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Gender-biased technological change: Milking machines

and the exodus of women from farming.∗

Philipp Ager Marc Goñi Kjell G. Salvanes†

Abstract

This paper studies how gender-biased technological change in agriculture affected

women’s work in 20th-century Norway. After WWII, dairy farms began widely adopt-

ing milking machines to replace the hand milking of cows, a task typically performed

by young women. We show that the adoption of milking machines pushed young rural

women out of farming in dairy-intensive municipalities. The displaced women moved

to cities where they acquired more education and found better-paid employment. Our

results suggest that the adoption of milking machines broke up allocative inefficiencies

across sectors, which improved the economic status of women relative to men.
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1 Introduction

Between 1950 and 2000, agricultural employment fell by 75% in Europe and the United

States, mostly due to the adoption of labor-saving technologies that automated traditional

farming tasks.1 Because traditional farming was subject to a strong gender division of labor

(e.g., Alesina et al., 2013; Voigtländer and Voth, 2013), the various labor-saving technologies

introduced during the second half of the 20th century likely displaced male and female farm

workers at different rates, depending on which farming tasks were automated. However,

despite the extensive literature on the drivers of structural change (e.g., Herrendorf et al.,

2014; Gollin and Kaboski, 2023), the consequences of this gender-biased technological change

are still not well understood. To what extent did this process contribute to the transformation

of women’s work in the 20th century? Has the automation of farming tasks brought economic

hardship or gains to affected workers by pushing them out of agriculture?

This paper attempts to make progress on these questions by analyzing the relationship

between gender-biased technological change, the reallocation of labor across sectors, and

the long-term earning opportunities of displaced farm workers. We focus on one of the

largest gender-biased automation shocks in modern agriculture: the adoption of milking

machines. Since the 1950s, European dairy farmers have widely adopted milking machines

to replace hand milking of cows—the most common job for hundreds of thousands of young

rural women.2 Ex-ante, the long-term effects of milking machines on young rural women

are unclear. Although women had a comparative advantage in producing services (e.g.,

Goldin, 1990, 2006; Ngai and Petrongolo, 2017), there were large barriers to moving out of

rural areas leading to the misallocation of labor across sectors (e.g., Munshi and Rosenzweig,

2016; Nakamura et al., 2021).3 We find that the adoption of milking machines after WWII

broke up these allocative inefficiencies and, despite its short-run costs, increased the return

to education and long-term earning opportunities for young women who grew up in dairy-

intensive municipalities.

Our study focuses on Norway, which provides an ideal setting in which to evaluate the

economic consequences of the introduction of milking machines. Dairying was the corner-

stone of Norwegian agriculture. Like other European dairy regions, Norway experienced a

sharp and widespread increase in the use of milking machines after WWII, which coincided

1Economic historians have vividly described how the mechanization of agriculture has transformed farms
and displaced workers throughout the 20th century (e.g., Olmstead and Rhode, 2001).

2For centuries, dairying and milking the cows were common jobs for young, unmarried women in the
dairy regions of Europe (Snell, 1981; Schultz, 1985; Osterud, 2014; Lampe and Sharp, 2019).

3Typical examples of moving costs for rural workers include borrowing constraints, losing access to ex-
tended family networks or informal insurance networks, or social norms.
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with an exodus of women from farming and a spike in urbanization (Almås, 1983). The

number of milking machines increased from 6,357 to 39,924 in the 1950s, while female em-

ployment in agriculture fell by 80% between 1948 and 1961.4 However, more so than in

other countries, the location of dairy farms in Norway is primarily determined by its unique

geography, thereby facilitating the identification of the diffusion of milking machines at the

local level. Moreover, the detailed Norwegian individual-level registry data and official agri-

cultural statistics on the uptake of milking machines at the municipality level provide a rare

opportunity to study the short- and long-run effects of gender-biased technological change

at the micro-level.

Compared to studies on the macroeconomic consequences of structural change, our rich

microdata allow us to isolate the effects of a specific labor-saving technology shock—the

uptake of milking machines—and evaluate its causal impact on affected individuals. Instead

of looking at the effect of technological change in the aggregate (e.g., across countries or

sectors), we can identify whether affected women left agriculture, whether they moved to

cities and how they performed in the short- and long-term. This is possible even when

women’s last name changes after marriage, as we use a panel of individual-level registry data

that allows us to systematically link women over time. Moreover, we can show that the

adoption of milking machines differentially displaced men and women out of agriculture and

assess whether the diffusion of this technology narrowed the gender gap in Norway.

Our empirical analysis is guided by a simple theoretical model that helps us better under-

stand who was affected by the adoption of milking machines, and, especially, who complied

to leave farming, move into cities, and invest in human capital. Our model combines the

key ideas of comparative advantage (Roy, 1951) to explain rural-to-urban migration, with a

task-based production function (Zeira, 1998; Autor et al., 2003; Acemoglu and Autor, 2011)

to allow for labor-saving technological change and the gender division of labor in traditional

farming tasks.5 Based on this theoretical framework, we are in a better position to identify

the compliers of our quasi-experiment of gender-biased technological change. In our setting,

these are misallocated female workers who have a comparative advantage in the urban sector

but remain in agriculture because of moving costs.

Our empirical strategy exploits plausibly exogenous variation in the local uptake of milk-

ing machines. To do so, we create an exposure measure to milking machines that combines

4This figure is based on the number of female hired workers (see Appendix Figure 3, columns 7 and 8;
Central Bureau of Statistics of Norway (1968, Table 78)). Other dairy regions, such as Denmark, France,
Switzerland, West Germany, and the Netherlands, experienced similar processes. For example, in the Nether-
lands, the number of milking machines increased from 4,000 to 39,000 in the 1950s, while female employment
fell by 75%; from 169,000 to 41,000 in levels (Bieleman, 2005; Mitchell, 1998).

5Nakamura et al. (2021) highlight the importance of comparative advantage for understanding the costs
and benefits of moving.
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changes in the nationwide adoption of milking machines with local differences in the in-

tensity of the dairying sector during the pre-milking machine era (Figures 1 and 3). We

use this exposure measure to instrument for the actual uptake of milking machines at the

municipality level. Importantly, we provide evidence supporting the validity of our exposure

measure as an instrumental variable. First, we use a Lasso procedure to assess whether our

milking machine exposure measure is correlated with any other initial characteristics that

might generate differential trends across locations. Reassuringly, our results are robust to

adding controls selected by Lasso and flexible accounting for county-specific cohort trends.

Second, we present event studies and a placebo test showing that the outcomes of women in

more or less exposed rural municipalities evolved similarly in the pre-milking machine era.

Third, our estimates are also robust to: (i) alternative definitions of our milking machine

exposure measure; (ii) including potential confounders, such as education reforms;6 and (iii)

accounting for spatial correlation.

The main empirical analysis is based on approximately 380,000 women who lived in rural

municipalities at the ages of 16 to 25 between 1930 and 1970. Consistent with the model’s

predictions, we find that the adoption of milking machines pushed affected young women

out of agriculture and into cities. Although the displacement effect entailed substantial

short-term income losses,7 it improved the economic situation of affected women in the

long term. The long-run gains were considerable and compensated for the short-run costs:

for a one-standard-deviation increase in milking machines per farm, women climbed up

their birth-year-specific income distribution by almost two percentiles. Affected women

did not only claim up the income distribution because they were more likely to work as

middle-aged adults, but also because they had better paying, high-skilled jobs. Consistent

with this result, we also find that affected women invested more in higher education, which

is a requirement for many white-collar jobs. Indeed, the migration decisions were partly

determined by access to higher education institutions, suggesting that the long-run effects

of labor-saving technological change on displaced workers are not institution-independent.

Our second set of findings shows that, because of the traditional gender division of labor

in agriculture, introducing labor-saving technologies can have major and long-lasting gender-

specific effects. We find that while displaced young women moved to cities, invested in their

human capital, and found higher-skilled employment, most young men remained in the same

rural areas, which offered high returns on the skill sets they had already acquired. This result

6Recent work by Porzio et al. (2022) shows that educational reforms contributed to increased schooling
and a decline of agricultural employment of affected cohorts using data for multiple countries.

7This finding is consistent with workers’ fears that labor-saving technological progress curtails employment
and lowers wages; see Caprettini and Voth (2020) for a historical setting, and Acemoglu and Autor (2011)
and Acemoglu and Restrepo (2020) for a modern setting.
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is consistent with the historical narrative and with the predictions of our model. Overall, our

findings show that the adoption of milking machines significantly reduced gender differences

in labor force participation rates and income in the long term. Income differences between

these men and women were reduced by about 2 percentile ranks, and differences in labor

force participation rates dropped by almost 4 percentage points.

Our paper contributes to a growing literature on the effects of automation on labor mar-

kets (Restrepo, 2023) by empirically documenting the long-term effects of automation. We

provide evidence that migration and task reinstatement can lead to long-term welfare gains

for affected workers.8 Our finding that affected rural women acquire more education to take

high-skilled jobs in Norway’s expanding service sector also complements the insights from

Atkin (2016), who shows that expansions in low-skill export-manufacturing jobs increased

the opportunity costs of staying in school.

We also add to the literature on the evolution of female labor participation over the

20th century in industrialized countries (e.g., Goldin, 1994, 2006; Olivetti, 2014; Olivetti

and Petrongolo, 2016). The adoption of milking machines pushed women out of rural areas

and transformed women’s work by increasing their educational attainment and occupational

status. Our results suggest that this gender-biased technology shock reduced the gender gap

by breaking up deeply rooted gender norms within labor markets (e.g., Alesina et al., 2013;

Fernández, 2013; Giuliano, 2015, 2018).

Our work relates to studies of the drivers and effects of structural change (e.g., Herren-

dorf et al., 2014; Gollin and Kaboski, 2023).9 A small branch of the literature studies the

gender effects of structural change in the context of middle and high-income countries from

a macroeconomic perspective (e.g., Olivetti, 2014; Moro et al., 2017; Ngai and Petrongolo,

2017; Rendall, 2018). We complement this literature by using the rich Norwegian individual-

level registry data that allow us to identify how a specific technology shock in agriculture

changed women’s work and thus contributed to the process of structural transformation.

Finally, there is also a large body of work that considers barriers to migration and the

selection of workers into specific locations as the main reasons behind rural-urban wage gaps

(e.g., Gollin et al., 2014; Munshi and Rosenzweig, 2016; Bryan and Morten, 2019). A few

studies rely on forced migration or natural disasters to study the misallocation of labor across

sectors and places (Nakamura et al., 2021; Sarvimäki et al., 2022), whereas we consider the

8Recent examples are Acemoglu and Restrepo (2019), Atack et al. (2019), and Feigenbaum and Gross
(2022). We refer readers to Restrepo (2023) for a recent survey of the automation literature.

9The focus of recent empirical studies has been on evaluating the consequences of increases in agricultural
productivity on structural change (e.g., Bustos et al., 2016; Carillo, 2021; Gollin et al., 2021). It is worth
noting that negative productivity shocks in agriculture unrelated to technological change can also trigger
structural change (e.g., Ager et al., 2020).
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large-scale adoption of milking machines as a quasi-natural experiment that substantially

reduced the barriers to moving by eliminating the job opportunities for women on farms,

thereby facilitating structural transformation.10

2 Historical background

This section provides a brief overview of Norway’s structural transformation during our

period of study (1930-1970), followed by a detailed discussion of the widespread adoption of

milking machines on dairy farms after WWII.

In 1930, less than 30 percent of Norwegians lived in cities and agriculture was still a

key sector.11 Agricultural employment decreased substantially when Norway experienced

unprecedented economic growth between WWII and 1970.12 This period saw an acceleration

in the mechanization of agriculture similar to that in other parts of Scandinavia, Western

Europe, and the United States. Agricultural production became more capital-intensive (see

Appendix Figure 1), in part due to rising labor costs and the removal of trade barriers.

Concomitantly, primary-sector employment declined by 60 percent, from 900,000 workers

in 1950 to 365,000 in 1970 (Statistics Norway, 1980, Table 17). The manufacturing sector

absorbed part of the newly available labor, while the remainder found employment in the

service sector. At the same time, urbanization increased rapidly due to internal (rural-

to-urban) migration (immigration to Norway remained negligible throughout our sample

period), while rural areas faced substantial population losses from the 1950s onward (Hansen,

1989). By 1970, approximately two-thirds of Norway’s population lived in urban areas.

How did the adoption of milking machines contribute to the structural transformation in

Norway after WWII? In the early 20th century, dairying was the largest activity in Norway’s

agricultural sector.13 On dairy farms, the main task of women, in addition to housework,

was milking cows while men worked outdoors and typically complemented their farming

10Our finding that displaced rural women moved to cities to find better-paid employment is consistent with
the view that women were, on average, less productive in agricultural work than men, and it also suggests
that a big push was needed since moving to cities comes with high economic and social costs (e.g., Lagakos,
2020; Nakamura et al., 2021; Lagakos and Shu, 2023).

11About 40 percent of the population worked in the primary sector during the 1920s (Mitchell, 1998).
12After WWII, Norway joined Bretton Woods, the General Agreement on Tariffs and Trade (GATT), the

IMF, the World Bank, NATO, and the United Nations. The annual compound growth rate was approximately
4 percent (Grytten, 2020, Table 1). Norway’s economic success has been partly attributed to the “Nordic
model,” which involves a strong role of the public sector (Acemoglu et al., 2021).

13Farming in Norway was traditionally based on family farms and milk production. Family farms were,
and still are, the most common type of farm in Norway and other parts of Europe. Typically, parents, their
children, and extended family members worked on the farm, together with seasonal and permanently hired
workers. The most important farm products in Norway were milk, products derived from milk, and meat
associated with milk production (Espeli et al., 2006).
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employment with other seasonal work in the rural sector; for example, in fisheries, timber

industries, or in the construction sector (Almås, 2020). This division of labor was deeply

rooted in farming communities: “Dairying was defined as women’s work, to the point that

the very idea of men performing it was regarded as laughable, or even heretical” (Osterud,

2014, p.667). Besides milking cows and other indoor work, women also worked on the fields

alongside men during haymaking and other seasonal harvesting activities. This traditional

gender division of farm tasks is well documented in Norway and the other Nordic countries

(e.g., Almås and Haugen, 1991; Sommestad, 1994; Kaarlenkaski, 2018).

Milking cows remained women’s main chore on dairy farms until the adoption of milking

machines. While the first milking machines were patented in the United States in the late

19th century, widespread adoption across Europe and the United States only took place after

WWII (e.g., Bateman, 1969; Bieleman, 2005; Settele, 2018).14 Norway was no exception

to this pattern, as Figure 1 illustrates. Although there was a slow uptake in the 1930s,

the adoption of milking machines on Norwegian farms only widely took place after WWII.

The most important factor behind this take-off is that, in 1951, Norway lifted all import

restrictions on agricultural equipment (Espeli, 1990).

