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A Data Appendix

Al Census microdata

Our first data set comes from the decennial census microdata from 1950 to 2000, which are
conducted by the U.S. Census Bureau and made publicly available through the Integrated
Public Use Microdata Series (IPUMS, Ruggles et al. 2021). The census data for 1950, 1960,
and 1970 include 1% of the entire U.S. population, while the census data for 1980, 1990,
and 2000 include 5% of the population. For enrollment, we only examine 18-25 year olds to
ensure that we only detect changes in education among those closest to college enrollment
age. Following Acemoglu and Autor (2011), we restrict the sample to full-time (>35 hours
worked per week), full-year (>40 weeks worked per year) workers. We calculate labor supply
weights by adjusting the sampling weight using the number of hours worked per week and
the number of weeks worked per year.

The college enrollment variable is constructed using the harmonized EDUCD variable.
Individuals are coded as college enrollees if they report having at least some college education.
They are coded as never having enrolled in college if their highest reported level of educational
attainment was a high school diploma or equivalent. Those who did not report an education
level were excluded from the analysis.

Annual earnings data is obtained from the variable INCWAGE, the pre-tax individual
income from wages and salary. Annual earnings are only computed for workers who report
working for wages or salary. We exclude individuals who report being self-employed or
unpaid family workers and individuals who report working no weeks in the previous year.
Annual earnings are top-coded at the pre-determined Census top-code levels, which vary
from year to year. They are bottom-coded as the 1st percentile of reported earnings for each
year. All earnings are inflated to 2008 dollars.

All regressions are conducted at the commuting zone-year level. We merge the census

data to corresponding commuting zones using the crosswalks provided by Autor and Dorn
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(2013). Demographic characteristics, occupations, education, earnings, and work variables
are collapsed to the commuting zone level using labor supply weights calculated following
the method of Acemoglu and Autor (2011).

Appendix Table A.1 presents summary statistics by decade from 1960 to 2000. Female
enrollment rises slowly but steadily, while male enrollment quickly rises from 1960-1970, then
declines in 1980 before rising again. The proportion of women stays constant at 41-47%,
and the proportion of Blacks also hold constant at 8% over our analysis period. The share

of Hispanics exhibits a small rise over time, from 4% in 1960 to 9% in 2000.

A.2 Data from Autor and Dorn (2013)

To obtain information on work content, we merge the census data to the occupational task
intensity data compiled by Autor and Dorn (2013), which is harmonized across years to
ensure consistency as occupations change task requirements, skill demands, and names over
time. Autor and Dorn (2013)’s Routine Task Intensity (RTI) measure is the primary measure
we use to determine an occupation’s routine-intensity. Following Autor and Dorn (2013), we
classify an occupation as highly routine-intensive if its RTI measure falls in the top third of
all RTT in 1980. Out of 330 total occupations, 113 occupations fit this criterion.

Our main analysis concerns RTT share, the proportion of jobs in a commuting zone that
are highly routine intensive. Routinization, the main endogenous regressor in the two stage
least squares approach, is the reduction in RTT share from 1950 base levels. We restrict the
RTT share measure to only 25-65 year olds. If youth choose to enroll in college for reasons
not captured by our data, that would mechanically lower labor share and bias the estimated
causal relationship between labor share and college enrollment. We therefore exclude 18-25
year olds to avoid these simultaneity concerns. In our main specifications, we focus on the
RTT share among non-college workers, since we aim to isolate the impact of routinization
on non-college employment opportunities. Appendix Table A.1 shows that this RTI share
measure declined from 23.4% in 1970 to 13.3% in 2000.

02



We also use Autor and Dorn (2013)’s measures on the manual and abstract task content of
occupations as control variables in our two stage least squares (2SLS) approach. Specifically,
we control for predicted manual share and predicted abstract share, which are constructed in a
similar fashion to the routine share instrument. For both measures, we interact a commuting
zone’s 1950 industry composition with the share of occupations in the top third of manual

or abstract content.

P66
. Zk Li7k719501[manualk71980 > manuall%o]
manual occupation share,, = E E; c1950
- > Lik1950
P66
. > i Lik19s01[abstracty 1950 > abstractgg]
abstract occupation share,, = E E; c1950
: >k Lik1950

)

where 7 indexes industry, ¢ indexes commuting zone, and £ indexes occupation. Fj 1950
is the share of industry ¢ in commuting zone c in 1950. L, 1950 is the number of workers
in industry ¢, occupation k in 1950. We follow Autor and Dorn (2013) and define highly
manual and highly abstract occupations based on the 1980 distribution, which was when
RTI peaked in the census data. 1[manualg 1930 > manualﬁ%%] equals 1 for occupations in the

top third of manual content in 1980 and 0 otherwise. 1[abstracty 19s0 > abstractg%%] equals

1 for occupations in the top third of abstract content in 1980 and 0 otherwise.

