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ABSTRACT

The quality and representativeness of longitudinal datasets play a central role in historical
migration research. In this study, we apply the child-ladder (CL) method to a population-scale
family tree dataset to analyze U.S. interstate family migration from 1850 to 1920. The CL
method infers moves from changes in birthplaces between successive children, allowing for
more precise dating of migration events. However, it is limited to families with at least two
children. To evaluate the representativeness and utility of family trees for migration research,
we compare the CL data to the IPUMS Multigenerational Longitudinal Panel (MLP), which
tracks household moves across census decades and serves as a proxy for broader population
migration. The CL data reveal higher migration rates, suggesting a likely closer approximation
to migration levels in the overall population. Also, by capturing intercensal and return
migrations, the CL method provide a detailed view of migration patterns across space and
time. Despite differences in migration rates, both datasets reveal similar regional migration
structures, especially in the earlier periods. These findings show that population-scale family
trees when analyzed using the CL method, offer a valuable complement to linked census
data by enhancing our understanding of long-term U.S. migration patterns and regional

divisions.

Introduction

The population of the United States was highly mobile
during the nineteenth century. People moved long
distances due to the westward movement of the
European settlers. Much of the migration was of fam-
ilies since hired labor was expensive on the frontier.
Families relied on their older sons to clear the land.
The most comprehensive source of information about
internal migration for the U.S. has been the tables
that show the state of birth and the states of residence
of all persons born within the U.S. published as part
of the census starting in 1850. They show that the
percentage of the population living away from their
states of birth declined steeply starting in 1850 (Lee
and Lee 1960; Price, 1953; Hall and Ruggles 2004;
Otterstrom and Bunker 2013).

Despite their breadth, the birth-to-residence tables
have important limitations. Since it is a cumulative
measure of moves made over a lifetime it misses the
exact sequence of moves made by individuals as they
came to their current states of residence. The period

it covers is very long. Comparison between the
decades is difficult because the measure changes
depending upon the age structure of the population,
the timing of moves over the life cycle, and the death
rate by age. Although the census birth-to-residence
tables are the most comprehensive source, the data
exclude foreign-born residents, and they still cannot
when or how often people moved.
Complementing the general picture from the census,
studies conducted at local or regional scales, such as
Mathews (1962) on the expansion of New Englanders
into the northern tier of the states, offer valuable
insights into patterns of settlement. However, in the
absence of population registers, the U.S. still lacks
detailed, long-term, individual-level migration data
that span the entire population. This persistent gap
limits our ability to reconstruct patterns of movement
over time and fully understand the dynamics shaping
historical internal migration.

Family trees derived from crowdsourced genealogy
platforms offer an opportunity to address the lack of
detailed, long-term migration data in the U.S. When
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individual trees are connected, cleaned, and dedupli-
cated, they can be used to generate a population-scale
kinship network that encompass kinship ties among
a considerable number of individuals within a specific
population (Koylu and Kasakoff 2024). Family tree
records include birth and death dates and places, as
well as kin ties that allow us to track migration and
settlement patterns over time. The short intervals
between children during the nineteenth century make
it possible to identify turning points in migration
rates and patterns using the child-ladder (CL) method,
which infers migration events from changes in the
birthplaces of consecutive siblings (Lathrop 1948).
However, this method has limitations because it can
only be used for families with at least two children
and therefore applies only to a subset of the popula-
tion. As a result, the extent to which migration rates
and spatial patterns derived from the CL method are
representative of the broader population remains
uncertain.

In this article, we apply the child-ladder method
on a population-scale family tree dataset (Koylu et al.
2021) to analyze interstate migration flows in the U.S.
between 1850 and 1920. To evaluate the representa-
tiveness of the child-ladder method in capturing fam-
ily migration patterns, we compare it with a more
comprehensive dataset, the Multigenerational
Longitudinal Panel (MLP) (Helgertz et al. 2022). The
MLP tracks household migration by linking individ-
uals and their households across two consecutive cen-
suses and identifying changes in household residences.
Linkage begins with males and subsequently includes
other household members, both male and female.
While the MLP attempted to link everyone from one
census to the next, it proved more difficult to link
certain segments of the population, such as single
individuals and people living in newly settled regions.
Nevertheless, the MLP dataset is much larger and
more comprehensive than the family tree dataset. Both
the CL and MLP datasets provide a more temporally
precise view of U.S. settlement and interstate migra-
tion than the commonly used birth-to-residence tables
in the census. Because both sources capture migration
over shorter intervals, they allow for a dynamic view
of change across time.

