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5.1  Introduction

Assortative matching, or marriage homogamy, measures the similarity 
of traits between a husband and wife. This statistic has long been of great 
interest to social scientists across disciplines, because it characterizes the 
functioning of the marriage market, including the scarcity or abundance 
of potential partners, the complementarity or substitutability of partners’ 
traits in production and consumption (Becker 1973, 1974; Lam 1988; Ste-
venson and Wolfers 2007), and bargaining power and gender equity within 
marriage (Kalmijn 1991, 1994; Shorter 1977). Assortative matching also 
determines long- run economic outcomes, including income inequality 
between households (Ciscato and Weber 2020; Eika et al. 2019; Fernandez 
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and Rogerson 2001; Greenwood et al. 2014; Kremer 1997); the allocation of 
resources within households (Calvo et al. 2021); and the intergenerational 
social and economic mobility of children (Aiyagari et al. 2000; Chadwick 
and Solon 2002; Currie and Almond 2011; Ermisch et al. 2006).

This chapter contributes to the economic history of American inequality 
by describing the evolution of assortative matching in the US in the late 
19th and early 20th centuries, an era characterized by rapid industrialization 
and economic growth, the dramatic expansion of public education, mass 
immigration, urbanization, the Great Depression, and war. We examine 
marital matching in four dimensions: age, nativity, education, and occu-
pational standing. Our analysis uses the full- count 1850–1940 Decennial 
Censuses (Ruggles et al. 2021) as well as newly released data from the Lon-
gitudinal Intergenerational Family Electronic Micro- database (LIFE- M)  
(Bailey et al. 2022). The LIFE- M data cover the late 19th and early 20th  
century for individuals born in Ohio and are fundamental to our analysis  
of the intergenerational mobility of women. Relying on vital records that 
contain both birth (“maiden”) and married surnames, the LIFE- M data 
contain high- quality, longitudinal links of more than 260,000 women from 
birth to adulthood. The presence of  both birth and married surnames 
allows LIFE- M to locate both husbands and fathers, facilitating an anal-
ysis of women’s social and economic mobility in very large samples of US 
women born between 1865 and 1920. In addition, using both sources of data 
allows us to compare estimates from linked samples to the census popula-
tion, reweight the LIFE- M samples to resemble the population of married 
women, and adjust for selection into marriage by age.

Our results add new insights into the functioning of the marriage market 
in the 19th and early 20th centuries. Adjusting for the age composition of 
married women observed in the census, we find that age homogamy changed 
very little for women born over the 19th century. This stability contrasts with 
Rolf and Ferrie (2008), who found that age differences between husbands 
and wives increased sharply, from 2 to 5 years, for women born over the first 
30 years of the 19th century. Adjusting for the age composition of married 
women, however, shows that the age differences between husbands and wives 
were fairly stable over the 19th century, rising slightly from around 4.5 to 
5.2 years in the early 19th century and then returning to a 4.5- year age gap 
for the duration of the late 19th century. This stability in age homogamy 
makes the transition to smaller within- couple age gaps in the 20th century 
exceptional rather than a return to antebellum US marriage patterns (Atkin-
son and Glass 1985).

A second finding is the significant decrease in marital matching on fathers’ 
nativity in the mid-  to late 19th century. As mass immigration to the US 
transformed the nation, the likelihood that a woman was married to a man 
whose father was born in the same country as her own father declined from 
0.93 to 0.75—a decrease in nativity homogamy suggesting intermarriage 
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helped stir the US melting pot. Then, between 1890 and 1940, rates of 
nativity homogamy stabilized in the nation overall. But this pattern was not 
universal. Among Ohio- born women, nativity homogamy increased from 
around 0.75 to 0.82 between 1885 and 1940, signaling an increase in segre-
gation by father’s country of origin in the rapidly industrializing economies 
of the Midwest.

A third finding is that the association of  husbands’ and wives’ educa-
tional attainment changed little for individuals marrying between 1900 and 
1940, despite the high school movement increasing the share of Americans 
graduating from high school, from 10 percent in 1910 to over 50 percent by 
1940 (Goldin 1998). But the results for women’s intergenerational occupa-
tional mobility offer a different picture. After a period of stability in inter-
generational mobility for birth cohorts born in the 30 years after the Civil 
War, we find that the intergenerational persistence between the occupational 
standing of a woman’s husband and her father fell by roughly one- third for 
cohorts born over the next 30 years. We also find that absolute measures 
of  intergenerational mobility increased for the same cohorts, suggesting 
considerably more upward mobility for women whose fathers’ occupations 
ranked in the bottom half  of the income distribution. The similarity of esti-
mates in the LIFE- M sample to those from unlinked census samples for age 
and nativity lends credibility to the quality of the links and representative-
ness of the reweighted samples and these findings for occupational mobility. 
An important caveat for these findings is that they speak to patterns only 
in Ohio—a limitation that is being addressed with ongoing linking work to 
increase the number of states in the LIFE- M data.

These findings for intergenerational occupational mobility agree with but 
also differ from some estimates in the literature. Similar to findings using a 
name- based approach (Olivetti and Paserman 2015), linked Massachusetts 
marriage records (Eriksson et al. 2023), and retrospective surveys (Jácome 
et al. 2024), our analysis implies that intergenerational persistence fell for 
women between 1915 and 1940. However, the magnitudes of our estimates 
of  intergenerational persistence differ. Intergenerational persistence for 
Ohio- born women is twice what Eriksson et al. (2023) measure in Massa-
chusetts for similar cohorts, suggesting considerably more persistence in 
socioeconomic status in late 19th-  and early 20th- century Ohio. This finding 
is robust to using correlation coefficients or rank- rank coefficients. However, 
our estimates of intergenerational persistence are lower than in Olivetti and 
Paserman (2015), who use names rather than occupations, and also lower 
than in Jácome et al. (2024), who measure mobility in terms of  current 
household income and retrospective reports of father’s occupation. Both 
levels and trends in intergenerational mobility for women in the LIFE- M 
Ohio data differ from the national estimates using the Census Tree (Buckles 
et al. 2023), leaving important puzzles for future work.

This chapter contributes a novel historical perspective to a growing body 
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of work examining assortative matching and women’s intergenerational 
mobility in the US in the 19th century (Althoff et al. 2023; Buckles et al. 
2023; Eriksson et al. 2023; Olivetti and Paserman 2015) and the late 20th 
century (Aiyagari et al. 2000; Charles et al. 2013; Eika et al. 2019; Green-
wood et al. 2014). It also contributes historical context for understanding 
changes in marital matching on nativity to modern studies focusing on the 
rise in interracial/interethnic marriages (Gilbertson 1996; Kalmijn 1998; 
Qian 1997; Schoen and Thomas 1989). Finally, it adds to recent studies using 
alternative approaches to studying assortative matching on socioeconomic 
status by considering assortative matching on fathers’ occupational standing 
and women’s own educational attainment separately (Eriksson et al. 2023; 
Jácome et al. 2024; Olivetti and Paserman 2015).

5.2  An Overview of Assortative Matching and Women’s Intergenerational 
Mobility in US History

Assortative matching and women’s intergenerational mobility have been 
difficult to study in US history, largely due to data limitations. Data link-
ing in historical data has tended to focus on fathers and sons, because men 
can be linked using their full first and last names (Abramitzky et al. 2021; 
Collins and Wanamaker 2022; Feigenbaum 2018; Ferrie 1996; Long and 
Ferrie 2013; Song et al. 2020; Tan 2023; Ward 2021). Census- linking proj-
ects have been limited in their ability to follow women over time, because 
women change their surnames at marriage. Consequently, the availability of 
large, systematically linked data has expanded the possibilities for studying 
generational changes for men in the late 19th and early 20th centuries—but 
less for women.