A.3 Job posting data from Atalay et al. (2020) and alternate instrument

construction

We use job posting data from Atalay et al. (2020) to construct all instrumental variables
except for the routine share instrument. To extract occupational characteristics, Atalay et al.
(2020) perform textual analysis on advertisements for job vacancies from The Boston Globe,
The New York Times, and The Wall Street Journal from 1940 to 2000. For each occupation

in each year, they characterize the work styles, knowledge requirements, and task content
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desired by employers based on measures used in the literature. They compile one set of
measures to match the information in the Occupational Information Network (O*NET),
which describes the activities, tasks, and skills associated with thousands of jobs throughout
the U.S. economy (see Occupational Information Network, 2022 and Hershbein and Kahn
2018).

Using this set of measures, we construct our office routinization instrument based on the
administrative activity specified in a job posting. According to O*NET, administrative activ-
ity consists of “performing day-to-day administrative tasks such as maintaining information
files and processing paperwork” (O*NET Work Activity 4Acl; Occupational Information
Network, 2022). Occupations that involve high amounts of administrative activity include
receptionists, information clerks, secretaries, and administrative assistants. Atalay et al.
(2020) compile an occupation-level measure of administrative activity based on mentions

YYANA3

per job posting, using keywords such as “filing,” “paperwork,” “administrative,” and “typ-
ing”. Summary statistics in Appendix Table A.1 and Appendix Figure A.3 show a sizable
decline in the share of occupations that frequently mention these keywords, from 0.346 in
1960 to 0.080 in 2000. This is consistent with the decline in RTI share due to routinization
during this time period.

We construct an alternate instrument from Atalay et al. (2020)’s data on clerical require-
ments, which corresponds to whether an occupation requires “knowledge of administrative
and clerical procedures and systems such as word processing, managing files and records,
stenography and transcription, designing forms, and other office procedures and terminology”
(O*NET Knowledge Requirement 2C1b; Occupational Information Network, 2022). Exam-
ples of occupations high in clerical requirements are word processors, typists, secretaries,
administrative assistants, and office clerks. Atalay et al. (2020) classify a job ad as specify-
ing clerical requirements if it includes words such as “clerical,” “secretarial,” “stenography,”
or “typing”.

For both the office routinization and clerical requirement keywords, we construct instru-
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ments that use the average keyword mentions in an industry in each year.

Lot = E E; c1950 E average keyword mentions per posting ;
i kei

where Z € {office routinization IV, clerical requirements IV} and average keyword mentions
per posting represents the average number of keywords associated with routine office tasks
or clerical requirements per posting for an occupation k in year t.

We also explore whether our results hold when we strip the instruments of within-
occupation time-series variation in task content over time. We modify the above construction
to only include 1950 characteristics. This has the advantage of using only characteristics that
predate omitted variables which could influence enrollment and employment in 1960-2000.
However, it excludes valuable variation in the rate at which different industries routinize

over time.

Lt = E E; 1950 E average keyword mentions per postingy 195 | X year,
i kei

where year, is a matrix of year dummies, following the routine share instrument construction
from Autor and Dorn (2013).

Finally, it is possible that our office routinization instrument does not adequately capture
the decline in routinization experienced by men. We conduct an empirical test in which
we predict the decline in routine manual tasks using the job posting data. The routine
manual shift-share measure is constructed following a parallel form to the office routinization

instrument:

I : -
' S, Lire1(routine manual tasksy, > routine manual tasks! oo
k 1950
routine manual IV, = g Ei c1950

i—1 Zk Likt

where we predict routinization based on occupations in the top third of keyword mentions

for routine manual task content in 1950. Atalay et al. (2020) specify that routine manual
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task keywords include “operate,” “operating”, “control”, “equip”, and “equipment”.

It should be noted that the data set contains a few other variables related to routine
work, but they do not isolate routine tasks as cleanly as the keywords associated with
office routinization or clerical requirements. For example, Spitz-Oener (2006) found that
routine cognitive tasks made an occupation more susceptible to automation, ceteris paribus.
However, in the Atalay et al. (2020) data, an occupation’s routine cognitive task content

bR A4

depends on ad words such as “correcting,” “calculating,” and “measuring,” which encompass

a greater variety of tasks than those that were vulnerable to routinization.

A4 National Longitudinal Survey of Youth 1979

The National Longitudinal Survey of Youth 1979 (NLSY79) has tracked the same 12,686
participants since 1979 to the present. Initially, surveys were conducted annually up until
1994, after which they were conducted biennially. Our study focuses on the 11,155 partici-
pants who completed at least 12th grade or obtained a GED. We further refine our sample
by excluding those who were employed but lacked wage information between the ages of 25
and 35, resulting in a sample size of 8,540. Lastly, we omit individuals missing ASVAB test
scores or pertinent family background information. Our final sample consists of 2,505 men
and 2,490 women. Appendix Table A.2 presents summary statistics for key variables in the

model.

A41 Measuring skill heterogeneity

We use the NLSY79’s Armed Services Vocational Aptitude Battery (ASVAB) test scores
to create multi-dimensional skill profiles for individuals. In 1981, over 90% of NLSY79
respondents completed the ASVAB. The test consists of nine subtests: arithmetic reasoning,
word knowledge, paragraph comprehension, mathematics knowledge, numerical operations,
coding speed, automotive and shop information, electronics information, and mechanical

comprehension. Some of these subtests contribute to the Armed Forces Qualification Test
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(AFQT) score, a widely used measure of cognitive ability.