Building on this comparison, our central research
question is: How well does the child-ladder method,
applied to population-scale family tree data, capture
the family migration patterns relative to the more
comprehensive MLP data, which serves as a proxy for
migration in the entire population? To address this,
we construct and analyze the interstate migration net-
works from both sources for the census periods

1850-1860, 1860-1870, 1870-1880, 1900-1910, and
1910-1920. We compare migration rates, and flow
patterns, and the structural cohesiveness of regions
derived from interstate migration flows to evaluate
structural cohesiveness of migration regions to eval-
uate the degree of alignment between the two datasets.

Background

Rosenbloom and Sundstrom (2004) found that migra-
tion rates in the U.S. showed a U-shaped pattern,
declining from 1850 to 1900 and then rising to 1970,
a rise which they attributed to increased education.
They were able to study smaller time intervals by
extrapolating from a census question which asked
whether a person had moved within the last 5years.
This question was first asked in the census in 1940
and continued to be included in later years. They
extrapolated the results by age to the censuses before
1940. If age specific rates changed over time, as we
think they did, this would not produce an accurate
measure of migration. Still, their estimates confirmed
the decline from 1850 at least until 1900 which others
have found.

Koylu and Kasakoff (2022) used population-scale
family trees and the child-ladder method to study
migration. They were able to date the changes in
migration rates more precisely than previous work
using 10-year census intervals. They divided the
period from 1789 to 1924 into seven periods. There
were two peaks in migration rates, 1837 and 1853,
and then rates declined to a low point in 1897.
Migration rates bounced back a bit in the twentieth
century but remained far below the earlier peaks.
Most interstate family migration in the U.S. was from
East to West. As the settled area grew larger, there
was less family migration between states over long
distances. Frontiers were fed by the adjacent areas.
By the early twentieth century, there was much less
interstate migration in the longest settled regions in
the East and the Middle West than had existed earlier.

Early migration patterns resulted in dialectical and
cultural regions that persist to this day. Those in the
East were along the major rivers run from East to
West (with the exception of the Mississippi) and were
the major means of transport during the Colonial
period and reflected the importance of crops with
different climate needs. Steckel (1983) pointed out the
importance of specific crops and animals that could
thrive only in small range of latitudes. For example,
corn, a staple crop, could not grow above a certain
latitude due to the number of frost-free days required.



This changed later when new varieties with a greater
tolerance of cold were created. Otterstrom and Bunker
(2013) employed ancestry data to investigate the ori-
gins of populations in various cities across the U.S,,
supporting Fischer’s (1989) study of migration patterns
that contributed to the emergence of cultural regions
within the country, usually bands along different lat-
itudes, i.e., from North to South.

Population-scale family trees

Family tree records provide information about both
family relationships and individuals, which is useful
in many different domains including medical research
(Daelemans et al. 2013; Williams et al. 2001), local
history (Hey 2010), population change, and migration
(Adams and Kasakoff 1984; Otterstrom and Bunker
2013; Wrigley and Schofield 1983) and social mobility
(Blanc 2024; Clark and Cummins 2024; Shiue 2019).
Koylu et al. (2021) cleaned, connected, and dedupli-
cated crowd-sourced family trees with 250 million
individuals from one of the major crowdsourced gene-
alogy websites, Rootsweb. They applied a fuzzy match-
ing approach to identify and link individuals and
spousal couples across different family trees, using
the personal characteristics and family information
available, including spouse and parent-child relation-
ships. By identifying candidate spousal pairs, they
connected the family trees into tree clusters and
removed duplicate records after merging the trees
(Koylu et al. 2021). Given the largest connected com-
ponent of nearly 40 million individuals, and a total
of 80 million individuals, Koylu et al. (2021) gener-
ated, to date, the largest population-scale and longi-
tudinal kinship network extending over centuries.
Other scholars also utilized population-scale family
tree data to study migration (Charpentier and Gallic
2020; Han et al. 2017; Kaplanis et al. 2018; Otterstrom
and Bunker 2013). Kandt, Cheshire, and Longley
(2016) combined genetic data with census records to
benefit from the ability to link individuals with
detailed demographic information and gain deeper
insights into population dynamics and historical pat-
terns. Also using family tree data, Kaplanis et al.
(2018) revealed that females exhibited a higher pro-
pensity for migration compared to males, albeit their
relocations generally spanned shorter distances.
There are several methods for extracting migration
from family trees. The most common have been birth
to death, life-course, generational, and child-ladder
migration methods. The birth to death migration mea-
sure considers birth location as origin and death loca-
tion as destination. However, because death records