As an example, the Early Indicators Project, led by Dora Costa, pro-
vides an important longitudinal perspective on economic outcomes for men 
during the middle and late 19th century (Wimmer 2003). The data consist 
of 39,340 Union Army (UA) soldiers, approximately 6,200 of whom were 
“Colored Troops.” These data measure the date of death and provide rich 
information on disability, health, use of medical care, and pension receipt 
for men reaching retirement age in the late 19th century. Through links to 
the 1850 and 1930 censuses, the UA data also include sociodemographic 
and economic variables. An important limitation of the UA data is that they 
consist primarily of men (because women did not serve as soldiers in the 
Civil War) and most were born in the North.

The Minnesota Population Center’s (MPC) Linked Representative 
Samples (LRS) merge the full- count 1880 census to the 1850–1930 census 1 
percent samples (Ruggles et al. 2010). The LRS thus combine economic (e.g., 
occupation, literacy, labor force participation, homeownership) and demo-
graphic (e.g., age, birthplace, race, marital status, number of children) out-
comes for around 500,000 people, including both men and women, across 
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the life course. Although large in scale, important limitations of these data 
are that most women cannot be linked between their birth and married fami-
lies (due to surname changes) and that intergenerational coverage consists 
of at most two generations of men (primarily father–son pairs).

More recently, MPC released the Multigenerational Longitudinal Panel 
(MLP), which uses supervised machine learning to link millions of individu-
als between every pair of adjacent censuses from 1850 to 1940 (Helgertz et al. 
2020). The resulting sample sizes range from around 6 million individuals 
linked between the 1850 and 1860 censuses to 52 million individuals linked 
between the 1930 and 1940 censuses. MLP’s linking strategy is implemented 
in two steps. First, men are linked between adjacent censuses as individuals. 
In this step, MLP exploits rich training data and contextual information in 
the linking process (e.g., place of residence, coresident individuals), in addi-
tion to names and basic demographics. This strategy increases match rates 
while reducing the likelihood of false matches, but the final linked sample 
overrepresents men who do not move and who retain the same household 
members. In the second step, the procedure links household members living 
with the men linked in the first step. This second step helps link women who 
are coresiding with their spouses and daughters living with their fathers. As 
in the LRS, census data limitations make it nearly impossible to link women 
who change households or their names at marriage, which means that MLP 
contains a nonrepresentative set of women.

Concurrent with the development of  MLP, Abramitzky et al. (2020) 
released census links under the Census Linking Project (CLP), which also 
links millions of men between every available pair of censuses from 1850 to 
1940. Building on the linking approaches in Abramitzky et al. (2012, 2019), 
CLP uses unsupervised machine learning based on name, race, and year or 
place of birth information in the census. (Note that the difference between 
supervised and unsupervised machine- learning methods is that the latter do 
not use training data to control error rates or optimize performance, result-
ing in smaller linked samples and higher error rates.) Similar to other census 
projects, CLP does not link women.

Recent studies have addressed these data limitations for studying women 
in several ways. Olivetti and Paserman (2015) take the creative approach of 
using children’s first names to impute their childhood socioeconomic status. 
For example, using the 1850 census, they find that fathers of children named 
Edward had higher occupational rank on average than fathers of Jesse. Using 
this information, they compute intergenerational mobility for daughters and 
sons by correlating imputed occupational status of  fathers in childhood 
and own (or husband’s) occupational status in the 1850–1940 decennial 
censuses. They find that both father–son and father–daughter intergenera-
tional elasticities remained stable around 0.31–0.35 for fathers and sons 
and 0.34–0.40 for fathers and daughters in the 19th century. The elasticities 
increased to around 0.49 for both father–son and father–daughter pairs  
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observed between 1900 and 1920, then declined to 0.43 for father–son pairs 
and to 0.37 for father–daughter pairs between 1920 and 1940.

A more direct approach by Eriksson et al. (2023) uses a Feigenbaum’s 
supervised machine- learning approach to link Massachusetts marriage 
certificates to the 1850, 1860, 1870, 1880, 1900, 1910, and 1920 censuses 
to examine the socioeconomic mobility of women in terms of the occupa-
tional standing of their husbands and fathers. They linked 38,760 couples 
(3 percent of all marriage records) to both husbands’ and wives’ adult and 
childhood census records at an error rate between 9 percent and 14 percent 
in the first stage (linking marriage records to postmarriage censuses) and 
between 6 percent and 10 percent in the second stage (linking postmar-
riage to premarriage censuses), depending on the marriage cohort.1 They 
find intergenerational mobility for women, based on either the occupational 
income scores or occupational wealth scores of the father and husband, is 
higher than for men for the 1850–1870 marriage cohorts.2 By 1880–1900 
marriage cohorts, men’s mobility increased, but the women’s did not, lead-
ing rates of intergenerational mobility to converge between the two cohorts.

Buckles et al. (2023) combine census information with a rich and unique set 
of records on FamilySearch .org, one of the largest, user- created genealogi-
cal platforms, to create the “Census Tree.” FamilySearch .org information is 
largely generated by its users, who search the website’s trove of information 
(e.g., vital records, newspapers, cemetery documents, census records) to link 
their own family’s records. The Census Tree combines these user links (which 
they estimate to be correct around 95 percent of the time) with machine 
links (which they estimate to be correct around 86 percent–89 percent  
of the time) to produce a large intergenerational database containing both 
men and women (Price et al. 2021). Because the final Census Tree differs 
from the population (in particular, they are less mobile from their birth state; 
Price et al. 2021, table 7), Buckles et al. (2023) estimate inverse- propensity 
scores to reweight the data to match the census population following the 
procedure in Bailey et al. (2020a, 2020b). Their intergenerational mobility 
estimates for men and women use a variety of occupation scores and an 
instrumental- variables strategy to account for measurement error in occu-
pational status (Solon 1992; Ward 2021). Their results show that intergen-
erational persistence for men and women is almost identical, falling from 
around 0.85 to 0.64 between the cohorts of 1840 and 1890 and remaining 
roughly constant through the cohort of 1910.

More recently, Jácome et al. (2024) pool multiple retrospective surveys 
from the second half  of the 20th century to characterize the long- run evolu-
tion of intergenerational income mobility. Although these surveys are not 

1. The linkage process and false positive rates are reported in Table A3.
2. Eriksson et al. (2023) calculate occupational wealth score based on the value of real and 

all property reported in the 1870 decennial census 1 percent sample.
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drawn from the early 20th century, they contain information on cohorts that 
were born between 1900 and 1920, which overlaps with the youngest cohorts 
in our analysis sample. An important feature of these survey data is that they 
contain a fairly representative set of women as adults, who report retrospec-
tively on their fathers’ occupations. For men and women born between the 
1910s and 1940s, they find that intergenerational income persistence fell, and 
relative intergenerational mobility rose.

Finally, Bailey et al. (2022) use supervised machine learning and rich fea-
tures in the Social Security Application Records (SS- 5) to link over 1.7 mil-
lion men and women born in the US between 1910 and 1919 and their par-
ents to the 1940 census at a 3-percent error rate. The SS- 5 records contain 
detailed information on applicants (full birth and married names, sex, race, 
exact date of birth, state, or country of birth) as well as the full names of 
both parents. These features allow the analysis to identify parent–child rela-
tionships and create nationally representative samples containing all states. 
The limitation of these records is that they contain very few records before 
the birth cohorts of 1900, which limits their historical perspective. Impor-
tantly for this paper, Bailey et al. (2022) find a high degree of intergenera-
tional persistence in education for both women and men, born from 1910 to  
1989.

