef. 0.173 0.016 0.151 0.147 0.095

Notes: This table displays the impact of exposure to the In�uenza on religiosity. The unit of observation is
a county, observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to one
during and after the pandemic–i.e. over the years 1918-1929–and zero otherwise. The baseline treatment
“Excess Deaths” is de�ned in equation (4). In columns (1)-(3), religiosity is measured using religiosity scores
obtained as described in section B from the Canadian census. In column (3), the dependent variable is the
share of children by cohort whose name either appears in the bible, or is carried by a saint; in column (4),
the dependent variable only includes biblical names; in column (5), it only includes names of saints. Biblical
and saints names are from Abramitzky et al. (2016). Regressions include county and year �xed e�ects and the
interaction between population in 1900 and a post-treatment indicator. Standard errors are clustered at the
county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.10: I����� �� ��� I�������� �� R����������M������� �� ��� S���� �� I���������� ��
E��� D�����������, F��� ��� C����� �� R�������� B�����

Share of A�liated

(1) (2) (3)
All Catholics Protestants

Excess Deaths ñ Post 0.202��� 0.082��� 0.082���

(0.027) (0.015) (0.015)

County FE Yes Yes Yes
Decade FE Yes Yes Yes
Number of Counties 1219 1219 1219
Observations 3657 3657 3657
R2 0.861 0.908 0.931
Std. Beta Coef. 0.635 0.337 0.301

Notes: This table displays the impact of exposure to the In�uenza on religiosity. The unit of observation is
a county, observed at decade frequency between 1906 and 1926. “Post” is a categorical variable equal to one
during and after the pandemic–i.e. over the years 1920-1930–and zero otherwise. The baseline treatment
“Excess Deaths” is de�ned in equation (4). Religiosity is measured as the share of people a�liated to a given
denomination, normalized by county population in 1910. Column (1) reports the results for total religiosity;
column (2) refers to Catholics; column (3) refers to Protestants. Regressions include county and decade �xed
e�ects and the interaction between population in 1900 and a post-treatment indicator. Standard errors are
clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.11: I����� �� ��� I�������� �� I���������: R��������� R����������

All Patents Pharmaceutical Patents

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Baseline Unbalanced Disc. Treat WW1 Deaths Baseline No All Patents Unbalanced Dummy WW1 Deaths

Excess Deaths ñ Post 0.503��� 0.474��� 0.503��� 0.091��� 0.276��� 0.134��� 0.091���

(0.064) (0.087) (0.064) (0.033) (0.047) (0.051) (0.033)

Excess Deaths Dummy ñ Post 0.118��� 0.032���

(0.020) (0.010)

WW1 Deaths ñ Post 3.739 3.574
(17.019) (3.057)

County FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
All Patents No No No No Yes No Yes Yes Yes
Number of Counties 1220 1184 1220 1220 1220 1220 1184 1220 1220
Observations 37820 23909 37820 37820 37820 37820 23909 37820 37820
R2 0.832 0.861 0.832 0.832 0.836 0.786 0.824 0.836 0.836
Std. Beta Coef. 0.211 0.223 0.036 0.211 0.066 0.201 0.085 0.017 0.066

Notes: This table displays the impact of exposure to the In�uenza on innovation. The unit of observation is a
county, observed at yearly frequency between 1900 and 1929. In columns (1)–(4) the dependent variable is the
number of patents across all �elds; in columns (5)–(9) it is the number of patents in chemical and drugs �elds,
according to the NBER standard classi�cation. “Post” is a categorical variable equal to one during and after
the pandemic–i.e. over the years 1918-1929–and zero otherwise. The baseline treatment “Excess Deaths” is
de�ned in equation (4). Columns (1) and (5) display the baseline results. Columns (2) and (7) report results for
the unbalanced panel of counties (i.e., the subsample of county-year observations for which we observe at least
one �led patent). Columns (3) and (8) report the results when the treatment is coded as a binary variable equal
to one if the continuous variable is above its median, and zero otherwise. Columns (4) and (9) further control
for WW1 deaths interacted with the post-treatment indicator. In column (6) we report the estimated e�ect
without controlling for the total number of patents. All regressions include county and year �xed e�ects and
the interaction between population in 1900 and a post-treatment indicator. Columns (5,7-9) further control for
the total number of patents. Standard errors are clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.12: I����� �� ��� I�������� �� I���������: A����������M������� �� O������ I����
������

� (All Patents)