rarely exist in family tree data from the U.S., the
birth-death method does not produce a robust esti-
mation of migration and disregards the series of
moves that happen in the life course. To address this
issue, Adams, Kasakoff, and Kok (2002) introduced
life-course migration, dividing the life course into
three stages: birth to birth of first child, birth of first
to birth of last child, and birth of last child to death,
and they relied most on the second stage. The gen-
erational migration method tracks migration by com-
paring the birthplace of each child with that of their
parent (Otterstrom and Bunker 2013). It can also
include comparisons with the birthplace of multiple
generations, such as grandparents to parents, parents
to children, and grandparents to grandchildren. In
cases where migration is inferred from the birthplaces
of children and their parents, families with more chil-
dren are likely to generate more migration events.
Including parents with multiple children further
increases the number of potential moves, amplifying
the influence of family size on migration estimates.
Koylu and Kasakoff (2020) used the parent-child mea-
sure but minimized the effect of family size on migra-
tion estimates by counting children of the same sex
and birthplace only once per family.

Crowd-sourced family trees have several limitations
in studying historical populations and migration. The
representativeness of family tree data varies widely by
geography, age, sex, race, and other socioeconomic
and demographic characteristics. Individuals of white,
European descent were linked at notably higher rates,
whereas Black, Native American, and many
foreign-born groups, particularly those from eastern
and southern Europe and Ireland, were significantly
underrepresented. For a more in-depth discussion of
these limitations and the ethical considerations sur-
rounding the use of family tree data in historical
research, we refer readers to Koylu and Kasakoff (2025).

Child-ladder method

Lathrop (1948) coined the term “child-ladder” to
describe the method he employed to study the origins
of European settlers who pioneered counties in East
Texas. Lathrop was able to track families in the census
through the birth states of their children. Although
he intended to work on later periods, his study
focused on 1850 to 1860. The effectiveness of the
child-ladder method depended on the age of the
county, as migrant families were prominent in newly
settled areas. In these areas, migrant families captured
by the child-ladder method accounted for about half
of the population counted in the census. However,



the method does not include all migrants; it misses
families with children that elude detection, childless
couples, and single persons. This omission is signif-
icant because the migration patterns of childless indi-
viduals, particularly unmarried men, may differ from
those of families. Despite this limitation, Lathrop
(1948) found that the bulk of the migration into East
Texas involved farmer families, and he suggested that
even if childless persons behaved differently, family
migration patterns still provided a nearly accurate
representation of overall movement. Regardless of its
potential effectiveness to study migration, the
child-ladder method has rarely been used since
Lathrop’s study.

In this article, we use the child-ladder method (CL)
to extract migration events and date them based on
the mid-point or average of birth years between two
consecutive siblings with different birthplaces, provid-
ing a more precise estimate of migration timing. On
average, children in the family tree data were born
two years apart between 1789 and 1924. Similarly,
Lathrop (1948) reported that the interval between
consecutive births in 1850 and 1860 ranged between
two and three years. However, the method inherently
favors larger families, which may have been more
likely to move, and does not capture the moves of
single individuals or those with only one or no chil-
dren. Since the child-ladder method relies on the birth
of children, it lacks information about life stages
before and after childbearing years.