The mechanical qualification area includes the automotive and shop information sub-
test, the electronics information subtest, and the mechanical comprehension subtest. The
automotive and shop information section tests for “knowledge of automotive maintenance
and repair”, as well as “wood and metal shop practices”. The electronic information test
examines understanding of “electrical circuits, electrical and electronic systems, electrical
currents, electrical tools”. The mechanical comprehension test assesses understanding of
“simple machines, compound machines, mechanical motion and fluid dynamics” (todaysmil-
itary.com 2021). The administrative qualification area includes coding speed and numerical
operations, which respectively involve memorizing strings of numbers quickly and performing
simple arithmetic quickly (ASVABPrep n.d.).

Rather than use the AFQT scores directly, we apply exploratory factor analysis (EFA)
to all nine subtests to construct multiple skill dimensions. EFA is often used to eliminate
ambiguity in the number of latent factors and the underlying factor structure of a set of
variables (Diekhoff 1992). EFA allows us to leverage the correlation structure in scores
across the nine ASVAB subtests when developing our skill measures. The analysis indicates
that two distinct skills (“factors”) are necessary to explain the variation in ASVAB scores.
Our EFA approach follows Prada and Urzia (2017), who also found a two-factor structure
to be most suitable for explaining the variance in ASVAB test scores for men.

Figure A.4 displays the estimated factor loadings. For both men and women, the first
factor has significant loadings on all subtests, with the highest values for arithmetic reasoning,
word knowledge, mathematics knowledge, and paragraph comprehension. These subtests are
designed to assess cognitive ability and form the primary components of the AFQT.

Factor loadings for the second factor show gender differences. For men, loadings are

statistically significant only for automotive and shop information, electronics information,

! Different studies employ varying subtests to calculate AFQT scores, with arithmetic reasoning, para-
graph comprehension, and word knowledge being the most common. However, mathematics knowledge,
numerical operations, and coding speed have also been used (see, among many others, Neal and Johnson
1996; Cameron and Heckman 1998; Heckman and Cameron 2001; Heckman, Stixrud, and Urzua 2006).
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and mechanical comprehension.? For women, loadings for the second factor are statistically

significant only for coding speed and numerical operations.

B Robustness Appendix

B.1 Assessing instrument validity

Apfel (2024) uses machine learning techniques to assess the validity of shift-share instru-
ments. It provides two ways to identify valid components used to construct shift-shares.
First, Apfel adopts Windmeijer et al. (2019) and uses adaptive LASSO to select valid in-
struments using the Hansen-Sargan test. The second method involves adapting Windmeijer
et al. (2019) to construct a group of the largest set of valid instruments based on whether
their confidence intervals overlap. Both approaches use a “downward testing procedure”
to construct the largest set of valid instruments when a shift-share instrument has invalid
components, stopping when the Hansen-Sargan J statistic falls below a certain threshold.
Appendix Table A.11 shows that under both approaches, we find no evidence of invalidity
for the full set of instruments. Our full set of instruments already produce a Hansen-Sargan
J-statistic that is below the threshold value, making the downward testing procedure unnec-
essary based on the adaptive LASSO method (panel A). Moreover, the confidence interval
method shows that the constructed confidence intervals of the full set of instruments exclude
0 for the most part (panel B). The recommendation is therefore to keep the routine share

instrument as is, incorporating all its shift-share products.

B.2 Structural Model Identification

Our model identification strategy is based on the formal frameworks established in Carneiro,
Hansen, and Heckman (2003) and Prada and Urzda (2017). Here, we outline the main

components of the strategy.

2Factor loadings exceeding 0.3 are considered statistically significant (see Diekhoff 1992; Sheskin 2004).
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We start by identifying the loading factors exclusive to cognitive skill measures:

Cjﬂ‘ = /\50071‘ + e j = 1,273,4

Jit?

where €, €{arithmetic reasoning, mathematics knowledge, word knowledge, paragraph
comprehension}. We normalize the loading associated with the mathematics knowledge sub-

test to 1 (A§ = 1) to nonparametrically identify the other three loading factors {A{, A§, A\j}.

Cov(C;,C1) _ AjAfvar(fe)
[C— 22 — _J
For example, \{ = Cou(Cy.C2) — NAgoar (o)

= é because \§ has been normalized to be 1. We
2
can then apply Klotarski’s theorem to secure nonparametric identification of the distributions

Cc
of 6. and €5,

with j = 1,2, 3,4 (Carneiro, Hansen, and Heckman 2003).

Next, we identify the loading factors in the mechanical skill measures:
Mjﬂ' = )\50071' + /\;an’Z + 6;71-,.]. = 5, 6, 7

where M;, €{automotive and shop information, electronics information, and mechanical

comprehension}. We specify a linear correlation between 6,.; and 6, ;:
Omi = ol + 01,

where 6, ; is an additional factor, assumed to be independent of .,. The above mechanical

skill measure equation can be written as

Mjﬂ' = )\jéc,i + )\T(Oé1907i + 9172') + €§ni

© ] =9,6,7
= ﬁjec,i + )‘gnel,i + 6;71-
where 3; = A + AJ'ay,j = 5,6,7. Under this setup, we can decompose the identification

strategy into three steps.