The estimates of  rising occupational mobility and stable rates of  edu-
cational mobility in Jácome et al. (2024) and Bailey et al. (2022) serve as 
important points of reference for our estimates of women’s occupational 
and educational mobility.

5.3  New Data to Measure Assortative Matching and Women’s 
Intergenerational Mobility

This chapter uses the 1850–1940 decennial censuses as well as the Lon-
gitudinal Intergenerational Family Electronic Micro- database (LIFE- M) 
to construct new estimates of marital matching in the late 19th and early 
20th centuries. This section describes the 1850–1940 decennial censuses and 
LIFE- M data; our analysis samples for age, nativity, education, and occupa-
tional homogamy; and our methods to reweight the linked data.

5.3.1  The Full- Count 1850–1940 Decennial Censuses

For our analysis of age homogamy, we use the 1850–1940 decennial cen-
suses from the Minnesota Population Center’s (MPC) Integrated Public 
Use Microdata Series (IPUMS; Ruggles et al. 2021). We restrict all analytic 
samples to women who (1) were born in the US, (2) were of marriageable age 
(20–60) at the time of enumeration, and (3) were coresiding with their hus-
bands. Because we focus on marriage in the US, we exclude from our analysis 
foreign- born women—many of whom may have married before immigrat-
ing to the US. This choice also increases comparability of the census with 
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the LIFE- M data, because foreign- born individuals are not included in the 
LIFE- M sampling frame of US birth certificates. In addition, many foreign- 
born women married in their country of origin before immigrating and these 
marriage outcomes may reflect the dynamics of marriage markets outside 
the US. Note that although all daughters are US- born, many have fathers 
who are immigrants.

For our analysis of marital matching on nativity, we use the full- count 
1880–1930 censuses, in which individuals reported fathers’ birthplaces to the 
census enumerator. This allows us to consider changes in nativity homogamy 
for a census population without the need to link individuals.3

For our analysis of marital matching on education, we only use the 1940 
census, which was the first census in which individuals reported their educa-
tional attainment. This analysis is restricted to husbands and wives residing 
together at the time of enumeration.

5.3.2  The Longitudinal, Intergenerational Family Electronic  
Micro- Database (LIFE- M)

For each of these analyses, we supplement the census data with the newly 
available LIFE- M database, which links millions of birth records to other 
vital records (death and marriage records) and the historical censuses (1880, 
1900, 1910, 1920, and 1940 censuses), with the goal of minimizing Type I 
linking errors while maximizing link rates.4 The project’s supervised learn-
ing models target Type I error rates below 3 percent, which are further 
reduced in thorough cross- checks across multiple record links. The LIFE- M  
data is particularly useful for examining women’s intergenerational out-
comes, because vital records contain rich information on women’s birth (or 
“maiden”) names, their parents’ names, and their spouses’ names and allow 
women to be tracked from their birth to marriage families (Bailey et al. 
2022). The large sample of linked women allows us to study the evolution of 
marriage outcomes for women across birth cohorts. We restrict our analysis 
to the LIFE- M women who were (1) born in Ohio between 1865 and 1920 
(a narrower time frame than our restriction on the census data due to data 

3. This question is not available prior to 1880. In the 1940 census, only a sample-line per-
son was asked for their father’s birthplace. This means that a woman who is the sample-line 
respondent will report her own father’s birthplace. However, her spouse, who is not a sample-
line respondent, will not. Therefore, we cannot observe both father and father-in-law’s birth-
place for women who do not coreside with their fathers-in-law, which is a selected sample. 
For instance, in the 1940 census, among 1,255,870 women satisfying our data restrictions and 
being the sample-line respondent, only 24,927 women (2 percent) coresided with their fathers- 
in-law.

4. Type I linking errors are cases in which an individual is linked to a different person. 
LIFE-M does not yet link birth records to the 1890 or the 1930 census. The full-count 1890 
census is not available, and the 1930 census is planned for future work. Bailey et al. (2022b) 
present detailed information on data coverage and linking procedures for interested readers. 
This analysis excludes LIFE-M’s North Carolina links, because of the limited sample sizes for 
our birth cohorts of interest.
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availability), (2) of marriageable age (20–60) when observed in the censuses, 
and (3) coresiding with their husbands in the linked censuses. The decennial 
census data provide the target population for our reweighting of the linked 
samples (Bailey et al. 2020a, 2020b). Our methodology for this reweighting 
is discussed in later sections.

5.3.3  LIFE- M Sample Sizes for Different Dimensions of 
Assortative Matching

Table 5.1 reports the number of women in the LIFE- M analytic samples 
for different measures of  assortative matching, as well as the percentage 
of analogous population covered by the LIFE- M samples. The LIFE- M 
samples cover between 21 percent (or 79,122 women in the 1900 census) and 
30 percent (or 391,643 women in the 1940 census) of the female population 
that satisfies our sample restrictions. If  a woman is linked to more than one 
census, we include these links as separate observations in our dataset. This 
data structure allows us to observe women from the same birth cohort at 
different ages across censuses and, therefore, model marriage patterns across 
ages.5

Panel B shows descriptive statistics for the sample for age homogamy, 
which is the least restrictive because it requires only the age of a woman and 
her husband (no information about her father is needed). The sample for 
nativity homogamy in panel C requires the birthplaces of both a woman’s 
father and her father- in- law. We observe the father’s birthplace either from 
the couple’s direct reports (for couples linked to the 1900, 1910, and 1920 
censuses) or through a father’s own links to any census (where he reported 
his own birthplace).6 Panel D shows couples linked to the 1940 census to 
examine assortative matching by education.

The sample to estimate intergenerational mobility by occupation requires 
the most information, including both the occupations of a woman’s father 
and her husband.7 Whereas a husband’s occupation is reported directly 
in the census in which he coresides with his wife, we must additionally link 
women to their fathers to obtain fathers’ occupations. As shown in table 5.1, 
these additional data restrictions reduce sample sizes: the age sample con-
tains 919,025 observations (panel B, column 5), while the intergenerational 
mobility sample contains 263,258 observations (panel E, column 5).

5. Note that women born after 1900 are only observed in the 1940 census, because they were 
younger than 20 in 1920.

6. An alternative measure of nativity homogamy compares the birthplaces of a woman’s 
father and her husband. In that case, the analysis requires additional information on the father’s 
birthplace, as the husband’s birthplace is always reported in the censuses. See Appendix C, 
http:// www .nber .org /data -appendix /c14841 /appendix .pdf.

7. As an alternative measure of occupational homogamy, we also compare the occupations 
of a woman’s father and father-in-law in Appendix D (http:// www .nber .org /data -appendix 
/c14841 /appendix .pdf). In this case, the data require additional information on the father-in-
law’s occupation, which makes the analytic sample even more restrictive.