Given the rapidly growing U.S. population during
the nineteenth century, childless individuals comprised
<10% of the population, which is much lower than
the proportion of single individuals in Europe (Hacker
2016). In such populations, the child-ladder method
may not underestimate migration as significantly as
it would in populations with more single individuals.
However, because the proportion of single persons
increased over time, the method is likely more rep-
resentative of migration patterns in the earlier periods
of U.S. history than in later ones.

Multigenerational longitudinal panel (MLP)

Historical census records are rich resources of popu-
lation information as they contain names and demo-
graphic information as well as ethnicity and nativity
not only for each person as an individual but also as
a member of a household. The theoretically immutable
characteristics in census records, such as individuals’
names, birthdates, birthplaces, and genders, allows
linking of individual and household records in

consecutive censuses. This creates a linked dataset
that enables tracking of changes in mutable charac-
teristics, such as residence information, in the decen-
nial census records.

Recently, the linked historical census dataset has
been a resource for different historical demographic
and long-term social and economic change studies
(Antonie et al. 2022; Hacker et al. 2021; Roberts,
Rahn, and Lazovich 2022). Historical census records
in the 1800s and early 1900s include inaccurate and
incomplete information, such as misspelled names,
inaccurately reported birth years, and the absence of
unique identifier variables, such as social security
numbers, which makes it challenging to link the same
individual record between multiple censuses. Machine
learning algorithms have recently been used to auto-
mate a part of the linkage process and find matches
in a large amount of data efficiently and accurately
(Feigenbaum 2015; Fu, Christen, and Zhou 2014;
Goeken et al. 2011; Ruggles 2002). One of the most
recent attempts to link population records between
censuses is the IPUMS Multigenerational Longitudinal
Panel project (Helgertz et al. 2022; Ruggles, Fitch, and
Roberts 2018). Using Full Count IPUMS Ancestry
data, Helgertz et al. (2022) introduced an automated
linkage procedure that uses a two-step probabilistic
algorithm. In the first step, the algorithm searches for
highly reliable links between men by using all avail-
able criteria in the censuses, including variables of
individuals and their family ties, such as parents,
spouses, and siblings. The second step links the indi-
vidual records of the household members who did
not link in the first stage. This two-step approach
made it possible to engage extensive variables in
exploiting linkages while searching among a large
number of potential links. The resulting longitudinal
dataset represented a large population from the census
records with a high linkage accuracy among available
datasets (Helgertz et al. 2022).

Women are usually underrepresented in longitudi-
nal panels as their surnames normally change after
marriage. Hacker (2013) evaluated the undercount of
the native-born population in census records from
1850 to 1930 using demographic analysis. His findings
indicate that children under the age of 5 and women
over the age of 30 were the most underrepresented
groups in the census, particularly in earlier years, such
as 1880. Additionally, while women over the age of
50 were underestimated in earlier enumerations, the
elderly population of men was over-counted. According
to Hacker (2013), the white population born in the
southern region of the U.S., especially women, was



undercounted in the 1870 census. Overall, it can be
concluded that although the enumeration errors were
the highest in 1870, the coverage of the historical
census slightly improved from 1850 to 1930.

In the machine learning approach, training data
quality plays a significant role in generating the final
dataset (Bailey et al. 2020). Price et al. (2021) devel-
oped a “census tree” dataset using the family tree
dataset developed by the public and available data on
the FamilySearch genealogy website for training their
algorithm for link records in the 1900-1920 censuses.
They showed that the linkages made voluntarily by
family members are the most reliable, especially for
linking women. The advantage of a family tree dataset
is that it is developed by family members themselves,
and they usually have more specific knowledge of
their family and ancestors, such as the women’s
maiden names. However, the across-marriage links
for women were limited to the training dataset as the
machine can only find matches based on the infor-
mation available in the censuses.

Unlike the child-ladder method applied to the
population-scale family tree dataset, the MLP allows
extraction of migration events for also smaller house-
holds, such as single individuals or families with one
or no children. However, the representativeness of the
MLP data is also shaped by linkage constraints.
Helgertz et al. (2022) found that white young men
aged 7-20 who lived with their parents and came
from larger households are overrepresented in the
MLP dataset compared to a sample of the 1910 cen-
sus. Similarly, although women are generally under-
represented in the MLP dataset, certain groups, such
as white women living with family and those from
larger households, are overrepresented relative to the
census samples. In contrast, single individuals and
those who have left home are difficult to link and
are therefore underrepresented.