The widespread adoption of milking machines after WWII had a profound impact on

dairy farming (Bieleman, 2005).15 Compared to hand milking, a milking machine could milk

a substantially larger number of cows. For example, in 1964, a single person in a milking

parlor with eight workstations could milk 30 cows per hour with a milking machine. Without

such a machine, one person could hand-milk only seven or eight cows per hour, with decreas-

ing productivity as fatigue accumulated (Settele, 2018). In contrast to other farm equipment

and machinery, milking machines were affordable and profitable even for small farms as soon

as the 1950s because they were used indoors in cowsheds, without requiring expansion or

further investment, and because the machines themselves were relatively inexpensive. For a

farmer in 1950, the price of a milking machine was about the same as half a year’s wages for

a male servant. In contrast, it was five times more costly to buy a tractor.16

Who was displaced by the adoption of milking machines? The traditional division of

labor on dairy farms as explained above indicates that milking machines automated hand

14The reasons for this delayed adoption are manifold. Bateman (1969, p.211), for example, describes how
farmers hesitated to adopt milking machines because they were fire hazards and often injured cows.

15With the adoption of milking machines, milk yield per cow increased in Norway from around 2,000
kilograms in 1950 to more than 4,000 kilograms in 1969 (see Appendix Figure 2). A similar pattern is also
observed in the other Nordic countries or in the Netherlands (Bieleman, 2005).

16According to Almås (personal communication) the price of a milking machine was ca. NOK 2,000 in 1950,
while a standard tractor produced in the United States cost about NOK 10,000. To put this in perspective,
the price of a milking machine corresponded to a male servant’s half-year wage with board—NOK 1,840 in
1952/53 (Statistical Yearbook 1955, Table 250)—and roughly to a female servant’s yearly wage.
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Figure 1

Note.— This figure shows the evolution of milking machines (left vertical axis) and
milking machines per farm (right vertical axis) in Norway between 1930 and 1970.
Source: Census of Agriculture (own calculations).

milking, a task typically performed by women. Specifically, young women aged around 16-25

commonly worked as milkmaids on farms before getting married (see, e.g., Almås (2002)).

After the widespread adoption of milking machines, the demand for these milking services

disappeared. Hence, when dairy farms shifted to milking cows mechanically, this process

almost exclusively displaced female workers, in particular milkmaids and servants (Thorsen,

1986; Brandth, 2002). Almås et al. (1983) describe the adoption of milking machines as

“the masculinization of Norwegian agriculture.” Hiring female labor for milking cows was no

longer needed, and men now took over the milking process using the new technology.17

Milking machines were part of the general mechanization of agriculture after WWII that

pushed labor off the farms. The opportunities to remain in rural areas, however, differed

according to gender. Men had a comparative advantage over the existing rural jobs. Specifi-

cally, a large share of jobs in rural areas consisted of seasonal work on farms, in construction,

and in fisheries, which were usually carried out by male crofters.18 While the mechanization

of farms reduced men’s opportunities to take on seasonal work on farms, they were still in

17This process not only affected hired female servants and milkmaids but also farmers’ wives and daughters,
as a large part of the farm work was now taken over by men (see Almås (2002) and Appendix Figure 3).

18Crofters comprised a large share of the rural population in Norway. They typically rented small land-
holdings that were not large enough to feed their families.
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high demand for these other seasonal jobs, especially during the post-WWII boom years.

These alternative rural jobs offered high returns to the skills men had already acquired as

part-time farm workers. For women, the situation differed as they did not have access to

these existing jobs in rural areas. As a consequence, women displaced from farms left the

countryside in the hope of finding new jobs in the cities (Almås et al., 1983; Brandth, 2002).

As our empirical analysis will show, an overwhelming proportion of the displaced female

workers found employment in high-skill occupations.

Overall, the historical narrative suggests that the rapid mechanization of agriculture

after WWII pushed labor off the farms, and that women were generally more affected by

the modernization process. Affected men continued to have employment opportunities in

the rural areas, while displaced women had a comparative advantage in urban employment.

Hence, we expect different long-term effects from the adoption of milking machines for women

and men in relation to the decision to migrate to cities, future income, employment, and

corresponding human capital investments. The next section formalizes these predictions.

3 Model

We build a simple model that captures gender differences in (a) task division in agriculture,

(b) displacement effect of automation, and (c) rural-to-urban mobility following the adoption

of a labor-saving technology. We combine the key ideas of comparative advantage to explain

rural-to-urban migration (Roy, 1951), with a task-based production function that allows for

the gender division of labor and labor-saving technological change (Zeira, 1998; Autor et

al., 2003; Acemoglu and Autor, 2011). The model helps to identify the compliers of our

quasi-experiment and formulates the hypotheses that we bring to the data.

Consider an economy with a large number of municipalities divided into two areas: rural

and urban. Municipalities in rural areas are mostly specialized in the primary sector (R)

while urban areas are specialized in the manufacturing and services sectors (U). Men and

women inelastically supply one unit of labor. Each individual i is endowed with two skills,

αR(i) and αU(i). These skills represent efficiency units for labor in the rural and urban sector,

respectively. In our setting, αU(i) represents skills demanding more general human capital

for occupations in the cities. The skill pair (αR(i), αU(i)) is equally distributed by gender.

We define an individual i’s comparative advantage in the urban sector as αU(i)/αR(i). Indi-

viduals maximize their consumption. To do so, they face the choice of supplying their labor

to either the urban or rural sector. To gain insights for our empirical analysis, we focus

on the decisions of individuals in rural areas, for whom supplying labor to the urban sector

requires moving to a city. This entails moving costs c, which we assume to be a fraction of

8



their earnings (Nakamura et al., 2021).19 This could be thought of as the economic cost of

moving to a new locality, the foregone social ties and rural insurance networks (Munshi and

Rosenzweig, 2016), but also as the educational investments necessary to secure employment

in, for example, the city’s service sector.

The rural sector produces one final good YR by combining two tasks, y1 and y2. For

simplicity, we assume a constant returns to scale Cobb-Douglas technology:

YR = y1−β
1 yβ

2 . (1)

Two factors of production are used in the rural sector: labor LR and capital M . To capture

the gender division of labor in traditional agriculture, we assume that task y1 uses female

labor, and task y2 uses male labor. In our setting, task y1 can be interpreted as milking

cows, and task y2 as work traditionally done by men, e.g., cultivating fields, seasonal work

in construction or fisheries. To capture the displacement effects of milking machines, assume

that capital (milking machines) M and female labor are perfect substitutes. Formally, the

production function of each task is:

y1 = ARLf
R + M and y2 = ARLm

R , (2)

where Lf
R =

∫

i∈FR
αR(i)di and Lm

R =
∫

i∈MR
αR(i)di are female and male labor in rural areas,

and FR and MR denote the set of female and male workers in the rural sector.

This task-based production function encompasses the canonical labor-augmenting tech-

nological change (AR) and labor-saving technological change. Specifically, the machines used

in the first task, M , are supplied perfectly elastically at market price µ > 1, which falls ex-

ogenously due to technological advances. Hence, the declining price of the machines is the

labor-saving technological change in our model.

The urban sector produces one final good YU using labor LU as the only factor of pro-

duction, irrespective of gender. Formally, the production function is:

YU = AULU , where LU =
∫

i∈SU

αU(i)di (3)

and SU denotes the set of female and male workers employed in the urban sector. Labor

markets are perfectly competitive and the economy is small, so the prices of the rural (PR)

19Although we do not directly observe moving cost, our empirical analysis provides important insights on
it. First, we show that migration patterns did not differ across more and less dairy-intensive municipalities
in the pre-milking machine era. Second, by using fixed effects for municipalities and county-by-birth cohorts,
we account for time-invariant municipality-specific and time varying county-specific moving costs that may
have affected women’s decisions to migrate and their long-run income gains.
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and urban (PU) goods are taken as given. This implies that the wage per efficiency unit of

labor in the urban sector is WU = AUPU .

Three main conditions govern the remainder of the equilibrium. The first is the perfect

substitutability of female labor and machines in the rural sector. This implies that the wage

per efficiency unit of female labor in the rural sector is pinned down by the labor-augmenting

technological change, AR, and by the labor-saving technological change, captured by the price

of machines µ:

W f
R = ARµ (4)

The second condition is the Cobb-Douglas production technology in the rural sector,

which implies that machines used in task y1 and male labor used in task y2 are q-complements.

Hence, the wage per efficiency unit of male labor in the rural sector is negatively associated

with the price of machines:

W m
R = AR P

1
β

R β

(

1 − β

µ

)

1−β

β

. (5)

The third condition is worker self-selection among rural and urban areas. The labor

earnings for worker i are W f
R · αR(i) for women in the rural sector, W m

R · αR(i) for men in the

rural sector, and WU · αU(i) for women and men in the urban sector. Taking into account

the cost of moving, this implies that the marginal female worker, ı∗, is indifferent between

remaining in a rural area and moving to an urban area if W f
R · αR(ı∗) = (1 − c) · WU · αU(ı∗)

and the marginal male worker ∗ is indifferent if W m
R · αR(∗) = (1 − c) · WU · αU(∗). It is

useful to re-define these indifference conditions as a function of the relative earnings in the

urban vs. rural sector of female, ηf
i , and of male, ηm

i , workers:

ηf
i :=

WU

W f
R

·
αU(i)

αR(i)
and ηm

i :=
WU

W m
R

·
αU(i)

αR(i)
.

The indifference condition is then ηf
ı∗ = ηm

∗ = 1
1−c

. Note that this differs from the optimal

allocation of workers, which is achieved when the marginal female worker is ı̃ and the marginal

male worker is ̃ with ηf
ı̃ = ηm

̃ = 1.

The model’s equilibrium is illustrated in Figure 2, Panel A. Female workers with a higher

comparative advantage in the urban sector have higher relative earnings in that sector.20 All

women with a comparative advantage above ı̃ would earn a higher salary in the urban sector.

20For simplicity, the figure ηf
i takes a linear form by assuming that αU (i) and αR(i) are uniformly dis-

tributed, but that different skill distributions can lead to different shapes. The only necessary assumption
is that ηf

i is upward-sloping, i.e., that αU (i)
αR(i) reflects a comparative advantage in the urban sector.
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However, the moving cost implies that all women with a comparative advantage below ı∗ will

remain employed in the rural sector, and that only women with a comparative advantage

above ı∗ will relocate to the cities and be employed in the urban sector. Hence, all women

between ı̃ and ı∗ will be “misallocated” and their earnings would increase if they moved to

a city. An analogous argument applies for men.

Let us now consider the situation at the time of the mechanization of agriculture and

derive predictions for our empirical analysis. As explained above, the adoption of milking

machines automated tasks typically performed by women in rural areas. In our model, this

labor-saving technological change is captured by a decline in the price of the machines, M ,

from µ to µ′. This quasi-experiment is illustrated in Figure 2, Panels B and C.

The first prediction is that the adoption of milking machines will displace women from

agricultural jobs in the rural sector and push them out of the countryside to find employment

in the urban sector. It is immediately clear from equation (4) that a decline in the price of

machines reduces the female wage in rural areas.21 This is illustrated by the relative earnings

curve shifting up (red line) in Figure 2, Panel B. Since female and male workers are bound

to a task in the rural sector, this does not generate any re-sorting of female workers across

tasks in the rural sector. Instead, the Roy framework with respect to rural and urban skills,

implies that female workers’ decisions to migrate to urban areas will respond elastically to

relative wage levels in the rural and urban sectors. Specifically, all women with a comparative

advantage between ı∗′ and ı∗ will be displaced by milking machines from agricultural jobs in

the rural sector and migrate to find employment in the urban sector.

The model also allows us to identify the compliers. Based on the terminology of Angrist

(2004), female workers to the left of ı∗′ in Figure 2, Panel B are “never-takers.” They have

such a strong comparative advantage in the rural sector that they will not migrate to urban

areas, even after the adoption of milking machines. Female workers between ı∗′ and ı∗

are “compliers.” They will migrate to urban areas if and only if their municipality adopts

milking machines. Finally, female workers to the right of ı∗ are “always-takers". They have

such a strong comparative advantage in the urban sector that they will move, even if their

municipality does not adopt milking machines.

The second prediction is that, on average, displaced women will experience long-run

income gains. This prediction emanates from the fact that the first women displaced by

milking machines are those with the highest comparative advantage in the urban sector.

These women are misallocated workers, in the sense that their earnings would be higher in

the urban sector to begin with, but they remain in rural areas only due to the moving cost.

In Figure 2, this is illustrated by the fact that the displaced women (between ı∗′ and ı∗) are

21That is, ∂W f
R/∂µ = AR > 0, and hence, ∂ηf /∂µ = −(AU PU /ARµ2) · (αU (i)/αR(i)) < 0.
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Figure 2

1

employed in rural sector employed in
urban sector
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A. Sorting by comparative advantage (women)

1

Comparative advantage in urban sector

wage
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𝛼𝑈(𝑖)𝛼𝑅(𝑖)ǁ𝜾 𝜾∗

11 − 𝑐
𝜼𝒊𝒇 𝝁′

never takers compliers always takers

misallocation𝜾∗′

𝜼𝒊𝒇 𝝁

B. Milking machines’ impact on women

1

ǁ𝒋 𝒋∗

𝜼𝒊𝒎 𝝁′wage
relative11 − 𝑐

𝛼𝑈(𝑖)𝛼𝑅(𝑖)

𝜼𝒊𝒇 𝝁

misallocation

Comparative advantage in urban sector

C. Milking machines’ impact on men

Note.— This figure shows the model’s equilibrium (Panel A) and comparative statics for
the effects of the adoption of milking machines on women (Panel B) and men (Panel C).
For illustrative purposes, we assume that αU(i) and αR(i) are uniformly distributed.

in the region of misallocated workers (between ı̃ and ı∗). A depression in female rural wages,

such as the one induced by the automation of milking tasks, can break up this allocative

inefficiency and induce long-run income gains to the displaced female workers who relocate to

cities. This result hinges on the assumption that the cost of moving is large enough such that

a substantial share of the compliers are misallocated in rural areas prior to the technology

shock. Recent evidence supports this assumption, showing that barriers to migration and

moving costs are substantial in rural settings similar to our case study (see e.g., Nakamura

et al. (2021) and Munshi and Rosenzweig (2016)).

The third prediction is that rural municipalities with farming conditions better suited for
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dairy production will adopt milking machines to a greater extent, and hence, will experience

more drastic displacement effects Let this economy be a collection of rural municipalities

j ∈ J , which operate with the production functions in equations (1) and (2), but are het-

erogeneous with respect to β(j), the factor share of different farming tasks. A small β(j)

represents a task-y1-intensive municipality—in our setting, municipalities better suited for

dairy production. Although all municipalities face the same price of milking machines, µ, the

degree to which municipalities adopt this technology depends on β(j). To see this, it is useful

to define the input demand in rural municipalities as θ(j) = (ARLf
R(j) + M(j))/(ARLm

R (j)).