(1) (2) (3)
��(1 + �) Count arcsinh(�)

Excess Deaths ñ Post 0.503��� 6.787�� 0.617���

(0.064) (3.343) (0.078)

County FE Yes Yes Yes
Year FE Yes Yes Yes
Number of Counties 1220 1220 1220
Observations 37820 37820 37820
R2 0.832 0.908 0.810
Std. Beta Coef. 0.211 0.069 0.220

Notes: This table displays the e�ect of the In�uenza on overall innovation. The unit of observation is a county,
observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to one during and
after the pandemic–i.e. over the years 1918-1929–and zero otherwise. In column (1), the dependent variable is
the log-number of patents, to which we add one to avoid dropping zeros. In column (2) the dependent variable
is the raw patent count. In column (3) the dependent variable is the inverse hyperbolic sine of the raw count
of patents. Each regression includes county and year �xed e�ects and the interaction between population
in 1900 and a post-treatment indicator. Standard errors are clustered at the county level and are reported in
parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.13: I����� �� ��� I�������� �� I���������: A����������M������� �� P�����������
��� I���������

� (Pharmaceutical Patents)

(1) (2) (3) (4) (5) (6) (7) (8)
��(1 + �) ��(1 + �) Count Count arcsinh(�) arcsinh(�) Share ��(1 + Share)

Excess Deaths ñ Post 0.091��� 0.246��� 0.793��� 1.777��� 0.117��� 0.302��� 0.110��� 0.071���

(0.033) (0.045) (0.228) (0.592) (0.042) (0.055) (0.031) (0.017)

County FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Total Patents Yes No Yes No Yes Yes No No
Number of Counties 1220 1220 1220 1220 1220 1220 1220 1220
Observations 37820 37820 37820 37820 37820 37820 37820 37820
R2 0.836 0.788 0.959 0.856 0.820 0.773 0.171 0.228
Std. Beta Coef. 0.224 0.179 0.059 0.132 0.177 0.178 0.190 0.191

Notes: This table displays the e�ect of the In�uenza on innovation in pharmaceuticals. The unit of observation
is a county, observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to one
during and after the pandemic–i.e. over the years 1918-1929–and zero otherwise. In columns (1) and (2), the
dependent variable is the log-number of patents, to which we add one to avoid dropping zeros. In columns (3)
and (4), the dependent variable is the raw patent count. In columns (5) and (6) the dependent variable is the
inverse hyperbolic sine of the raw count of pharmaceutical patents, with andwithout controlling for the inverse
hyperbolic sine of the total number of patents. In column (7) the outcome is the number of pharmaceutical
patents, relative to patents in all other �elds. In column (8), this is taken in log. Each regression includes
county and year �xed e�ects and the interaction between population in 1900 and a post-treatment indicator.
In columns (1), (3), and (6) we further control by the total number of patents by county-year, transformed
according to the column-speci�c labeled function. Standard errors are clustered at the county level and are
reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.14: I����� �� ��� I�������� �� I���������: I�������� ��� E��������M������

Patents Per Inventor N. of Inventors

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

Excess Deaths ñ Post 0.164��� 0.079��� 0.038�� 0.348��� 0.175��� 0.070��

(0.025) (0.020) (0.018) (0.059) (0.040) (0.031)

County FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
N. of Inventors No No No No No Yes
Patents Per Inventor No No Yes No No No
Number of Counties 1220 1220 1220 1220 1220 1220
Observations 37820 37820 37820 37820 37820 37820
R2 0.477 0.464 0.509 0.823 0.750 0.791
Std. Beta Coef. 0.249 0.140 0.068 0.164 0.132 0.053

Notes: This table displays the impact of exposure to the In�uenza on the (log 1+) number of patents per in-
ventor (intensive margin) and the (log) number of inventors (extensive margin). The unit of observation is
a county, observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to one
during and after the pandemic–i.e. over the years 1918-1929–and zero otherwise. The baseline treatment “Ex-
cess Deaths” is de�ned in equation (4). In column (1) the dependent variable is the number of patents per
inventor in any �eld; in columns (2)–(3) we restrict to pharmaceutical patents per inventors; in column (4) the
dependent variable is the number of inventors; in columns (5)–(6) we only consider inventors with at least one
patent in pharmaceuticals. In column (3) we control for the average productivity, measured as the number of
patents per inventor, to capture di�erential trends in productivity of pharmaceuticals, relative to the aggre-
gate productivity; similarly, in column (6) we control for the number of inventors to disentangle di�erential
patterns for the subgroup of inventors active in pharmaceuticals. Regressions include county and year �xed
e�ects and the interaction between population in 1900 and a post-treatment indicator. Standard errors are
clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01