Methodology

This study aims to evaluate how well the child-ladder
(CL) method, applied to population-scale family tree
data, captures family migration patterns compared to
those derived from the Multigenerational Longitudinal
Panel (MLP), which serves as a broader proxy for
historical U.S. population migration. Specifically, we
compare migration rates and the structure of state-to-
state migration networks across both data sources for
the census periods between 1850 and 1920.

To ensure comparability, we limit the MLP data to
a subset of households with at least two children who

were successfully linked across two consecutive cen-
suses. We refer to this subset as Households with at
least Two Linked Children (H2LC). Each H2LC
household is counted only once per period, consistent
with the CL dataset, where each family is also rep-
resented once. This restriction allows for a more bal-
anced comparison of migration patterns between the
two sources.

We extract and analyze interstate migration net-
works from both CL and H2LC data for the periods
1850-1860, 1860-1870, 1870-1880, 1900-1910, and
1910-1920. The 1890 census was excluded due to data
loss, and the 1880-1900 period was omitted to pre-
serve consistent 10-year intervals. For the remainder
of this manuscript, CL refers to migration data derived
from the child-ladder method using family trees, and
H2LC refers to migration data from households with
at least two linked children in the MLP dataset.

Extracting migration data

Due to the difference between the two sources, it is
not possible to make measures that are exactly com-
parable. However, we can narrow the difference. This
section outlines our approach to extracting migration
data using two primary methods: the child-ladder
method for family trees and state-level changes of
residences for households with at least two linked
children (H2LC) from the MLP data.

The child-ladder method identifies migration events
within nuclear families, defined as one or two parents
with at least two children. Migration is recorded when
there is a change in the birthplaces of consecutive
children, indicating that the family moved between
the births of these siblings. This approach captures
family-level migration patterns tied to childbearing
intervals.

The MLP data link individuals and households
between consecutive censuses, such as 1850 and 1860
through unique household identifiers (serial IDs) and
other variables, including age, sex, birthplace, and
state of residence. One approach to analyzing house-
hold migration from the MLP data uses the first cen-
sus serial ID (e.g., serialid1850) to track, but this can
miss new members or those who change households
by the second census. Alternatively, using the second
census serial ID (e.g., serialid1860) captures newly
formed households but loses track of members from
the original household in the first census.

To extract household migration for the households
with at least two linked children (H2LC), we use
household identifiers from both the first census (e.g.,



serialid1850) and the second census (e.g., serialid1860).
This allows us to consider household dynamics,
including splits, where members of an original house-
hold end up in multiple households in the second
census, and merges, where individuals from different
households in the first census combine into a single
household in the second census. However, we should
note that the percentage of merges and splits ranges
between 0.02 and 0.5% from 1850 to 1920, with a
noticeable increase in later periods due to the inherent
bias of the MLP method toward linking individuals
who remained in the same household. A household
is classified as “Migrated” if its state of residence
changes between the two censuses, and “Stayed” if it
remains in the same state.

Definition of networks

In our analysis, the migration networks for both the
Child-Ladder (CL) and Household with at least Two
Linked Children (H2LC) data are defined as weighted
directed graphs that evolve over time. For each period
t, we represent the migration network as G, :(Vt,Et)
, where V, is the set of nodes representing the states
and territories existing at the end of period t; E, is
the set of directed edges representing migration flows
between states during period £ and each edge ¢, € E,
is a directed link from node i (origin state) to node
j (destination state).