T
ab

le
 5

.1
 

 S
um

m
ar

y 
of

 L
IF

E
- M

 li
nk

ed
 d

at
a 

an
d 

an
al

ys
is

 s
am

pl
es

 
18

50
ce

ns
us

18
60

ce
ns

us
18

70
ce

ns
us

18
80

ce
ns

us
19

00
ce

ns
us

19
10

ce
ns

us
19

20
ce

ns
us

19
30

ce
ns

us
19

40
ce

ns
us

A
ll

ce
ns

us
es

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

A
. E

ve
r-

 m
ar

ri
ed

 w
om

an
 b

or
n 

in
 th

e 
U

S
 a

nd
 a

ge
s 

20
– 6

0 
in

 th
e 

ce
ns

us

A
ll

2,
40

2,
57

8
3,

07
4,

33
1

4,
37

2,
83

6
7,

11
6,

72
7

11
,2

63
,0

10
14

,3
01

,4
94

17
,5

09
,5

86
22

,0
37

,8
14

26
,5

52
,7

81
10

8,
63

1,
12

0
B

or
n 

in
 O

hi
o,

 1
86

5–
 19

20
37

1,
56

0
67

1,
90

4
97

7,
03

7
1,

30
1,

98
8

3,
32

2,
48

9
L

IF
E

- M
 li

nk
s

79
,1

22
17

9,
21

0
29

3,
19

6
39

1,
64

3
94

3,
17

1

%
 p

op
ul

at
io

n 
lin

ke
d

21
.3

%
26

.7
%

30
.0

%
30

.1
%

28
.4

%

B
. A

ge
 s

am
pl

e:
 P

an
el

 A
 a

nd
 c

or
es

id
en

t w
it

h 
hu

sb
an

d

A
ll

2,
40

2,
57

8
3,

07
4,

33
1

4,
37

2,
79

8
5,

99
2,

63
4

9,
50

2,
52

2
12

,1
32

,3
65

14
,9

02
,7

51
18

,6
16

,6
33

22
,2

75
,7

60
93

,2
72

,3
72

B
or

n 
in

 O
hi

o,
 1

86
5–

 19
20

34
2,

63
3

60
9,

06
0

86
2,

23
6

1,
12

3,
87

9
2,

93
7,

80
8

L
IF

E
- M

 li
nk

s
78

,0
78

17
6,

88
2

29
0,

33
7

37
3,

72
8

91
9,

02
5

%
 p

op
ul

at
io

n 
lin

ke
d

22
.8

%
29

.0
%

33
.7

%
33

.3
%

31
.3

%

C
. N

at
iv

it
y 

sa
m

pl
e:

 P
an

el
 B

 a
nd

 n
on

m
is

si
ng

 b
ir

th
pl

ac
e 

of
 fa

th
er

 a
nd

 fa
th

er
- i

n-
 la

w

A
ll

5,
99

2,
63

4
9,

50
2,

52
2

12
,1

32
,3

65
14

,9
02

,7
49

18
,6

16
,6

33
61

,1
46

,9
03

B
or

n 
in

 O
hi

o,
 1

86
5–

 19
20

34
2,

63
3

60
9,

06
0

86
2,

23
6

1,
81

3,
92

9
L

IF
E

- M
 li

nk
s

78
,0

91
17

6,
88

5
29

0,
33

1
16

4,
96

9
71

0,
27

6

%
 p

op
ul

at
io

n 
lin

ke
d

22
.8

%
29

.0
%

33
.7

%

D
. E

du
ca

ti
on

 s
am

pl
e:

 P
an

el
 B

 a
nd

 n
on

m
is

si
ng

 e
du

ca
ti

on
 o

f 
co

up
le

A
ll

21
,8

07
,1

16
B

or
n 

in
 O

hi
o,

 1
86

5–
 19

20
1,

11
0,

81
1

L
IF

E
- M

 li
nk

s
36

8,
72

0

%
 p

op
ul

at
io

n 
lin

ke
d

33
.2

%

E
. O

cc
up

at
io

na
l i

nt
er

ge
ne

ra
ti

on
al

 m
ob

ili
ty

: P
an

el
 B

 a
nd

 n
on

m
is

si
ng

 o
cc

up
at

io
ns

 o
f 

fa
th

er
 a

nd
 h

us
ba

nd

L
IF

E
- M

 li
nk

s
9,

66
9

28
,2

23
68

,5
24

15
6,

84
2

26
3,

25
8

N
ot

e:
 T

he
 ta

bl
e 

re
po

rt
s 

th
e 

nu
m

be
r 

of
 w

om
en

 th
at

 s
at

is
fy

 v
ar

io
us

 c
ri

te
ri

a 
fo

r 
di

ff
er

en
t s

am
pl

es
. W

e 
fir

st
 r

ep
or

t t
he

 U
S-

 bo
rn

 fe
m

al
e 

po
pu

la
ti

on
 a

nd
 th

en
 th

e 
O

hi
o-

 bo
rn

 f
em

al
e 

po
pu

la
ti

on
 s

at
is

fy
in

g 
th

e 
sa

m
pl

e 
co

nd
it

io
ns

. T
he

n 
w

e 
re

po
rt

 t
he

 n
um

be
r 

of
 w

om
en

 in
 t

he
 L

IF
E

- M
 w

ho
 a

re
 li

nk
ed

 t
o 

ea
ch

 c
en

su
s 

an
d 

sa
ti

sf
y 

th
e 

sa
m

e 
co

nd
it

io
ns

. F
in

al
ly

, w
e 

ca
lc

ul
at

e 
th

e 
pe

rc
en

ta
ge

 o
f 

th
e 

fe
m

al
e 

po
pu

la
ti

on
 li

nk
ed

 th
ro

ug
h 

L
IF

E
- M

 (b
ol

d 
an

d 
it

al
ic

).
 In

 p
an

el
 C

, t
he

 p
op

ul
at

io
n 

in
 t

he
 1

94
0 

ce
ns

us
 is

 m
is

si
ng

 b
ec

au
se

 f
at

he
r’s

 b
ir

th
pl

ac
e 

is
 o

nl
y 

re
po

rt
ed

 f
or

 s
am

pl
e-

 lin
e 

re
sp

on
de

nt
s 

bu
t 

no
t 

al
l i

nd
iv

id
ua

ls
. P

an
el

 E
 e

xc
lu

de
s 

th
e 

ce
ns

us
 

po
pu

la
ti

on
 a

nd
 th

e 
lin

k 
ra

te
 b

ec
au

se
 it

 is
 u

nk
no

w
n 

ho
w

 m
an

y 
fa

th
er

s 
an

d 
hu

sb
an

ds
 h

av
e 

no
nm

is
si

ng
 in

fo
rm

at
io

n 
ou

ts
id

e 
th

e 
L

IF
E

- M
 s

am
pl

e.
 T

he
 o

cc
up

a-
ti

on
 o

f 
th

e 
fa

th
er

 is
 o

nl
y 

av
ai

la
bl

e 
in

 th
e 

L
IF

E
- M

 sa
m

pl
e,

 w
hi

ch
 c

on
ta

in
s t

he
 o

cc
up

at
io

n 
of

 th
e 

fa
th

er
 fr

om
 h

is
 o

w
n 

lin
k 

to
 a

ny
 c

en
su

s b
et

w
ee

n 
18

80
 a

nd
 1

94
0.



Marital Matching and Women’s Intergenerational Mobility    175

5.3.4  Representativeness of Linked Samples

One major concern with historical linked samples relates to their repre-
sentativeness (Bailey et al. 2020a, 2020b), especially because nonrepresen-
tative samples may lead to misleading inferences about population- level 
intergenerational mobility (Bailey et al. 2020a, 2020b; Jácome et al. 2024). 
To improve the representativeness of our samples, we create custom weights 
for each linked sample in table 5.1 using inverse propensity scores for each 
birth cohort and census year (Bailey et al. 2020a, 2020b; DiNardo et al. 1996; 
Heckman et al. 1998). Appendix A (http:// www .nber .org /data -  appendix 
/c14841 /appendix .pdf) describes this procedure in detail.