Appendix p. 21



T���� B.15: I����� �� ��� I�������� �� ��������� �� I���������

All Patents Pharmaceuticals

(1) (2) (3) (4) (5) (6) (7)
Avg. Quality Breakthrought Share Breakthrough Avg. Quality Breakthrought Breakthrought Share Breakthrough

Excess Deaths ñ Post 0.099 1.548�� 0.021 0.302��� 0.991��� 0.609��� 0.021��

(0.150) (0.642) (0.015) (0.107) (0.309) (0.225) (0.009)

County FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Total Patents No No No No No Yes No
Number of Counties 1220 1220 1220 1220 1220 1220 1220
Observations 37818 37818 37818 37818 37818 37818 37818
R2 0.314 0.786 0.131 0.477 0.681 0.793 0.107
Mean Dep. Var. 0.037 1.790 0.080 0.081 0.480 0.480 0.020
Std. Beta Coef. 0.031 0.092 0.062 0.220 0.197 0.011 0.131

Notes: This table displays the impact of the In�uenza on the quality of innovation. In the �rst three columns,
the quality indicators refer to the total patent �ow; in the last four columns we restrict the sample to patents
in pharmaceuticals. The unit of observation is a county, observed at yearly frequency between 1900 and 1929.
“Post” is a categorical variable equal to one during and after the pandemic–i.e. over the years 1918-1929–and
zero otherwise. The baseline treatment “Excess Deaths” is de�ned in equation (4). Quality measures are from
Kelly et al. (2021). They measure the “innovativeness” of a patent based on textual similarity between that
patent and previous and future works, and �ag it as important if it is di�erent from previous work, but similar
to subsequent ones. In columns (1) and (4), “Avg. Quality” denotes their baseline quality measure (equation
(10) in Kelly et al. (2021)); in columns (2) and (5)–(6) “Breakthrough” is the raw count of patents in the top
quintile of the quality distribution; in columns (3) and (7) “Share Breakthrough” is the share of patents in the
top quintile in the quality distribution. Regressions include county and year �xed e�ects and the interaction
between population in 1900 and a post-treatment indicator. Standard errors are clustered at the county level,
and are displayed in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.16: I����� �� ��� I�������� �� O����������� C�����: A���������� T��������

Dummy = 1 if in STEM

(1) (2) (3)
Baseline No Controls Controls

Excess Deaths ñ Younger than 30 in 1918 0.005��� 0.006��� 0.006���

(0.002) (0.001) (0.002)

County FE Yes Yes Yes
Cohort FE Yes – –
State-Cohort FE No Yes Yes
Household Controls No No Yes
Number of Counties 1217 1217 1217
Observations 13573144 13573098 13573098
R2 0.003 0.003 0.004
Std. Beta Coef. 0.026 0.030 0.030

Notes: This table displays the e�ect of the pandemic on the probability of being employed in a STEM occupa-
tion. The unit of observation is an individual, observed once in the 1930-population census. For every person,
we de�ne a dummy equal to one if the person is employed in a STEM occupation–enumerated in Table B.1–
and zero otherwise. We drop individuals born after 1905 because they could still be completing their education
spell in 1930, i.e. when we observe their occupational choice. An individual is de�ned to be treated if she is
30 years old or less in 1918, i.e. at the beginning of the pandemic. Compared to the baseline estimates, we
enlarge the sample of treated individuals to those that were between 25 and 30 at the time of the inception
of the pandemic. The baseline treatment “Excess Deaths” is de�ned in equation (4). Column (1) reports the
baseline estimates; in column (2) we add state-by-year �xed e�ects to the baseline model. Column (3) further
includes a set of individual-level controls. Individual controls are race and urban status. Standard errors are
clustered at the county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.17: R���������� ��� ��� I�������� �� I��������� �� E������� �� ��� I��������

(log) Patents per Capita

(1) (2) (3)
All A�liations Catholics Protestants

Excess Deaths ñ Post 0.032��� 0.039��� 0.033���

(0.012) (0.013) (0.012)

All A�liations -0.042
(0.025)

Excess Deaths ñ Post ñ All A�liations 0.104��

(0.041)

Catholics 0.023
(0.026)

Excess Deaths ñ Post ñ Catholics 0.097��

(0.047)