1. Once we identify the variance of cognitive skill var(6.) and the loading factors associ-

ated with the cognitive measures, we can recover g3; from Cov(Mj, Cj) = X5, Bvar(6.).
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2. We normalize mathematics knowledge: A" = 1. This secures the identification of the

cov(Ms,Ms)

other factor loadings A" and Af' in the mechanical test score system: AI' = cov (Mo M7)

and A" = % We can then apply Klotarski’s theorem to nonparametrically

identify the distributions of #; and e}, with j =5,6,7.

3. To identify a;, we assume the factor loading of cognitive skill on automotive shop
information test is 0 (A§ = 0). This implies that the cognitive factor 6, affects the first
mechanical test score M5 only indirectly, through its correlation with the mechanical

factor 0,,,. We can then recover a; from the equation 5 = A\l'a.

The identification of the loading factors in the administrative skill equations follows a similar
approach. Specifically, the loading factors for the administrative skill measures are defined

as:

Ajﬂ' = )\?96’7; + )\jé’aﬂ» + 6?’i,j = 8, 9

where A;; €{numerical operations, coding speed}. We then impose a linear correlation
between 6, and 6, ;:

Opi = ol.; + 0o,
where 0,; is an additional factor, assumed to be independent of 6.;. The administrative
measure equations can be rewritten as follows:

Ajﬂ' = A;OC,,- + )\?(agﬁc,i + 92,i) + 6?1- .
Y =89

= Yjlci + AjO2; + €5,

where 7; = Aj + Al'ag, j = 8,9. Finally, we impose the normalization assumptions A\g =
1,A§ = 0, where j = 8 denotes the numerical operations and j = 9 denotes the coding speed

subtest.
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C Additional Tables and Figures

Table A.1: Summary Statistics, U.S. Census Data

1960 1970 1980 1990 2000

Female Enrollment 0.237 0.346 0.435 0.529 0.556
(0.0000198)  (0.0000423) (0.0000290)  (0.0000273)  (0.0000244)

Male Enrollment 0.263 0.386 0.350 0.410 0.416
(0.0000240)  (0.0000479) (0.0000295)  (0.0000291)  (0.0000261)

Non-college RTT Share 0.198 0.234 0.195 0.153 0.133
(0.0000111)  (0.0000232) (0.0000132) (0.00000969) (0.00000868)

Routine Share IV 0.405 0.357 0.339 0.316 0.295
(0.000148) (0.000227)  (0.000167) (0.000151) (0.000142)

Office Routinization IV 0.346 0.200 0.195 0.192 0.0802
(0.0000139)  (0.0000179) (0.0000131) (0.00000905) (0.00000345)

Male Labor Force Participation 0.978 0.969 0.945 0.939 0.924
(0.00000817)  (0.0000143) (0.0000148)  (0.0000168)  (0.0000231)

Female Labor Force Participation 0.645 0.684 0.718 0.809 0.835
(0.0000440)  (0.0000518) (0.0000334)  (0.0000343)  (0.0000324)

% Female 0.414 0.447 0.436 0.466 0.475
(0.000149) (0.000236)  (0.000175) (0.000162) (0.000156)

% Black 0.0825 0.0761 0.0825 0.0748 0.0840
(0.0000830)  (0.000126)) (0.0000968)  (0.0000856)  (0.0000865)

% Hispanic 0.0365 0.0282 0.0483 0.0629 0.0911
(0.0000565)  (0.0000786) (0.0000755)  (0.0000790)  (0.0000898)

To avoid combining trends across different cohorts, college enrollment and labor force participation are only estimated for individuals aged
18-25 in each year. Non-college RTI share estimated using individuals aged 25-65 years old (see Section 4 for rationale). All other variables

estimated using individuals aged 18-65. Standard errors in parentheses.
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Table A.2: Summary Statistics, NLSY79 Data

Men Women Difference
Mean Std. Dev. Mean Std. Dev. Diff  P-value

College by age 25 0.485 0.500 0.609 0.488 -0.123  0.000
Cohort 1 (born 1957-1958) 0.267 0.442 0.254 0.435 0.013  0.300
Cohort 2 (born 1959-1960) 0.225 0.418 0.244 0.430 -0.019  0.105
Cohort 3 (born 1961-1962) 0.253 0.434 0.268 0.443 -0.015  0.222
Cohort 4 (born 1963-1964) 0.247 0.432 0.231 0.422 0.017  0.170
Father completed high school  0.269 0.443 0.269 0.444 -0.001  0.974
Mother completed high school  0.208 0.406 0.21 0.407 -0.003  0.831
Living in urban area at age 14  0.780 0.414 0.779 0.415 0.001  0.938
Living in the South at age 14  0.330 0.470 0.356 0.479 -0.027  0.045
Family income in 1979 11.31 0.935 11.31 0.895 -0.001  0.971
Number of siblings in 1979 3.40 2.394 3.51 2.442 -0.104  0.129
Occupation choices between 25 to 35