Table 5.2 presents descriptive statistics for the 1900 to 1940 censuses (panel 
A, column 1; panel B, columns 1, 6) as well as the unweighted and inverse- 
propensity- score weighted samples of the LIFE- M data (panel A, columns 2, 
4, 6, 8; panel B, columns 2, 4, 7, 9). Differences between the target census popu-
lation and the weighted LIFE- M samples are in panel A (columns 5 and 9) and 
panel B (columns 5 and 10), with standard errors listed beneath in parentheses. 
The unweighted samples are noticeably different from the censuses in almost 
every characteristic, including individuals’ birth years (due to the LIFE- M 
sampling frame) as well as other characteristics such as husband’s occupa-
tional income score, coresidence with parents, out- of- birth- state migration, 
and urban residence, among others. In contrast, the weighted samples are more 
balanced in terms of these characteristics. Although some of the reweighted 
means for the LIFE-M data are statistically different from the census, this is 
due to very large sample sizes: the magnitudes of these differences are very 
small, especially relative to the unweighted sample differences. Similarity in 
observed characteristics does not guarantee balance in unobserved charac-
teristics, but the comparability in observed characteristics is reassuring. As an 
additional point of comparison, we later show that both the magnitudes and 
trends in our weighted LIFE- M linked samples closely track the results in the 
census across cohorts when available, whereas the unweighted samples do not 
(figs. 5A.1–5A.4, http:// www .nber .org /data -  appendix /c14841 /appendix .pdf).

5.4  Statistical Methodology

We characterize historical trends in assortative matching in four dimen-
sions: age, nativity, education, and intergenerational occupational mobility. 
Ideal data for our analysis would include marital outcomes with educa-
tional and occupational histories for all individuals in the US. In practice, 
we observe only couples who are married and coresiding at a point in time, 
which means that observed married couples are often different from the 
population of married couples from the same birth cohort. Figure 5.1 shows 
this changing selection of the observed couples by age, which presents a 
key challenge for the analysis. Panel A depicts the average age difference 
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between husbands and wives by the women’s birth cohort in the 1850 to 
1940 censuses. Within each census year, the average age difference within a 
couple is largest when the cohort is younger and smaller when the cohort 
is older. For example, married women born in 1880 who were age 20 in the 
1900 census (empty square markers) were more than six years younger than 
their husbands on average, whereas the same cohort of women age 60 in the 
1940 census (cross markers) were only about three years younger than their 
husbands. This pattern reflects the fact that women who marry at younger 
ages disproportionately marry older men. It also reflects survival bias in 
marriages: women who are age 60 are much less likely to be married to a 
partner who is much older than them, because his mortality risk increases 
with age. Figure 5A.1 (http:// www .nber .org /data -  appendix /c14841 /appendix 
.pdf) presents age selection in terms of nativity homogamy. Failing to adjust 
for this selection could severely bias estimates of age homogamy and, poten-
tially, other measures of marital sorting.

To adjust for selection into marriage by age, we estimate the following 
linear regression model by ordinary least squares (OLS):

(1) Yit = fk + q(ageit ) + it ,

where the dependent variable,Yit, is the marriage outcome of interest, either 
the husband–wife age difference or a binary variable for same nativity of 
father and father- in- law for woman i coresiding with her husband in the 
census year t.8 We code “same nativity” if  a woman’s father and father- in- 
law were born in the same grouping of countries. Considering the border 
changes in many nations in the late 19th and early 20th centuries, we com-
bine countries that are close to each other geographically and culturally 
that changed borders into the same country group. While this measure will 
overstate the share of father- father- in- law nativity homogamy in terms of 
individual countries, we are more confident that changes in this measure cap-
ture real differences in country and culture of origin rather than changes in 
national borders.9 We group women into five- year cohort bins, fk, to reduce 

8. We also consider alternative measures, such as the absolute difference in age between hus-
bands and wives and a binary measure of whether a woman is over three years younger than 
her husband. These results are reported in Appendix B (http:// www .nber .org /data -appendix 
/c14841 /appendix .pdf) and change the story of our main analysis little.

9. Appendix C (http:// www .nber .org /data -appendix /c14841 /appendix .pdf) describes these 
detailed country groups. We also consider an alternative measure of same-nativity marriage: 
whether the woman’s father and husband had the same birth country group. Although closely 
related to the baseline measure, the two definitions capture marital sorting in different ways. For 
instance, if  a US-born daughter of a German immigrant married a US-born son of another 
German immigrant, the marriage is a same-nativity marriage according to our baseline defini-
tion. However, it is regarded as a cross-nativity marriage using the second definition because 
the woman’s father was born in Germany and her husband was born in the US. The baseline 
definition is thereby less affected by immigration shocks and better reflects the intergenerational 
persistence of nativity preference for partners. These alternative measures yield similar results 
and are presented in Appendix C (http:// www .nber .org /data -appendix /c14841 /appendix .pdf).



Figure 5.1 Husband– wife age differences, by wife’s birth cohort
Note: The figures depict the mean husband- wife age difference (husband’s minus wife’s age) 
by wife’s birth year. Due to the age heaping in the census and sample sizes in LIFE- M, we 
group women into five- year birth cohorts and plot the estimates for the midpoint of  each five- 
year birth- year group. Panel A presents the mean age differences by census for the sample in 
panel A of table 5.1 and also the birth cohort (dashed line). Panel B presents the cohort- 
specific mean age differences, unadjusted and age- adjusted as described in the text.
Source: 1850– 1940 Full- Count Census Data (Ruggles et al. 2021).
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noise, and q (ageit) is a quartic function of the cohort’s age in census year t. 
After estimating this model using the full- count 1850–1940 US decennial 
censuses (omitting the unavailable 1890 census), we predict outcomes for 
each birth cohort at a common age—35—thereby adjusting the data for 
selection into or out of married coresidence at different cohort ages in the 
census. Standard errors are clustered for dependence at the birth- cohort year 
level (Moulton 1986).

These census estimates can be compared to those from the LIFE- M 
sample, which are weighted to reflect observed characteristics in the cen-
sus using inverse- propensity- score weights (Bailey et al. 2020a, 2020b). Our 
ability to compare estimates across these samples allows us to assess the 
quality of  the LIFE- M sample as well as assess the external validity of 
Ohio relative to a nationally representative, unlinked source. Because the 
censuses are available, the LIFE- M sample is not necessary to examine age 
or nativity homogamy. However, the comparison of the LIFE- M estimates 
to census estimates is useful for analyses in which the census cannot be used, 
for example, for the intergenerational occupational mobility analyses.

Our analysis of marital matching on education builds on a large litera-
ture on intergenerational mobility (Black and Devereux 2011; Chetty et al. 
2014a, 2014b, 2017; Deutscher and Mazumder 2023). We measure the edu-
cational attainment of wives and their husbands in the 1940 census, the first 
census to report this outcome.10 Because we observe education in only one 
census, we cannot adjust by age as we do in the previous analysis. For this 
reason, the analysis uses women ages 30 to 60 to minimize the effects of 
selection into marriage by age. Following Greenwood et al. (2014, 2016) and 
Eika et al. (2019), we examine assortative matching using OLS to estimate 
the following linear model,

(2) EduciW =
j

j Dj Educi + fj + i ,

where EduciW is the educational attainment for wife i; Educi is her husband’s 
educational attainment; Dj is a dummy variable for women born in year 
j ; and fj captures individual birth- year fixed effects. The cohort- specific 
homogamy coefficient γj is a measure of educational homogamy for women 
of birth cohort j. To account for changes in the marginal distributions of 
education across time, we also present intergenerational educational cor-
relation estimates, in which EducW and Educ in equation 3 are normalized 
to have a mean of zero and a standard deviation of 1 within cohort groups. 
Because there are so many ties (identical values) for educational attainment, 
we do not use the rank- rank approach that is often used for income (Chetty 
et al. 2014a, 2014b). Standard errors are clustered for dependence at the 
birth- cohort year level (Moulton 1986).