The weight (volume) associated with each edge e, is
denoted as w,, representing the volume of families or
households moving from state i to state j during period
t. Thus, the weighted adjacency matrix W, for period ¢
contains the migration volumes between all pairs of states:

W, =|:W;:|, where w; 20, V, €V,

where V, is the set of states/territories in period t. The
units of analysis are the states and territories that existed
at the end of each period under study. Specifically, the
dates are determined based on the MLP data periods that
link households across two censuses, such as 1850 and
1860, for the comparative evaluation of CL and H2LC
networks. We use the boundaries of the ending period
(e.g., 1860) to aggregate the migration flows between
states to ensure consistency with the geopolitical context
of that time. This approach accounts for any changes in
state and territorial delineations over time.

For each period t, we construct the migration net-
works G;* and G/**“ for CL and H2LC, respectively.
These networks capture the flows between the states and
territories in existence at the latest date of the period.

Similarity of migration flows

To quantify the similarity between the flows of CL
and H2LC networks for each period t, we represent
each network’s migration flows as vectors A" and B',
respectively. Each dimension of these vectors corre-
sponds to a specific origin-destination pair (i, j), and
the value is the migration volume wfj:

Al = I:W;_,CL :|)Bt :|: Wf_,HZLC]

y y

The cosine similarity between the two migration
networks for period t is then calculated using the
formula:

Cosine Similarity,

V. V.
.CL JH2LC
E ' E et
_ i=1 j=1 y y
V. V. 2 V. V, 2
.CL JH2LC
=14 j=1\ ¥ i1 Lt j=1\

A'-B
A" Il Bl
where w;“" is the migration volume from state i

to state j in the CL network during period £ w;"*

is the migration volume from state i to state j in the
H2LC network during period # and |V;| is the number
of states and territories at the end of period t.

A cosine similarity of 1 indicates that the two
migration networks are identical in terms of the
origin-destination pairs and their volumes. A value
of 0 means that the networks are completely unrelated,
with no overlap in their migration patterns, and a
value of -1 indicates that the networks are diametri-
cally opposed. By computing the cosine similarity for
each period, we can assess how closely the migration
flows between states captured by the CL network align
with those captured by the H2LC network.

It is important to note that cosine similarity pri-
marily considers the edges (origin-destination pairs)
that exist in both networks. Therefore, the interpre-
tation of the similarity measure is based on the over-
lap of migration flows between the two networks.
However, since our units of analysis are states and
territories, and the edges between the nodes signifi-
cantly overlap in both CL and H2LC networks, this
potential limitation is mitigated.

We acknowledge that using raw migration counts
could conflate true changes in flow patterns with sim-
ple population growth, and thus, making it difficult
to tell whether an increase in migration flows reflects
greater migration propensity or merely more people
overall. Proportional, row and/or column-scaled, and
log-ratio normalizations could further -clarify



period-to-period change; exploring these with
scale-sensitive checks is a logical next step, especially
for eras where rapid population growth compresses
inter-period cosine distances.

Similarity of migration regions

In addition to assessing flow similarity, we assess the
structural similarity of the CL and H2LC migration
networks. Structural similarity refers to the similarity
in the community structures of the networks—that
is, how the nodes (states) are grouped into commu-
nities (regions) based on their migration
connections.

To analyze the community structures within each
network, we identify communities (also referred to as
modules or regions) using the Leiden community
detection algorithm (Traag, Waltman, and Van Eck
2019), which is an improvement over the commonly
used Louvain method (Blondel et al. 2008). The Leiden
algorithm addresses some limitations of the Louvain
method by guaranteeing well-connected communities
and providing better quality partitions. In this context,
we use the terms communities, modules, and regions
interchangeably to refer to groups of states that are
densely connected through migration flows.

The Leiden algorithm is an iterative method that
identifies communities with high modularity in a net-
work. Modularity is a measure of the strength of a com-
munity structure in a network, with higher modularity
values indicating that states within a region have more
migration connections to each other than to states out-
side the region. In the first step of the Leiden algorithm,
each state (node) forms an initial community in the
network. The algorithm then moves individual states to
neighboring states if such a move increases the modu-
larity to account for the direction of edges.