White collar 0.074 0.262 0.441 0.497 -0.366  0.000
Blue collar 0.542 0.498 0.093 0.290 0.450  0.000
Pink collar 0.384 0.486 0.467 0.499 -0.083  0.000
Home staying 0.066 0.248 0.200 0.400 -0.134  0.000
Awverage annual earnings between 25 to 35

White collar 23,579 15,904 15,233 8,969 8346 0.000
Blue collar 14,461 9,075 11,201 6,278 3260 0.000
Pink collar 11,138 7,694 8,119 5,319 3019 0.000

Summary statistics for the NLSY79 sample. The sample is restricted to individuals who have finished high school (12th grade) or hold a
GED degree. Their occupation choice is defined as the modal occupation between ages 25 to 35. College by age 25 is a dummy variable that
equals 1 if the individual’s years of education exceeds 12 by age 25. The sample only includes individuals with complete family background
information and test score information.
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Table A.3: Difference in ASVAB measures by Gender and Occupation

Gender Occupation

Male Female White Blue Pink
Arithmetic Reasoning 49.1 47.0 529 46.6 45.5
Word Knowledge 47.8 48.1 527 452 464
Paragraph Comprehension — 47.2 49.2 53.2 451 473
Numerical Operation 47.9 49.8 53.2  46.2 48.3
Coding Speed 46.7 50.8 52.6  45.2 49.3
Auto and Shop Information 52.2 43.2 49.0 514 433
Mathematics Knowledge 48.8 48.4 54.8 456 46.3
Mechanical Comprehension — 51.3 44.8 51.0 49.7 44.0
Electronics Information 50.8 44.6 50.7  48.7 43.9
Number of Obs. 3949 4107 2514 2092 1657

‘We present differences in ASVAB measures by gender and occupation based on the NLSY79 sample. All ASVAB items are standardized to
have a mean of 50 and a standard deviation of 10. The sample is restricted to individuals who have finished high school (12th grade) or hold
a GED degree. Their occupation choice is defined as the modal occupation between ages 25 to 35.
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Table A.4: OLS and Reduced Form Regression Results

College enrollment

‘Women Men
(1) @] () 4 ©) (6) () @)
A. OLS Regressions
Routinization 0.416 0.448 0.431 0.467 0.215 0.221 0.235 0.243
(0.096)***  (0.098)***  (0.094)*** (0.095)*** (0.120)*  (0.122)* (0.128)* (0.130)*
Observations 3610 3610 3610 3610 3610 3610 3610 3610
B. Reduced form regression, routine share IV
Routine share IV x 1970 -0.252 -0.243 -0.245 -0.235 -0.003  -0.002 0.009 0.011
(0.073)***  (0.074)** (0.074)*™* (0.076)*** (0.127)  (0.129)  (0.130)  (0.132)
Routine share IV x 1980 -0.317 -0.305 -0.347 -0.337 -0.218 -0.217 -0.273 -0.271
(0.116)**  (0.111)**  (0.134)™*  (0.127)*** (0.163)  (0.165)  (0.179)  (0.181)
Routine share IV x 1990 -0.277 -0.259 -0.300 -0.283 -0.102  -0.099  -0.143  -0.140
(0.118)*  (0.112)*  (0.127)*  (0.119)** (0.165)  (0.167)  (0.175)  (0.177)
Routine share IV x 2000 -0.161 -0.133 -0.187 -0.160 0.059 0.063 0.013 0.017
(0.145) (0.138) (0.155) (0.147) (0.199)  (0.203) (0.211) (0.213)
Observations 3610 3610 3610 3610 3610 3610 3610 3610
C. Reduced form regression, office routinization IV
Office routinization IV 0.224 0.232 0.224 0.233 0.170 0.170 0.170 0.171
(0.069)***  (0.066)***  (0.069)*** (0.066)*** (0.101)*  (0.100)* (0.102)* (0.101)*
Observations 3610 3610 3610 3610 3610 3610 3610 3610
Commuting zone FE v’ v v’ v v’ v v v
Year FE v’ v’ v’ v’ v’ v’ v’ v’
Median cognitive earnings v v v v
Lagged RTI share v v v v

Panel A presents OLS regressions of college enrollment on routinization at the commuting zone-year level. Panel B presents reduced form
regressions of enrollment on the routine share instrument. Panel C presents reduced form regressions of enrollment on the office routiniza-
tion instrument. Columns 1-4 display the estimates for women, while columns 5-8 display the estimates for men. All regressions include
demographic controls for the proportion of female, Black, and Hispanic residents and by 10-year age bin. All regressions also control for
U.S. Census division, year, commuting zone, labor force participation, manual occupation share, and 10-year lagged major industry shares:
services, manufacturing, retail, and mining. Columns (2) and (4) add median annual log earnings for occupations in the top third of abstract-
intensive tasks. Columns (3) and (4) additionally control for the 10-year lag of RTI share. Standard errors clustered at commuting zone
level. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A.5: Decline in manual tasks predicts routinization for women but not men