In other words, θ(j) captures how much a rural municipality j demands milking machines

and/or female labor (i.e., task-y1 input) relative to male labor (i.e., task-y2 input). Assuming

that each municipality satisfies productive efficiency,

∂YR(j)/∂Lf
R(j) = W f

R(j), ∂YR(j)/∂M(j) = µ, and ∂YR(j)/∂Lm
R (j) = W m

R (j),

implies that the the input demand in rural municipalities is θ(j) = [PR(1 − β(j))/µ]
1

β(j) . The

partial derivative of lnθ(j) with respect to µ and β(j) is:

∂lnθ(j)

∂µ
=

−1

µβ(j)
< 0 and

∂2ln θ(j)

∂µ∂β(j)
=

1

µβ(j)2
> 0 . (6)

Equation (6) shows that as the price of milking machines declines, the demand for milking

machines and/or female labor (i.e., for task-y1 input) increases. As shown above, this in-

creased input demand will be met entirely by an influx of milking machines, as female wages

in the rural sector will fall and marginal female workers will reallocate their labor input to the

urban sector. In addition, the cross-partial derivative shows that the aforementioned influx

of milking machines, and hence, the first-order displacement effect of milking machines on

female labor, will be relatively larger in municipalities with a large 1 − β(j). We adopt this

theoretical insight into our estimation strategy. Specifically, we capture municipality-level

heterogeneity in dairy production prior to the diffusion of milking machines by the number

of milk cows per farm in 1930 (see Section 5).

The fourth prediction is that the adoption of milking machines after a fall in their price

from µ to µ′ will increase the wage per efficiency unit of male labor in the rural sector.22

From equation (5), we see that ∂W m
R /∂µ = −PR AR [(1 − β)/µ]

1
β . This different effect for

men is illustrated in Figure 2, Panel C. Note that the effect of the decline in the price of

milking machines on men’s relative earnings ηm
i is smaller in magnitude than the effect on

22This is consistent with the evidence in Section 2 that the rapid mechanization of farming led to the
masculinization of agriculture in Norway.
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women’s relative earnings ηf
i and goes in the opposite direction.23 Hence, this labor-saving

technological change in relation to men triggers neither a displacement effect nor migration

to cities, and as a result, the potential long-run income gains from moving to a city are not

realized. Men with a comparative advantage between ̃ and ∗ remain where they are.

In the remaining part of the paper, we bring these predictions to the data and evaluate

how women who were born in rural areas when Norwegian farms introduced milking machines

performed later in life.

4 Data

In this section, we describe our primary sources: (i) linked individual-level administra-

tive datasets from the Norwegian Registry Data maintained by Statistics Norway, and (ii)

municipality-level data on the adoption of milking machines from the census statistics on

Norwegian farms. Other secondary datasets are introduced in the relevant sections of the

empirical analysis below.

In our analysis, we focus on adult outcomes of women from rural municipalities who,

at ages 16-25, would have traditionally been hired by farms to perform hand milking (see

Section 2). Our main sample includes circa 380,000 women born in rural municipalities

with at least one farm in 1929,24 who were aged 16-25 in 1930, 1940, 1950, 1960, or 1970

(agricultural census years).25 In extended specifications, we also consider the corresponding

cohorts of men in our main sample. We refer readers to Appendix Table 1 for detailed

summary statistics.

4.1 Registry data

Our individual-level data draw on the administrative registries provided by Statistics Norway.

For our analysis, we use the linked central population register covering the full Norwegian

population from 1960 to 2019, the full count population censuses of 1960, 1970, and 1980, the

education register, and the tax and earnings register. These registers provide information

on place of birth and residence, occupation, earnings, educational attainment, and personal

23The effect for men is smaller than for women because ∂W f
R/∂µ is larger in magnitude than ∂W m

R /∂µ,
as long as µ > PR(1 − β). This condition is satisfied when milking machines are first introduced, as the
pre-adoption price of new technologies, here µ0, tends to infinity.

24We classify municipalities as rural if they report no urban population and at least one farm in the Census
of Agriculture 1929.

25Specifically, we consider women turning 16 to 25 in each agricultural census year, who might have been
15 at the start of the year. For the 1946 agricultural census, we consider women aged 16-25 in 1940 instead
of in 1946 in order to avoid overlapping cohorts in 1946 and 1950.
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identifiers that make it possible to follow men and women over time.

From the central population register, we use the municipality of birth to build our sample

of young rural women and to measure women’s exposure to the adoption of milking machines.

We measure exposure at the age of 16-25, when they would have traditionally been hired as

milkmaids.26 The central population registry also includes personal identifiers, which we use

to follow women over time. Importantly, these unique identifiers allow us to link all women,

notwithstanding changes in their last name after marriage. This adds to the credibility of

our data over other historical studies using automated linking methods to create historical

panel data without unique identifiers. The unique personal identifier also enables matching

to registers on tax and earnings, education, and full count censuses.

We supplement this data with full count population censuses from 1960, 1970, and 1980.

The censuses are used to identify each individual’s occupation and to evaluate the displace-

ment effect of milking machines out of agriculture for young women later in life. To do this,

we classify occupations into farming and non-farming activities and evaluate how the diffu-

sion of milking machines when a woman was aged 16-25 affected her occupation after age

25, as reported in the subsequent census.27 The occupations registered in the censuses are

self-reported and cover almost the entire population. On average, 9 percent of the women

in our sample worked in agriculture after the age of 25. We also use the decennial occupa-

tion data to examine effects on the occupations’ skill content. More specifically, we use the

classification of occupations matched with skill content from O*Net to group occupations

outside agriculture into high-, medium-, and low-skilled jobs (Autor, 2019). Around 12.5

and 18 percent of the women in our sample who were not employed in farming performed

high- and medium-skill jobs after the age of 25.

The full count population censuses also report the municipality of residence of each

individual. This, together with the municipality of birth, allows us to examine long-distance,

rural-to-urban migration patterns.28 We evaluate the extent to which the diffusion of milking

machines when a woman was aged 16-25 affected her decision to migrate. About one quarter

of the women in our sample moved to a city.

In addition, we measure earnings by linking individuals to the tax registry maintained

26In other words, we use the municipality of birth as a proxy for the municipality of residence at age 16-25.
This assignment also avoids capturing the effect of endogenous migration decisions.

27Specifically, for women aged 16-25 in 1930, 1940, and 1950, we look at their occupation in the 1960
Census; for women aged 16-25 in 1960, we look at their occupation in the 1970 Census; and for women aged
16-25 in 1970, we look at their occupation in the 1980 Census. When a woman’s occupation is missing in a
given census, we look at their reported occupation in a later census.

28We define rural-to-urban migration as moving to an urban area outside one’s county (fylke) of birth. We
also construct measures of migration to any city, to a town with higher education institutions, and migration
outside and within an one’s county of birth.
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by Statistics Norway, which has been available since 1967. We use gross earnings to evaluate

both the short- and long-term effects of the adoption of milking machines on women’s income,

as well as their labor force participation. For short-term effects, we follow the year-by-year

income trajectory of women turning 16 in 1970—the first cohort in our sample for which

yearly income data is available from the start of their working life. For long-term effects, we

consider our main sample, measure their income later in life, and construct income percentile

ranks based on all individuals (i.e., men and women) born in the same year. Specifically, we

construct income percentile ranks based on gross earnings at the age of 45. Because the tax

registry only starts in 1967, we use gross earnings at age 52 for women aged 16-25 in 1940

and pre-tax earnings at age 62 for women aged 16-25 in 1930. Appendix Figure 4 shows that

there is a high correlation between income percentile ranks at ages 45, 52, and 62. Similarly,

several studies show that income rank is less sensitive to the age at which income is measured

than the income in levels (e.g., Chetty and Hendren, 2018). The average adult earnings are

approximately 65,000 Norwegian kroner (NOK) for women in our sample. For female labor

force participation (FLFP), we consider an adult woman as working if she reports positive

earnings at age 45. Since this excludes the earliest cohorts (women aged 16-25 in 1930 and

1940), Appendix Table 13 considers alternative FLFP definitions using occupation data from

the Census records.

Finally, we measure educational attainment using the educational database provided by

Statistics Norway. This data is based on educational attainment reports submitted directly

by the educational institutions to Statistics Norway every year since 1970. This minimizes

any measurement error from misreporting. As measures of educational attainment, we use

whether individuals completed at least upper-secondary education or hold a bachelor’s degree

or higher. On average, 10 percent of the women in our sample attained undergraduate

education or higher (see Appendix Figure 5).

4.2 Agriculture censuses

We combine our individual-level data with aggregated municipality-level census statistics on

Norwegian farms. These agricultural censuses were collected on a decennial basis,29 cover our

entire study period from 1930 to 1970, and report detailed statistics on the number of farms,

agricultural machinery, equipment, crops, and livestock in each municipality. However, there

is no information on agricultural output. For our analysis, we use the number of milking

machines per farm in each municipality in each census year as measure of local technology

adoption. Over our study period, an average rural municipality had seven milking machines

29Except in 1940 were the agricultural census was delayed to 1946 because of WWII.
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per 100 farms, although as discussed above, there is a considerable heterogeneity across time

and space (see Figure 1 and Appendix Figure 6). In addition, we use information on the

number of dairy cows per farm in each municipality in 1930 to capture the intensity of (formal

and informal) female labor engaged in milking cows prior to the introduction of milking

machines. The agricultural censuses also report information that is useful to construct

control variables that capture initial municipality-specific characteristics that could also have

affected the diffusion of milking machines over time, such as the agricultural intensity and

the farm size distribution. The selection of the controls are based on a Lasso procedure,

which we describe in the next section.

5 Empirical strategy

Our goal is to estimate the causal effect of the adoption of milking machines on various

individual outcomes of interest, including displacement from farming, migration, income, and

labor force participation. We use an instrumental-variable approach that exploits plausibly

exogenous variation in the local uptake of milking machines. We do so by constructing an

exposure measure to milking machines, which combines changes in the nationwide adoption

of milking machines (Figure 1) with local differences in the importance of dairy farming

across municipalities in the pre-milking machines era (Figure 3).30

Formally, we define our local milking machine exposure measure, Ej,d(c), as:

Ej,d(c) =
M̄d(c)

F̄d(c)

×
Cj,1930

Fj,1930

, (7)

which consists of two components: The first component is the total number of milking

machines in Norway, M̄d(c), normalized by the total number of farms in Norway, F̄d(c), at

the census year d(c) when birth cohort c was aged 16-25; the ages at which women were

traditionally hired as milkmaids. This component can be interpreted as the national “shift”

in the adoption of milking machines. It captures the cohort variation generated by the

diffusion of milking machines in Norway, which took off after 1951 when Norway lifted all

import restrictions on agricultural equipment (Espeli, 1990). The second component captures

the intensity of (formal and informal) female labor engaged in milking cows in municipality

j in 1930, before the first milking machines were adopted in Norway. Specifically, Cj,1930

denotes the number of milk cows in municipality j in 1930 and Fj,1930 the number of farms in

30Conceptually, our approach of capturing the local impact of a technology shock is similar to studies
evaluating the effects of trade liberalization or immigration restrictions on local economies (e.g., Kovak,
2013; Dix-Carneiro and Kovak, 2017; Abramitzky et al., 2023).
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Figure 3: Milkcows per farm in 1930
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Note.— This figure shows the distribution of the number of milkcows per farm across
Norwegian municipalities in 1930. Source: Population Census of 1930 (own calculations).

municipality j in 1930. Because milking machines automated cow milking, a task previously

performed by milkmaids, the number of milk cows per farm captures the treatment intensity

at the municipality level.31 Importantly, this component is a proxy for the local “share” of

women employed as milkmaids, including women who were hired without a formal contract

(e.g., family members). For robustness, we show that results are very similar when using

the share of female labor formally hired as milkmaids in 1930 instead of the number of milk

cows per farm in 1930.32

31Although we use the nationwide roll-out of milking machines, the municipality-level differences in milk
cows per farm in 1930 generate local variation in exposure to this technology shock.

32Our preferred specification considers the number of milk cows per farm and not the share of milkmaids
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The first stage uses the exposure measure defined in equation (7) to capture exogenous

variation in the number of milking machines per farm adopted at each municipality over

time. The first-stage equation is outlined as follows:

Mj,d(c) = αj + βc + τEj,d(c) +
∑

t

1[c = t] × X′
jθt + ej,c , (8)

where Mj,c is the number of milking machines per farm in municipality j at the census

year d(c); and αj and βc are fixed effects for municipalities and birth cohorts.33 The set of

controls, X ′
j, includes two measures of agricultural intensity in 1930 (the share of improved

farmland and the number of farms per capita) and a measure of the farm size distribution

in 1930 (the ratio of large to small farms), both interacted by birth cohort fixed effects.

We select these flexible trends based on a Lasso procedure, which we present in Appendix

Table 2.34

The corresponding second-stage equation is:

Yi,j,c = αj + βc + γM̂j,d(c) +
∑

t

1[c = t] × X′
jθt + ǫi,j,c, (9)

where Yijc denotes the outcome of interest for woman i born in year c in municipality j; αj

and βc are fixed effects for municipalities and birth cohorts; and M̂j,d(c) is the instrumented

number of milking machines per farm in municipality j at the time when birth cohort c was

aged 16-25. Standard errors are clustered at the municipality level to account for correlations

within a municipality in a given year and over time. We also show that our results are

robust when accounting for different degrees of spatial correlation using Conley standard

errors (Conley, 1999) with different distance cutoffs. Throughout our analysis, we keep

municipality borders constant based on the “kommuner” classification of 1980. We also

flexibly account for county-specific trends by adding county-by-birth cohort fixed effects to

estimating equations (8) and (9).

because, in addition to capturing informal labor, this measure is picked by our Lasso procedure as a more
important determinant of milking machine adoption.

33It is not necessary to add the share of milkmaids in municipality j in 1930 to equation (8), as the
municipality fixed effects capture the direct effect.

34Our estimation strategy shares similar features with the classic shift-share instrumental variables ap-
proach (Bartik, 1991). Our exposure measure uses cows per farm as “shares” and the nationwide increase
in milking machines per farm as “shifters” to instrument the uptake of milking machines per farm at the
municipality level. Moreover, the use of a Lasso method to select relevant control variables was inspired by
suggestions for shift-share designs in Goldsmith-Pinkham et al. (2020). However, in contrast to the typical
shift-share approach, we have a clear zero date that we use to validate our research design (see Section 5.1).
See Adao et al. (2019) for further discussions of shift-share designs.
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5.1 Threats to identification

The two-stage least squares (TSLS) estimate of γ measures the casual impact of the in-

troduction of milking machines under the assumption that our instrument is relevant and

satisfies the exclusion restriction. We follow several strategies to substantiate the validity of

our instrument. First, our local milking machine exposure measure, Ej,d(c), is exogenous to

changes in women’s outcomes during periods of rapid technological change because it com-

bines a nationwide “shift” with a local treatment intensity measured before the first milking

machines made their way into Norway. Second, we use a Lasso procedure to select the

relevant control variables that might be correlated with both the endogenous regressor and

the outcome variables (see Appendix Table 2). Specifically, we use Lasso to assess whether

our measure of technology adoption, Mj,d(c), is correlated with any other initial (year 1930)

municipality characteristics that might generate differential trends in outcomes across mu-

nicipalities. Besides the number of milk cows per farm, the only other controls selected by

the Lasso procedure are farms per capita, the share of improved farmland, and the ratio of

large to small farms.35 Moreover, we also show that the number of milk cows per farm is not

positively correlated with municipality wealth and wages in 1930 (see Appendix Figure 10).36

The selected controls are interacted with birth cohort fixed effects (see equations (8) and

(9)). These flexible trends’ specifications capture the possibility that cohorts in rural mu-

nicipalities before the arrival of milking machines were on a different trajectory of structural

transformation. Third, to further account for time-varying unobservables that may violate

the exclusion restriction, we flexibly account for county-specific cohort trends by including

county-by-birth cohort fixed effects. Fourth, we contrast the results with young rural men

(Section 6.4) and conduct a series of robustness checks to further address potential concerns

over omitted variable bias.