Protestants -0.079�

(0.041)

Excess Deaths ñ Post ñ Protestants 0.085�

(0.048)

County FE Yes Yes Yes
Year FE Yes Yes Yes
Number of Counties 1201 1201 1201
Observations 36030 36030 36030
R2 0.749 0.750 0.749

Notes: This table displays the correlation between innovation and religiosity by exposure to the pandemic. The
dependent variable is the log of patents, normalized by county-population in 1900. The unit of observation
is a county, observed at yearly frequency between 1900 and 1929. “Post” is a categorical variable equal to
one during and after the pandemic–i.e. over the years 1918-1929–and zero otherwise. The baseline treatment
“Excess Deaths” is de�ned in equation (4). Religiosity by denomination is measured as described in the main
text. Counties are weighted by their population in 1900. Regressions include county and year �xed e�ects and
the interaction between population in 1900 and a post-treatment indicator. Standard errors are clustered at the
county level and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.18: R���������� �� I���������� �� STEM C������� �� ��� R��� �� ��� P���������

Non-STEM STEM Di�erence

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

All 0.021 0.015 –0.006� –0.011���

(0.086) (0.001)
Catholics –0.156 –0.176 –0.020��� –0.017���

(0.000) (0.000)
Protestants 0.027 0.010 –0.016��� –0.022���

(0.000) (0.000)

County FE No No No Yes
Birth Year FE No No No Yes
Controls No No No Yes

Notes: Columns (1) and (2) report the average religiosity of the non-STEM and the STEM populations; columns
(3)–(4) report the di�erence between the two groups. Denomination varies by row (hence, for instance, aver-
age Catholic religiosity for Non-STEM is .181, it is .085 for STEM individuals, and their unconditional di�er-
ence is -.096). To construct religiosity, we take all children in our baseline sample born before the In�uenza,
i.e. 1917. Observations are weighted by the inverse of the total number of kids in each household. In columns
(1), (2), and (3) we report the unconditional statistics. In column (4) we include a set of county and (child)
birth year �xed e�ects and we control for race and urban status. Standard errors are clustered at the county
level. In columns (3)–(4), we report in parentheses the �-value associated with the estimates.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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T���� B.19: I����� �� ��� I�������� �� ��� P����������� �� R�������� B������

All Catholics Protestants

(1) (2) (3)

Overall Religiosity Background=1 ñ Excess Deaths ñ Post -0.031�

(0.019)
Overall Religiosity Background=2 ñ Excess Deaths ñ Post 0.006

(0.017)
Overall Religiosity Background=4 ñ Excess Deaths ñ Post 0.010

(0.019)
Overall Religiosity Background=5 ñ Excess Deaths ñ Post 0.080���

(0.020)
Catholic Religiosity Background=1 ñ Excess Deaths ñ Post -0.043��

(0.017)
Catholic Religiosity Background=2 ñ Excess Deaths ñ Post -0.021

(0.015)
Catholic Religiosity Background=4 ñ Excess Deaths ñ Post 0.002

(0.015)
Catholic Religiosity Background=5 ñ Excess Deaths ñ Post 0.020

(0.016)
Protestant Religiosity Background=1 ñ Excess Deaths ñ Post -0.039��

(0.017)
Protestant Religiosity Background=2 ñ Excess Deaths ñ Post -0.021

(0.014)
Protestant Religiosity Background=4 ñ Excess Deaths ñ Post -0.021

(0.016)
Protestant Religiosity Background=5 ñ Excess Deaths ñ Post 0.014

(0.017)

County ñ Background FE Yes Yes Yes
County ñ Birthyear FE Yes Yes Yes
Background ñ Birthyear FE Yes Yes Yes
Household Controls Yes Yes Yes
N. of Counties 1217 1217 1217
Observations 7641690 7641690 7641690
R2 0.026 0.021 0.024

Notes: This table displays the impact of exposure to the pandemic on the polarization of religious beliefs, for
all denominations. The unit of observation are children born between 1900 and 1930. “Post” is a categorical
variable equal to zero for children born before the pandemic–i.e. before 1918–and one for those born after
the pandemic–i.e. after 1918. The baseline treatment “Excess Deaths” is de�ned in equation (4). Background
religiosity is measured as the religiosity score of the name of the head of the household, and it is discretized in
quintiles. The third quintile serves as the baseline category and its coe�cient is not reported. The dependent
variable is overall religiosity (column 1), Catholic religiosity (column 2), and Protestant religiosity (column
3). Each regression includes county-by-background, background-by-year, and county-by-year �xed e�ects.
Children are weighted by the inverse of the number of children within each household. Standard errors are
clustered at the county level, and are reported in parentheses.
�: � < 0.10, ��: � < 0.05, ���: � < 0.01
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B.2 Figures

