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Abstract

We build a new longitudinal dataset of job tasks and technologies by transforming the U.S.
Dictionary of Occupational Titles (DOT, 1939 - 1991) and four books documenting occupa-
tional use of tools and technologies in the 1940s, into a database akin to, and comparable with
its digital successor, the O*NET (1998 - today). After creating a single occupational classifica-
tion stretching between 1939 and 2019, we connect all DOT waves and the decennial O*NET
databases into a single dataset, and we connect these with the U.S. Decennial Census data at
the level of 585 occupational groups. We use the new dataset to study how technology changed
the gender pay gap in the United States since the 1940s. We find that computerization had two
counteracting effects on the pay gap - it simultaneously reduced it by attracting more women
into better-paying occupations, and increased it through higher returns to computer use among
men. The first effect closed the pay gap by 3.3 pp, but the second increased it by 5.8 pp, leading
to a net widening of the pay gap.

1 Introduction

According to Goldin (2014), the convergence of the labor market roles of men and women belongs
to ”the grandest advances in society and the economy in the last century.” The gender gap in labor
market participation rates fell by 38 pp between 1950 and 2000 (Toossi, 2002), the occupational
segregation by gender fell at the fastest rate between 1970 and the mid 1990s (Blau, Brummund,
and Liu, 2013), and after two decades of stable earnings ratios of roughly 60 percent, the relative
wages of women rose sharply in the 1980s and the 1990s, reaching roughly 80 percent of male
earnings in 2014 (Blau and Kahn, 2017).

The root causes of this convergence could lie in changes of the supply of, or the demand for,
female labor or both. Changes on the supply side are relatively well understood. Household
appliances, the birth control pill, infant formula and other medical innovations moved women’s labor
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from the household to the market (Greenwood, Seshadri, and Yorukoglu, 2005; de V. Cavalcanti
and Tavares, 2008; Coen-Pirani, León, and Lugauer, 2010; Bailey, Hershbein, and Miller, 2012;
Albanesi and Olivetti, 2016). Moreover, women caught up with men in terms of college attainment
by 19801, and in terms of preferences for math and science education in the 1990s (Goldin, Katz,
and Kuziemko, 2006). Closing pay differences within narrowly defined occupations was furthermore
helped by anti-discrimination legislation from the 1960s (Bailey, Helgerman, and Stuart, 2021).

Demand side factors have received comparatively less attention. The finding that industry and
occupation effects can explain a large share of the gender pay gap (Blau and Kahn, 2017), alongside
the finding of significant occupational desegregation since the 1980s (Blau, Brummund, and Liu,
2013; Cortes, Oliveira, and Salomons, 2020), point to an important role for such factors. The closing
of the pay gap coincided with a period of wide-spread adoption of computers, which accelerated
the transition to the service economy, and shifted job requirements towards more cognitive and
less manual work. According to Galor and Weil (1996), this development should have favored
women’s employment because women have a comparative advantage in cognitive work vis-a-vis
physical labor. For Germany, Black and Spitz-Oener (2010) find that computerization explains
a significant part of the closing wage gap. Their findings suggest that computers increased the
within-occupational demand for non-routine cognitive work among women more than among men.
For the United States and Portugal, Cortes, Oliveira, and Salomons (2020) show that technological
advances helped close the pay gap by attracting more women into better-paying occupations, but
that this positive effect was counteracted by changes in occupation-level wages that did not always
favor women. In this paper, we study the impact of computerization on the gender pay gap in the
United States between 1970 and today. A unique feature of our study design is that we can study
this relationship directly, and through the impact that computerization had on the task structure
of the American economy. We can contrast the observed relationships in the computer era with
those of the pre-computer economy (1940-1970), in order to make sure that the patterns are unique
to the age of computerization.

For this, we use a newly constructed data-set of occupational job tasks and technologies that
is based on textual information from the Dictionary of Occupational Titles (DOT, 1939-1991),
O*NET (1998-today), and four books published by War Manpower Commission in the 1940s.
To overcome breaks in occupational classifications over time, we construct a new occupational
classification that stretches between the the 1930s and today, and connects classifications used
in the DOT, O*NET and the decennial U.S. Census, as published by IPUMS USA. The dataset
records for each occupation estimated probabilities of performing 41 distinct general work activities,
322 intermediate work activities, as well as Acemoglu and Autor’s (2011) routine and non-routine
work categories for 585 occupational groups. It furthermore contains estimated probabilities of
using each of 77 different tools and technologies commonly used in the American economy of the
1940s.

We find that, starting in the 1970s to 1980s, the job content of men and women shifted away
from routine and manual tasks towards non-routine cognitive work. However, this pattern is more
pronounced for women. This finding echoes developments observed in Germany (Black and Spitz-
Oener, 2010). Although the changes in tasks within narrowly defined occupations are the main
channel through which the economy changed its task content, gender differences are mainly due to
women increasing their employment in occupations with high analytic and interactive task content
much more than men. Consistent with these patterns, we find that occupational computerization
more than explains the increase in female employment since the 1970s, a force that helped close

1In 1960, there were 1.6 men for every women graduating from a four-year college, and by 1980 this gap has fully
closed (U.S.DOE (2005), Table 247). In 2019 there were 1.3 women for every men graduating from a four-year college
(U.S.DOE (2021), Table 301.10.).
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the gender pay gap. At the same time, however, computerization is associated with real wage
increases for both men and women, but these increases are greater for men. These differential
returns to computer-use widen the gender pay gap. Because the pay effects dominate, the net
effect of computerization seems to have widened the gender pay gap.

We make two distinct contributions. First, we build a unique and longitudinal dataset describing
the changes in detailed task content of hundreds of occupations between the 1930s and today.
The only other study that provides similar longitudinal information is Atalay, Phongthiengtham,
Sotelo, and Tannenbaum (2020).2 Second, we may provide the most direct evidence of the impact
of computerization on the gender pay gap in the United States, and the first comparison of the
offsetting effects that computerization had on the pay gap - closing this gap through its impact on
attracting women into better-paid jobs, and widening it through the differential returns to computer
use.

Our study contributes to three strands of literature. The first is the literature that links the
gender pay gap to technological change (Aksoy, Özcan, and Philipp, 2021; Cortes, Oliveira, and
Salomons, 2020; Beaudry and Lewis, 2014; Black and Spitz-Oener, 2010; Rendall, 2017). The
second is a recent, but rapidly growing literature that uses text analysis to turn historical texts
into quantitative datasets of occupations and industries (Atack, Margo, and Rhode, 2019; Atalay,
Phongthiengtham, Sotelo, and Tannenbaum, 2020; Autor, Salomons, and Seegmiller, 2021; Kogan,
Papanikolaou, Schmidt, and Seegmiller, 2021). The third one is the now well-established literature
on the task-based approach (Autor, Levy, and Murnane, 2003; Autor and Handel, 2013; Spitz-
Oener, 2006; Acemoglu and Autor, 2011; Deming, 2017).

The paper is organized as follows. Section 2 explains the construction of the dataset. Section
3 shows the development of occupational task content over time, at the level of economy, and by
gender, between 1930 and 2019. It also decomposes the total task changes into between and within-
occupational shifts, prior to the age of computerization and since the diffusion of computers. Section
4 presents our empirical strategy for estimating the effects of computerization on (a) the female
share in occupational employment (employment channel), and on (b) the wage growth for men and
for women (pay channel). Section 5 shows the results of our empirical study, and compares the
impact of the employment and pay channels on the change in the overall gender pay gap. Section
6 summarizes the findings.

2 Data

The data we use come from four sources: the Dictionary of Occupational Titles (DOT) and its
supplements, its successor, the O*NET (Employment and Administration, 2021), four books list-
ing tools and technologies by occupation that were published throughout the 1940s by the War
Manpower Commission, and the U.S. decennial censuses as available in IPUMS (Ruggles, Flood,
Foster, Goeken, Pacas, Schouweiler, and Sobek, 2021).3

2Atalay, Phongthiengtham, Sotelo, and Tannenbaum (2020) used job ads data from three major U.S. newspapers
to identify job tasks for the United States between 1950 and 2000, and map the evolution of work in that period. Our
work differs from Atalay, Phongthiengtham, Sotelo, and Tannenbaum (2020) in several respects. First, our source of
data, the DOT, provides more complete occupational descriptions than those found in the newspaper-based job ads,
and it provides a more representative coverage of the low skilled occupational titles than job ads do. Our period of
observation (1930s to today) is longer. Methodologically, we use more advanced NLP methods that better capture
the nuances of language and thus yield higher accuracy. Finally, we document significantly more detailed lists of
predicted tasks and other work characteristics.

3We use the 1-year American Community Survey for the year 2019

3



2.1 From DOT Text to Data

The first systematic effort to describe the universe of occupations in the U.S. started with the
introduction of the DOT in 1939.4 The purpose of the DOT was to help public employment offices
match prospective job candidates with jobs in the public sector. Trained job analysts from the
U.S. Employment Service visited hundreds of business establishments throughout the country and
by early 1939 compiled 54,189 unique job analyses. These were then organized into 29,000 job
titles, and 9,000 more general coded titles. To better capture the growing importance of service
occupations, a supplement was issued in 1942 (and was edited in 1943). To exemplify the DOT job
descriptions, Figure 1 shows an excerpt of page 1 of the 1939 DOT.

Figure 1: Excerpt from the Dictionary of Occupational Titles, Edition 1, Volume 1, 1939

We obtained digitized scans of a total of four DOT editions (1939, 1949, 1965, 1977) and one
major revision (1991) from HathiTrust. We converted these to text using an Optical Character
Recognition (OCR) engine, and image processing engine as described in Appendix B. Table 1
shows the number of extracted coded titles from each DOT version.

Table 1: Titles in the Digitized DOT Books

DOT Book Published Years Covered No. of Extracted Titles

First Edition + supplements 1939 1934-1942 7433

Second Edition 1949 1939-1949 13800

Third Edition 1965 1949-1965 11428

Fourth Edition 1977 1965-1977 11495

Revised Fourth Edition 1991 1977-1991 10254

4The collection of occupational content information in the U.S. dates back to 1918, when the United States De-
partment of Labor (USDOL) published a set of pamphlets describing some of the most common industrial occupations
in that period (Moskowitz, 2017).
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In order to extract structured occupational information from the textual description associated
with each DOT occupation, we use text classification techniques from NLP. Text classification
refers to the process of assigning a set of pre-defined categories to a piece of text. We train a neural
network-based text classification model that learns the relationship between O*NET occupational
descriptions structured information about General Work Activities (GWA) and Intermediate Work
Activities (IWA). Recent advances in NLP have allowed for high accuracy in such text classification
tasks. Specifically, we use BERT, which is a language model developed by Google in 2018 that has
ushered in rapid advances in NLP in recent years (Devlin, Chang, Lee, and Toutanova, 2018). We
use pre-trained BERT language models from HuggingFace, which is trained on text from Wikipedia,
and fine-tune it based on text from DOT and O*NET occupational descriptions, to make it more
suitable to the domain at hand (Wolf, Debut, Sanh, Chaumond, Delangue, Moi, Cistac, Rault, Louf,
Funtowicz, Davison, Shleifer, von Platen, Ma, Jernite, Plu, Xu, Scao, Gugger, Drame, Lhoest,
and Rush, 2019). We then train the text classification model based on O*NET occupational
descriptions, and the set of O*NET attributes that make up the tasks defined by Acemoglu and
Autor (2011). Finally, we use the trained classification model to predict the probability that a
given DOT occupation performs each task.