In addition, the Leiden algorithm effectively han-
dles directed graphs, which is crucial for our study
of the nineteenth century migration flows. Migration
during this period was predominantly westward,
toward the ever-changing frontier in the Western
United States. By considering the directionality of
migration flows, the Leiden algorithm captures the
asymmetric nature of these movements and thus pro-
vides a more accurate representation of structural
patterns. For directed, weighted networks, the mod-
ularity formula is as follows:

out 7.in
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where w, is the weight of the directed edge from
node i to node j; k™ is the total weight of the out-
going edges from node i (out-strength); k" is the total
weight of the incoming edges to node j (in-strength);
m is the total weight of all edges in the network;
6(cicj) is 1 if nodes i and j are in the same commu-
nity and 0 otherwise. Unlike similarity measures,
which quantify how closely two networks resemble
each other (e.g., cosine similarity), modularity assesses
how well the network is divided into communities.
Although modularity is not strictly bounded between
0 and 1, higher values indicate stronger community
structures. High modularity means there are dense
connections between states within regions but sparse
connections between states in different regions.

The optimal number of communities is determined
by maximizing the modularity score, which reflects
the strength of the community structure within the
network. In other words, we do not predefine the
number of regions; instead, the Leiden algorithm iden-
tifies the number of regions that maximize modularity.

Similar to the Louvain method, the Leiden algo-
rithm does not enforce spatial contiguity, which allows
regions to be geographically disjointed and distant
from each other. We employ this type of community
detection algorithm because this reflects historical
migration patterns in the U.S., which often involved
long-distance moves from eastern to western states.

After we detect the regions and visually assess the
agreement between the two sources of CL and H2LC,
we compare the similarity of regions using the z-score
of the Rand coefficient, also known as the z-Rand score
(Red et al. 2011). The z-Rand score computes the num-
ber of node (state) pairs that belong to the same com-
munity (region) in two different regionalization or
clustering results. The z-Rand score is a normalized
measurement that analytically compares the pair count
measure to its expected value under a null model with
the same size communities. The null hypothesis for
the z-Rand score posits that the observed similarity
between the partitions of the two networks is no
greater than what would be expected by random
chance. If the z-Rand is found to be significant, it
indicates that the similarity between the partitions is
statistically meaningful, which demonstrates that the
structures of the two networks are aligned in a way
that cannot be attributed to random variation.

Results

As can be seen in Figure 1, the H2LC dataset (green)
is larger than the CL dataset (purple) and it increases
over time, mirroring the growth of the population of



the U.S. In contrast, the CL dataset peaks in 1870 to
1880. This is partly due to the bias in the family tree
data toward the earlier waves of settlement. However,
in the first decade, the two datasets are much closer
in size suggesting that the CL is more representative
of the general population in the late nineteenth cen-
tury than in the twentieth century.

Migration rates

We calculate migration rates for the CL network by
including both migrant and stayer families. To deter-
mine whether a family moved or stayed, we require
at least two children born within a given period. In
the MLP data, a move is identified when the same
household is censused in two different states across
consecutive censuses, regardless of the number of
children. To enable a meaningful comparison with
the family tree dataset, which defines migration based
on the birthplace changes of multiple children within
the same family, we limit the MLP sample to house-
holds with at least two children who were successfully
linked across both censuses. We refer to this subset
as H2LC. We stipulate that those children had to be
age 18 or younger in the first census. In the CL net-
work, the moves are dated at the mean between the
birth years of successive children. This places them
within a particular decade. But in H2LC they were
largely born in the prior decade because they had to

Figure 1. The total number of CL families and H2LC house-
holds per period.

Table 1. CL families with multiple migrations and return
migration.

>1 migration/all Return migration/>1

Period migration (%) migration (%)
1850-1860 19.4 23.5
1860-1870 19.6 22
1870-1880 19.9 23
1900-1910 18.8 21.2
1910-1920 17.9 18.9

exist in the first census to have been linked to the
second census. Thus, the families in the CL network
are younger on average than the families in the H2LC
network.

As shown in Figure 2, the family migration rate
in the CL network declines over time, dropping from
13.2% in 1850-1860 to 8.3% in 1910-1920. In con-
trast, the H2LC network shows relatively stable house-
hold migration rates, with 8.8% (83,518 households)
migrating in 1850-1860 and 9.4% (550,732 house-
holds) in 1910-1920. Meanwhile, the total number of
households increases significantly, from 951,591 in
1850-1860 to 5,834,362 in 1910-1920, reflecting the
population growth in the U.S.