F����� B.1: E�������� N���� R���������� S�����, �� C���������
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Notes: The Figures display the religiosity scores estimated from model (2). Bars report the point estimate of
each coe�cient. Regressions are based on data from the 1906-1916 Censuses of Religious Bodies, and include
individuals born between 1896 and 1916. We estimate religiosity scores for names appearing in at least 0.3% of
the overall sample. We con�ate variations of a single name together–e.g. Anne and Anna—but keep endear-
ments separate—e.g., Anna and Annie. Coe�cients are reported in increasing order. Panel B.1a reports scores
for Catholicism; Panel B.1b reports scores for Protestantism.
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F����� B.2: I�������� ��� O������������ F�� �� ��� R����������M������
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Notes: These �gures are county-level binned scatter plots reporting the correlation between our religiosity
measure and the number of a�liated member to: all denominations (B.2a-B.2b), Catholicism (B.2c-B.2d) and
Protestantism (B.2e-B.2f) normalized by population in 1900. In-sample �gures report data for 1906 and 1916
censuses of religious a�liations. Out-of-sample �gures instead report data for 1926. In-sample regressions
control for county �xed e�ects; out-of-sample regressions include state �xed e�ects. Counties are weighted
by their population in 1900. In the note we report the regression coe�cients and the associated �2.
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F����� B.3: E������ �� P������������� P�����
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F����� B.4: C���������� B������WW1 ��� I�������� D�����
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Notes: This �gure displays the correlation betweenWW1 and In�uenza-related deaths. Gross Excess Mortality
is the baseline treatment. WW1 deaths are taken as logs. In the note, we report the regression coe�cient
between the two variables, along with the �2 of the model. Data onWW1 deaths are from Ferrara and Fishback
(2020).

Appendix p. 30



F����� B.5: C���������� B������A��������� �� ��. (2016) R���������� ��� B������� R��������
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Notes: This �gure reports the correlation between our baseline religiosity measure (multiplied by 100) and the
share of biblical and saints names, as de�ned in Abramitzky et al. (2016). The unit of observation is a county,
observed at a yearly frequency between 1900 and 1930. Counties are weighted by their population in 1900.
The graph partials out county �xed e�ects. We report in note the regression coe�cient and the associated
standard error, clustered at the county level, and R2 coe�cient.
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F����� B.6: C���������� B������ R���������� ��� S������
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Notes: These �gures display county-level binned scatter plots reporting the correlation between science–
measured as patenting activity normalized by 1900-county population–and religiosity. The unit of observation
is a county, observed at yearly frequency. Counties are weighted by their 1900-population. Religiosity is de-
�ned as described in section 3.1 and refers to overall religiosity. Graphs absorb for county and year �xed
e�ects. We report the regression coe�cients and associated �2 separately in each graph.
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C Summary of Robustness Analyses

P���� A: R����������

Exhibit Topic Description

1. I� ��� ���������� ������� ������ ��������� �����������?

i) Table B.3,

Table B.4,

Table B.5

Accounting for

birth order and

fertility

One concern is that our results are driven by: i) �rstborns,

who may be more likely to be named after grandparents (who

may have more religious names); ii) numerous families having

idiosyncratic naming patterns correlated with religiosity; iii)

more religious families having higher fertility. To address

these concerns, in Tables B.3, B.4, and B.5 we show that our

results hold when: we drop �rstborns (column 1); we drop

children beyond the fourth (column 5); we compute

household-level average religiosity by assigning to every child

a weight that is inversely related to the number of children in

the household (column 6).

ii) Table B.8 Fashion e�ects of

names

Our results could be driven by a fashion e�ect: while more

religious names may have indeed become more common

immediately after the pandemic, their subsequent increase

may have been driven by their increased popularity

(independently from their religious content). We provide

evidence against one simple corollary of this argument,

namely, we �nd that name concentration does not increase in

counties more exposed to the shock.