Figure 2: Illustration of the Relationships between O*NET and DOT

Note: What O*NET and DOT have in common are the one paragraph descriptions of occupational
titles as in the example of secretaries here. We use these descriptions to fine-tune a layer of the
pre-trained BERT language model. In addition to the descriptions, O*NET contains lists of 41
General Work Activities (GWAs) and 332 Intermediate Work Activities (IWAs) that we use as
labels corresponding to the occupational descriptions. Subsets of applicable GWAs and IWAs are
assigned to each of the 923 occupational titles in O*NET.

2.2 Tools and Technologies

To identify the tools commonly used in the 1940s, we rely on two types of post-War books, whose
purpose, similar to that of the DOT, was to help match workers to jobs.
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The first is a collection of three War Manpower Commission Job Family Series books pub-
lished in the 1940s (U.S. Bureau of Manpower Utilization, 1940, 1942, 1944). The books each
cover different occupational groups: military occupations (published in 1940), industrial occupa-
tions (published in 1942), and miscellaneous other occupations (published in 1944), which include:
professional and managerial; clerical and sales; service; agricultural, fishery, and forestry; skilled,
semiskilled, and unskilled. The books contain detailed job descriptions of a subset of the universe
of known DOT occupational titles, and the descriptions, in most cases, include the tools used to
perform job tasks. In addition, they contain tables which indicate how these occupations are re-
lated to other occupations in the DOT. We call the occupations listed in the Job Family Series
source occupations and the related occupations destination occupations. Generally, a single source
occupation is connected to many destination occupations. Figures 3 and 4 below are an example
of the structure of these books:

Figure 3: Occupation Description Figure 4: Related Occupations

The job description is displayed in Figure 3, and contains a summary about the occupation
at hand – Precision Lens Grinder. Figure 4 is a sample of the tables that relate the source to
the destination occupations. The source occupation is displayed up on the top left corner of the
page; the destination occupations are listed in each table with their DOT job codes, job titles and
industries. The relationship between the source occupation and destination occupations is described
in each table caption, and the tables are ranked according to their degree of relatedness to the source
occupation, such that Table I in each occupational description always contains the occupations most
similar to the source occupation. In this example, the tools associated with precision lens grinder
and their related occupations are displayed in green in Figure 4 and demonstrate how we connect
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tools to DOT occupations.
To identify tools used in an office environment, missing from the Job Family Series above,

we used the Job Descriptions for Office Occupations book (U.S. Bureau of Manpower Utilization,
1945). The book contains detailed descriptions of the job content, work tools and technologies,
and relations to other occupations for 89 office occupations. Almost all occupations included DOT
codes, allowing us to match the tools back to DOT occupations. Figure 5 below is an example of
a job description from this book, with its tools are highlighted in green.

Figure 5: Office Job Descriptions

Tool Extraction. To consolidate the information extracted from all books, we employed a two-
step approach to scan, verify, and assign consistent tools across 2,400 DOT jobs for which we had
recovered tool information. First, we randomly sampled 100 table headings from the four books
and manually identified word sets corresponding to job tools (e.g. hammer or sewing machine).
Next, we consolidated the tools found by checking for common word stems (e.g., calculator and
calculating machine), converting to singular forms, and fixing other minor spelling differences.
Finally, we checked the consolidated list of tools against the Handbook of Occupational Keywords,
published by the U.S. Department of Labor in 1975, and revised in 1978 (Employment Service,
1978), which includes a section dedicated to tools and processes.5 After comparing our list to the

5The book is an outgrowth of previous initiatives by the U.S. Employment Service to list occupation keywords
used to match applicants to jobs throughout the post-World War II period. The 1978 edition is meant to aid the
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keywords, we identified 77 tools and technologies used in the 1940s.6

Tool Predictions. Similar to the work activities, we train a multi-label text classification model
using the direct links of tools to DOT occupations. Our training data contains some 2,400 occupa-
tional titles from the 1949 DOT occupational classification and their job descriptions. We predict
the probability of a tool being present in an occupation for the remaining occupational titles in
the 1949 DOT. Table A.1 in Appendix A shows the list of tools, their mean values and standard
deviation. We also predict the tool use before and after 1949, but as of now, we do not make use
of these predictions.

2.3 Occupational Concordance

A main challenge to a longitudinal analysis of occupational content is the series of changes to
the occupational classification. Although occupational concordances are available between each
subsequent change in the classification, frequent occurrence are one-to-many, and many-to-many
occupational mappings. These problems are exacerbated by the fact that we are dealing with a
chain of re-classifications. Major classification breaks took place between the 1949 and 1965, and
1965 and 1977 DOT editions, in the transition from DOT to O*NET in 1998, and between O*NET
1998 and O*NET SOC 2000.

To overcome this challenge, we build a DOT-O*NET harmonized classification, by employing
a method developed in Diodato (2018). In this method, a chain of occupational concordances is
modeled as a network, with the occupational titles being the nodes, and the concordance links being
the edges. Using a community detection algorithm (label propagation), groups of occupations can
be identified as sharing common links in the chain of occupational concordances. Hence, a set of
communities cuts the network into groups of occupations that are likely to have similar occupational
content. These communities now represent a new occupational classification. More details on the
construction of a single classification (which we refer to as synthetic classification) are available
in Appendix C. The resulting dataset used in this paper uses a synthetic classification with 585
distinct occupational groups.

We then link our synthetic occupational classifications to the 1990 classification of U.S. decen-
nial censuses – which, through IPUMS USA, gives information about employment over the several
decades. As there are more synthetic occupations than occupational classifications in the census,
it is a case of one-to-many occupational mappings. We distribute quantity variables such as em-
ployment and hours worked in equal fractions across the nodes, i,e. 1/n, where n is the number of
synthetic classification occupations that correspond with a single census occupation.

2.4 Final Dataset

We created several different versions of the dataset, but here we describe the one that is used
throughout the paper.7 For each occupation-year combination, the final dataset has 40 predicted

process of moving from manual to computerized job matching.
6As much as possible, we tried to aggregate tools and technologies mentioned in the books into more general

categories. In the example in Figure 5, Burroughs, Marchant, and Monroe are all brands of calculating machines,
and the only category that we record is ’calculating machine’. We believe that our list of commonly used office
machinery in the 1940s is close to complete. We cannot say this for machinery used outside the office. The main
reason for this is low number of source occupations in the Job Family Books (51).

7We have other versions that are aggregated using different synthetic occupational classifications, one that is aggre-
gated by occupation-industry categories, and versions at the individual level of IPUMS data. It is also straightforward
to create datasets at the level of occupation-industry-geography, while having in mind that the original variation in
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GWAs, 332 IWAs, 5 routine and non-routine tasks as defined in Acemoglu and Autor (2011), a
predicted probability of interacting with computers, and predicted probabilities of using any of the
77 tools that we identified in the 1940s. It additionally contains many variables from the IPUMS
USA, aggregated or averaged at the occupational level, such as wages, employment, hours worked,
educational attainment, and gender. Not all 585 occupations are present throughout the dataset.
The number of occupations per year varies between 375 and 480.

Figure 6: Structure of the Final Dataset

Note: AA tasks refer to the five routine and non-routine tasks as defined in Acemoglu and Autor
(2011).

2.5 Measuring Computerization

Our measure of computerization comes directly from O*NET. Computerization in our data is
measured in 2000, 2010 and 2019. O*NET GWA ”Interacting with Computers” is defined as ”Using
computers and computer systems (including hardware and software) to program, write software,
set up functions, enter data, or process information” (Employment and Training Administration,
2021). O*NET asks occupational incumbents to assess the level and importance of using computers.
The two variables have a correlation coefficient of close to 1, and render similar results when
used interchangeably. We opted to use the importance variable here because it has an easier
interpretation. The original O*NET variable is reported on a likert scale, ranging from 1 (not
important) to 5 (extremely important). We rescaled the variable to range between 0 and 1 for
easier interpretation.

We are typically interested in the change in the level of occupational computerization, but our
measure of computerization only starts in 2000. We are confident, however, that the degree of
occupational computerization in 1970 must have been extremely low, especially when adjusted for
processing power 8 Therefore, when measuring long-run changes in computerization, with 1970 as
the starting year, we assume that the change in computerization is the same as its level in the
second period.

3 Job Content Trends 1930-2019

3.1 Overall Trends

Manual tasks have been in a long-term decline since the 1940s (Figure 7a). Over the same pe-
riod, cognitive and interactive tasks followed a range of trajectories until the 1980s, after which
they grew sharply across the board (Figures 7b and 7c). As shown in Tables 2, 3 and 4, these
changes were mainly driven by within-occupation changes in tasks, rather than employment shifts

the task and tools variables stems from occupations.
8The first mass produced computers only appeared in the 1960s (Kubie, 1994) and computerization drastically

gained in speed with the ”1977 Trinity” mass production of personal computers (Ceruzzi, Paul, Aspray, et al., 2003).
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between occupations (e.g. from agriculture and manufacturing towards services).9 For manual
tasks, between half and two thirds of the decline was a result of within-occupation changes in
tasks. For analytic and interactive tasks, within-change dominated and sometimes counteracted
negative between-occupation changes. These patterns agree with observations in previous literature
(Atalay, Phongthiengtham, Sotelo, and Tannenbaum, 2020; Autor, Levy, and Murnane, 2003). In
fact, we replicate the general trends in the evolution of routine and non-routine work observed in
Autor, Levy, and Murnane (2003) (see appendix D).

9We estimate within- and between-occupation changes using a shift-share equation. Denoting the total use of
general work activity k as Yk =

∑
o αoYok, where αo is the share of workers in occupation o and Yok is the predicted

probability of occupation o performing task k, the change in total use of task k can be decomposed as ∆Yk =∑
o ∆αoȲok+

∑
o ᾱo∆Yok, where an overbar denotes a time average. The first term captures the effect of employment

shifts between occupations and the second captures the effect of changes in task content within occupations.
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Figure 7: Evolution of Total Task Changes by Types of Tasks

Note: We show the changes in the employment-weighted predicted probability of performing various
general work activities. A decrease in probability of 0.2, for example, means that the estimated
probability that an occupation performs a given task declined by 20%. Shaded years approximately
indicate the onset of computerization.
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Table 2: Shift-Share Decomposition of the Trends in Manual Tasks

Control machines Repair electr. equip. Repair mech. equip.