Moreover, although the exclusion restriction is impossible to test directly, we can show

that the outcomes of women in rural municipalities more (or less) affected by the adoption

of milking machines evolved similarly in the pre-milking machine era. This is accomplished

by using the following event-study specification:

Yi,j,c = αj + βc +

1970
∑

t=1930

γt 1[d(c) = t] ×
Cj,1930

Fj,1930

+ ǫi,j,c , (10)

35All other controls included in Appendix Table 2—the share of milkmaids, the share of female employment
in agriculture, the female labor force participation rate, the female net-migration rate, population density,
an indicator for early adoption of tractors, the share of female population between, respectively, 15 and 19,
20 and 39, 40 and 59, 60 and over, the capital labor ratio, the municipality area, the ratio of large to small
farms, male and female income, and male and female wealth—are not selected by the Lasso procedure.

36In addition, Appendix Figure 11 shows that the farm size distribution did not change overtime, and
hence, was probably unresponsive to the adoption of milking machines.
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where we regress various outcomes of interest, Yijc, on the number of milk cows per farm

in 1930, Cj,1930

Fj,1930
(i.e., the treatment intensity), interacted by a set of indicator variables,

1[d(c) = t], for birth cohorts, c, who entered the labor market at different decades, d(c).

We also include municipality (αj) and cohort (βc) fixed effects. We refer to the 1930s as

the pre-treatment cohorts, use the 1940s as the reference cohorts, and the 1950s, 1960s, and

1970s as the post-treatment cohorts. The set of γt coefficients captures how the relationship

between women’s long-term outcomes and the treatment intensity differs across cohorts.

Figure 4 presents estimates of γt based on equation (10), along with the national roll-out

of milking machines in Norway over time (gray line). Panel (a) considers milking machines

per farm as the dependent variable. Hence, it can be interpreted as the first stage of our

analysis, showing how the treatment intensity relates to the adoption of milking machines.

The estimated γt-coefficients reveal that rural municipalities with more milk cows in the

pre-milking machines era had a higher uptake of milking machines per farm in the 1950s,

1960s, and 1970s.37 This finding supports the relevance of our instrument and is in line with

the historical narrative and with the model’s third prediction.

Panels (b) to (g) consider our main long-term outcomes of interest. These event-study

specifications allow us to evaluate whether the outcomes of the pre-treatment cohorts with

different treatment intensities follow parallel trends before the uptake of milking machines.

All figures show quantitatively negligible differences in the outcomes for the pre-treatment

cohorts. The number of milk cows in the pre-milking machines era predicts a similar share

of women working in agriculture as adults and migrating from their birthplace into cities

in the 1930s and 1940s. Similarly, before the mass adoption of milking machines, there are

no differential effects on women’s income rank at age 45, the share taking on high skill jobs

outside agriculture, or on educational attainment.

We provide additional evidence to support the parallel trends assumption. We conduct

a placebo experiment in which we ask what would have happened in dairy-intensive munici-

palities if the substantial increase in milking machines between 1950 and 1960 had occurred

between 1900 and 1910.38 Reassuringly, there are no signs of pre-trends in the relevant

outcomes, which are summarized in Appendix Table 3. The point estimates are all very

small, close to zero, and statistically insignificant suggesting that agricultural employment,

moving costs, and female labor force participation were not already on a decline in dairy-

37Since there were no milking machines in Norway in 1930, the estimated coefficient for the pre-treatment
cohort is zero.

38The data for our placebo experiment is the historical complete count census records of Norway in 1900
and 1910 provided by the Norwegian Historical Data Centre (University of Tromsø) and the Minnesota
Population Center (2020). The data contain detailed information about individuals’ occupations, their
municipality of birth, and residence.
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Figure 4: Cohort-specific relationship between long-term outcomes and the pre-milking ma-
chines dairy intensity.
Note.— This figure plots estimates and confidence intervals of γ from equation (10) on women’s outcomes

as adults (after age 25). Dots show the estimated cohort-specific effect of the municipality-level milkcows

per farm in 1930 (left y-axis). Lines indicate the number of milking machines per 100 farms in Norway (right

axis). The x-axis is the decade at which cohorts were aged 16–25, the age when women were commonly hired

as milkmaids. The sample is women born in rural municipalities with at least one farm in 1929, who were

aged 16–25 in 1930–1970. Panel (d) restricts the sample to women employed in non-agricultural occupations

as adults. Income and FLFP is measured at age 45 for cohorts aged 16–25 in 1950, 1960, and 1970, and at

age 52 and 62 for cohorts aged 16-25 in 1940 and 1930, respectively.
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intensive municipalities at the beginning of the 20th century.39 Overall, this suggests that our

main results do not capture substantial pre-trends in dairy-intensive municipalities before

the widespread adoption of milking machines after WWII. Coupled with the Lasso proce-

dure and the county-by-birth cohort fixed effects, our estimation strategy should effectively

identify the local labor push effect as a result of the diffusion of milking machines.

Finally, Panels (b)-(h) of Figure 4 reveal a completely different pattern for the post-

treatment cohorts. In dairy-intensive municipalities, women were more likely to work outside

the agriculture sector and migrated to cities in the 1950s, 1960s, and 1970s. They also

worked in higher-skilled jobs, earned higher incomes, were more likely to participate in the

labor force, and invested more in their education. Because milking machines automated

hand milking after the 1950s, these results provide some preliminary evidence that milking

machines triggered a process of structural change that, in the long-term, benefited women

exposed to this technology shock. In the next section, we show that these “reduced form”

effects indeed reflect the local adoption of milking machines.

6 Empirical results

We begin our empirical analysis in Section 6.1 by examining the short-term effects of the

introduction of milking machines on young rural women. Section 6.2 shows the long-term

effects for women who lived in rural municipalities at the age of 16–25 in 1930–1970. This

sample contains the group of compliers that we can identify using our estimation strategy.

According to the predictions of our model, these women are expected to be displaced by

milking machines, migrate, invest in their education, and take up jobs outside agricultural

sector. Section 6.3 discusses the underlying mechanisms behind these results. We conclude

the empirical analysis by contrasting the results with young rural men in Section 6.4.

6.1 Contemporaneous income effects

It has been documented elsewhere that, in the short run, labor automation brings economic

hardship to displaced workers (e.g., Acemoglu and Restrepo, 2020). The historical narrative

suggests that the adoption of milking machines in Norway had similar short-term negative

effects on young rural women who, as a result, lost their jobs as milkmaids. The displacement

costs were substantial. For example, during the 1950s, the foregone income of not working as

milkmaids was around NOK 3,100 per year for women. This would cover around one-quarter

39Since we always include fixed effects for municipalities and county-by-birth cohort, our empirical analysis
already accounts for time-invariant municipality-specific and time varying county-specific moving costs.
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of the expenditure of a working-class household with two children in a Norwegian city.40

To measure the short-term effects of the adoption of milking machines, we use yearly

income data from Norway’s tax registry. Since the earliest tax registry data is from 1967,

the short-term analysis is restricted by construction to the group of compliers in 1970.

Specifically, we focus on women who turned 16 in 1970, which allows us to evaluate the

short-term income responses from the start of their working life. Importantly, the Census of

Agriculture 1970 reports a large-scale uptake of milking machines.41 Hence, the evolution of

the incomes of these young women in the years following 1970 provides a good illustration

of the short-run effects of the adoption of this new technology. If the adoption of milking

machines triggered negative short-term effects, we would expect young women’s incomes to

evolve differently in municipalities with a high and low adoption of milking machines. We

estimate the differential evolution of young women’s incomes as follows:

Yi,j,t = αj + δt +
2000
∑

t=1971

γt 1[t − 1970] × Mhigh
j + ui,j,t, (11)

where Yijt is the income in year t ∈ {1970, ..., 1995} of a woman i who turned 16 in 1970 and

who was born in rural municipality j measured in logarithmic units as log(1+income). We

also include fixed effects for municipality (αj) and year (δt) in equation (11). The variable

of interest is the interaction between Mhigh
j , an indicator variable equal to one if the number

of milking machines per farm in municipality j in 1970 was above the 1970 median, and

1[t − 1970], a set of dummy variables for the number of years since 1970—when the relevant

uptake of milking machines took place for the women in this sample. The γt coefficients

capture the differential evolution of incomes after 1970 for young women in municipalities

with above- vs. below-median adoption of milking machines.

Figure 5 displays the estimated γt coefficients from equation (11) using a panel of 8,935

women over 25 years (1970-1995). In the short run, the adoption of milking machines entails

substantial negative effects on young women’s incomes: In the first four years, incomes

declined by 18-35% for women from municipalities with above-median adoption relative to

women from municipalities with below-median adoption.42 This is consistent with an adverse

income effect of being displaced from milkmaid jobs.43

40For more details, see Statistical Yearbook of Norway 1955, Tables 237 and 250.
41The number of milking machines increased from 40,000 in 1960 to 50,000 in 1970 (Figure 1).
42The omitted category is 1970, so Figure 5 shows the differential evolution of incomes in high vs. low

adoption municipalities relative to the 1970 differences. The difference is statistically significant at the 1%
and 5% levels in the third and fourth year, respectively.

43Appendix Figure 7 shows that the probability of reporting a zero income (i.e., of being unemployed
or at school) after three years increased by 2 percentage points for women from municipalities with above-
vs. below-median adoption. In addition, the figure shows that these negative short-term effects are robust
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In Appendix Table 4, we also use the 1960 Census to show similar negative effects for

earlier cohorts. We document a negative association between the uptake of milking machines

in 1960 and the share of household members who were employed in 1960.44 That said, there is

also a positive association between the adoption of milking machines and contemporaneous

student activity. This suggests that young women stayed longer at school as a result of

reduced earning opportunities when milking machines replaced milkmaid work.

Figure 5: Year-by-year evolution of young women’s incomes after 1970, by milking machines’
uptake in 1970
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Note.— This figure plots estimates of γt from Equation (11) and 95% confidence intervals.
The sample is a panel of 8,935 women and their incomes over 25 years (1970–1995). It is
restricted to women born in rural municipalities who turned 16 in 1970. Standard errors are
clustered by municipality.

Finally, Figure 5 shows that the negative short-term effects on young women’s incomes

are short-lived. Five years after the 1970s roll-out, we observe no significant income differ-

ences between women who, in 1970, resided in municipalities with different adoption rates.

After twelve years, the negative income effects are reversed, and women originally from mu-

nicipalities with a high uptake of milking machines consistently receive around 20% higher

incomes. This provides some initial evidence that the diffusion of milking machines, despite

its initial negative income effects, increased the long-term earning opportunities for affected

young women. Below, we study these long-term effects in detail and show that they are

to using the inverse hyperbolic transformation for women’s incomes, to including individual fixed effects in
equation (11), and to comparing the evolution of incomes after 1970 for women from municipalities with
above- vs. below-median milk cows per farm in 1930.

44We consider the share of employed household members to measure negative short-term effects at the
household level. This complements the estimates of equation (11), which capture negative short-term effects
at the individual level for affected women (individual income data have only been available since 1967).
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associated with a structural change process that transformed women’s work.

6.2 Main results: long-term effects

We begin our long-term analysis by assessing whether the diffusion of milking machines

pushed young female workers out of agriculture and triggered rural-to-urban migration, two

crucial elements of structural change. We also evaluate whether affected women were more

likely to work and had higher incomes as middle-aged adults.

Panel A of Table 1 presents our main results. The estimating equation is (9) and the

estimation method is TSLS. The number of milking machines per farm is instrumented by

the local exposure to milking machines as outlined in equations (7) and (8). Both measures

are standardized. Hence, the parameter of interest, γ̂T SLS, can be interpreted as the effect

of one standard deviation increase in milking machines per farm. For each outcome, we

report two specifications. The first includes only fixed effects for municipalities and birth

cohorts. The second, our baseline, adds the controls selected by the Lasso procedure and

county-by-birth cohorts fixed effects.45 In addition, we also control for flexible trends by the

1930s municipality-level capital intensity in agricultural production (proxied by an indicator

for the early adoption of tractors) and female incomes. For comparison, Table 1 also reports

the corresponding reduced form effects (Panel B) and the OLS estimates (Panel C).

In columns (1)-(2), we present compelling evidence that women who were more affected

by the diffusion of milking machines at the age of 16-25—the ages at which they would have

traditionally been hired as milkmaids—were less likely to be engaged in agriculture as middle-

aged adults.46 The TSLS estimate is negative and statistically significant at the 1-percent

level. Consistent with the evidence presented in Panel (a) of Figure 4, the corresponding first-

stage coefficient, is positive and statistically significant at the 1-percent level (see Appendix

Table 5). There is also no sign of a weak instrument (the Kleibergen-Paap F-Statistic of

instrument strength is far above the rule of thumb cutoff of 10). Overall, this suggests that

our TSLS estimate effectively captures a local displacement effect as a result of the adoption

of milking machines. The displacement effect is also quantitatively sizable. The point

estimate in column (2) implies that a one-standard-deviation increase in milking machines

per farm decreases a woman’s likelihood of working in agriculture after the adoption of

milking machines by around 4.4 percentage points, or 48 percent of the sample mean, which

is an economically sizable effect.

45We do not report results with these controls in levels (i.e., not interacted with flexible trends) as the
municipality fixed effects already absorb any cross-sectional differences across municipalities.

46About 30 percent of the women in our sample do not report any occupation in the following census.
Results are robust to excluding them from the analysis (see Appendix Table 6).
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In columns (3)-(4), we show that municipalities with a higher uptake of milking machines

also experienced a substantial out-migration of young female workers. The TSLS estimate is

positive and statistically significant at the 1-percent level. A one-standard-deviation increase

in milking machines per farm increased the likelihood of a potentially displaced woman to

migrate out of their county of birth and into a city by 3 percentage points, or about 12

percent of the sample mean. Altogether, our results suggest that the diffusion of milking

machines reduced female employment in agriculture and increased urbanization by pushing

young affected women out of their rural homes and into cities.