Routinization
Women  Men
(1) (2)
Routine Manual 1V, 0.936* 0.178
(0.481) (0.181)
Observations 3610 3610
Commuting zone FE
Year FE
Median earnings for cognitive work
Lagged RTTI share

COCK
COCK

OLS regressions of actual routinization on routine manual IV, constructed based on the decline of routine manual tasks across industries. All
regressions also control for census division, year, commuting zone, labor force participation, manual occupation share, abstract occupation
share, and 10-year lagged major industry shares: services, manufacturing, retail, and mining. All columns control for 10-year lag of the
share of high RTI occupations and median annual log earnings for occupations in the top third of abstract-intensive tasks. Standard errors
computed using AKM (2019) correction. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.6: Estimates of Wage Coefficients by Occupation and Gender

Men Women
White Blue Pink White Blue Pink
College 0159 0011  0.011 0.095 0134  0.003
(0.001) (0.001) (0.002)  (0.001) (0.003) (0.002)
Routinization 0.207 -0.034 0.201 0599 0459  -1.005
(0.007) (0.006) (0.018)  (0.007) (0.018) (0.011)
Cognitive 0.086 -0.042  0.092 0121  0.226  -0.047
(0.001) (0.001) (0.002)  (0.001) (0.003) (0.001)
Cognitive*college 0.061 -0.165 -0.037 0.009 -0.154  0.083
(0.001) (0.001) (0.002)  (0.001) (0.003) (0.001)
Cognitive* Routinization 0.094 -0.187 -0.033  -0.722  0.393  0.011
(0.019) (0.007) (0.021)  (0.013) (0.028) (0.009)
Cognitive*college* Routinization  0.006  0.035  0.006 0.028  -0.002  0.009
(0.021) (0.014) (0.038)  (0.014) (0.034) (0.012)
Manual 0.042  0.108  -0.069  -0.123 -0.109  -0.086
(0.001) (0.001) (0.003)  (0.002) (0.005) (0.002)
Manual*college -0.001  0.123 0.010 0.055  -0.110 -0.289
(0.002) (0.002) (0.004)  (0.002) (0.006) (0.002)
Manual* Routinization 0.072 0228  0.253 0.727 -0.308 -0.341
(0.025) (0.008) (0.030)  (0.028) (0.066) (0.018)
Manual*college* Routinization ~ 0.015  0.004  -0.018 0.010  0.029  0.089
(0.028) (0.016) (0.056)  (0.029) (0.083) (0.025)
Admin 0232 0130 0.181 20401 -0.080  0.122
(0.005) (0.002) (0.007)  (0.006) (0.015) (0.005)
Admin*college 0.085  0.063 -0.192  -0.197 0.075 -0.154
(0.005) (0.005) (0.010)  (0.007) (0.018) (0.008)
Admin* Routinization 20166 -0.088  -0.026 0135 -0.261 -0.208
(0.071) (0.026) (0.105)  (0.085) (0.145) (0.053)
Admin*college* Routinization  -0.033  0.019  -0.001  -0.143  -0.065 -0.019
(0.071) (0.043) (0.104)  (0.087) (0.164) (0.055)
Constant 1.881  1.693  1.572 1795  1.523  1.245
(0.001) (0.001) (0.002)  (0.001) (0.003) (0.001)
Standard deviation 0.455 0.446 0.402 0.398 0.419 0.437
(0.000) (0.000) (0.000)  (0.000) (0.001) (0.000)

Parameter estimates for the wage coefficients in Equation 8, reported by occupation and gender. Standard errors in parentheses.
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Table A.7: Estimates for Utility Parameters by Occupation and Gender

Men Women
White Blue Pink White Blue Pink
College 0415 -0.878 0.354 0832 -1228 -0.475
(0.009) (0.009) (0.016)  (0.009) (0.020) (0.009)
Routinization 20139 -0459 -0.173 13473  6.359 -10.198
(0.071) (0.053) (0.134)  (0.060) (0.138) (0.058)
Cognitive 0469 -0.038  0.261 0.927 0464  0.392
(0.010) (0.005) (0.010)  (0.007) (0.017) (0.005)
Cognitive*college 0.453 0.755 0.447 0.303  -0.291 -0.319
(0.012) (0.009) (0.014)  (0.008) (0.022) (0.006)
Cognitive* Routinization 4243 -3.927 1253 7827 2678  -9.299
(0.142)  (0.049) (0.135)  (0.092) (0.164) (0.045)
Cognitive*college*Rou%iz\ation -0.030  0.002  0.013 -4.117  0.007  4.145
(0.166) (0.099) (0.252)  (0.102) (0.212) (0.060)
Manual 20.001  0.339 -0.154  -0.827 -0.180 -0.632
(0.012) (0.006) (0.015)  (0.016) (0.028) (0.010)
Manual*college -1.118  -0.435  -0.219 0.150 1.455 0.532
(0.014) (0.012) (0.021)  (0.018) (0.036) (0.013)
Manual* Routinization 13.205 -4.154  2.848 1.334  -0.550  0.162
(0.187) (0.064) (0.204)  (0.200) (0.360) (0.100)
Manual*college* Routinization ~ -3.868  4.207  -0.380 0011  0.026  0.000
(0.222) (0.119) (0.332)  (0.213) (0.505) (0.127)
Admin 0.327 -0.049 0.017 0.840 -0.169  -0.088
(0.035) (0.020) (0.037)  (0.042) (0.097) (0.030)
Admin*college -0.576  0.131  -0.379 1.038  -0.792  0.223
(0.043) (0.040) (0.063)  (0.050) (0.111) (0.047)
Admin* Routinization 0.946 0182 -0.979 4441  0.831  -6.406
(0.516) (0.208) (0.650)  (0.523) (0.998) (0.301)
Admin*college* Routinization ~ -0.009  0.009  0.046 0.577  0.079  -0.899
(0.509) (0.279) (0.633)  (0.516) (0.925) (0.281)
Constant -6.484 -4.313 -5480  -6.733 -5.997 -4.150
(0.006) (0.005) (0.010)  (0.007) (0.017) (0.006)