Period Wth Btw Tot Wth Btw Tot Wth Btw Tot
1930-2010 -5.4 -4.6 -10.0 -2.7 -0.9 -3.6 -3.0 -2.2 -5.2
1930-1970 -5.6 -4.5 -10.1 -0.8 -0.7 -1.5 -1.9 -4.1 -6.0
1970-2010 0.9 -0.8 0.1 -1.8 -0.3 -2.0 0.2 0.7 0.9
% Wth in total 54% 75% 58%

1940-2020 -5.6 -4.9 -10.5 -2.4 -1.2 -3.6 -3.0 -2.2 -5.2
1940-1980 -7.6 -8.3 -15.9 -1.5 -0.8 -2.3 -2.7 -4.9 -7.6
1980-2020 2.1 3.3 5.5 -1.4 0.1 -1.3 0.0 2.3 2.4
% Wth in total 53% 67% 57%

Physical work Operating vehicles Handle objects

Period Wth Btw Tot Wth Btw Tot Wth Btw Tot
1930-2010 -10.7 -3.2 -13.9 -8.5 -2.4 -10.8 -9.4 -4.9 -14.3
1930-1970 -0.9 -4.9 -5.8 0.8 -5.9 -5.2 -5.7 -6.7 -12.4
1970-2010 -7.7 -0.4 -8.1 -6.7 1.1 -5.6 -1.2 -0.7 -1.9
% Wth in total 77% 78% 66%

1940-2020 -10.7 -5.8 -16.5 -8.5 -2.6 -11.1 -9.4 -7.5 -16.9
1940-1980 -3.0 -11.8 -14.8 -1.9 -6.2 -8.2 -8.1 -14.3 -22.4
1980-2020 -6.9 5.2 -1.7 -5.8 2.8 -2.9 -0.2 5.6 5.5
% Wth in total 65% 76% 56%
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Table 3: Shift-Share Decomposition of the Trends in Analytical Tasks

Interp. information Judge qualities Strategies Process information

Period Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot
1930-2010 22.8 -1.5 21.3 28.5 0.5 29.0 20.3 -4.1 16.1 24.1 3.0 27.2
1930-1970 0.6 1.4 1.9 6.0 -0.7 5.3 -0.8 -3.0 -3.8 2.6 4.3 6.9
1970-2010 20.8 -1.4 19.4 21.7 2.1 23.7 20.6 -0.6 20.0 19.7 0.6 20.3
% Wth in total 107% 98% 125% 89%

1940-2020 22.9 3.2 26.1 27.7 2.2 29.9 20.4 1.8 22.3 24.6 4.9 29.5
1940-1980 2.1 5.1 7.1 5.7 -2.5 3.2 -1.1 0.3 -0.7 3.5 8.0 11.4
1980-2020 20.9 -1.9 19.0 22.6 4.1 26.7 21.4 1.6 23.0 19.5 -1.5 18.0
% Wth in total 88% 93% 92% 83%

Think creatively Analyze data Docu. information Measurement

Period Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot
1930-2010 26.2 -0.9 25.3 25.4 1.0 26.3 16.4 0.8 17.1 19.2 -2.1 17.1
1930-1970 0.2 -3.4 -3.2 2.0 1.9 3.9 1.4 4.0 5.4 -3.2 -5.3 -8.5
1970-2010 26.2 2.2 28.4 22.7 -0.3 22.5 13.4 -1.6 11.8 21.9 3.7 25.6
% Wth in total 104% 96% 96% 112%

1940-2020 26.1 2.6 28.7 25.7 5.3 31.0 17.2 3.0 20.2 19.4 1.3 20.6
1940-1980 1.3 -2.3 -1.1 3.9 7.5 11.3 2.2 7.5 9.6 -5.0 -4.0 -9.0
1980-2020 25.6 4.2 29.8 22.2 -2.5 19.7 13.8 -3.2 10.6 24.1 5.5 29.6
% Wth in total 100% 83% 85% 94%
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Table 4: Shift-Share Decomposition of the Trends in Interactive Tasks

Train & teach Coach & develop Consult & advise Comm. outside org. Comm. inside org.

Period Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot
1930-2010 18.0 -4.0 14.0 11.6 -6.0 5.6 12.5 -5.6 6.9 15.1 1.1 16.2 9.1 3.6 12.7
1930-1970 -0.9 -1.0 -1.9 -5.0 -2.8 -7.8 0.0 -2.8 -2.7 10.6 1.3 11.9 3.1 4.9 8.0
1970-2010 18.2 -2.3 15.9 15.6 -2.3 13.4 11.6 -2.0 9.7 2.9 1.4 4.3 4.2 0.5 4.7
% Wth in total 128% 207% 181% 93% 71%

1940-2020 17.9 -1.6 16.3 11.9 -2.4 9.6 12.9 -0.2 12.7 15.9 3.9 19.8 8.6 3.7 12.2
1940-1980 -3.0 -4.1 -7.1 -6.4 -3.0 -9.4 -0.5 0.7 0.3 11.7 7.0 18.7 3.7 4.2 8.0
1980-2020 20.7 2.7 23.4 17.1 1.9 19.0 12.4 0.0 12.4 3.7 -2.7 1.0 4.1 0.1 4.3
% Wth in total 110% 125% 101% 80% 70%

Relationships Guide & motivate Develop teams Coordinate work Organize & plan

Period Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot
1930-2010 10.5 1.9 12.4 7.6 -6.4 1.3 14.7 -2.3 12.4 10.2 -3.4 6.7 19.3 1.9 21.2
1930-1970 3.4 2.7 6.1 -5.4 -4.9 -10.3 -3.6 -1.1 -4.7 -3.7 -2.4 -6.1 1.2 1.6 2.8
1970-2010 6.2 0.1 6.3 12.1 -0.6 11.6 17.0 0.1 17.1 13.1 -0.3 12.8 17.4 1.0 18.4
% Wth in total 85% 607% 118% 151% 91%

1940-2020 10.5 2.2 12.7 8.0 -2.4 5.6 14.9 0.7 15.6 10.1 -0.8 9.4 19.4 3.5 22.9
1940-1980 4.0 4.2 8.1 -7.2 -2.7 -9.9 -4.8 -0.9 -5.7 -5.5 -3.2 -8.7 2.9 3.4 6.4
1980-2020 5.3 -0.7 4.6 12.8 2.8 15.5 18.0 3.3 21.4 14.8 3.3 18.1 16.4 0.1 16.6
% Wth in total 83% 143% 95% 108% 85%
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3.2 Differential Task Changes by Gender

We now examine differences in task trends across genders, using the five routine and non-routine
task categories defined in Acemoglu and Autor (2011). Figure 8 shows the gender difference (female
minus male) in the growth of these task categories since 1940. The shift towards analytic and
interactive work was greater for women than for men. Women disproportionately shifted their
work content towards analytic and interactive tasks, and away from routine manual tasks. We
do not find gender differences in the development of routine cognitive and non-routine manual
tasks (e.g. routine cognitive tasks declined substantially to an approximately equal degree for both
genders). 10

Figure 8: Relative Task Changes of Women

Lines show the female minus male gender difference in the growth of task work since 1940.

A unique feature of our dataset is that it allows us to track within-occupational task develop-
ments over time since the pre-computer era. Here, we decompose the total change in task content
for each gender into a between component (change coming from employment shifts between occu-
pations) and a within component (change coming from changes in tasks within occupations). Let

10In 1960, 48 percent of working women, and only 7 percent of working men held clerical jobs, which are the jobs
commonly associated with routine cognitive work. This may lead us to believe that on average, women were more
exposed to routine cognitive task than men, and that subsequently, they should have experienced larger relative decline
in this work content (Black and Spitz-Oener, 2010). The empirical picture we see is less straightforward than that. It
is true that clerical jobs used to have the highest routine cognitive task content relative to other jobs. However, large
shares of women also worked in highly non-routine occupations, such as teaching and housekeeping. Moreover, just
before computerization, several large male-dominated occupations, such as machine operators, precision production
workers, mechanics and repairman, and even managers, also had high levels of routine cognitive task content. As a
result, men and women, had similar average levels of routine cognitive work in 1970. See Figure E.11 in Appendix E.
What is clear, however, is that prior to computerization, women specialized in routine work more than men. There
is a strong positive correlation between the occupational routine task intensity index (RTI) and the share of women
in that occupation (Appendix E Figure E.12).
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αg
o be the employment share of gender g in occupation o, and let Y g

k be gender g’s task content of
type k (five categories). Let Yok by occupation o’s task content of type k. The total task content
at any given time is

Y g
k ≡

∑
o

αg
oYok. (1)

A change in gender g’s task content between two periods can be decomposed as

∆Y g
k =

∑
o

∆αg
oY ok +

∑
o

αg
o∆Yok (2)

where an overbar denotes a time average across the two periods. The first term on the right side
captures the effects of between-occupation shifts in employment, and the second captures within-
occupation changes in task content. Note that task content in our dataset varies by occupation, but
not by gender. We therefore assume that when men and women hold jobs in the same occupation,
they perform, on average, the same types of tasks. The gender-specific variation in tasks is therefore
only due to the different employment weights that men and women have across occupations (αg

o).
Table 5 shows the results of the shift-share analysis by category of task (non-routine analytic,

non-routine interactive, routine cognitive, routine manual, and non-routine manual), by gender,
and by time period (1940-1980 and 1980-2020).11 In all five categories, the changes are small in
the first period and comparatively large in the second. Even in the case of routine manual tasks,
where the decline is noticeable in the first period, the second period marks a steeper decline.

For the purpose of the present analysis, the most relevant comparison focuses on between and
within changes for men and women. After 1980, within-occupation increases in non-routine an-
alytic and interactive tasks dominate, and tend to be slightly larger for men than for women.
In other words, over the last four decades, most changes in task content came from the trans-
formation of existing occupations, and male-dominated jobs were transformed slightly more than
female-dominated ones. For instance, in the last four decades, the employment-weighted average
probability of performing interactive tasks in an occupation increased by 11 percentage points (pp)
for women, and by 13 pp for men.

However, between-occupation changes were also important, and larger for women. To a greater
extent than men, women moved out of occupations with high routine content and into occupations
with high analytic and interactive content in the last four decades. The most pronounced gen-
der differences were in interactive and analytic tasks. For example, occupational shifts increased
women’s probability of performing interactive tasks by 8 pp (representing 41 percent of the total
change over time), but increased men’s probability by only 2 pp (14 percent of the total change
over time). These findings are in line with earlier work documenting the decline in occupational
segregation by gender (Blau, Brummund, and Liu (2013)), and the disproportional move by women
out of routine jobs (Cortes and Pan (2019)). Going beyond these findings, our analysis further con-
trasts these gender-specific between-changes with the changes in task content that happened within
occupations.