Next, columns (5)-(6) examine the effect of the adoption of milking machines on women’s

income rank as middle-aged adults.47 In line with the evidence presented in Section 6.1, we

find that in the longer term, women from more dairy-intensive municipalities ended up

at a higher echelon of the income distribution. The TSLS estimate is between 1.5-1.8 and

statistically significant at the 1-percent level. In other words, we find that for a one-standard-

deviation increase in milking machines per farm women climbed up the income distribution

by almost two percentiles. Importantly, women more exposed to milking machines at the

age of 16-25 improved their income rank as middle-aged adults, not only because they were

more likely to participate in the labor force (extensive margin), as columns (7)-(8) show,

but also because they had a higher income (measured in logs) at the age of 40-45 (Appendix

Table 7). These results are most likely driven by women who left their birthplace and moved

to cities (Appendix Table 8).48

One general observation is that the TSLS and reduced form estimates reported in Ta-

ble 1 are quantitatively similar when adding the controls selected by the Lasso procedure

and county-by-birth cohort fixed effects (if anything, there are somewhat larger in absolute

terms). As expected, the OLS estimates (Panel C) are substantially smaller (in absolute

terms) than the TSLS estimates. The IV results are local average treatment effects (LATE)

as they measure the effect of the compliers, who have higher economic returns to moving to

cities than the average rural population—the average treatment effect (ATE) (Imbens and

Angrist, 1994). From our model, we expect heterogeneity in returns from leaving the farm-

ing sector and moving, and the positive selection for the compliers is following the predicted

from our Roy model (Panel B of Figure 2). Moreover, the reduced form estimates or inten-

tion to treat estimates (Panel B)—the relation to the IV is that the IV is the reduced form

47To do so, we construct income percentile ranks based on the income at age 45 of all individuals (i.e.,
women and men) born in the same year. The results remain unchanged if we construct income percentile
ranks based on women only or when excluding the earlier cohorts from the sample since their adult income
is measured at ages 52 and 62 respectively (see Section 4.1 for details).

48Because of data limitations (income for the tax registry is only available from 1967), the results in
Appendix Tables 7 and 8 are only based on women aged 16-25 in 1950, 1960, and 1970.

28



weighted by the compliers or the first stage—are consistent with the event study estimates

presented in Figure 4 suggesting that young rural women in dairying municipalities were

indeed affected by the roll-out of milking machines after WWII.

These results are also robust to modifications of our exposure measure to milking ma-

chines (Appendix Table 10). For this exercise, we replaced the number of milk cows per

farm by the share of women employed as milkmaids in 1930 to proxy dairy-farming suit-

ability prior to the diffusion of milking machines.49 They are also not confounded by local

access to hydroelectric power—the main mode of electricity production in Norway during

our study period (Appendix Table 12).50 Moreover, standard errors are similar when we

account for spatial dependence in the error term using Conley (1999) standard errors with

different distance cutoffs (Appendix Figure 9).51

Overall, our results indicate that the diffusion of milking machines transformed women’s

work after WWII by breaking up allocative inefficiencies across sectors. It increased the

labor force participation and incomes of displaced young women as middle-aged adults.52

6.3 Long-term mechanisms: educational investments

We now turn our attention to the underlying mechanisms behind these results. We examine

educational investments as a possible channel through which the automation of hand milking,

despite its negative income effects in the short term, resulted in income gains in the long

term for affected young women.

These results are presented in columns (1)-(3) of Table 2. Estimates are obtained from

estimating equation (9) including our baseline controls. The TSLS estimates confirm our

hypothesis that displaced young women invested more in human capital. Specifically, col-

umn (1) shows that affected women experienced substantial occupational upgrading into

occupations requiring high skills. This sample only consists of women who did not work in

the agricultural sector as middle-aged adults. The TSLS estimate is statistically significant

at the 1-percent level. A one-standard-deviation increase in milking machines per farm re-

sulted in a 1.1 percentage point higher likelihood of working as a middle-aged adult in a

high-skill occupation, or about 9 percent of the sample mean. Columns (2)-(3) show that

49Although the share of milkmaids is a less exogenous proxy of dairy-farming suitability than our baseline
measure and does not capture unpaid labor, their use can also be motivated by our model’s third prediction.

50Most hydroelectric power plants were built in the period 1900–1920. By 1920, plants were distributed
all over Norway; see Leknes and Modalsli (2020, Figures 1 and 2).

51Furthermore, Appendix Table 11 compares estimates across municipalities that had no milking machines
by 1950 vs. had adopted them by 1950. Estimates across these stratified samples are very similar, suggesting
that the treatment effect did not vary substantially over time.

52Our findings also imply that a general increase in the rural-urban wage gap after WWII alone cannot
explain these patterns.

29



women exposed to milking machines at the age of 16-25 were more likely to have at least

(i) upper secondary education and (ii) an undergraduate degree. Both estimates are sta-

tistically significant at the 1-percent level. For example, a one-standard-deviation increase

in milking machines per farm increased the likelihood of women completing at least upper

secondary education by 1.5 percentage points, or 9 percent of the sample mean—a quan-

titatively sizable effect. This is consistent with the historical narrative that, after WWII,

better-educated young rural women took up white-collar jobs in the cities. The results also

suggest that human capital investments played a major role in the occupational upgrading

experienced by Norwegian women after the automation of hand milking.

Next, we delve deeper into this mechanism by examining the relationship between local

(above primary) schooling infrastructure and rural out-migration triggered by the diffusion

of milking machines. Because the reinstatement of displaced women into high-skill jobs in

urban areas required further investment in formal education, we expect migration decisions

to depend on the local schooling infrastructure. First, we expect displaced young women to

migrate to towns with higher-education institutions. Second, we expect less out-migration

from affected rural areas with high schools. We examine these hypotheses using data from

Machin et al. (2012) on Norway’s local schooling infrastructure.53 The data lists whether

a municipality had at least one high school (gymnasium) or higher-education institution

(Høyskole or university) in 1963.

To test the first hypothesis, we present TSLS estimates of regressing the probability of

migrating into a town with a higher-education institution on milking machines per farm. The

estimating equation is (9) and includes the same set of controls as in Section 6.2. Column (4)

of Table 2 shows that a one-standard-deviation increase in the number of milking machines

per farm increased the likelihood of a potentially displaced woman moving to a town with

a higher-education institution by 3.8 percentage points, or about 12 percent of the sample

mean.54 The point estimate is statistically significant at the 1-percent level.

To test the second hypothesis, we add an interaction term between the number of milking

machines per farm, Mj,d(c), and an indicator variable equal to one if a woman’s municipality

of birth had a high-school in 1963, HSj, to estimating equation (9). This interaction term

is instrumented with our exposure measure in equation (7), Ej,d(c), interacted with HSj.
55

Columns (5)-(8) of Table 2 presents the second-stage estimates. The estimates show that

the diffusion of milking machines pushed women out of rural areas into towns with higher-

education institutions, cities, and outside their county of birth. These effects are stronger

53The data is for 435 municipalities in 1960, which correspond to 421 municipalities using 1980 borders.
54This effect is not only driven by the five towns had a university (Oslo, Bergen, Trondheim, Tromsø, and

Ås). For example, in 1963 there were 28 different municipalities with a Høyskole.
55The municipality fixed effects absorb the direct effect of a municipality having a high-school in 1963.

30



T
ab

le
2:

T
h
e

d
iff

u
si

on
of

m
il
k
in

g
m

ac
h
in

es
,

ed
u
ca

ti
on

al
in

ve
st

m
en

ts
,

an
d

m
ig

ra
ti

on
d
ec

is
io

n
s

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

M
ig

ra
ti

o
n

to
:

≥
≥

T
ow

n
w

it
h

T
ow

n
w

it
h

H
ig

h
-s

k
il
l

U
p
p

er
-s

ec
.

U
n
d
er

gr
ad

.
h
ig

h
er

-e
d
u
.

h
ig

h
er

-e
d
u
.

O
u
ts

id
e

In
si

d
e

o
cc

u
p
at

io
n

ed
u
ca

ti
on

ed
u
ca

ti
on

in
st

it
u
ti

on
in

st
it

u
ti

on
A

n
y

ci
ty

co
u
n
ty

co
u
n
ty

M
il
k
in

g
m

ac
h
in

es
p

er
fa

rm
0.

01
1*

**
0.

01
5*

**
0.

01
5*

**
0.

03
8*

**
0.

04
1*

**
0.

03
5*

**
0.

04
1*

**
-0

.0
05

(0
.0

03
)

(0
.0

05
)

(0
.0

04
)

(0
.0

08
)

(0
.0

08
)

(0
.0

08
)

(0
.0

08
)

(0
.0

07
)

M
il
k
in

g
m

ac
h
in

es
p

er
fa

rm
.

.
.

.
-0

.0
22

**
*

-0
.0

24
**

*
-0

.0
17

**
*

0.
00

6
×

m
u
n
.

h
as

h
ig

h
sc

h
o
ol

in
19

63
(0

.0
06

)
(0

.0
06

)
(0

.0
06

)
(0

.0
05

)

O
b
se

rv
at

io
n
s

34
4,

65
8

37
6,

59
4

37
6,

59
4

35
1,

69
1

35
1,

69
1

36
7,

39
4

36
7,

39
4

36
7,

39
4

F
-s

ta
t

fi
rs

t
st

ag
e

(1
)

10
4.

34
3

10
5.

48
7

10
5.

48
7

99
.3

34
10

4.
25

1
10

5.
76

7
10

5.
76

7
10

5.
76

7
F

-s
ta

t
fi
rs

t
st

ag
e

(2
)

.
.

.
.

28
7.

96
6

29
1.

61
0

29
1.

61
0

29
1.

61
0

M
ea

n
d
ep

.
va

ri
ab

le
0.

12
5

0.
16

8
0.

10
8

0.
32

9
0.

32
9

0.
37

7
0.

40
3

0.
28

7

M
u
n
ic

ip
al

it
y

F
E

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

B
ir

th
ye

ar
F

E
ye

s
ye

s
ye

s
ye

s
ye

s
ye

s
ye

s
ye

s
C

ou
n
ty

-b
y
-b

ye
ar

F
E

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

F
le

x
ib

le
tr

en
d
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

N
o

t
e
.—

T
hi

s
ta

bl
e

sh
ow

s
IV

es
ti

m
at

es
ba

se
d

on
E

qu
at

io
ns

(8
)

an
d

(9
).

In
te

ra
ct

io
ns

in
co

ls
.

5-
8

ca
pt

ur
e

th
e

di
ff

er
en

ti
al

eff
ec

t
of

th
e

di
ff

us
io

n
of

m
ilk

in
g

m
ac

hi
ne

s
in

m
un

ic
-

ip
al

it
ie

s
w

it
h

at
le

as
t

on
e

hi
gh

-s
ho

ol
(g

ym
na

si
um

)
in

19
63

,
an

d
ar

e
in

st
ru

m
en

te
d

w
it

h
ou

r
ex

p
os

ur
e

m
ea

su
re

(E
qu

at
io

n
( 7

))
×

a
du

m
m

y
fo

r
m

un
ic

ip
al

it
ie

s
w

it
h

at
le

as
t

on
e

hi
gh

-s
ch

oo
l

in
19

63
.

T
he

sa
m

pl
e

in
cl

ud
es

w
om

en
b

or
n

in
ru

ra
l

m
un

ic
ip

al
it

ie
s

w
it

h
at

le
as

t
on

e
fa

rm
in

19
29

,
w

ho
w

er
e

ag
ed

16
–2

5
in

19
30

-1
97

0.
C

ol
.

1
re

st
ri

ct
s

th
e

sa
m

pl
e

to
w

om
en

em
pl

oy
ed

ou
ts

id
e

of
ag

ri
cu

lt
ur

e
af

te
r

ag
e

25
;

C
ol

s.
4-

8.
ex

cl
ud

e
m

un
ic

ip
al

it
ie

s
w

it
h

no
in

fo
rm

at
io

n
on

th
e

sc
ho

ol
st

ru
ct

ur
e.

In
de

p
en

de
nt

va
ri

ab
le

s
ar

e
no

rm
al

iz
ed

to
ha

ve
a

m
ea

n
of

ze
ro

an
d

an
SD

of
on

e.
F

le
xi

bl
e

tr
en

ds
in

cl
ud

e
m

un
ic

ip
al

it
y-

le
ve

l
m

ea
su

re
s

of
:

ag
ri

cu
lt

ur
al

in
te

ns
it

y
in

19
30

(i
.e

.,
th

e
sh

ar
e

of
im

pr
ov

ed
fa

rm
la

nd
an

d

fa
rm

s
p.

c.
)

×
bi

rt
h

co
ho

rt
F

E
;

ra
ti

o
of

la
rg

e-
to

-s
m

al
l

fa
rm

s
in

19
30

×
bi

rt
h

co
ho

rt
F

E
;

ca
pi

ta
l

in
te

ns
it

y
in

19
30

(i
.e

.,
ea

rl
y-

tr
ac

to
r

ad
op

ti
on

)
×

bi
rt

h
co

ho
rt

F
E

;
an

d
fe

m
al

e

in
co

m
e

in
19

30
×

bi
rt

h
co

ho
rt

F
E

.
Sa

nd
er

so
n-

W
in

dm
ei

je
r

F
-s

ta
ts

ar
e

re
p

or
te

d
fo

r
ea

ch
in

st
ru

m
en

t’
s

fir
st

st
ag

e
in

co
ls

.
5-

8.
St

an
da

rd
er

ro
rs

(i
n

pa
re

nt
he

se
s)

cl
us

te
re

d
at

th
e

m
un

ic
ip

al
it

y
le

ve
l;

*p
<

.0
5;

**
p<

.0
1;

**
*p

<
.0

01
.

31



in municipalities lacking schooling infrastructure (reference group) than in municipalities

that have a high-school. We find no effects on migration decisions that are not part of a

structural transformation process, i.e., short-distance migration (inside the county).56 These

results reveal that women’s decision to move was partly driven by the desire to acquire more

education to access high-skill employment. Importantly, they also suggest that the long-

term effects of mechanization are not institution-independent, as the lack of local schooling

infrastructure seems to exacerbate the out-migration of displaced workers.

Importantly, our results are not simply a byproduct of education reforms. The Folk School

Law (1936) and the Primary School Reform (1959) were the two major social-democratic

reforms of Norway’s schooling system during our sample period.57 The Folk School Law

aimed to equalize access to primary schooling across rural and urban areas (Rust, 1989) and

was fully implemented in every municipality by 1941.58 Hence, this reform occurred before

the widespread adoption of milking machines after WWII. The Primary School Reform, on

the other hand, increased compulsory education from 7 to 9 years and was implemented by

different municipalities at different points in time from 1960 to 1972 (Black et al., 2005).59

Although the roll-out of this reform was concomitant with the large scale adoption of milking

machines, the two processes were orthogonal. Appendix Figure 8 shows that municipalities

with a large-scale adoption of milking machines by 1960 did not implement the Primary

School Reform earlier than municipalities with few or no milking machines (Panel A). A

local polynomial regression of the first cohort affected by the reform in each municipality

on our treatment-intensity measure confirms that the roll-out of the reform was statistically

independent from the diffusion of milking machines (Panel B).60 Furthermore, Appendix

Table 9 shows that our main results are robust to controlling for the roll-out of the Primary

Education Reform.61

56The Sanderson-Windmeijer (SW) first-stage F-statistics in columns (5)-(8) indicate that the instrumental
variable estimates are not substantially biased (Sanderson and Windmeijer, 2016).