10. Censuses before 1940 ask about literacy but not detailed educational attainment.
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A final analysis uses only the LIFE- M sample to compute intergenera-
tional occupational persistence between a woman’s father and her husband 
using the occupational score of their occupation. For the occupational score, 
we use those calculated by IPUMS (Ruggles et al. 2021). These represent the 
median total income (in hundreds of 1950 dollars) of all persons with that 
particular occupation in 1950.11 We choose to associate a husband’s occupa-
tion score rather than women’s own, because few women participated in the 
labor market in this period. This measure has several other advantages as 
well. First, occupations are readily reported in all historical censuses, which 
allows us to consider a long period of time. Second, occupation captures a 
more permanent component of socioeconomic status than income, because 
it does not experience transitory shocks and is less subject to measurement 
error. In addition, occupational scores are used in other studies of inter-
generational mobility (Eriksson et al. 2023; Olivetti and Paserman 2015), 
which facilitates straightforward comparisons to important findings in the 
literature.

We estimate the following specification of intergenerational persistence 
by OLS,

(3) log(OccScore)it =
k

kDk  log(ParentOccScore)i

+ log(ParentOccScore)i  q(ageit) + fk + i ,

where log(OccScore)it captures the occupational standing of the husband of 
woman i, in the observed census year t, and log(ParentOccScore)i captures 
the occupational standing of  the woman’s father. We group women into 
cohort bins such that Dk is a dummy variable for women born in cohort  
k(k = 1865–1867, 1868–1872, 1873–1877, . . . , 1912–1917, 1918–1920) 
and fk is a set of individual cohort fixed effects.12 A quartic function of the 
woman’s age in the census, q (ageit), helps capture lifecycle bias and age- 
based selection into marriage.

The coefficient of interest, γ, is the intergenerational elasticity (IGE)—an 
estimate of intergenerational persistence that measures how fathers’ occupa-
tional standing is associated with the occupational standing of their daugh-
ters’ husbands. A higher value of  γ corresponds to higher persistence in 

11. The use of occupational income score facilitates comparisons with some studies related 
to our question of interest, particularly with Olivetti and Paserman (2015) who use the same 
occupational income score. However, this is a departure from other work such as Collins and 
Wanamaker (2022), who generate occupational scores based on 1940 wage income information 
by 3-digit occupation, with some adjustments for self-employed workers and farm workers; 
these scores are computed separately by race and census division of residence. Song et al. (2020) 
use a status measure that is based on literacy/education and occupation. Ward (2021) adjusts for 
racial and regional inequality in his “adjusted Song score” which is based on literacy/education 
by occupation, race, and region.

12. We chose to center these bins on multiples of five for all but the first and last bins to 
account for age heaping.
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socioeconomic status across generations, or alternatively lower social mobil-
ity. Importantly, γ is both affected by the parent–child correlation but also 
the relative variance in their outcomes (Eika et al. 2019; Gihleb and Lang 
2020). To adjust for the fact that the distribution of occupational scores 
evolves over time, we also present intergenerational correlation estimates, 
in which logOccscore and logParentOccScore in equation 2 are normalized 
to have a mean of zero and a standard deviation of 1 within cohort groups.

We supplement these log- log estimates using a rank- rank approach 
(Chetty et al. 2014a, 2014b). For these analyses, we rank father’s occupa-
tional score relative to all the fathers of the US- born women in cohort j from 
the most recent census when children were under age 10. For instance, we 
use the national distribution of fathers’ occupational income scores in the 
1910 census for women born between 1901 and 1910, when most girls were 
coresiding with their fathers. We rank husbands by occupational score for a 
woman in birth cohort j observed in census year t. We then estimate equa-
tion 2, replacing logOccscore with occupational rankings. A higher rank- 
rank coefficient suggests stronger marital sorting on occupation and lower 
intergenerational mobility for women. All regressions are weighted by the 
inverse propensity- score weights, and standard errors are clustered at the 
birth- cohort level (Moulton 1986).

Both the rank- rank coefficients and intergenerational elasticities measure 
relative mobility, without much information on upward or downward mobil-
ity. Following Chetty et al. (2017), our third measure is absolute mobility: 
(1) the mean husband’s occupational rank for a woman born to a father 
ranked below the median in the fathers’ occupational score distribution 
and (2) the mean husband’s occupational rank for a woman born to a father 
ranked above the median. The former measures absolute upward mobility, 
whereas the latter measures absolute downward mobility. See Deutscher and 
Mazumder (2023) for an in- depth comparison of these measures.

5.5  Results: Marital Matching in the Late 19th and Early 20th Centuries

We begin with an analysis of age homogamy. Panel B of figure 5.1 com-
pares the age- adjusted and unadjusted (raw) series of husband- wife age dif-
ferences for cohorts born from 1790 to 1920 and married from around 1810 
to 1940. The unadjusted series is based on the simple averages by cohort in 
the combined censuses. The age adjustment significantly changes the ante-
bellum national trends, correcting the sharp upward rise in husband- wife 
age differences for the fact that women born earlier in the century are older 
when they are observed in the 1850 census. The unadjusted series increases 
from 3.2 years to 5.3 years between the 1790 and 1840 cohorts, whereas 
the age- adjusted series only increases from 4.7 years to 5.2 years for the 
same cohorts. After peaking for cohorts born from 1830 to 1840 at 5.2, 
husband–wife age differences decrease to around 5 years for the 1880 birth 
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cohort—women getting married around the turn of the century. In short, 
age homogamy in marriage changed more modestly over the 19th century 
than previously believed—much less than implied by the series unadjusted 
for age selection (Rolf  and Ferrie 2008).13 The big picture is that relative 
stability in age homogamy during the 19th century makes the transition to 
smaller within- couple age gaps beginning in the 20th century appear more 
exceptional rather than a return to antebellum US marriage patterns.

We also compare changes in age homogamy for the weighted LIFE- M 
sample to two reference groups: (1) the age- adjusted population for Ohio- 
born women for the same cohorts from the census and (2) the age- adjusted 
population for all US- born women. Panel A of figure 5.2 plots these results 
for women born between 1865 and 1920 and married between roughly 1885 
and 1940. Importantly, both the levels and trends in the LIFE- M data track 
those for the population of Ohio- born women in the census. This finding 
underscores the ability of high- quality links and inverse- propensity score 
reweighting to recover population parameters even when linked samples 
are not representative. It also increases our confidence in the results for 
occupational sorting that are based only on linked samples when census 
estimates are unavailable.

Another key finding is that, while trends in age homogamy among Ohio- 
born women appear similar to changes in the US after 1880, the average 
husband–wife age difference was around half  a year smaller in Ohio— 
a difference likely due to Ohio’s industrialization and economic development 
relative to the nation. Indeed, panel B of figure 5.2 makes clear the pattern in 
age differences by level of economic development, with the most developed 
census region (Northeast) having smaller husband- wife age differences than 
the least developed census region (South). The Ohio sample from LIFE- M 
exhibits a smaller age gap on average but follows patterns identical to the 
Midwest.

We next extend our analysis of marital homogamy to nativity. Figure 5.3 
plots the age- adjusted estimates of  the likelihood of  same- nativity mar-
riages based on birth country groups of  a woman’s father and father- in- 
law. The age- adjusted trend shows a continuous decline in same- nativity 
marriages between the 1820 and 1890 cohorts, roughly married between 
1840 and 1930. The probability of  a woman marrying a husband from 
the same nativity group decreased, from 92 percent for the 1820 cohort to 
around 75 percent for the 1890 cohort. After that, the age- adjusted prob-
ability of a same- nativity marriage remained fairly stable between the 1890 
and 1910 cohorts (marriages roughly occurring between 1910 and 1940), 
whereas the unadjusted trend shows significantly increasing same- nativity 

13. Appendix Figure B.1, Panels A and B, (http:// www .nber .org /data -appendix /c14841 
/appendix .pdf) shows a similar trend in the absolute age difference and the probability of 
marrying a husband at least three years older.