11Cutting off the data at 1970 renders similar results, and the results are robust to intervals of two, three and four
decades around the cutoff.
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Table 5: Shift Share Decomposition of Task Content Changes by Gender

NR Analytic

Women Men

Wth Btw Tot Wth Btw Tot

1940-1980 0.02 0.06 0.08 0.00 0.02 0.02
1980-2020 0.24 0.09 0.33 0.26 0.03 0.29

1940-2020 0.27 0.14 0.41 0.27 0.04 0.31

NR Interactive

Women Men

Wth Btw Tot Wth Btw Tot

1940-1980 -0.03 0.02 -0.01 -0.05 0.00 -0.05
1980-2020 0.11 0.08 0.19 0.13 0.02 0.15

1940-2020 0.10 0.09 0.19 0.09 0.00 0.09

R Cognitive

Women Men

Wth Btw Tot Wth Btw Tot

1940-1980 0.00 0.01 0.02 0.01 0.00 0.01
1980-2020 -0.04 -0.02 -0.06 -0.05 -0.01 -0.07

1940-2020 -0.04 -0.01 -0.04 -0.04 -0.01 -0.06

R Manual

Women Men

Wth Btw Tot Wth Btw Tot

1940-1980 -0.02 -0.04 -0.07 -0.01 -0.03 -0.04
1980-2020 -0.05 -0.08 -0.13 -0.06 -0.06 -0.12

1940-2020 -0.07 -0.12 -0.20 -0.08 -0.08 -0.16

NR Manual

Women Men

Wth Btw Tot Wth Btw Tot

1940-1980 0.00 0.00 0.00 0.01 -0.01 0.00
1980-2020 0.01 -0.04 -0.03 0.01 -0.03 -0.02

1940-2020 0.01 -0.04 -0.03 0.01 -0.03 -0.02
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3.3 The Between-occupation Change

Men and women have exhibited drastically different employment shifts between occupations. One
way to show this is by using the routine task intensity index (RTI) introduced by Autor and
Dorn (2013), (see Figure 9). Women greatly reduced their employment in large occupations that
were specialized in routine work (clerical and secretarial), and entered a number of professional
occupations, that were specialized in non-routine work (e.g., managerial and medical), while men
moved out of occupations with mid to high levels of specialization in routine work (operators,
precision workers and mechanics), and moved to two extremes of the RTI distribution - low-RTI
professional occupations, and high-RTI sales and food preparation professions.

Figure 9: Routine Task Intensity and Gender-specific Occupational Employment Growth

Note: RTI = ln(max{Rcog, Rman}) − ln(max{NRint, NRana, NRman}), i.e., it measures the rel-
ative specialization in routine work. In the OLS regression, the observations are weighted by the
gender-specific occupational employment share. To reduce clutter in occupational titles, a few titles
of occupations that were small and did not have a trend over time are omitted.12

Appendix G shows the employment growth by gender for 25 broad occupations between 1970
and 2019, for men and women. Among women, the most significant changes were in clerical,
secretarial and machine operator occupations. These were all large occupations in 1970, accounting,
respectively, for 20, 13 and 14 percent of total female employment. Between 1970 and 2019, clerical
employment declined by 5 pp, secretarial by 9 pp, and operators by 10 pp. At the same time, female
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employment grew fast among other relatively large occupations that jointly accounted for 18 percent
of female employment in 1970: teachers (3 pp), managers (5 pp), medical professionals (3 pp),
business administration professionals (4 pp) and other professionals (3 pp). Additionally, women
entered engineering and science occupations. In 1970, less than 0.3 percent of working women were
employed in ’Architecture, engineering and science’ occupations. By 2019, their employment in
these jobs grew to 2.5 percent.

Male employment declined massively in traditional manufacturing occupations. The share of
operator jobs declined from 13 to 6 percent of total male employment between 1970 and 2019,
of mechanics and repair jobs from 8 to 6 percent, and of precision work occupations from 5 to 1
percent. Male employment further declined in agriculture, from 5 to 3 percent. Men also shifted
towards professional occupations, but not as much as women.13 Instead, some of the employment
growth occurred in relatively low-skilled occupations: food preparation grew by 3 pp, sales jobs by
2 pp, and protective services by 1 pp. In this sense, the well-documented pattern of job polarization
is a phenomenon that characterizes the transition of male labor, but less so of female labor. In
this sense, the main lesson we can draw from Figure 9 is that women left occupations specialized
in routine task content, and entered occupations specialized in non-routine work, while men left
occupations that were mid- to highly-specialized in routine work, but entered jobs on both ends of
the routine task intensity distribution.

4 Occupational Computerization, Female Employment, and the
Gender Pay Gap

Blau and Kahn (2017) show that, after having remained stable for some decades, the gender pay
gap started declining in the early 1980s. We observe this trend in our data as well (Table 6).

Table 6: Development of the Gender Pay Gap in Our Data

Year Female
wage

Male
wage

Pay gap

1940 4.0 6.1 0.652
1950 6.1 8.6 0.704
1960 8.3 12.2 0.684
1970 11.0 16.2 0.678
1980 10.8 15.8 0.681
1990 11.3 15.2 0.746
2000 12.7 15.8 0.801
2010 12.7 15.4 0.828
2019 13.3 16.0 0.831

Note: Real hourly wages in 1999 USD of men and women. The sample includes all industries expect
public administration and unspecified industries in the decennial censuses. Source: IPUMS USA,
ACS for 2019. The unadjusted pay gap shows the dollar cents that women earn for each dollar
earned by men.

Galor and Weil (1996) argue that technological progress will increase the relative wages of

13Engineering and science employment grew from 3 to 6 percent, business administration from 2 to 3 percent,
technicians occupations from 2 to 4 percent, and professional occupations from 2 to 3 percent.
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women, because women have a comparative advantage in cognitive over physical work. This hy-
pothesis is supported by the fact that the closing of the pay gap coincided with the period of fast
computerization. However, direct evidence for the role of computerization in closing the gender
pay gap is scarce (Cortes, Oliveira, and Salomons, 2020).

There are two channels through which computerization could have affected the gender pay
gap. First, as occupations became more computerized, they reduced the physical requirements of
occupations14, and with that, they attracted more women to the workplace (employment channel).
This channel would reduce the pay gap if computerized occupations paid higher wages. Second,
computerization may increase labor productivity, which would affect wages directly. However, there
might be a differential premium to computer use across jobs. If one gender makes more productive
use of computers, its wages would grow faster with the diffusion of computers in the workplace (pay
channel).

In what follows, we will test whether computerization had an impact on the relative pay of
women, through the employment and the pay channels. We will then make a back of the envelope
calculation of the relative importance of the two channels for the change in the pay gap.

4.1 Empirical Design

We analyze the labor market consequences of the introduction of computers by means of regression
equations of the following general form:

∆ygo = βg
0 + βg

1∆compo + βg
2y

g
o,t−n +∆controlsoβ

g
3 + εgo, (3)

where ∆ygo is either the change in the share of women or the growth in the real hourly wages by
gender for occupation o. Our main estimations use OLS to analyze changes between 1970 and the
2000s.15 We then estimate a number of alternative models, each meant to address endogeneity
issues.

Reverse Causality . Reverse causality may play a role in both dependent variables. For in-
stance, with respect to employment changes, if women had a comparative advantage in working
with computers, they to some extent may have driven computer adoption as they entered the
workplace. With respect to wages, a correlation between computerization and wage growth may
in part reflect that new technologies are often adopted faster by better paid workers (DiNardo and
Pischke, 1997; Goldin and Katz, 2010), a concern also raised by Graetz and Michaels (2018), who
analyze the economic consequences of robot adoption. We try to address these concerns using an
instrumental variable approach. In particular, our instruments capture variation in computer adop-
tion that results from differences between occupations that predate the introduction of computers.
The assumption is that these variables would not be affected by the increased future demand for
computers associated with changing gender ratios or by changing pay structures. We propose two
such instruments: (1) the predicted probability of interacting with computers in a given occupation
before the computerization of the American workplace had computers been available, and (2) tool

14Table F.4 in Appendix F shows the relationships between the change in computerization and the change in
task content between 1970 and the 2000s. We find positive associations between computerization and the change in
cognitive work, and negative associations between computerization and the change in manual work.

15To more accurately estimate the end state of the wave of computer adoption, we we define this end state as a
variable’s average over the period 2000-2019. Estimates using 2000, 2010 or 2019 as end year also yield similar results,
but are generally more noisy. Similarly, estimates using 1960 instead of 1970 as the last year before computerization
yield results that are very similar to the ones presented here.
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and technology use by occupation in the 1940s.16 To gauge the plausibility of the exclusion restric-
tion, we also determine whether our instruments predict wage and employment changes before the
large-scale adoption of computers.

To predict the probability of interacting with computers, we rely on the same methodology that
we used to predict the importance of the general work activities in section 2. That is, we use a
pre-trained BERT model that is further fine-tuned using DOT and O*NET texts. Next, we fit
a neural net to predict the likelihood that workers in an occupation use computers in the 2000s,
relying on job descriptions and computerization scores from O*NET. We then use this fitted model
to predict computer use by occupation in the period before computerization, based on the text from
the 1965 DOT job descriptions. This variable can be interpreted as the likelihood that workers in
the 1960s would have used a computer to perform their job tasks, had one been available.

Some of the tools and technologies that were present at the workplace in the 1940s predict
the contemporary use of computers. In particular, office technologies such as typewriters, calcu-
lators, cash registers, stenotype, paper and pencil, as well as certain tools used by engineers and
technicians, such as measuring devices, gauges, drawing devices, blueprints, etc., are positively
correlated with contemporary computer use. At the same time, many tools and technologies used
in production, transportation and construction, such as conveyor belts, cranes, derricks, tractors,
winches, hoists, drills, etc., are negatively correlated with computerization. In fact, several office
and engineering technologies became embodied in the modern computer: Computer-aided design
replaced the blueprint and computer keyboards replaced typewriters and stenotype. 17

Robotization and Mechanization as Omitted Variables. Robots have made great strides
since the early 1990s as documented in Graetz and Michaels (2018). They have also been found
to widen the gender pay gap (Aksoy, Özcan, and Philipp, 2021). Moreover, before robotization,
mechanization had a similarly productivity enhancing effect on labor. Unfortunately, we were
unable to create estimates of the importance of robotizaton and mechanization by occupation.
However, previous studies have documented that both phenomena mostly impacted production and
agricultural work, but much less work in the service sector (Aksoy, Özcan, and Philipp, 2021; Gunn,
1982; Batte, Johnson, and Hallam, 1993). To assess the extent to which omitted information on
robotization and mechanization may have impacted our estimates, we also run analyses on samples
that exclude workers from the agricultural and manufacturing sectors.

Educational Upgrading as an Omitted Variable. An established finding in the literature on
the gender pay gap is that its closing is related to women’s educational catching up.18. As a final
robustness check in the wage growth regressions, we therefore add the change in the gender-specific

16We also considered using pre-computerization job tasks as instruments. However, because tasks may reflect path-
dependent gender preferences for certain kinds of work they may have a direct impact on the occupational choices of
women. However, instruments based on these pre-computerization tasks yield results that are similar to those that
use predicted computerization as an instrument.

17Instead of using 77 separate tools and technologies, we conduct factor analysis to group these tools and tech-
nologies into 18 orthogonal factors. Among these, seven correlate significantly with the level of computerization
2000-2019, two positively and five negatively. These broadly correspond to: office technologies (one factor, positive
correlation), engineering technologies (one factor, positive correlation), and production, construction and transporta-
tion technologies (five factors, negative correlation).