57Municipalities were given five and 12 years, respectively, to implement the two reforms.
58By 1941, every rural municipality had fully implemented the increase in the number of weeks of instruc-

tion (from 15 to 16 and 18 weeks in the first three and last four grades), the reduction of class sizes (from
35 to 30), and the curricula changes embedded in the Folk School Law reform.

59In addition, access to schools improved and the curriculum was reformed.
60The figure uses data from Black et al. (2005). Panel A plots our treatment-intensity measure in 1960

(right) and the first cohort affected by the reform (left) in each municipality, sorted by the reform imple-
mentation date. Panel B displays a Kernel-weighted local polynomial showing that, on average, the 1953-54
cohort was the first affected by the reform independently of a municipality’s milking-machine adoption rate.

61To do so, we include a reform indicator in estimating equation (9) equal to one if municipality m had
fully implemented the Primary School Reform when cohort c attended school.
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6.4 Gender effects

Finally, we show that the introduction of milking machines had opposite effects on men and

women, narrowing the long-term gender gap in income and labor force participation.

To do so, we extend our analysis along two dimensions: First, we extend our sample with

the corresponding cohorts of men born in rural municipalities aged 16-25 in the census years

1930-1970. To estimate the gender-specific effects of the adoption of milking machines, we

modify our baseline estimating equation (9) by interacting the number of milking machines

per farm, Mj,d(c), with an indicator for men. This interaction term captures the differential

effect of the adoption of milking machines on men and women. As before, we instrument

Mj,d(c) with our milking machine exposure measure of exposure (Ej,d(c)), and Mj,d(c) × meni

with our measure of exposure interacted with an indicator for men. Our modified specifica-

tion includes a gender dummy, the baseline controls and their interactions by gender.

Table 3: The diffusion of milking machines, results for both sexes

(1) (2) (3) (4)
Employment Migration Income Labor force
in agriculture to city pctle rank participation

Milking machines per farm (γ1) -0.044*** 0.031*** 1.892*** 0.038***
(0.005) (0.006) (0.305) (0.007)

Milking machines per farm × Man (γ2) 0.015** -0.010* -1.861*** -0.032***
(0.006) (0.005) (0.387) (0.006)

Observations 726,537 726,537 687,621 549,058
Effect for men (γ1 + γ2) -0.029 0.021 0.031 0.006
p-value 0.001 0.001 0.934 0.011
Sanderson-Windmeijer F-stat (1) 105.84 105.84 105.23 .
Sanderson-Windmeijer F-stat (2) 122.29 122.29 103.79 84.75

Man FE yes yes yes yes
Municipality × Man FE yes yes yes yes
Birth year × Man FE yes yes yes yes
County × byear × Man FE yes yes yes yes
Flexible trends × Man FE yes yes yes yes

Note.— This table shows IV estimates for the effect of the diffusion of milking machines on women’s and men’s long-term out-

comes. The number of milking machines per farm is normalized to have a mean of zero and an SD of one. Interactions capture

the gender differential effect of the diffusion of milking machines. IV estimates are based on Equations (8) and (9), where the in-

teractions are instrumented with our measure of exposure (Equation (7)) × an indicator variable for men. The sample includes

men and women born in rural municipalities with at least one farm in 1929, who were aged 16–25 in the census years 1930–1970.

Dependent variables are defined as in Table 1. Flexible trends include municipality-level measures of: agricultural intensity in 1930

(i.e., the share of improved farmland and farms p.c.) × birth cohort FE; ratio of large-to-small farms in 1930 × birth cohort FE;

capital intensity in 1930 (i.e., early-tractor adoption) × birth cohort FE; and female income in 1930 × birth cohort FE. Standard

errors (in parentheses) clustered at the municipality level; *p<.05; **p<.01; ***p<.001.

Table 3 presents the results. Two important patterns emerge. First, our previous esti-
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mates for the long-term effect of the diffusion of milking machines on young rural women are

robust to include men in the analysis. Specifically, the estimates on the number of milking

machines per farm in this extended specification also show that, after the adoption of milk-

ing machines, young women in dairy intensive municipalities were displaced from farming

(column 1), migrated to cities (column 2), climbed up the income distribution (column 3),

and were more likely to participate in the labor force (column 4). The magnitude of all

estimates is similar to that in our baseline specification (Table 1). Second, we find that

the adoption of milking machines had opposing effects on men, reducing long-term gender

differences in income and labor force participation. Relative to women in the same cohort,

men were more likely to remain in farming after the diffusion of milking machines (column

1) and were less likely to emigrate from rural areas (column 2). Importantly, income differ-

ences between these men and women were reduced by about 2 percentile ranks (column 3),

and differences in labor force participation rates dropped by almost 4 percentage points.62

Overall, these results provide compelling evidence that the adoption of milking machines

had fundamentally different consequences for young rural men and women in Norway.

7 Conclusion

In this paper, we focused on one of the most important automation processes in agriculture,

the mechanization of milking cows—a task that provided jobs for hundreds of thousands

of young rural women—to study the economic consequences of gender-biased technological

change. Our focus was on Norway, which provides an ideal setting in which to evaluate the

short-term and long-term effects of the roll-out of milking machines at the micro-level.

Combining the Norwegian individual-level registry data with municipality-level statistics

on the uptake of milking machines from the agricultural census, we show that the intro-

duction of milking machines had different consequences for young men and women in rural

areas. Affected young women were pushed out of agriculture and moved to the cities, where

they invested more in their education and eventually earned higher incomes as middle-aged

adults. On the other hand, the corresponding cohorts of affected men were not displaced

by the adoption of milking machines and remained largely in rural areas. This contributed

to reducing gender gaps in labor force participation and income, and to the transformation

of women’s work in the 20th century. More generally, our results suggest that technologi-

cal change can resolve the misallocation of workers across sectors thereby improving their

economic status in the long-run.

62We also report the Sanderson-Windmeijer (SW) first-stage F-statistics in Table 3. These are well above
the rule-of-thumb level of 10.

34



These findings have some parallels to today’s debate about the economic consequences

of labor competing against more and more sophisticated technologies, such as industrial

robots and artificial intelligence. The net effect of automating tasks depends on whether the

displacement effect outweighs productivity gains and the reinstatement effect of creating new

labor-intensive tasks (e.g., Acemoglu and Restrepo, 2018, 2019). In our case, the creation

of new jobs in the manufacturing and service sectors appears to be the dominant force. As

in other European countries after WWII, Norway’s economy was in a transition phase with

remarkable growth rates, especially in the manufacturing and service industries. Despite the

fact that milking machines immediately displaced young female agricultural workers, in the

long run they benefited (on average) from being pushed off the farms because the Norwegian

economy provided new job opportunities for women in cities. However, it should be clear

from this discussion that the effects of automation are not institution independent, and that

the introduction of gender-biased labor-saving technologies in agriculture might not benefit

displaced workers. The effects will likely depend on their comparative advantage, local

schooling infrastructure, and gender-specific job opportunities in rural and urban areas.

References

Abramitzky, Ran, Philipp Ager, Leah Boustan, Elior Cohen, and Casper W

Hansen, “The effect of immigration restrictions on local labor markets: Lessons from

the 1920s border closure,” American Economic Journal: Applied Economics, 2023, 15 (1),

164–191.

Acemoglu, Daron and David Autor, “Skills, Tasks and Technologies: Implications for

Employment and Earnings,” in “Handbook of Labor Economics,” Vol. 4, Elsevier, 2011,

pp. 1043–1171.

and Pascual Restrepo, “The race between man and machine: Implications of technol-

ogy for growth, factor shares, and employment,” American Economic Review, 2018, 108

(6), 1488–1542.

and , “Automation and New Tasks: How Technology Displaces and Reinstates Labor,”

Journal of Economic Perspectives, 2019, 33 (2), 3–30.

and , “Robots and Jobs: Evidence from US Labor Markets,” Journal of Political

Economy, 2020, 128 (6), 2188–2244.

, Tuomas Pekkarinen, Kjell G. Salvanes, and Matti Sarvimäki, “The Making

of Social Democracy: The Economic and Electoral Consequences of Norway’s 1936 Folk

School Reform,” NBER Working Paper, No. w29095, 2021.

35



Adao, Rodrigo, Michal Kolesár, and Eduardo Morales, “Shift-share designs: Theory

and inference,” The Quarterly Journal of Economics, 2019, 134 (4), 1949–2010.

Ager, Philipp, Benedikt Herz, and Markus Brueckner, “Structural Change and the

Fertility Transition,” Review of Economics and Statistics, 2020, 102 (4), 806–822.

Alesina, Alberto, Paola Giuliano, and Nathan Nunn, “On the Origins of Gender

Roles: Women and the Plough,” The Quarterly Journal of Economics, 2013, 128 (2),

469–530.

Almås, Reidar, “Maskulint og feminint på landsbygda i dag,” Notat, 1983, 3, 83.

, Norges landbrukshistorie: Frå bondesamfunn til bioindustri: 1920-2000. IV, Samlaget,

2002.

, “Family farming in Norway,” in “Family farming in Europe and America,” Routledge,

2020, pp. 71–94.

and Marit S. Haugen, “Norwegian Gender Roles in Transition: The Masculinization

Hypothesis in the Past and in the Future,” Journal of Rural Studies, 1991, 7 (1-2), 79–83.

, Kristen Vik, and Jørn Ødegård, “Women in rural Norway. Recent tendencies in the

development of the division of labour in agriculture and the participation of rural women

on the labour market,” Paper-University of Trondheim. Department of Sociology. Rural

Research Group, 1983.

Angrist, Joshua D., “Treatment effect heterogeneity in theory and practice,” The Eco-

nomic Journal, 2004, 114 (494), C52–C83.

Atack, Jeremy, Robert A. Margo, and Paul W. Rhode, “"Automation" of Manufac-

turing in the Late Nineteenth Century: The Hand and Machine Labor Study,” Journal of

Economic Perspectives, 2019, 33 (2), 51–70.

Atkin, David, “Endogenous skill acquisition and export manufacturing in Mexico,” Amer-

ican Economic Review, 2016, 106 (8), 2046–2085.

Autor, David H., “Work of the Past, Work of the Future,” AEA Papers and Proceedings,

May 2019, 109, 1–32.

, Frank Levy, and Richard J. Murnane, “The Skill Content of Recent Technological

Change: An Empirical Exploration,” The Quarterly Journal of Economics, 2003, 118 (4),

1279–1333.

Bartik, Timothy J, “Who benefits from state and local economic development policies?,”

1991.

Bateman, Fred, “Labor inputs and productivity in American dairy agriculture, 1850–

1910,” The Journal of Economic History, 1969, 29 (2), 206–229.

Bieleman, Jan, “Technological innovation in Dutch cattle breeding and dairy farming,

1850–2000,” The Agricultural History Review, 2005, pp. 229–250.

36



Black, Sandra E., Paul J. Devereux, and Kjell G. Salvanes, “Why the Apple Doesn’t

Fall Far: Understanding Intergenerational Transmission of Human Capital,” The Ameri-

can Economic Review, 2005, 95 (1), 437–449.

Brandth, Berit, “Gender Identity in European Family Farming: A Literature Review,”

Sociologia Ruralis, 2002, 42 (3), 181–200.

Bryan, Gharad and Melanie Morten, “The aggregate productivity effects of internal

migration: Evidence from Indonesia,” Journal of Political Economy, 2019, 127 (5), 2229–

2268.

Bustos, Paula, Bruno Caprettini, and Jacopo Ponticelli, “Agricultural Productivity

and Structural Transformation: Evidence from Brazil,” American Economic Review, 2016,

106 (6), 1320–65.

Caprettini, Bruno and Hans-Joachim Voth, “Rage Against the Machines: Labor-

saving Technology and Unrest in Industrializing England,” American Economic Review:

Insights, 2020, 2 (3), 305–20.

Carillo, Mario F., “Agricultural Policy and Long-Run Development: Evidence from Mus-

solini’s Battle for Grain,” The Economic Journal, 2021, 131 (634), 566–597.

Chetty, Raj and Nathaniel Hendren, “The impacts of neighborhoods on intergenera-

tional mobility II: County-level estimates,” The Quarterly Journal of Economics, 2018,

133 (3), 1163–1228.

Colella, Fabrizio, Rafael Lalive, Seyhun Orcan Sakalli, and Mathias Thoenig,

“Inference with arbitrary clustering,” 2019.

Conley, Timothy G., “GMM estimation with cross sectional dependence,” Journal of

Econometrics, 1999, 92 (1), 1–45.

Dix-Carneiro, Rafael and Brian K. Kovak, “Trade liberalization and regional dynam-

ics,” American Economic Review, 2017, 107 (10), 2908–2946.

Espeli, Harald, From horse to horsepower. Studies in the mechanization of Norwegian agri-

culture 1910-1960 with particular emphasis on public policies and activities of importers

and dealers., Institutt for Økonomi og Samfunnsfag, Norges Landbrukshøgskole, 1990.

, Trond Bergh, and Asle Rønning, Melkens pris: perspektiver på meierisamvirkets

historie, Tun, 2006.

Feigenbaum, James J. and Daniel P. Gross, “Answering the Call of Automation:

How the Labor Market Adjusted to the Mechanization of Telephone Operation,” NBER

Working Paper, No. w28061, 2022.

Fernández, Raquel, “Cultural change as learning: The evolution of female labor force

participation over a century,” American Economic Review, 2013, 103 (1), 472–500.

37



Giuliano, Paola, “The Role of Women in Society: From Preindustrial to Modern Times,”

CESifo Economic Studies, 2015, 61 (1), 33–52.

, “Gender: An historical perspective,” in Susan L. Averett, Laura M. Argys, and Saul D.

Hoffman, eds., The Oxford Handbook of Women and the Economy, Oxford University

Press, 2018, pp. 645–671.

Goldin, Claudia, Understanding the Gender Gap: An Economic History of American

Women, National Bureau of Economic Research, 1990.

, “The U-shaped female labor force function in economic development and economic his-

tory,” 1994.

, “The Quiet Revolution that Transformed Women’s Employment, Education, and Fam-

ily,” American Economic Review, 2006, 96 (2), 1–21.

Goldsmith-Pinkham, Paul, Isaac Sorkin, and Henry Swift, “Bartik instruments:

What, when, why, and how,” American Economic Review, 2020, 110 (8), 2586–2624.