iii) Table B.6 Religiosity scores

without county

FE

Our results may be sensitive to the speci�c way in which we

compute religiosity scores. In Table B.6 we show that our

�ndings hold when we drop county �xed e�ects from the

measurement equation. Religiosity scores computed in this

way re�ect the stock of religiosity in a given county, rather

than its change.
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iv) Table B.7 Alternative name

frequency

thresholds

In our main analysis, we impose a threshold of 0.3% for names

to be included in the sample for which we estimate religiosity

scores. Our results are robust to using alternative frequency

thresholds.

v) Figure B.2 Predicted vs.

measured

religiosity

We �nd a positive correlation between predicted religiosity

and religiosity reported in the Census of religious bodies.

vi) Figure B.5 Saint/ biblical

names

Our measure of religiosity is strongly and positively correlated

with the one developed by Abramitzky et al. (2016).

vii) Table B.9,

Table B.10

Alternative

religiosity

measures

Our results are robust to using three alternative indicators. In

Table B.9 (cols. 1-2) we compute a religiosity score of �rst

names from the Canadian census, which reports �rst names,

as well as the religious a�liation, of individuals. In Table B.9

(cols. 3-5), we compute a religiosity indicator of �rst names

based on the names of biblical �gures and saints collected by

Abramitzky et al. (2016). In Table B.10, we use data from the

Census of Religious Bodies.

2. W�� ��� �������� �� ����������� ������ ��WW1?

i) Table B.3,

Table B.4,

Table B.5 ,

Figure B.4

WW1 and

religiosity

In column (3) we interact WW1 deaths with a post-pandemic

indicator. The estimated coe�cient is not signi�cant.

Additionally, in Figure B.4 we show that WW1 deaths and our

measure of excess deaths are not correlated.
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3. W�� ��� �������� �� ����������� ������ �� ����������?

i) Table B.3,

Table B.4,

Table B.5

Religiosity of

adults

One results may be driven by selective migrations of more

religious individuals towards areas more a�ected by the

pandemic. In column (7) we use the religiosity score of

own-name (measure of an individual’s background religiosity)

as the dependent variable. As this variable is determined prior

to the pandemic, a signi�cant e�ect of the In�uenza would

suggest internal or international migrations correlated both

with background religiosity and with the intensity of the

shock. We do not �nd evidence in support of this mechanism.
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P���� B: I���������

Exhibit Topic Description

4. I� ��� ������� ������ ��������� ���������� ��������?

i) Table B.11 Exclude

county-years

without patents

In columns (2) and (7) we restrict the sample to counties where

at least one �led patent is observed in the given year. The

results are similar to our baseline, where we include

county-year observations with zero patents.

ii) Table B.12,

Table B.13

Alternative

measures of

innovation

We use alternative transformations of the raw patent count

(explained in the header of Tables B.12 and B.13). Results are

quantitatively stable across speci�cations.

iii) Table B.11 Total volume of

pharmaceutical

innovation

In the baseline regressions with pharmaceutical patents as

dependent variable, we control for the total number of patents

to test whether the pandemic a�ects the direction of

innovation. In column (6) we show that the unconditional

level of innovation in pharmaceuticals increases in more

exposed counties following the shock.

5. W�� ��� �������� �� ���������� ������ ��WW1?

i) Table B.11,

Figure B.4

WW1 and

innovation

In columns (4) and (9) we interact WW1 deaths with a

post-pandemic indicator. The estimated coe�cient is not

signi�cant. Additionally, in Figure B.4 we show that WW1

deaths and in�uenza-related deaths are not correlated.

6. D�� ��� �������� ������� �� �������� �� ����� (�� ����)������ ����������?

i) Table B.15 Patent quality Using the measure de�ned by Kelly et al. (2021), we show that

the average quality of patents is not a�ected by the pandemic

(columns 1 and 4), but the number of high-quality patents, i.e.

those in the upper 25% of the quality distribution, increases in

more exposed counties (columns 2, 3, 6, and 7). These �ndings

hold for the total number of patents, as well as for

pharmaceutical patents.
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7. W�� ����� ��� �������� �� ����������: ��� ��������� �� �������� ����?

i) Table B.14 Extensive and

intensive margin

The e�ect of the pandemic on innovation can be decomposed

along two margins: increase of productivity of existing

inventors (“intensive margin”), and entry of new inventors

(“extensive margin”).

8. I� ��� ������ �� ��� �������� �� ������������ ������ ��������� �� ��� ���������� �� �����?

i) Table B.16 De�nition of

young cohort

We de�ne an alternative threshold that considers as treated all

individuals aged 30 years old or younger in 1918. This

compares to 25 years old in the baseline model. Results remain

unchanged.
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