18”The gap is much lower than it had once been, and the decline has been largely due to an increase in the
productive human capital of women relative to men. Education at all levels increased for women relative to men and
the fields that women pursue in college and beyond shifted to the more remunerative and career-oriented ones. Job
experience of women also expanded with increased labor force participation. The portion of the difference in earnings
by gender that was once due to differences in productive characteristics has largely been eliminated,” (Goldin, 2014),
p. 1116
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share of college graduates by occupation. We are aware however, that education itself is likely to
be driven by computerization (Spitz-Oener, 2006), and as such, it may be considered to be a bad
control.

Other Concerns. A further concern is that computers correlate with long-term secular trends
in occupational characteristics (DiNardo and Pischke, 1997). To some extent, our first-differences
approach controls for occupation fixed effects. Moreover, we devise a placebo test where our
outcome variables refer to changes between 1940 and 1970, i.e., the period before computerization.
We also estimate models where we use such pretrends as additional control variables. Finally, we
rerun our analysis using estimates of changes in computerization between 2000, the first year in
which we have estimates of actual computer use by occupation, and 2019. In this period, computers
are already in use and our identification now exploits differences in the degree to which computers
have already diffused across occupations.

Lastly, while our occupational classification has 585 groups in total, the number of occupations
per decade varies by decade, indicating that new occupations enter the economy, whereas old ones
exit. To retain a stable sample across different model specifications, we show results for occupations
that are present in all periods, but findings do not depend heavily on the sample restrictions.

5 Results

Below, we report the results of estimating Eq. (3). First, we discuss how computer adoption
changes the share of women in an occupation. This analysis will shed light on how computer use
relates to gender-specific employment shifts. Next, we discuss how computer adoption affects wages
in an occupation for women and for men.

5.1 Computerization and Female Employment

Let Eq. (3) take the following form:

∆femo = β0 + β1∆compo + β2femo,t−n + β3∆hrsfo + εo, (4)

where ∆femo is the change in the share of occupation o’s hours worked that are carried out by
women between 1970 and today19. femo,t−n is the female share in the initial period. One of the key
determinants for how women sort themselves into different occupations is flexible work time and
the requirement to work long hours. These factors also are important reasons for why labor market
gender gaps have persisted to the present day (Goldin, 2014; Cortés and Pan, 2019). Therefore, we

control for the change in average working hours for women in the occupation, ∆hrsfo .
Table 7 shows the results. The OLS estimate without controls is 0.326 (column 1), suggesting

that, an increase of occupational computerization from 0 to 1 (from working with computers being
not important to being extremely important) corresponds with a change in the share of women in
an occupation of 32.6 pp. This estimate increases to between 42.3 and 46.7 pp in the IV estimates
(columns 3 and 4). Column 5 presents results of our placebo test. Here, we exchange the change
in the female share from 1970-2000s for that of the pre-computer period (1940-1970). We find no
correlation between computerization and the change in the female employment share between 1940
and 1970. In column 6 we look at the period 2000-2019. Once again, we find a significant positive

19In the baseline estimates we average the female share and the computerization variables across the years 2000,
2010 and 2019 to reduce noise in the variable’s end states, but the estimates do not change significantly if we instead
use the values for any single one of these decades.
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relation between the female employment share and computerization. In column 7, we limit the
sample to a subset of industries that excludes agriculture and manufacturing to limit the impact
of omitting variables on robotization and mechanization. The estimated coefficient of computer
adoption is similar to the ones in the models that use the full sample. Lastly, column 8 shows
results if we add the change in the share (of women) with a college degree as an additional control.
This control reduces the coefficient of computerization somewhat, but is itself not statistically sig-
nificant. Because education is potentially endogenous to computerization, this is not our preferred
specification.

How significant is the estimated effect in economic terms? Our preferred IV estimates (column
4 and 7) range from 0.423 to 0.474. As a reference point for the adoption rate of computers, we
can use the 70 percent economy-wide computerization rate in 2019. Our preferred models predict
that a shift from zero to 70 percent computer adoption would have led to between 29.6 and 33.2
pp increase in the employment share of women. Compared to the actual increase in this period of
13.5 pp, this effect is very large.

5.2 Computerization and Occupation-Specific Pay

To study the relationship between computerization and wage growth, Eq. (3) takes the following
form:

∆lnwg
o = βg

0 + βg
1∆compo + βg

2 lnw
g
o,t−n +∆controlsgoβ

g
3 + εgo, (5)

where lnwg
o is the mean of the natural log of wage for gender g in occupation o, and the change is

again measured between 1970 and the 2000s. The controls include the change in the mean working
hours ∆hrsgo and the pre-computerization wage growth ∆ lnwg

o,1940−1970. Table 8 reports results
for women, Table 9 for men.

For women (Table 8), we find a robust relationship between wage growth and computerization.
Similar to the estimates of the impact on the female employment share in an occupation, the
relationship passes a placebo test (column 5), is also manifest in the 2000-2019 period (column 6)20,
it doesn’t change significantly when we exclude workers in agriculture or manufacturing (column 7),
and it remains significant after controlling for pre-trends (columns 8 and 9). The most conservative
estimates (columns 8 and 9), suggest that wages increased by between 82 and 136 percent in
occupations where computers became extremely important, i.e., where ∆compo = 1. Column 10
furthermore controls for the change in the share of college graduates.

For men, the coefficients are significantly higher across all specifications. However, as shown in
column 5 of Table 9, the specification does not pass the placebo test: even before computerization,
pay grew faster in occupations that would heavily adopt computers. For that reason, the preferred
specifications include pre-computerization trends in pay. Our most conservative estimates (columns
8 and 9) suggest that in occupations where working with computers became extremely important,
the hourly wage increased between 169 and 278 percent.

20In column 6 we show the OLS results. Our instrument is much weaker in this specification, it only marginally
passes the Kleibergen-Paap test, and it inflates the coefficient of computerization.
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Table 7: Computerization and Female Employment

(1) (2) (3) (4) (5) (6) (7) (8)
Model: OLS OLS 2SLS 2SLS 2SLS 2SLS 2SLS 2SLS
Sector: All All All All All All Subset Subset
Period: 1970-2000s 1970-2000s 1970-2000s 1970-2000s 1940-1970s 2000-2019 1970-2000s 1970-2000s

∆compo 0.326*** 0.341*** 0.467*** 0.423*** -0.0140 0.423* 0.474*** 0.397***
(0.0602) (0.0615) (0.0752) (0.0886) (0.0924) (0.240) (0.0826) (0.120)

femo,t−n -0.103** -0.116** -0.145*** -0.135*** -0.0801 -0.0384 -0.161*** -0.144***
(0.0482) (0.0512) (0.0498) (0.0494) (0.0574) (0.0244) (0.0495) (0.0557)

∆hrso -0.00359 -0.00686* -0.00572 -0.00690** -0.00822 -0.00774** -0.00937**
(0.00415) (0.00411) (0.00411) (0.00274) (0.00674) (0.00391) (0.00389)

∆collegeo 0.197
(0.169)

Constant -0.0459 -0.0432 -0.0997** -0.0800 0.0541 -0.108 -0.0936** -0.0989**
(0.0392) (0.0405) (0.0466) (0.0524) (0.0518) (0.0825) (0.0463) (0.0448)

Observations 282 282 282 282 282 269 282 282
R-squared 0.197 0.200 0.175 0.189 0.037 -0.807 0.120 0.167

Instrument: P (comp) Tools P (comp) P (comp) P (comp) P (comp)

Note: The dependent variable is the change in the occupational female share. Sector ”All” includes IPUMS observations from all
economic sectors, except for the public sector and individuals with unspecified industries. ”Subset” additionally excludes individuals in
agriculture and production. Robust standard errors in parentheses. Significant: *** p<0.01, ** p<0.05, * p<0.1. The first stage results
of the models corresponding with columns 3, 4 and 7 are found in Appendix I, Table I.7.
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Table 8: Computerization and Wage Growth among Women

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Model: OLS OLS 2SLS 2SLS 2SLS OLS 2SLS 2SLS 2SLS 2SLS
Sector: All All All All All All Subset All Subset Subset
Period: 1970-2000s 1970-2000s 1970-2000s 1970-2000s 1940-1970 2000-2019 1970-2000s 1970-2000s 1970-2000s 1970-2000s

∆compo 0.852*** 0.784*** 1.069*** 0.673*** 0.0913 0.359*** 1.077*** 0.591*** 0.859*** 0.463***
(0.113) (0.113) (0.153) (0.174) (0.132) (0.119) (0.184) (0.190) (0.122) (0.137)

lnwo,t−n -0.285*** -0.361*** -0.422*** -0.337*** -0.422*** -0.437*** -0.614*** 0.129 -0.845*** -0.836***
(0.0453) (0.0459) (0.0674) (0.0463) (0.0765) (0.127) (0.0998) (0.318) (0.0926) (0.0813)

∆1940−1970 lnwo 0.00684 0.284*** 0.175**
(0.219) (0.0997) (0.0833)

∆hrso 0.0380*** 0.0352*** 0.0391*** -0.00432 0.112*** 0.0396*** 0.0193 0.0430*** 0.0303***
(0.0125) (0.0126) (0.0122) (0.00463) (0.0255) (0.0139) (0.0181) (0.00759) (0.00790)

∆collegeo 1.093***
(0.193)

Constant 0.324*** 0.478*** 0.476*** 0.478*** 1.476*** 1.116*** 0.967*** -0.0227 1.696*** 1.693***
(0.111) (0.114) (0.149) (0.107) (0.104) (0.333) (0.217) (0.561) (0.167) (0.146)

Observations 266 266 266 266 266 266 266 266 266 266
Instrument: P (comp) Tools P (comp) P (comp) P (comp) P (comp) P (comp)

Note: Robust standard errors in parentheses. Significant at: *** p<0.01, ** p<0.05, * p<0.1. ’All’ sectors refers to the sample of all
sectors except for public administration and those in unspecified industries. ’Subset’ referees to the sample that additionally excludes
agriculture and production. The first stage results of the models corresponding with columns 8 and 9 are found in Appendix I, Table I.8.
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Table 9: Computerization and Wage Growth among Men

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Model: OLS OLS 2SLS 2SLS 2SLS OLS 2SLS 2SLS 2SLS 2SLS
Sector: All All All All All All Subset All Subset Subset
Period: 1970-2000s 1970-2000s 1970-2000s 1970-2000s 1940-1970 2000-2019 1970-2000s 1970-2000s 1970-2000s 1970-2000s

∆compo 0.887*** 1.075*** 1.467*** 1.309*** 0.418*** 0.391*** 1.724*** 0.990*** 1.330*** 0.756***
(0.128) (0.121) (0.257) (0.234) (0.0826) (0.119) (0.450) (0.246) (0.143) (0.215)

lnwo,t−n -0.378*** -0.418*** -0.531*** -0.485*** -0.352*** -0.315** -0.950*** -0.0562 -1.165*** -1.030***
(0.0819) (0.0660) (0.130) (0.105) (0.0288) (0.126) (0.368) (0.341) (0.202) (0.205)

∆1940−1970 lnwo 0.477* 0.203 0.226
(0.255) (0.176) (0.156)

∆hrso 0.0575*** 0.0636*** 0.0612*** -0.0112* 0.0252 0.0773*** 0.0437*** 0.0632*** 0.0541***
(0.0107) (0.0123) (0.0118) (0.00602) (0.0242) (0.0177) (0.0105) (0.00836) (0.00795)

∆collegeo 1.132***
(0.267)

Constant 0.523** 0.512*** 0.615** 0.574*** 1.277*** 0.723** 1.723** -0.270 2.357*** 2.079***
(0.220) (0.176) (0.270) (0.218) (0.0612) (0.320) (0.837) (0.807) (0.537) (0.518)

Observations 266 266 266 266 266 266 266 266 266 266
R-squared 0.200 0.356 0.321 0.344 0.602 0.511 0.266 0.307 0.686 0.783

Instrument: P (comp) Tools P (comp) P (comp) P (comp) P (comp) P (comp)

Robust standard errors in parentheses. Significant at: *** p<0.01, ** p<0.05, * p<0.1. ’All’ sectors refers to the sample of all sectors
except for public administration and those in unspecified industries. ’Subset’ referees to the sample that additionally excludes agriculture
and production. The first stage results of the models corresponding with columns 8 and 9 are found in Appendix I, Table I.9.
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5.3 Relative importance of wage and employment effects

So far, we have seen that the introduction of computers affected men and women differently. On the
one hand, computerization is associated with increased participation of women in an occupation.
Because computer use is also associated with higher wages, this will have helped close the pay gap
between men and women. On the other hand, the wage increase in jobs that adopted computers is
larger for men than for women in the same jobs. This will have widened the pay gap.