Parameter estimates for the non-pecuniary utility coefficients in Equation 9, reported by occupation and gender. Standard errors are in

parentheses.
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Table A.8: Estimates for the Education Equation by Gender

Men Women
Estimate Std. Error Estimate Std. Error
Cognitive 1.033 0.006 1.123 0.004
Manual -0.541 0.006 -0.267 0.006
Admin 0.182 0.016 0.170 0.020
Cohort 2 -0.153 0.002 -0.154 0.002
Cohort 3 -0.003 0.002 0.111 0.002
Cohort 4 -0.020 0.002 0.260 0.002
Father’s education 0.935 0.003 0.308 0.002
Mother’s education 0.207 0.002 0.866 0.003
Urban 0.366 0.002 0.262 0.002
South 0.304 0.002 0.212 0.002
Intact family 0.507 0.001 0.156 0.001
Number of siblings -0.033 0.000 0.003 0.000
Constant -5.406 0.014 -1.652 0.012
Standard deviation 0.949 0.003 0.978 0.003

Parameter estimates for the education decision in Equation 10 are reported in columns (1) and (3) for men and women, respectively. Columns

(2) and (4) report the associated standard errors.
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Table A.9: Parameters for Skill Distributions and Measurement Equations

Skill distribution Measurement equation
Men Women Loadings Std. Dev.
L @ © @
Icog -0.002 0.076 AT 1.516 Oc1 0.458
(0.0005)  (0.0005) (0.0005) (0.0002)
Pmanual  0.283 -0.265 S 0.546 Oc2 0.530
(0.0002) (0.0002) (0.0002) (0.0001)
Hadmin -0.169 0.165 Ay 0.919 Oc3 0.532
(0.0002)  (0.0002) (0.0004) (0.0001)
oy 0.844  0.836 A5 0472 gea  0.446
(0.0006) (0.0006) (0.0002) (0.0001)
o) 0320  0.365 Xe 1.037 Oms  0.480
(0.0005)  (0.0002) (0.0002) (0.0001)

o 0229 0123 Xe 0.914 Omgs  0.587
(0.0006)  (0.0010) (0.0002) (0.0001)
o 0.618  0.286 XS 0.895 Omr  0.637
(0.0006)  (0.0012) (0.0002) (0.0001)
o 0426  0.066 XS 0.738 Oas  0.699
(0.0004)  (0.0007) (0.0003) (0.0002)
o2 0124 0129 AL 1122 Oap  0.947
(0.0008)  (0.0009) (0.0021) (0.0003)

The left panel, “Skill distribution”, reports the distribution of skills by gender. Each skill is a mixture of two normal distributions. pcog
denotes the mean of the first normal distribution for cognitive skill. The mean of the second normal distribution is pre-determined to be 0.
o'((:gq reports the standard deviation of the first normal distribution for cognitive skill and aﬁg)g reports the standard deviation of the second
normal distribution for cognitive skill. f,,qnuaqr denotes the mean of the first normal distribution for manual skill. The mean of the second

normal distribution is pre-determined to be 0. o 1) !
Jo manua

O anual TePOrts the standard deviation of the second normal distribution for manual skill. fqgmin denotes the mean of the first normal

reports the standard deviation of the first normal distribution for manual skill and

distribution for administrative skill. The mean of the second normal distribution is pre-determined to be 0. Ur(lld)min reports the standard

deviation of the first normal distribution for administrative skill and offd)'min reports the standard deviation of the second normal distribution
for administrative skill. The right panel, “Measurement Equation” reports the estimates of the loading factors associated with Equation 13
in column (3). It reports the standard deviation of the residual term in each test score measurement equation in the column (4). Standard
errors are in parentheses.
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Table A.10: Goodness of Model Fit

Women Men
NLSY79 Sim NLSY79 Sim

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

Occupation choices

White collar  0.409 0.404 0.369 0.392
Blue collar 0.055 0.038 0.509 0.485
Pink collar 0.337  0.348 0.059 0.048
Not working ~ 0.199 0.209 0.064  0.075