Figure 5.2 Husband– wife age differences, by wife’s birth cohort
Note: The figures depict the mean husband- wife age difference by wife’s year of birth. Panel 
A presents the age- adjusted cohort- specific mean age differences for US- born women in the 
censuses, Ohio- born women in the censuses, and weighted LIFE- M sample of Ohio-born 
women. The LIFE- M data are weighted using inverse propensity scores as described in the 
text. Panel B presents the age- adjusted cohort- specific mean age differences for US- born 
women by their census region of residence along with the Ohio-born women in LIFE- M data. 
Due to age heaping in the census, we group women into five- year birth cohorts and plot the 
estimates for the midpoint of  each five- year birth- year group. The 95-percent confidence in-
tervals are shown as the shaded area.
Source: 1850– 1940 Full- Count Census Data (Ruggles et al. 2021) and LIFE- M samples (Bai-
ley et al. 2022).



Figure 5.3 Nativity homogamy by father and father- in- law’s country group of ori-
gin, by wife’s birth cohort
Note: The figures show nativity homogamy, defined as a woman’s father and her father- in- law 
being born in the same group of countries. Panel A plots the age- adjusted nativity homogamy 
by the woman’s birth year. (See corresponding series by census and not adjusted by age in 
Appendix Figure C.1.) Panel B plots the age- adjusted nativity homogamy by the woman’s 
birth year for all US- born women and Ohio- born women in the weighted LIFE- M and census 
data. The LIFE- M data are weighted using inverse propensity score weights as described in 
the text. Panel C plots age- adjusted nativity homogamy in census samples by women’s census 
region of residence. Due to age heaping in the census, we group women into five- year birth 
cohorts and plot the estimates at the midpoint of  the group. The 95-percent confidence inter-
vals are shown as the shaded area.
Source: 1880– 1930 census data (Ruggles et al. 2021) and LIFE- M samples (Bailey et al. 2022).
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marriages for this period. The differences between the unadjusted trend and 
the age- adjusted trend can also be explained by selection into marriage for 
more recent cohorts. As Appendix Figure C.1 (http:// www .nber .org /data 
-  appendix /c14841 /appendix .pdf) shows, women marrying at younger ages 
(which are the ones we observe for these younger cohorts) tended to marry 
husbands in the same nativity group, and the age adjustment helps adjust 
for this tendency.14

Panel B of figure 5.3 presents the probability of a same- nativity marriage 
for Ohio- born women in both the LIFE- M sample and analogous census 
population data. Similar to the estimates for husband- wife age differences, 
the age- adjusted LIFE- M estimates and census estimates for Ohio- born 
women are almost identical—so much so that the dashed line for the cen-
sus is barely visible in the figure once the LIFE- M data appear for women 
born after 1865. This similarity again lends credibility to the linked LIFE- M 
sample’s findings and underscores the power of  using inverse- propensity 
reweighting to achieve balance. A second finding, however, is the diver-
gence in the trend for Ohio- born women from US- born women. Among 
Ohio- born women, nativity homogamy increased from around 0.75 to 0.82 
between 1885 and 1940 (cohorts born between 1865 and 1910), signaling an 
increase in marital sorting by father’s country group of origin in the rapidly 
industrializing economies of the Midwest. Examining regional trends for all 

14. Appendix Figure C.2 (http:// www .nber .org /data -appendix /c14841 /appendix .pdf) shows 
a similar national trend when defining same-nativity marriages as a woman’s father and hus-
band being born in the same group of countries. Similar to the series in Figure 5.3A, we find a 
significant decline in same-nativity marriage between the 1820 and 1870 cohort, and after that, 
the probability of a same-nativity marriage remained steady between 1870 and 1910.

Figure 5.3 (cont.)
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US- born women in panel C of figure 5.3 shows only slight increases in nativ-
ity homogamy in the broader Midwest census region and West in the early 
20th century (cohorts marrying between 1910 and 1930), suggesting that 
the patterns in Ohio were more the exception than the norm in this period.

Next, we consider changes in marital matching on education, as measured 
by the association of husbands’ and wives’ education in the 1940 census using 
equation 2. Although these trends are not well estimated for cohorts born 
before 1880, these comparisons are available for all US- born individuals as 
well as for Ohio- born individuals in the 1940 census and LIFE- M samples.15 
Figure 5.4 shows the cohort- specific slope coefficients (panel A) and correla-
tions (panel B) using equation 2. Notably, the reweighted LIFE- M data again 
track the census estimates for Ohio- born individuals very closely, which 
again lends credibility to results using the LIFE- M sample when it cannot 
be benchmarked in the intergenerational analyses. The results show that the 
association of husbands’ and wives’ slope coefficients remained stable for 30 
years, for women born between 1880 and 1910 (married between 1900 and 
1930), decreasing very slightly for the youngest cohorts (born between 1905 
and 1910). Similarly, correlation coefficients increased by only a few points 
over the period, suggesting very slight increases in assortative matching on 
education after accounting for the decreasing variance in women’s educa-
tional attainment relative to men’s across cohorts.

In addition, differences between the estimates for the entire US versus 
Ohio- born residents suggest that Ohio had less assortative matching on 
education, which is important to keep in mind when considering the exter-
nal validity of the estimates from the LIFE- M sample. Figure 5.5 shows the 
correlation coefficients by census region, which indicates that women in the 
Northeast, Midwest, and West were less assortatively matched on education 
than women in the South, which raises the estimates for the nation. Like 
the national trends, however, the regional trends are very stable over time.

In contrast, figure 5.6 shows that women’s intergenerational mobility, 
as measured by fathers’ and husbands’ occupational standing, was stable 
in the 19th century and increased meaningfully in the early 20th century. 
Importantly, these comparisons are not available for all US- born women, 
so figure 5.6 only uses the LIFE- M sample for women born in Ohio from 
1865 to 1920. Panel A plots the cohort- specific rank- rank coefficients, the 
intergenerational elasticities (IGE, or log- log coefficients), and correlations 
based on the regressions specified in equation 3. For the 1865 to 1890 cohorts 
(marriages from 1890 to 1910), we find little change in either the rank- rank 
or IGE estimates. Assortative matching in terms of husbands’ and fathers’ 
occupational standing was fairly stable in the 19th century.

However, intergenerational persistence declined, and mobility increased, 

15. The 1940 census is the first to ask this question and the education-mortality gradient 
makes older cohorts more selected and less representative.



Figure 5.4 Assortative matching by educational attainment, by wife’s birth cohort
Note: Panel A depicts education homogamy as captured by regressing a wife’s educational 
attainment on her husband’s educational attainment. Educational attainment measures the 
highest grade completed as reported in the 1940 census. Panel B presents the correlation coef-
ficients. The LIFE- M data are weighted using inverse propensity score weights as described in 
the text, and 95-percent confidence intervals are shown as the shaded area.
Source: 1880– 1940 Full- Count Census Data (Ruggles et al. 2021) and LIFE- M samples (Bai-
ley et al. 2022).
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rapidly for the cohorts born between 1890 and 1920, marriages taking place 
between 1910 and 1940. Both the IGE and rank- rank coefficients decreased, 
from 0.32 for the 1890 cohort to 0.15 for the 1920 cohort, which correspond 
to marriages occurring between 1910 and 1940. Changes in absolute mobility 
follow similar patterns (panel B). For all cohorts, the average occupational 
rank of husbands was significantly higher for daughters of above- median 
occupational rank fathers than for daughters of below- median occupational 
rank fathers. This is strong evidence for assortative marital matching by 
socioeconomic status. These patterns remained fairly stable for cohorts born 
between 1865 and 1890 (marriages from 1885 to 1910), but both upward and 
downward mobility increased sharply for cohorts born between 1890 and 
1920 (marriages from 1910 to 1940).