What is the net effect of these counteracting forces? And how important were they to the
overall closing of the pay gap? This will not just depend on the effects of computer adoption
in each occupation, but also on the initial distribution of workers and wages across occupations.
To get a sense of the magnitudes involved, we decompose female and male wage changes into
four components. The first two components aim to capture how much of the within and between
occupation wage changes can be attributed to computerization.

We construct these components by using regression analysis to predict how computerization
changed the occupational employment composition and occupational wages by gender. First, we
estimate the effect of computerization on the change of an occupation’s share in gender-specific
employment.21 This analysis is related to the analysis in section 5.1. Note however, that gender-
specific employment shares are now expressed as shares of total employment by gender, not to-
tal employment by occupation.22 Next, we estimate the effect of computerization on changes in
gender-specific occupational wages. This analysis is identical to the within-occupation wage effects
discussed in section 5.2. As before, in both analyses, we instrument computerization by predicted
computerization rates in 1970. The final two components summarize the residual within and be-
tween occupational wage changes due to factors other than computerization. The procedure is
described in detail in Appendix H.

Between 1970 and 2020, the overall wage gap, wf/wm, reduced by 13.4 percent. The dispro-
portional entry of women in computerized occupations (employment channel) can account for 3.3
pp of the closing of the pay gap. However, the within-occupational wage changes associated with
computerization (pay channel) can account for a 5.8 pp increase in the wage gap. These two effects
therefore almost cancel out and the overall effect of computer adoption that results is that it widens
the gender pay gap.

In contrast, the residual within and between-occupation channels both close the wage gap.
The lion’s share (14.4 pp) can be accounted for by residual within-occupation wage changes. The
residual between-occupation shift accounts for a more modest 1.9 pp. That is, the most important
factor in closing the overall wage gap is that women saw a much more rapid increase in wages
unrelated to computer adoption in the jobs they had traditionally held than men.

6 Conclusions

We create a new longitudinal dataset of detailed occupational task content (40 general work activ-
ities, 332 intermediate work activities), computer use, and tools and technologies used in the 1940s

21To account for employment polarization, we use a second-order polynomial of computerization. Interestingly, we
find pronounced polarization for men, but not for women. That is, male employment shares declined in occupations
that experienced intermediate levels of computerization, but grew in occupations with little or strong computeriza-
tion. Women, in contrast, shifted employment from occupations with low computerization to occupations with high
computerization.

22That is, to calculate the share of women, the denominator is total female employment, i.e. femo =
Eo,g=f

Eg=f
, not

total employment in occupation o as in femo =
Eo,g=f

Eo
.
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for hundreds of occupational groups. The dataset allows for the study of within- and between-
occupation changes in task content between 1930 and 2019. We merge the dataset with data from
the U.S. decennial censuses and the American Community Survey 2019 in order to study how
occupational content relates to labor market outcomes.

Using this dataset, we study the impact that computerization had on the gender pay gap since
1970, a period that marks the onset of mass computerization of the American workplace. Following
Galor and Weil (1996), we expect that computerization increased the demand for cognitive tasks,
in which women have a comparative advantage. As a result, female employment should have grown
in computerizing occupations, pulling women into paid work.

We find that computerization had an ambiguous effect on the change in the pay gap. On the
one hand, women shifted more of their employment into jobs that would heavily adopt computers
than men. Because such jobs paid above average wages, this tendency can account for 3.3 pp of
the closing of the wage gap. On the other hand, computer adoption is associated with rapid wage
growth. However, among the jobs that would adopt computers, the ones that traditionally were
held by men, such as engineering jobs, saw faster wage growth than those traditionally held by
women, such as clerical jobs. Moreover, even in the same occupations, men saw larger returns to
computer adoption than women. As a consequence, we estimate that the within-occupational wage
changes associated with computerization increased the pay gap by 5.8 pp, leading to a net widening
of the gender pay gap.
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A Appendix: List of Extracted Tools

Table A.1: Tool List

Mean Std. Dev. Mean Std. Dev.

Addressing Machine 0.005 0.067 Marlin Spike 0.010 0.097
Automatic Sorting System 0.0004 0.020 Measuring Device 0.229 0.420

Automotive 0.005 0.073 Milling Machine 0.083 0.276
Ax 0.007 0.086 Mimeograph 0.005 0.070

Billing Machine 0.009 0.095 Motor 0.080 0.271
Block and Tackle 0.084 0.277 Paper 0.031 0.174

Blueprint 0.319 0.466 Parcel Post Meter 0.001 0.029
Bookkeeping Machine 0.007 0.086 Pencil 0.0004 0.020

Calculator 0.021 0.144 Perforator 0.0004 0.020
Calker 0.009 0.095 Phonograph 0.001 0.029

Carbon Rod 0.015 0.121 Photographing Machine 0.003 0.058
Cash Register 0.002 0.046 Plier 0.018 0.133
Check Writer 0.011 0.105 Pneumatic Tool 0.001 0.029

Chisel 0.018 0.134 Posting Machine 0.005 0.073
Control Device 0.002 0.050 Power Machine 0.057 0.233

Conveyor 0.034 0.180 Pump 0.056 0.230
Copying Machine 0.007 0.084 Radio 0.014 0.118

Crane 0.048 0.214 Receiver 0.003 0.054
Derrick 0.018 0.134 Recording Instrument 0.009 0.095

Dictaphone 0.002 0.041 Saw 0.044 0.204
Drawing 0.222 0.415 Scale 0.007 0.081

Drawing Instrument 0.020 0.141 Screwdriver 0.042 0.200
Drill 0.060 0.238 Sewing Machine 0.044 0.204

Electric Machine 0.082 0.275 Signal Device 0.046 0.209
Electrical Testing Equipment 0.045 0.207 Single Track Vehicle 0.0004 0.020

Envelope Sealing Machine 0.0004 0.020 Soldering Iron 0.025 0.156
Filo 0.017 0.131 Stenotype 0.010 0.101

Flow Meter 0.007 0.081 Switchboard 0.017 0.128
Folding Machine 0.002 0.046 Telegraph 0.034 0.180
Forming Press 0.044 0.204 Telephone 0.044 0.204

Gauge 0.103 0.305 Thermometer 0.090 0.287
Generator 0.009 0.095 Ticket Dispenser 0.0004 0.020

Grinder 0.006 0.076 Tractor 0.004 0.061
Hammer 0.071 0.256 Transcribing Machine 0.002 0.050

Hand Brush 0.012 0.109 Transmitter 0.002 0.046
Hand Cutter 0.039 0.195 Trowel 0.030 0.172
Hand Tools 0.416 0.493 Truck 0.008 0.089

Hoist 0.118 0.323 Typewriter 0.026 0.158
Keypunch 0.003 0.054 Welding Torch 0.141 0.348

Letter Opening Machine 0.0004 0.020 Winch 0.067 0.249
Level 0.014 0.118 Wiring Diagram 0.068 0.251

Lighting Equipment 0.009 0.095 Woodworking Machine 0.033 0.178
Manual Machine 0.015 0.121 Wrench 0.043 0.203

There are a total of 2,406 occupations where at least one of these tools was used.
34



B Appendix: OCR

We obtained digitized scans of the DOT books from HathiTrust, and we converted these to text
using an Optical Character Recognition (OCR) engine Tesseract 4, and image processing engine
OpenCV. In order to move from PDF to text, we followed several steps: (i) segmenting image-
files of each page containing DOT occupation descriptions into word-level images, (ii) denoising to
prevent OCR errors, and (iii) run page-level images through the OCR engine. For each word with
low OCR confidence, we try multiple image processing methods, and select the output of the text
from the method that provides the best OCR confidence. We OCR-ed multiple copies of each DOT
edition, digitized by Google from different university libraries. We then used the ISRI analytic tools
software to conduct post-OCR correction on the multiple OCR copies to get the best possible OCR
accuracy. Finally, based on the text formatting for each DOT edition, we used different rules to
split the text of the DOT books into occupations and their corresponding descriptions. However,
despite several checks at each step of the OCR process, there remain a few instances where there
are errors in the OCR’ed text, or the segmentation of the text into tables of occupations and their
descriptions. We follow a similar process for the OCR of books detailing the concordances between
subsequent editions of the DOT, with custom segmentation to extract the tabular structure of the
concordances, and additional manual checks using Mechanical Turk to ensure accuracy.

C Appendix: Synthetic Occupational Classification

There are three additional issues that we deal with to obtain a usable harmonized occupational
classification. First, The method presented in Diodato (2018) to deal with a chain of re-classification
works in one step, that is it runs the community detection algorithm on the whole network. Here,
however, we opt to run the community detection algorithm step-by-step: we first run the algorithm
to identify temporary groups of occupations (let’s call it T1) between DOT 1949 and 1965; next,
we use the raw concordance between DOT 1965 and 1977 to create a bipartite network between
T1 and DOT 1977; the community detection algorithm is, then, run on this bipartite network to
identify a new group of occupations (T2) now harmonizing 1949, 1965, and 1977 editions of DOT.
These sequential steps are repeated twice more with the reclassification of DOT to O*NET in 1998,
and with that of O*NET 1998 to O*NET SOC in 2000.23

Second, as a large number of occupational titles have undergone complex classification changes
over time, our clustering algorithm tends to capture them as a single cluster, sometimes absorbing
up to 40 percent of total employment in a year. To improve on this, similar to Atalay, Phongth-
iengtham, Sotelo, and Tannenbaum (2020), we directly assigned ONET-SOC titles to each DOT
code. We use the following algorithm when doing so: first, we restrict the space of possible ONET-
SOC codes that could be assigned to a given DOT job title by using a manual concordance of job
families in the DOT (groups of job titles based on tasks, skills, and other factors), and 2-digit SOC
codes. We then extract word embeddings for each DOT job title, and a list of alternate titles to
each ONET-SOC title. We assign the ONET-SOC code corresponding to the nearest ONET-SOC
alternate title for each DOT title. 24 We use the 2-digit SOC predictions, corresponding to the 23
SOC job families to break down the big cluster.