Gollin, Douglas and Joseph P Kaboski, “New views of structural transformation: In-

sights from recent literature,” Technical Report, National Bureau of Economic Research

2023.

, Casper Worm Hansen, and Asger Mose Wingender, “Two Blades of Grass: The

Impact of the Green Revolution,” Journal of Political Economy, 2021, 129 (8), 2344–2384.

, David Lagakos, and Michael E. Waugh, “The agricultural productivity gap,” The

Quarterly Journal of Economics, 2014, 129 (2), 939–993.

Grytten, Ola Honningdal, “The Wealth of a Nation: Norways Road to Prosperity,” NHH

Dept. of Economics Discussion Paper, No. 17, 2020.

Hansen, Jens C., Norway: the Turnaround which Turned Round, Inst. for Geografi, Norges

Handelshøyskole og Univ., 1989.

Herrendorf, Berthold, Richard Rogerson, and Akos Valentinyi, “Growth and

Structural Transformation,” in “Handbook of Economic Growth,” Vol. 2, Elsevier, 2014,

pp. 855–941.

Imbens, Guido W. and Joshua D. Angrist, “Identification and Estimation of Local

Average Treatment Effects.,” Econometrica, 1994, 62 (2), 457–75.

Kaarlenkaski, Taija, “‘Machine Milking is More Manly than Hand Milking’: Multispecies

Agencies and Gendered Practices in Finnish Cattle Tending from the 1950s to the 1970s,”

Animal Studies Journal, 2018, 7 (2), 76–102.

Kovak, Brian K., “Regional effects of trade reform: What is the correct measure of liber-

alization?,” American Economic Review, 2013, 103 (5), 1960–1976.

Lagakos, David, “Urban-rural gaps in the developing world: Does internal migration offer

opportunities?,” Journal of Economic perspectives, 2020, 34 (3), 174–192.

38



and Martin Shu, “The role of micro data in understanding structural transformation,”

Oxford Development Studies, 2023, pp. 1–19.

Lampe, Markus and Paul Sharp, A Land of Milk and Butter, University of Chicago

Press, 2019.

Leknes, Stefan and Jørgen Modalsli, “Who Benefited from Industrialization? The

Local Effects of Hydropower Technology Adoption in Norway,” The Journal of Economic

History, 2020, 80 (1), 207–245.

Machin, Stephen, Kjell G. Salvanes, and Panu Pelkonen, “Education and Mobility,”

Journal of the European Economic Association, 2012, 10 (2), 417–450.

Minnesota Population Center, “Integrated Public Use Microdata Series, International:

Version 7.3 [dataset],” 2020.

Mitchell, Brian, International historical statistics: Europe 1750-1993, Springer, 1998.

Moro, Alessio, Solmaz Moslehi, and Satoshi Tanaka, “Does home production drive

structural transformation?,” American Economic Journal Macroeconomics, 2017, pp. 116–

146.

Munshi, Kaivan and Mark Rosenzweig, “Networks and misallocation: Insurance, mi-

gration, and the rural-urban wage gap,” American Economic Review, 2016, 106 (01),

46–98.

Nakamura, Emi, Jósef Sigurdsson, and Jón Steinsson, “The Gift of Moving: Inter-

generational Consequences of a Mobility Shock,” Review of Economic Studies, 2021, 89

(3), 1557–1592.

Ngai, L Rachel and Barbara Petrongolo, “Gender gaps and the rise of the service

economy,” American Economic Journal: Macroeconomics, 2017, 9 (4), 1–44.

Olivetti, Claudia, “The Female Labor Force and Long-Run Development: The American

Experience in Comparative Perspective,” in “Human Capital in History: The American

Record,” University of Chicago Press, 2014, pp. 161–197.

and Barbara Petrongolo, “The evolution of gender gaps in industrialized countries,”

Annual review of Economics, 2016, 8, 405–434.

Olmstead, Alan L. and Paul W. Rhode, “Reshaping the Landscape: The Impact and

Diffusion of the Tractor in American Agriculture, 1910–1960,” The Journal of Economic

History, 2001, 61 (3), 663–698.

Osterud, Grey, “The Historical Roots of Differing Rural Gender Orders in Norway and

Sweden,” Scandinavian Journal of History, 2014, 39 (5), 664–688.

Porzio, Tommaso, Federico Rossi, and Gabriella Santangelo, “The human side of

structural transformation,” American Economic Review, 2022, 112 (8), 2774–2814.

39



Rendall, Michelle, “Female market work, tax regimes, and the rise of the service sector,”

Review of Economic Dynamics, 2018, 28, 269–289.

Restrepo, Pascual, “Automation: Theory, Evidence, and Outlook,” NBER Working Pa-

per, 2023, (w31910).

Roy, Andrew D., “Some thoughts on the distribution of earnings,” Oxford Economic

Papers, 1951, 3 (2), 135–146.

Rust, Val D., The democratic tradition and the evolution of schooling in Norway, Volume

34, Praeger, 1989.

Sanderson, Eleanor and Frank Windmeijer, “A weak instrument F-test in linear IV

models with multiple endogenous variables,” Journal of econometrics, 2016, 190 (2), 212–

221.

Sarvimäki, Matti, Roope Uusitalo, and Markus Jäntti, “Habit formation and the

misallocation of labor: evidence from forced migrations,” Journal of the European Eco-

nomic Association, 2022, 20 (6), 2497–2539.

Schultz, T. Paul, “Changing World Prices, Women’s Wages, and the Fertility Transition:

Sweden, 1860-1910,” Journal of Political Economy, 1985, 93 (6), 1126–1154.

Settele, Veronika, “Cows and capitalism: humans, animals and machines in West German

barns, 1950–80,” European Review of History: Revue européenne d’histoire, 2018, 25 (6),

849–867.

Snell, Keith D. M., “Agricultural Seasonal Unemployment, the Standard of Living, and

Women’s Work in the South and East, 1690-1860,” The Economic History Review, 1981,

34 (3), 407–437.

Sommestad, Lena, “Gendering work, interpreting Gender: The masculinization of dairy

work in Sweden, 1850-1950,” History Workshop, 1994, (37), 57–75.

Thorsen, Liv E., “Work and Gender. The Sexual Division of Labour and Farmers’ Attitudes

to Labour in Central Norway, 1920-1980,” Ethnologia Europaea, 1986, 16 (2), 137–148.

Voigtländer, Nico and Hans-Joachim Voth, “How the West" Invented" Fertility Re-

striction,” American Economic Review, 2013, 103 (6), 2227–64.

Zeira, Joseph, “Workers, Machines, and Economic Growth,” The Quarterly Journal of

Economics, 1998, 113 (4), 1091–1117.

40



Online appendix. Figures and tables

Figure 1: Capital intensity in agriculture (1930–1970)

Note.— This figure shows the evolution of tractors per farm (left vertical axis) and the
ratio of tractor to agricultural worker (right vertical axis) in Norway between 1930 and
1970. Source: Census of Agriculture (own calculations).
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Figure 2: Milk yields per cow (1927/28–1969)

Note.— This figure shows the evolution of milk yields per cow from 1927-28 to 1969.
Source: Central Bureau of Statistics of Norway (1974, Table 8).
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Figure 3: Labor input on agricultural holdings (1928–29 to 1965–66)

Note.— This figure shows the labor input on farms by gender and by type of worker
(holders and spouses, other family members, and hired workers) for the years 1928-29 to
1965-66. Source: Central Bureau of Statistics of Norway (1968, Table 78).
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Figure 4: Comparison of income ranks based on income at ages 45, 52, and 62
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Note: Income ranks calculated over birth-year cohorts for all women in our baseline sample with income
data at ages 45, 52, and 62.
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Figure 5: Education distribution over time (1930–1970)
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Sample: This figure plots the education distribution of rural women aged 16–25 in 1930, 1940, 1950, 1960,

and 1970.
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Figure 6

Note.— This figure shows the distribution of milking machines per farm in 1969 across
Norwegian municipalities. A darker color refers to higher values of milking machines per
farm. Red polygons denote missing observations. Source: Census of Agriculture (own
calculations).
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Figure 7: Robustness checks for contemporaneous effects
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(b) Dep. var. = 1 if zero income
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(c) Dep. var.: log(1+income)
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(d) Dep. var.: log(1+income)
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Note.— This figure plots estimates and 95% confidence intervals of γt from alternative
specifications of Equation (11). Panel (a) uses the inverse hyperbolic transformation of
income as the dependent variable. Panel (b) uses an indicator for zero income as the
dependent variable. Panel (c) adds individual fixed effects to Equation (11) (instead of the
municipality fixed effects) and uses the baseline dependant variable, log(1+income). Panel
(d) compares the evolution of young women’s incomes after 1970 in municipalities with
above- vs. below-median milkcows per farm in 1930 and uses the baseline dependant
variable, log(1+income). As before, the sample is a panel of 8,935 women and their
incomes over 25 years (1970–1995). It is restricted to women born in rural municipalities
who turned 16 in 1970. Standard errors are clustered by municipality.
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Figure 8: The roll-out of the Primary School Reform and the diffusion of milking machines
across municipalities

PANEL A. Scatter plot
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PANEL B. Local polynomial smooth
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Note.— The sample consists of 497 municipalities based on their 1960 borders, with at
least one farm in 1929. Data on the first cohort affected by the Primary School Reform in
each municipality is from Black et al. (2005).
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Figure 9: Conley Standard Errors with different distance cutoffs

(a) Employment in agriculture (Table 1, col. 2)

-9

-8

-7

-6

-5

-4

-3

-2

-1

0

z-
st

at
is

tic

(ba
se

lin
e) 

0 30 60 90 12
0

15
0

Distance cutoff

(b) Migration to city (Table 1, col. 4)
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(c) Income percentile rank (Table 1, col. 6)

0

1

2

3

4

5

6

7

z-
st

at
is

tic

(ba
se

lin
e) 

0 30 60 90 12
0

15
0

Distance cutoff

(d) FLFP (Table 1, col. 8)
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Note.— This figure shows spatially-adjusted z-statistics for the effect of milking machines
per farm in our baseline IV specifications with the full set of FE and controls and the full
sample; see Table 1 for further details. The baseline cutoff is the point at which the spatial
error correlation is assumed to be 0; calculated using acreg Colella et al. (2019).
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Figure 10: Milkcows per farm, income, and wealth by 1930
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Note: Income and wealth data based on F.O.B. 1930 data digitized from Statistics Norway archives. The
figure excludes outlier municipalities with male and female incomes above, respectively, 10,000 and 2,000
NOK, and with male and female wealth above, respectively, 20,000 and 5,000.
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Figure 11: Farm size distribution over time (1929–1969)
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Note: This figure plots the distribution of farms by size (below 50 dekar, 50-200 dekar, and above 200 dekar).
Source: Census of Agriculture (own calculations).
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Table 1: Summary statistics for women in baseline sample

Mean Standard deviation Observations

Technology diffusion in municipality of birth:

Milking machines per farm 0.067 0.102 379,366
Milking machines per farm (cohort 16-25 in 1930) 0.000 0.000 45,127
Milking machines per farm (cohort 16-25 in 1940) 0.003 0.008 78,663
Milking machines per farm (cohort 16-25 in 1950) 0.018 0.035 77,920
Milking machines per farm (cohort 16-25 in 1960) 0.110 0.097 80,105
Milking machines per farm (cohort 16-25 in 1970) 0.153 0.124 97,551
Milkcows per farm in 1930 3.084 1.238 379,366
Share milkmaids in 1930 0.018 0.017 379,366

Outcomes for all women:

Employment in agriculture (after age 25) 0.091 0.288 379,366
Migration anywhere (ever) 0.689 0.463 379,366
Migration to city (ever) 0.257 0.437 379,366
Migration to town with higher-edu. institution (ever) 0.331 0.471 355,527
Migration outside county of birth (ever) 0.398 0.490 379,366
Migration inside county of birth (ever) 0.291 0.454 379,366
Income at age 45† in NOK 65015.878 82474.057 342,792
Female labor force participation (age 45) 0.781 0.413 271,450
Upper secondary education or more 0.168 0.374 376,594
Undergraduate education or more 0.108 0.310 376,594

Outcomes for women in non-agriculture occupation:

High-skill occupation 0.125 0.330 344,658
Mid-skill occupation 0.183 0.387 344,658
Low-skill occupation 0.343 0.475 344,658

Municipality-level controls:

Share improved farmland in 1929 0.703 0.241 379,366
Farms p.c. in 1930 0.132 0.037 379,366
Early-tractor adoption by 1930 (0/1) 0.455 0.498 379,366
Ratio large to small farms (in 1929) 0.119 0.239 379,366
Ratio large to small farms (contemporaneous) 0.067 0.252 378,018
Hydropower potential 0.433 0.779 364,780
Hydropower status in 1900-1910 0.072 0.258 366,641

Note.— This table shows summary statistics for our baseline sample: women born in rural municipalities with at least one farm in 1929,

who were aged 16–25 in the census years 1930–70. †Income is measured at age 45 for cohorts aged 16–25 in 1950, 1960, and 1970 and at

age 52 and 62 for the cohorts aged 16–25 in 1940 and 1930, respectively.
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Table 2: Determinants of milking machine diffusion (1929–69)

(1) (2) (3) (4)
Milking machines per farm

Milkcows per farm in 1930 0.032*** X 0.032*** X
(0.003) (0.003)

Share milkmaids in 1930 -0.312 -0.318
(0.223) (0.228)

Share females in agriculture in 1930 -0.014 -0.014
(0.126) (0.128)

Female labor force participation in 1930 0.120* 0.121*
(0.066) (0.068)

Female net-migration rate in 1930 -0.025 -0.025
(0.021) (0.021)

Population density in 1930 0.259*** 0.259***
(0.075) (0.077)

Farms per capita in 1930 0.415*** X 0.417*** X
(0.072) (0.074)

Share improved farmland in 1930 0.067*** X 0.067*** X
(0.011) (0.011)

Tractor dummy in 1930 -0.008 -0.008
(0.006) (0.006)

Share females age 15-19 in 1930 -0.434** -0.413**
(0.200) (0.205)

Share females age 20-39 in 1930 -0.210* -0.204
(0.121) (0.124)

Share females age 40-59 in 1930 -0.168 -0.166
(0.130) (0.133)

Share females 60+ in 1930 -0.172 -0.167
(0.120) (0.122)

Capital-labor ratio in 1930 0.517 0.534
(1.074) (1.096)

Land area in 1930 0.000 0.000
(0.000) (0.000)

Ratio large to small farms in 1930 0.019** X 0.019** X
(0.009) (0.009)

Avg. income males in 1930 -0.000 -0.000
(0.000) (0.000)

Avg. income females in 1930 0.000* 0.000*
(0.000) (0.000)

Avg. wealth males in 1930 -0.000 -0.000
(0.000) (0.000)

Avg. wealth males in 1930 -0.000 -0.000
(0.000) (0.000)