Although we cannot compute estimates for other census regions, Figure 5.7 
compares our estimates to those from other studies. Our estimates of Ohio- 
born women are slightly lower in level but compare favorably to Olivetti and 
Paserman (2015), especially for their Midwest sample. The fact that names 
are stickier than occupations, which can be upgraded over one’s lifetime, may 
explain why occupational homogamy appears lower and economic mobil-
ity appears higher using occupational measures. Differences from levels in 

Figure 5.5 Assortative matching by educational attainment, by wife’s birth cohort 
and census region
Note: The series plots the correlation coefficients in educational attainment between husband 
and wife by wife’s birth cohort using the 1940 census. For region- specific coefficients, we group 
women into five- year cohorts centering on years ending with 5 or 10. For the earliest cohorts, 
we group the 1880– 1882 cohorts and plot them as the 1880 cohort. For the latest cohorts, we 
group the 1908– 1910 cohort and plot their estimates as the 1910 cohort. The shaded area 
shows the 95-percent confidence intervals. See also notes to figure 5.6.
Source: 1880– 1940 Full- Count Census Data (Ruggles et al. 2021).



Figure 5.6 Intergenerational mobility by husband’s and father’s occupation score, 
by wife’s birth cohort
Note: The figures depict changes in occupational homogamy by wife’s year of birth according 
to the relationship between her father’s and husband’s occupational income scores, which are 
based on the median income by occupation in the 1950 Census. Panel A characterizes relative 
mobility in terms of log- log and rank- rank coefficients derived from regressing the log/rank 
of husband’s occupational score on the log/rank of father’s occupational score. Panel B plots 
absolute upward and downward mobility by plotting the husband’s occupational rank for 
women whose fathers fall below or above the national median. We group women into five- year 
birth cohorts and plot the estimates for the midpoint of  each five- year birth- year group. The 
LIFE- M data are weighted using inverse propensity score weights as described in the text. The 
95-percent confidence intervals are shown as the shaded area.
Source: LIFE- M samples (Bailey et al. 2022).
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Jácome et al. (2024) likely reflect the fact that retrospective reports of fathers’ 
occupations may reflect his most persistent occupation rather than his work 
at only one point in time, as measured in the census.16 Said another way, our 
measures of occupation from the census may mismeasure socioeconomic 
standing for much of childhood relative to retrospective reports due to tran-
sitory factors or life cycle biases (Mazumder 2005; Solon 1992).

16. See Ward (2021) for an in-depth discussion of this source of measurement error in occu-
pations in historical census data and Haider and Solon (2006) for a discussion of lifecycle bias 
more generally.

Figure 5.7 Estimates from different studies of intergenerational mobility, by wife’s 
birth cohort
Note: The figure depicts estimates of intergenerational persistence of women in this paper (the 
squares), as well as the other three related works. The asterisks and cross marks refer to the 
estimates by Buckles et. al. (2023). The circles refer to the estimates by Olivetti and Paserman 
(2015). Their estimates are based on a child’s first name and pseudo- linking between a father’s 
occupational income score and a husband’s occupational income scores, as defined by median 
total income (in hundreds of 1950 dollars) of  all persons with that particular occupation in 
1950 (Ruggles et al. 2021). Their estimates are calculated by census years, and we realign them 
on the woman’s birth cohort by subtracting 25 from the census years. The diamonds refer 
to the estimates by Jácome et al. (2024), which uses surveys reporting fathers’ occupations to 
create occupational- income scores and daughters’ family incomes. Their estimates are calcu-
lated by the woman’s birth cohort and are plotted accordingly. The triangles are estimates 
from Eriksson et. al. (2023), which are based on links between Massachusetts marriage cer-
tificates from 1850 to 1915 to the 1850, 1860, 1870, 1880, 1900, 1910, and 1920 censuses. We 
plot their estimates based on 1950 occupational income scores for best comparison with our 
estimates. They do not report confidence intervals so these are not reported here. We translate 
their estimates for the marriage cohorts 1850– 1870, 1860– 1880, 1880– 1900, and 1900– 1920 to 
the birth cohorts of  the 1840s, 1850s, 1870s, and 1890s.
Source: LIFE- M samples (Bailey et al. 2022).
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It is harder to interpret the differences in levels from Eriksson et al. (2023). 
Like Eriksson et al. (2023), this chapter also uses occupational measures but 
has lower match rates (7 percent to 9 percent) and higher linking error rates 
(9 percent to 13 percent) than in the LIFE- M data. The former could make 
their data less representative and the latter could attenuate intergenerational 
elasticities. In addition, intergenerational occupational mobility may differ 
between Massachusetts and Ohio, as suggested by stratifications by region 
for our age, nativity, and education results.

The largest differences in levels and trends emerge between our estimates 
and those of  Buckles et al. (2023), who use the Census Tree data, a dif-
ferent occupational- income score definition, and an instrumental variables 
approach to account for measurement error in occupational status. These 
differences in estimates remain open questions for future research to resolve.

To complement these findings, we also examine marital sorting by occu-
pational standing of a woman’s father and father- in- law, instead of the hus-
band. The level of marital sorting by parents’ socioeconomic outcomes can 
reflect the relative strength of ascribed and acquired traits in the marriage 
market (Charles et al. 2013). We measure the sorting by fathers’ occupa-
tions by estimating equation 3, but we replace the husband’s occupational 
standing with that of his own father. Appendix Figure D.1 (http:// www .nber 
.org /data -  appendix /c14841 /appendix .pdf) plots the results. We find a similar 
trend between the 1870 and 1890 cohorts, and the rank- rank coefficients 
decreased significantly from 0.35 for the 1890 cohort to around 0.25 for 
the 1910 cohort. The decline is smaller than that of rank- rank coefficients 
between father and husband (fig. 5.6, panel A), suggesting that the increase 
in intergenerational mobility of women was caused by both decreasing mari-
tal sorting on parents’ socioeconomic status and increasing intergenera-
tional mobility of husbands.

Overall, the trends in figure 5.7 reinforce the conclusion that occupational 
homogamy changed little in the late 19th century for marriages starting 
between 1880 and 1900 (cohorts born between 1860 and 1880). However, 
for women born in the early 20th century intergenerational persistence 
decreased and economic mobility increased.

5.6  Conclusion

This chapter contributes to the economic history of American inequality 
by characterizing the evolution of marital matching during the late 19th 
and early 20th century, the eras of mass immigration, rapid industrializa-
tion and economic growth, urbanization, the Great Depression, and war. 
We find that age homogamy changed very little during the 19th century, 
which makes the rapid transition to smaller within- couple age gaps in the 
20th century appear exceptional rather than a return to antebellum US mar-
riage patterns. As mass immigration to the US transformed the nation, the 
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likelihood that a woman was married to a man whose father was born in 
the same group of countries as her father declined rapidly—a decrease in 
nativity homogamy, suggesting intermarriage helped stir the US melting 
pot. From 1900 to 1940, women’s intergenerational mobility in terms of her 
husband’s occupational standing relative to her father’s increased, whereas 
the association of husbands’ and wives’ educational attainment changed 
little. As the high school movement transformed America’s public school 
landscape, we conclude that women’s own educational attainment remained 
a powerful force in shaping their socioeconomic status in adulthood. Under-
standing how these trends shaped—and were themselves shaped—by the 
demographic transition, rapid industrialization, and the transformation of 
women’s paid work remains for future research.
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