23This alternative step-by-step method makes sure we do not create groups that leave out classifications of on one
type (e.g., we create a group that only includes codes from DOT 1965 and 1977, but leaves out the remaining three
classifications).

24Our SOC predictions have accuracy rates of 11.9 percent for the 6-digit SOC occupations, and 27.8 percent for
the 4-digit SOC occupations. The predictions for the 2-digit SOC codes, or the 23 job families, have an accuracy
rate or 69 percent.
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D Appendix: Data Validation Exercise

We show that our task predictions properly capture the observed changes in routine and non-
routine tasks that Autor, Levy, and Murnane (2003) (ALM) and others have described. ALM
hypothesized that computers substitute for routine cognitive and routine manual tasks, while they
complement non-routine cognitive ones (analytic and interactive). As a result, as the U.S. economy
computerized, the demand for non-routine cognitive tasks grew, while the demand for routine tasks
declined. Figure D.10 shows the estimated developments of routine and non-routine job tasks
between 1930 and 2019. The trends show the employment weighted changes in the estimated
probability of performing specific types of tasks. For instance, after remaining relatively stable
between 1930 and 1970, the average probability of performing non-routine analytical tasks between
1970 or 1980 and today increased by almost 23 pp. Moreover, after a prolonged negative trend,
non-routine interactive tasks started growing precisely with the advent of the computer era, and
the probability of interactive work increased by 13 pp between 1980 and 2019. Routine cognitive,
on the other hand were on a slight upward trend until 1990, and in 2019 they were 5.5 pp below
their 1980 levels. Similar to ALM, we find that routine manual tasks have been in decline even
before the advent of computers.

A decomposition of the total changes into between-occupational and within-occupational vari-
ance (D.2) shows further consensus with previous findings: the shifts are overwhelmingly driven
by changes in the task content of occupations, and only to a small extent by changes in the occu-
pational composition of the economy. The within-occupational changes in routine and non-routine
cognitive tasks are particularly salient in the period that marks the computer era, irrespective of
whether we use 1970 or 1980 to mark its beginning (compare the upper and the lower panel of
Table D.2.
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Figure D.10: Trends in Routine and Non-Routine Tasks

Note: The five tasks use the exact task definitions proposed by Acemoglu and Autor (2011).
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Table D.2: Shift-Share Decomposition of the Trends in Routine and Non-routine Tasks

NR Analytical NR Interactive NR Manual R Cognitive R Manual

Period Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot Wth Btw Tot
1930-2010 24.8 -0.5 24.3 9.9 -3.5 6.4 0.0 -0.7 -0.7 -3.9 0.6 -3.3 -8.5 -0.8 -9.2
1930-1970 0.9 0.0 0.9 -2.4 -1.6 -4.0 0.4 -1.5 -1.1 0.0 1.2 1.2 -2.0 -1.6 -3.6
1970-2010 23.3 0.2 23.4 11.3 -0.9 10.4 0.2 0.2 0.4 -4.6 0.0 -4.5 -5.6 0.0 -5.6
% Wth in total 102% 155% 3% 118% 92%

1940-2020 24.9 3.7 28.6 10.1 -0.8 9.3 0.2 -0.8 -0.6 -4.1 0.4 -3.7 -8.3 -2.2 -10.5
1940-1980 2.4 3.4 5.8 -3.2 -0.5 -3.7 -0.8 -1.9 -2.7 0.0 1.8 1.8 -4.2 -3.8 -8.0
1980-2020 22.9 -0.1 22.8 11.7 1.3 13.0 1.1 1.0 2.1 -4.4 -1.1 -5.5 -4.0 1.5 -2.4
% Wth in total 87% 109% -37% 111% 79%
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E Appendix: Routine Task Intensity before Computerization

Figure E.11 shows the occupational employment distributions of men and women along the routine
cognitive and routine manual measures in 1960.

Figure E.11: Employment Shares by Gender and by Routine Task Content in 1960

Note: The red lines show the mean probabilities. The circle sizes are proportional to the occupa-
tional employment shares of men (blue) and women (purple).

Following Autor and Dorn (2013), we calculate a routine tax intensity index (RTI). One can
think of it as a measure of the occupational specialization in routine work. Our preferred RTI
definition is as in Cortes and Pan (2019):

RTI = ln(max{Rcog, Rman})− ln(max{NRint, NRana, NRman}) (6)

Figure E.12 shows the correlations between the RTI of an occupation and the occupational
employment share, first of women (left) and then for men (right). The correlations are positive and
they are stronger in the case of women.
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Figure E.12: Occupational Employment Shares and RTI in 1960

Note: The OLS estimates are weighted using the gender-specific occupational employment shares.

F Appendix: Computerization and Task Changes

Two strands of literature have made predictions about the relationship between computerization
and the change in task content. Galor and Weil (1996); Rendall (2017) predict a decline in phys-
ical work, and an increase in cognitive work, with favorable implications of these trends for the
employment and wages of women. Autor, Levy, and Murnane (2003); Spitz-Oener (2006); Goos,
Manning, and Salomons (2009) and others predicted that computerization will increase the demand
for non-routine cognitive work, and decrease the demand for routine cognitive and routine manual
work. Here we check if the expected relationships between tasks and computerization hold in our
data. We estimate the following equation:

∆To = β0 + β1∆compo + εo (7)

for a set of tasks To, that we will define here, for the period 1970-2000s. ∆compo is estimated as
explained in section 2.5. The first set of tasks are the five categories of routine and non-routine tasks,
as defined by Acemoglu and Autor (2011): non-routine analytic, non-routine interactive, routine
cognitive, routine manual, and non-routine manual. Here, they are expressed as probabilities, i.e.,
they range between 0 and 1. The second set of tasks are derived from a factor analysis of the
40 GWAs (i.e., excluding the GWA ’interacting with computers’) at the occupational level, over
the period 1940-2019. The factor analysis results in five factors with eigenvalues above one, and
their names, factor loadings, eigenvalues and the proportion in total variance that they explain are
described in Table F.3. The factors are normalized to have a mean zero and a standard deviation of
1. In comparison to the five routine and non-routine tasks, the factor analysis has the advantage of
using much more of the variance in the GWAs (the five factors use 89 percent of the total variance
in the GWAs), and they use this variance efficiently by reducing the dimensionality of the data.
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Although these are just associations, they are broadly in line with the claim that computerization
increased the demand for cognitive work, and reduced the demand for manual work. The change
in computerization is positively correlated with the change in cognitive work (as measured by non-
routine analytic tasks, and the cognitive work factor), and negatively correlated with the change in
manual work (as measured by routine and non-routine manual tasks, and the physical work factor).
We also find that computerization is negatively correlated with the change in administration and
sales factor, but not with the measure of routine cognitive work.
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Table F.3: Factors and Factor Loadings

Factor label GWAs Loadings Eigenv. Prop.

Cognitive Interpreting the meaning of information for others 0.90 15.92 9.44
Developing objectives and strategies 0.85

Provide consultation and advice for others 0.85
Developing and building teams 0.82
Analyzing data or information 0.81

Updating and using relevant knowledge 0.81
Scheduling work and activities 0.80

Organizing, planing and prioritizing work 0.80

Physical Controlling machines and processes 0.86 7.52 0.21
Inspecting equipment structures or material 0.83

Repairing and maintaining mechanical equipment 0.77
Monitor processes, materials or surroundings 0.74

Operating vehicles, mechanized devices, equipment 0.68
Handling and moving objects 0.62

Performing general physical activities 0.56
Estimating quantifiable characteristics of products etc. 0.54

Supervisory Guiding, directing and motivating subordinates 0.57 4.85 0.13
Coordinating the work and activities of others 0.53

Coaching and developing others 0.53

Care Assisting and caring for others 0.67 2.78 0.08
Performing for, or working directly with the public 0.64
Resolving conflicts and negotiating with others 0.51

Admin and sales Performing administrative activities 0.35 1.20 0.03
Selling or influencing others 0.34

Note: We show the GWAs with the highest factor loading in each of the five factors. The factors have not been rotated.
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Table F.4: Computerization and Task Changes

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES NR Ana NR Int R Cog R Man NR Man Cognitive Physical Superv. Care Admin

∆compo 0.238*** 0.0214 0.0224 -0.173*** -0.279*** 0.714*** -1.363*** 0.123 -0.372 -1.252***
(0.0547) (0.0500) (0.0257) (0.0469) (0.0319) (0.202) (0.203) (0.264) (0.237) (0.306)

Lag dep. var. -0.317*** -0.0264 -0.0421 0.00491 -0.226*** -0.261*** -0.155** -0.188*** -0.264*** -0.106
(0.0375) (0.0377) (0.0565) (0.0582) (0.0599) (0.0391) (0.0663) (0.0426) (0.0510) (0.0656)

Constant 0.216*** 0.0654*** 0.000332 0.0489 0.279*** 0.133 1.059*** -0.211 0.310** 1.010***
(0.0246) (0.0247) (0.0472) (0.0440) (0.0383) (0.118) (0.147) (0.165) (0.153) (0.168)

Observations 365 365 365 365 365 365 365 365 365 365
R-squared 0.274 0.002 0.008 0.154 0.312 0.178 0.195 0.117 0.160 0.173

OLS results. Robust standard errors in parentheses. Significant at: *** p<0.01, ** p<0.05, * p<0.1. The initial year is 1970, and the
end year is an average of the 2000, 2010 and 2019 values. The purpose of this averaging is to increase the signal in the variables, but the
results are robust to choosing 2000, 2010 or 2019 as end periods.
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G Appendix: Occupational Employment Change of Men andWomen
1970-2019
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Table G.5: Occupational Employment and Occupational Employment Growth among Women, 1970-2019