Method OLS LASSO OLS LASSO
Observations 1,449 1,449 1,449 1,449
R-squared 0.612 0.705
County FE yes yes yes yes
Year FE yes yes yes yes
County-Year FE no no yes yes

Note.— Column (1) regresses milking machines per farm on municipality characteristics
in 1930 and fixed effects for census year and county. Column (2) shows the selected con-
trols by the Lasso procedure. The Lasso procedure partials out county and census year
fixed effects prior to control selection. Columns (3) and (4) show the corresponding re-
sults including county-by-census year fixed effects. Controls marked by "X" are selected
by the Lasso procedure. Standard errors (in parentheses) clustered at the municipality
level; *p<.05; **p<.01; ***p<.001.
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Table 3: The diffusion of milking machines and women’s employment in agriculture and
migration decisions—Placebo experiment 1900–1910

(1) (2) (3) (4) (5) (6)
works in works in migrates migrates works at all works at all

agriculture agriculture to city to city (FLFP) (FLFP)

Panel A. IV

Milking machines per farm 0.006 -0.002 -0.011 0.005 0.006 0.008
(0.006) (0.006) (0.007) (0.008) (0.007) (0.008)

Panel B. Reduced form

Milkcows per farm 1930 0.005 -0.001 -0.009 0.004 0.005 0.007
× National m.m. per farm (0.005) (0.005) (0.006) (0.006) (0.006) (0.007)

Panel C. OLS

Milking machines per farm -0.001 -0.002 -0.002 0.004 -0.002 -0.002
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

Observations 209,473 209,473 209,473 209,473 209,473 209,473
F-stat first stage 123.54 124.47 123.54 124.47 123.54 124.47
Mean(Y) 0.125 0.125 0.192 0.192 0.406 0.406

Municipality FE yes yes yes yes yes yes
Birth year FE yes yes yes yes yes yes
County-by-byear FE no yes no yes no yes
Flexible trends no yes no yes no yes

Note.— This table uses data from the 1900 and 1910 censuses to show the placebo effect of backdating the substantial adoption of milking

machines between 1950 and 1960 to the beginning of the 20th century. It shows the placebo effect on whether a woman works in agriculture

(Columns 1-2), who moved to the city (columns 3-4), and who worked at all (Columns 5-6). The sample includes women at age 16–25 and, as in

the main analysis, looks at their outcomes 10 years later (i.e., at the age of 25–35 in the 1900 and 1910 censuses). All regressions include fixed

effects for a woman’s municipality of birth and birth year. Columns (2), (4), and (6) also include county-by-birth year fixed effects, and the

same set of controls selected with a LASSO procedure as in Table 1. Standard errors (in parentheses) account for arbitrary heteroskedasticity

and are clustered at the municipality level. ***, **, and * indicate significance at the 1, 5, and 10 percent level.
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Table 4: Short-run effects of the diffusion of milking machines, using 1960 Census data

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

Household Household
members in members in Student Student
employment employment activity activity

(share) (share) (0/1) (0/1)

Milking machines per farm -0.025* -0.030* 0.078* 0.132***
(0.015) (0.017) (0.040) (0.040)

Observations 73,375 73,064 77,163 76,850
R-squared 0.038 0.040 0.163 0.168
Municipality FE no no no no
Birth year FE yes yes yes yes
County-by-byear FE no yes no yes
Flexible trends no yes no yes
Mean dep. variable 0.466 0.466 0.156 0.155

Note.— This table shows the short-run effect of the diffusion of milking machines in 1960
on the share of individuals employed in each household (in Columns 1-2) and on an indica-
tor of student activity (1 = yes; 0 otherwise) (in Columns 3-4), both measured in the 1960
Census. The sample is a cross-section of women aged 16–25 in 1960 born in rural municipal-
ities with at least one farm in 1929. Estimates are based on Yi,j,c = βc + γMj,1960 +

∑

t 1[c =
t] × X′

j,cθt + ǫijc, where i indexes women, j their municipality of birth, and c their birth co-
hort. The variable Mj,1960 is the number of milking machines per farm in 1960 in a woman’s
municipality of birth (j). The vector of flexible trends X is defined as in Table 1. Standard
errors (in parentheses) clustered at the municipality level; *p<.05; **p<.01; ***p<.001.
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Table 5: First-stage estimates

(1) (2) (3)
Dep. Var.: Milking machines per farm

Milkcows per farm 1930 × National MM per farm 0.518*** 0.512*** 0.552***
(0.052) (0.054) (0.054)

Observations 379,366 379,366 379,366
F-statistic 97.553 90.750 105.402

Municipality FE yes yes yes
Birth year FE yes yes yes
County-by-byear FE no yes yes
Flexible trends no yes yes

Note.— This table shows first-stage estimates from Equation (8). The sample includes women born in rural munic-

ipalities with at least one farm in 1929, who were aged 16–25 in the census years 1930–1970. All regressions include

fixed effects for a woman’s birth municipality and birth year, county-by-birth year fixed effects, and flexible trends.

Flexible trends include municipality-level measures of: agricultural intensity in 1930 (i.e., the share of improved farm-

land and farms p.c.) × birth cohort FE; ratio of large-to-small farms in 1930 × birth cohort FE; capital intensity in

1930 (i.e., early-tractor adoption) × birth cohort FE; and female income in 1930 × birth cohort FE. Standard errors

(in parentheses) clustered at the municipality level; *p<.05; **p<.01; ***p<.001.

56



T
ab

le
6:

M
ai

n
re

su
lt

s
co

n
d
it

io
n
al

on
re

p
or

ti
n
g

an
o
cc

u
p
at

io
n

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

E
m

p
lo

y
m

en
t

in
ag

ri
cu

lt
u
re

M
ig

ra
ti

on
to

ci
ty

In
co

m
e

p
ct

il
e

ra
n
k

F
L

F
P

P
a
n

e
l

A
.

IV

M
il
k
in

g
m

ac
h
in

es
p

er
fa

rm
-0

.0
49

**
*

-0
.0

52
**

*
0.

02
7*

**
0.

03
6*

**
2.

13
3*

**
2.

31
3*

**
0.

05
1*

**
0.

04
5*

**
(0

.0
08

)
(0

.0
07

)
(0

.0
07

)
(0

.0
07

)
(0

.3
58

)
(0

.3
38

)
(0

.0
09

)
(0

.0
07

)

P
a
n

e
l

B
.

R
e
d

u
c
e
d

fo
rm

M
il
kc

ow
s

p
er

fa
rm

19
30

-0
.0

42
**

*
-0

.0
47

**
*

0.
02

3*
**

0.
03

3*
**

1.
81

5*
**

2.
10

6*
**

0.
04

0*
**

0.
03

9*
**

×
N

at
io

n
al

m
.m

.
p

er
fa

rm
(0

.0
06

)
(0

.0
05

)
(0

.0
06

)
(0

.0
06

)
(0

.3
48

)
(0

.3
00

)
(0

.0
08

)
(0

.0
06

)

P
a
n

e
l

C
.

O
L

S

M
il
k
in

g
m

ac
h
in

es
p

er
fa

rm
-0

.0
20

**
*

-0
.0

17
**

*
0.

01
1*

**
0.

01
0*

**
1.

06
9*

**
0.

82
9*

**
0.

02
6*

**
0.

01
5*

**
(0

.0
03

)
(0

.0
03

)
(0

.0
03

)
(0

.0
03

)
(0

.1
68

)
(0

.1
52

)
(0

.0
03

)
(0

.0
03

)

O
b
se

rv
at

io
n
s

26
6,

70
9

26
6,

70
9

26
6,

70
9

26
6,

70
9

25
9,

08
5

25
9,

08
5

20
7,

10
2

20
7,

10
2

F
-s

ta
t

fi
rs

t
st

ag
e

10
2.

61
5

10
5.

41
5

10
2.

61
5

10
5.

41
5

10
1.

90
1

10
4.

56
5

84
.6

73
85

.8
24

M
ea

n
d
ep

va
r

0.
13

0
0.

13
0

0.
27

6
0.

27
6

38
.4

22
38

.4
22

0.
83

1
0.

83
1

M
u
n
ic

ip
al

it
y

F
E

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

ye
s

B
ir

th
ye

ar
F

E
ye

s
ye

s
ye

s
ye

s
ye

s
ye

s
ye

s
ye

s
C

ou
n
ty

-b
y
-b

ye
ar

F
E

n
o

ye
s

n
o

ye
s

n
o

ye
s

n
o

ye
s

F
le

x
ib

le
tr

en
d
s

n
o

ye
s

n
o

ye
s

n
o

ye
s

n
o

ye
s

N
o

t
e
.—

T
hi

s
ta

bl
e

sh
ow

s
IV

,
re

du
ce

d-
fo

rm
,

an
d

O
L

S
es

ti
m

at
es

fo
r

th
e

eff
ec

t
of

th
e

di
ff

us
io

n
of

m
ilk

in
g

m
ac

hi
ne

s
on

w
om

en
’s

lo
ng

-t
er

m
ou

tc
om

es
,

co
nd

it
io

na
l

on
re

p
or

ti
ng

an
oc

cu
pa

ti
on

.
T

he

sa
m

pl
e

in
cl

ud
es

al
l

w
om

en
re

p
or

ti
ng

an
oc

cu
pa

ti
on

w
ho

w
he

re
b

or
n

in
ru

ra
l

m
un

ic
ip

al
it

ie
s

w
it

h
at

le
as

t
on

e
fa

rm
in

19
29

,
w

ho
w

er
e

ag
ed

16
–2

5
in

th
e

ce
ns

us
ye

ar
s

19
30

–1
97

0.
O

ut
co

m
e

va
ri

ab
le

s

an
d

fle
xi

bl
e

tr
en

ds
ar

e
de

fin
ed

as
in

T
ab

le
1.

In
de

p
en

de
nt

va
ri

ab
le

s
ar

e
no

rm
al

iz
ed

to
ha

ve
a

m
ea

n
of

ze
ro

an
d

an
SD

of
on

e.
St

an
da

rd
er

ro
rs

(i
n

pa
re

nt
he

se
s)

cl
us

te
re

d
at

th
e

m
un

ic
ip

al
it

y
le

ve
l;

*p
<

.0
5;

**
p<

.0
1;

**
*p

<
.0

01
.

57



Table 7: The diffusion of milking machines and women’s income at ages 40–45

(1) (2) (3) (4)
income>0 log(income+1) income>0 log(income+1)

Age 40 Age 40 Age 45 Age 45

Panel A. IV

Milking machines per farm 0.027*** 0.290*** 0.024*** 0.299***
(0.008) (0.079) (0.006) (0.067)

Panel B. Reduced form

Milkcows per farm 1930 0.021*** 0.229*** 0.019*** 0.236***
× National MM per farm (0.006) (0.061) (0.005) (0.051)

Panel C. OLS

Milking machines per farm 0.011*** 0.115*** 0.006** 0.072***
(0.003) (0.028) (0.002) (0.026)

Observations 233,777 233,777 233,777 233,777
F-stat first stage 68.500 68.500 68.500 68.500
Mean dep. variable 0.754 8.084 0.836 9.278

Municipality FE yes yes yes yes
Birth year FE yes yes yes yes
County-by-byear FE yes yes yes yes
Flexible trends yes yes yes yes

Note.— This table shows IV, reduced-form, and OLS estimates for the effect of the diffusion of milking machines

on women’s income at the age of 40–45, based on equations (9) and (9). The sample includes women born in rural

municipalities with at least one farm in 1929, who were aged 16–25 in the census years 1950–1970, and whose income

at ages 40 and 45 is listed in the tax registry (1967–2010). The dependent variable is a dummy variable equal to 1 if

a woman reported any income at age 40 (Column 1) or 45 (Column 3), and log(income +1) at age 40 (Column 2) and

at age 45 (Column 4). Independent variables are normalized to have a mean of zero and an SD of one. We include the

full set of flexible trends, defined as in Table 1. Standard errors (in parentheses) clustered at the municipality level;

*p<.05; **p<.01; ***p<.001.
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Table 8: Decomposition of the income effect by mover status

(1) (2) (3) (4)
income>0 ln(income+1) income>0 ln(income+1)

Age 40 Age 40 Age 45 Age 45

Stayers (omitted) - - - -

Migrates to rural 0.018*** 0.233*** 0.014*** 0.236***
(0.003) (0.037) (0.003) (0.031)

Migrates to urban 0.060*** 0.795*** 0.037*** 0.627***
(0.004) (0.045) (0.003) (0.038)

Observations 233,777 233,777 233,777 233,777
Mean dep. variable 0.754 8.084 0.836 9.278

Municipality FE yes yes yes yes
Birth year FE yes yes yes yes
County-by-byear FE yes yes yes yes
Flexible trends yes yes yes yes

Note.— This table decomposes the income effect by mover status. The sample includes women born in

rural municipalities with at least one farm in 1929, who were aged 16–25 in the census years 1950–1970,

and whose income at ages 40 and 45 is listed in the tax registry (1967–2010). The dependent variable is a

dummy variable equal to 1 if a woman reported any income at age 40 (Column 1) or 45 (Column 3), and

log(income +1) at age 40 (Column 2) and at age 45 (Column 4). The variable "Stayers" is the omitted

category, "Migrate to rural" is a dummy variable equal to one if the woman moved from her birthplace to

another rural municipality, and "Migrate to urban" is a dummy variable equal to one if the woman moved

from her birthplace to an urban town. We include the full set of flexible trends, defined as in Table 1.

Standard errors (in parentheses) clustered at the municipality level; *p<.05; **p<.01; ***p<.001.
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Table 11: Comparing stratified samples

(1) (2) (3) (4)
Employment Migration Income
in agriculture to city pct rank FLFP

Panel A. Municipalities with >0 milking machines in 1950

Milkcows per farm 1930 -0.036*** 0.027*** 1.699*** 0.031***
× National m.m. per farm (0.005) (0.007) (0.325) (0.007)

Observations 272,341 272,341 245,890 193,655
Mean dep. variable 0.091 0.257 34.440 0.783

Panel B. Municipalities with no milking machines in 1950

Milkcows per farm 1930 -0.055*** 0.018* 1.381*** 0.035***
× National m.m. per farm (0.008) (0.010) (0.487) (0.009)

Observations 107,024 107,024 96,901 77,795
Mean dep. variable 0.093 0.257 33.371 0.777

Municipality FE yes yes yes yes
Birth year FE yes yes yes yes
County-by-byear FE yes yes yes yes
Flexible trends yes yes yes yes

Note.— This table shows reduced-form estimates on stratified samples. All samples include women born

in rural municipalities with at least one farm in 1929, who were aged 16–25 in the census years 1930–1970.

Panel A considers women in municipalities which had adopted milking machines in 1950 (switchers by 1950);

Panel B considers women in municipalities which had not adopted milking machines in 1950 (non-switchers

by 1950). Outcome variables and flexible trends are defined as in Table 1. Independent variables are normal-

ized to have a mean of zero and an SD of one. Standard errors (in parentheses) clustered at the municipality

level; *p<.05; **p<.01; ***p<.001.
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