Average log wages by occupation
White collar ~ 1.907  1.890 2.069  2.092

Blue collar 1.631 1.592 1.779 1.779
Pink collar 1.416 1.422 1.570 1.570
FEducation choices

High school 0.395 0.389 0.517 0.481
College 0.605 0.611 0.483 0.519

This table compares conditional moments from the model simulation with those from the NLSY79 data. Columns (1)-(2) compare moments
for female workers and Columns (3)-(4) compare moments for male workers. The top panel displays occupation choices, the middle panel
displays log average wages, and the bottom panel displays education choices.
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Table A.11: Testing for Instrumental Invalidity using Apfel (2024)

Women Men Women Men Women Men Women Men
(1) (2) (3) (4) 5) (6) ) (8)
A: Adaptive LASSO Method

Hansen-Sargan J Statistic 177 8.72 2.39 9.26 2.35 10.76 2.80 11.39
(must be below 12.82)

# of invalid shifts 0 0 0 0 0 0 0 0

B: Confidence Interval Method

Routine Share IV x 1960 [-0.62,-0.21] [-0.42,-0.08] [-0.57,-0.15] [-0.35,0.14]
Routine Share IV x 1970 [-1.06,-0.69] [-0.86,-0.41] [-1.01,-0.64] [-0.80,-0.36]
Routine Share IV x 1980 [-1.13,-0.77] [-0.95,-0.49] [-1.06,-0.69] [-0.86,-0.40]
Routine Share IV x 1990 [-0.98,-0.62] [-0.80,-0.35] [-0.91,-0.54] [-0.72,-0.26]
Routine Share IV x 2000 [-0.98,-0.62] [-0.81,-0.36] [-0.91,-0.54] [-0.72,-0.27]
Hansen-Sargan J Statistic 2.88 8.34 3.40 8.52 3.67  10.69 4.23 10.84
# of invalid shifts 0 0 0 0 0 0 0 0
Commuting zone FE v’ v v’ v’ v’ v v v
Year FE v v v v’ v v v v’
Median cognitive earnings v’ v’ v’ v’
Lagged RTI share v’ v’ v v

We follow Apfel (2024) which uses machine learning methods to test for invalidity in shift-share instrumental variables. Panel A uses the
adaptive least absolute shrinkage and selection operator (Adaptive LASSO; Windmeijer et al., 2019). Panel B uses the confidence interval
method (CIM; Windmeijer et al., 2021). Hansen-Sargan J-statistics for both methods are below the threshold (12.82), indicating no evidence
of invalidity. The confidence intervals constructed for each year exclude 0.
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Figure A.1:

Median Earnings Percentile
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Occupations by proportion female and median annual earnings percentile in 2000. Panel a: occupations with 50% or fewer
college graduates in 2000. Panel b: occupations with 50% or more college graduates. Data from the U.S. Census. 18-25 year

olds.

Figure A.2: Change in Routine Task Intensity (RTI) by Gender
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The figure decomposes RTT into its component task content measures in for women (panel a) and men (panel b). All variables

are standardized. Data from the U.S. Census and Autor and Dorn (201
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Figure A.3: Decline in Keywords Regarding Office Routine Tasks

2

.15

A

office routinization
keywords mentions per ad
.05

0]

1950 1960

1970

1980
Decade

1990 2000

—&— QOffice
——»—- Sales

— 44— - Computer/Math

-0

Financial

— —0— - Management
- -+ - - Engineering

Average frequency of keywords for office routinization (“administrative”, “paperwork”, “typing”, “filing”) for the six major

occupation groups. Data from Atalay et al. (2020).

Figure A.4: Factor Analysis Loadings
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Loadings calculated from exploratory factor analysis (quartimax rotation).

The red horizontal line marks the statistically

significant threshold (see Diekhoff 1992; Sheskin 2004). arith = arithmetic reasoning; auto= automotive information and shop
information; code = coding speed; electr = electronics information; math = mathematics knowledge; mechan = mechanical
comprehension; numer = numerical operations; para = paragraph comprehension; word = word knowledge.
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Figure A.5: Occupational Returns by Skill Quintile and Gender
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We simulate each individual 200 times based on the estimates of the model to calculate average returns to each occupations
by skill quintiles and gender. Returns include both the wage return and non-pecuniary returns. The upper panels present the
effect of cognitive skill by gender, integrating out the effect of the other two dimensions of ability. The middle panel and the
lower panel present analogous results for mechanical skill and administrative skill, respectively.

Figure A.6: Distribution of Skills by Gender

Alternate model estimates, accounting for social skill
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Distribution of skills by gender, using inputs for social skill rather than administrative skill. Panel (a) presents the estimated
distribution of social skill. Following prior literature (Heckman, Humphries, and Veramendi 2018; Heckman et al. 2014; Prada
and Urztia 2017), we constructed social skills using the Rotterdam Locus of Control scale and the Rosenberg Self-Esteem scale
from the NLSY dataset. Panels (b) and (c) present analogous results for mechanical skill and administrative skill, respectively.
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