Occupation Average 1970 1980 1990 2000 2010 2019 CAGR Change

Managers 6.9% 4.4% 5.1% 7.2% 7.1% 7.9% 9.8% 17.4% 5.4%
Business administration 3.3% 0.6% 2.0% 3.8% 4.4% 4.4% 4.7% 49.1% 4.1%
Architects, engineers, scientists 1.3% 0.3% 0.5% 1.1% 1.7% 1.7% 2.5% 57.5% 2.2%
Medical professionals 5.1% 3.6% 4.0% 4.8% 5.2% 6.1% 7.0% 14.4% 3.4%
Teachers 9.0% 7.8% 7.7% 7.8% 9.8% 10.5% 10.6% 6.2% 2.8%
Professionals nec. 3.1% 1.5% 2.3% 3.1% 3.6% 3.7% 4.4% 23.2% 2.8%
Nurses and health technicians 2.2% 1.5% 2.1% 2.3% 2.2% 2.4% 2.5% 9.6% 0.9%
Technicians nec. 1.4% 0.5% 1.2% 1.6% 1.8% 1.6% 1.8% 28.3% 1.3%
Sales 11.4% 10.1% 11.2% 12.5% 11.8% 12.0% 10.7% 1.2% 0.6%
Clerks and administration 18.2% 19.5% 20.2% 19.7% 19.2% 16.1% 14.3% -6.1% -5.2%
Secretaries, stenographers, typists 7.7% 12.6% 10.7% 8.2% 6.0% 5.2% 3.3% -23.6% -9.3%
Housekeepers 2.2% 4.1% 2.0% 1.6% 1.6% 2.0% 1.8% -15.1% -2.3%
Protective services 0.7% 0.2% 0.4% 0.6% 0.8% 1.0% 1.0% 35.8% 0.8%
Food 6.2% 6.6% 6.7% 5.7% 5.5% 6.3% 6.3% -1.2% -0.4%
Health aides 4.0% 2.9% 3.8% 3.6% 3.9% 5.1% 4.9% 10.8% 2.0%
Personal services 5.4% 5.5% 4.5% 4.7% 5.5% 6.1% 6.0% 1.8% 0.5%
Agriculture 0.9% 0.9% 1.0% 0.9% 0.8% 0.8% 1.0% 1.0% 0.0%
Mechanics and repairers 0.4% 0.4% 0.4% 0.4% 0.4% 0.3% 0.3% -3.7% -0.1%
Construction 0.2% 0.2% 0.2% 0.3% 0.3% 0.2% 0.3% 5.9% 0.1%
Mining 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% -19.6% 0.0%
Precision 0.5% 0.6% 0.9% 0.6% 0.6% 0.3% 0.3% -14.6% -0.3%
Apparel 0.2% 0.4% 0.3% 0.3% 0.2% 0.1% 0.1% -29.2% -0.4%
Operators 7.3% 14.0% 9.5% 6.7% 5.6% 4.0% 4.0% -21.9% -9.9%
Driving and material moving 0.9% 0.5% 0.9% 0.9% 1.0% 0.9% 1.2% 18.4% 0.7%
Laborers 1.5% 1.1% 2.2% 1.8% 1.2% 1.2% 1.5% 6.7% 0.4%

Note: CAGR and the employment change are measured between 1970 and 2019.
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Table G.6: Occupational Employment and Occupational Employment Growth among Men, 1970-2019

Occupation Average 1970 1980 1990 2000 2010 2019 CAGR Change

Managers 10.7% 11.7% 10.1% 10.1% 10.0% 10.6% 11.8% 0.2% 0.1%
Business administration 2.8% 1.5% 2.5% 2.9% 3.2% 3.3% 3.4% 17.5% 1.9%
Architects, engineers, scientists 4.4% 3.5% 3.5% 4.0% 4.9% 4.9% 5.9% 11.3% 2.5%
Medical professionals 1.7% 1.2% 1.5% 1.7% 1.8% 1.9% 2.0% 12.1% 0.9%
Teachers 3.1% 2.8% 3.1% 2.9% 3.0% 3.3% 3.3% 3.0% 0.4%
Professionals nec. 2.9% 2.0% 2.5% 3.1% 3.2% 3.3% 3.3% 9.9% 1.2%
Nurses and health technicians 0.5% 0.2% 0.3% 0.5% 0.5% 0.7% 0.8% 31.9% 0.6%
Technicians nec. 3.1% 2.1% 2.9% 3.4% 3.3% 3.1% 3.8% 12.0% 1.6%
Sales 10.1% 7.7% 9.5% 11.8% 10.9% 11.2% 9.5% 4.2% 1.7%
Clerks and administration 6.9% 7.0% 6.7% 6.7% 7.4% 7.3% 6.7% -0.8% -0.3%
Secretaries, stenographers, typists 0.2% 0.3% 0.1% 0.1% 0.2% 0.2% 0.2% -6.6% -0.1%
Housekeepers 0.3% 0.4% 0.3% 0.2% 0.2% 0.2% 0.2% -13.6% -0.2%
Protective services 2.7% 1.9% 2.4% 2.8% 2.9% 3.2% 3.1% 9.5% 1.1%
Food 3.4% 1.6% 2.2% 3.1% 3.6% 4.9% 5.0% 25.9% 3.4%
Health aides 0.5% 0.3% 0.4% 0.4% 0.4% 0.6% 0.7% 17.4% 0.4%
Personal services 3.3% 3.4% 3.2% 3.3% 3.0% 3.6% 3.4% 0.4% 0.1%
Agriculture 3.9% 5.2% 4.1% 3.6% 3.3% 3.8% 3.3% -8.8% -1.9%
Mechanics and repairers 6.7% 7.9% 7.1% 6.7% 7.1% 6.0% 5.6% -6.6% -2.3%
Construction 7.6% 6.5% 8.2% 8.1% 8.4% 7.2% 7.1% 1.6% 0.5%
Mining 0.3% 0.4% 0.4% 0.2% 0.1% 0.3% 0.2% -10.5% -0.2%
Precision 3.3% 5.3% 5.1% 3.3% 2.7% 1.7% 1.4% -23.3% -3.9%
Apparel 0.2% 0.3% 0.2% 0.2% 0.1% 0.1% 0.1% -26.1% -0.2%
Operators 8.5% 13.0% 10.2% 7.8% 7.5% 6.2% 6.0% -14.4% -7.0%
Driving and material moving 7.2% 7.4% 7.6% 7.2% 7.2% 6.7% 7.4% 0.0% 0.0%
Laborers 5.8% 6.3% 6.0% 5.9% 5.0% 5.7% 6.0% -1.1% -0.3%

Note: CAGR and the employment change are measured between 1970 and 2019.
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H Appendix: Decomposition of wage gap

The decomposition of the gender wage gap in section 5 proceeds in two steps. Let αg
o be the

share of all employees with gender g in occupation o: αg
o = Eg

o∑
o′

Eg

o′
Furthermore, let wg

o be the log

gender-specific wage of occupation o, and wg =
∑

o α
g
ow

g
o the mean log wage across occupations.

First, we estimate the statistical associations between wage growth and growth of employment
shares with computerization. To do so, we estimate the following wage equation:

∆wg
o = βgCOMPo +Xoγ

g
o + ϵgo (8)

The predicted change in wages for occupation o and gender g are now ∆̂wg
o = βgCOMPo.

To estimate computer-related changes in an occupation o’s share in overall gender-specific em-
ployment, αg

o, we rely on a Poisson model to estimate the effect of computerization on the gender-
specific employment for each occupation in the year 2020. We use this model to predict this

employment from the actual computerization rate of an occupation, Êg
o and a counterfactual pre-

dicted rate in which the occupation experiences no computerization, Êg,0
o . Next, we normalize

these predictions to convert them into predicted occupation employment shares and calculate the

predicted change in employment shares due to computerization as: ∆α̂g
o = Êg

o∑
o′

Êg

o′
− Êg,0

o∑
o′

Êg,0

o′

.

A change in wg between two time periods can be decomposed as

∆wg =
∑
o

∆αg
ow̄

g
o +

∑
o

ᾱg
o∆wg

o (9)

where ᾱo and w̄o are time averages across the periods. The first term on the right captures the
effect of movement between occupations (between effect) and the effect of changes in wages within
occupations (within effect). To estimate the contribution of computerization to the change in wages
via these two channels, we split the changes in occupation shares and wages on the right hand side
into two components, one due to computerization and the other accounting for other factors:

∆αg
o = ∆αg,comp

o +∆αg,other
o (10)

∆wg
o = ∆wg,comp

o +∆wg,other
o . (11)

Using the above defined estimates for ∆αg,comp
o and ∆wg,comp

o , inserting Eqs. (10)-(11) into Eq.
(12) and regrouping terms we have

∆wg
o =

∑
o

(∆αg,comp
o +∆αg,other

o )w̄g
o +

∑
o

ᾱg
o(∆wg,comp

o +∆wg,other
o )

=
∑
o

∆αg,comp
o w̄g

o︸ ︷︷ ︸
between effect

of computerization

+
∑
o

ᾱo∆wg,comp
o︸ ︷︷ ︸

within effect
of computerization

+
∑
o

(∆αg,other
o w̄g

o + ᾱg
o∆wg,other

o )︸ ︷︷ ︸
effects of other factors

. (12)

Here the first term estimates the growth in wages that resulted from computers’ impact on shifts
in occupational employment. The second term estimates the growth in wages that resulted from
computers’ impact on within-occupation changes in pay.

Finally, we can explore how much each term contributes to the closing of the gender wage gap,
wageft
wagemt

, by dividing exponentiated female-related components by their male-related counterparts.
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For instance, the (relative) closing of the wage gap that is due to differences between men and
women in computer-related between-occupation shifts in employment is

between component computers =
e

∑
o
∆αf,comp

o w̄f
o

e

∑
o
∆αm,comp

o w̄m
o
.

I Appendix: First Stage Results

Table I.7: First Stage Results corresponding with Table 7

Corresponding column in Table 7 (3) (4) (7)

femo,t−n 0.0537* 0.0950* 0.0580*
(0.0308) (0.0532) (0.0313)

∆hrso 0.00828** 0.0174*** 0.00610*
(0.00375) (0.00390) (0.00356)

Manual group 1 -0.0969***
(0.0200)

Engineering group 0.0601***
(0.0114)

Manual group 2 -0.0786***
(0.0235)

Manual group 3 -0.118***
(0.0252)

Office group 0.0358**
(0.0149)

Manual group 4 -0.0929***
(0.0244)

Manual group 5 -0.0635
(0.0408)

P (comp)o,t=1970 0.448*** 0.437***
(0.0225) (0.0272)

Constant 0.290*** 0.505*** 0.298***
(0.0177) (0.0202) (0.0184)

Observations 282 282 282
R-squared 0.734 0.488 0.703
Adj. R-squared 0.166 0.181 0.111

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table I.8: First Stage results corresponding with Table 8

Corresponding column in Table 8 (8) (9)

lnwo,t−n 0.0499** 0.0746*
(0.0248) (0.0444)

∆1940−1970 lnwo 0.00940 -0.000713
(0.0466) (0.0442)

∆hrso -0.00221 -0.00279
(0.00286) (0.00288)

P (comp)o,t=1970 0.446*** 0.428***
(0.0244) (0.0261)

Constant 0.218*** 0.181**
(0.0644) (0.0919)

Observations 266 266
R-squared 0.715 0.691
Adj. R-squared 0.129 0.544

Table I.9: First Stage results corresponding with Table 9

Corresponding column in Table 9 (8) (9)

lnwo,t−n 0.106*** 0.140***
(0.0312) (0.0400)

∆1940−1970 lnwo 0.154** 0.136**
(0.0647) (0.0679)

∆hrso 0.00129 6.15e-05
(0.00307) (0.00316)

P (comp)o,t=1970 0.427*** 0.433***
(0.0256) (0.0255)

Constant -0.0339 -0.109
(0.108) (0.126)

Observations 266 266
R-squared 0.729 0.703
Adj. R-squared 0.296 0.681

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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