The H2LC data captures only the census-to-census
moves, missing within-period migrations. The per-
centage of families that moved more than once among
all migrating families in the CL data consistently
ranges between 21 and 24% of all migration events,
as shown in Table 1. The inability to capture within
decade moves results in lower migration rates for the
H2LC data, particularly in earlier periods when a
larger percentage of families likely moved more than
once. One possible way to estimate these missing
moves in future work is to extrapolate the proportion
of multi-move families from the CL data and adjust
the H2LC migration rates accordingly for each period.

In addition to missing migrations in intercensal
periods, individuals who left the state but later
returned would be classified as stayers in H2LC.
Return migration statistics in Table 1 show that about
22% of migrant families that moved more than once
returned to their earlier states across all census peri-
ods (Table 1). CL detects return migration when a
family leaves and later returns to a previous state. If
the return occurs within the 10-year intercensal
period, the family is classified as a return migrant.
The ability to detect return migration may also explain

Figure 2. Migration rates for families (CL) and H2LC house-
holds per period.



part of the discrepancy between migration rates in
the two data sets. However, in the first period adding
return migrants to H2LC estimates would raise the
migration rate but still fall short of the CL rate, while
in the twentieth century, such an adjustment would
further widen the gap between the two sources.

Migration regions

To gain a deeper understanding of the underlying
mechanisms and the structure of migration patterns,
we group states into regions based on how strongly
they are connected to one another by migration flows.
We do this using the Leiden community detection
method, which identifies clusters of states that have
more migration between them than with other states.
The number of regions is chosen by the algorithm to
maximize modularity, which is a measure of how well
the network is divided into tightly connected regions.
In simple terms, high modularity means that states
within a region are strongly connected through migra-
tion, while connections between regions are weaker.
Table 2 shows the number of regions and modularity
values for both the CL and H2LC networks in each
period. These values are similar across all periods,
ranging from 0.35 to 0.41, suggesting that both net-
works reveal comparable levels of internal cohesion
within migration regions.

In the earlier periods (1850-1860 and 1860-1870),
both the CL and H2LC networks have identical mod-
ularity values (0.37 and 0.36, respectively) and the
same number of regions. The H2LC network produces
slightly higher modularity values than the CL network,
likely due to five regions in H2LC versus four in CL
during the 1870-1880 and 1900-1910 periods. Overall,
the modularity scores remain very similar, indicating
comparable levels of regional cohesiveness in both
networks.

Table 3 presents the results of the z-Rand and
cosine similarity measures used to compare the CL
and H2LC networks across multiple periods. The
z-Rand score measures the similarity between the
partitions of nodes (states) into regions identified by
the Leiden algorithm in the two networks. Comparing

Table 2. The Leiden community detection results for CL and
H2LC regions.

Child-ladder H2LC
Period Modularity # Regions Modularity # Regions
1850-1860 0.37 4 0.37 4
1860-1870 0.36 5 0.36 5
1870-1880 0.35 4 0.38 5
1900-1910 0.36 4 0.40 5
1910-1920 0.39 5 0.41 5

z-Rand scores across periods is only meaningful when
the complexity of the networks remains similar. The
complexity could be determined by factors, such as
the number of nodes, edges, communities, degree dis-
tribution, the distribution of edge weights, and net-
work density.

The z-Rand scores show statistically significant
similarity between the CL and H2LC networks in all
periods. This significant similarity indicates that the
migration regions derived from both networks align
well, which means that the partitions of states into
regions are highly consistent between the two data
sources. In other words, in each period, the z-Rand
scores confirm that the regions formed by the CL
and H2LC networks are more similar than would be
expected by chance, which reflects meaningful struc-
tural correspondence between the networks over time.

In addition to comparing the regions, we use cosine
similarity to assess the similarity of the flow volumes
between common origin-destination pairs. This metric
focuses on the magnitude of flows rather than the
structural configuration of the networks. Across the
periods, cosine similarity values remain relatively high,
peaking in 1870-1880 (CS = 0.89), which reflects a
strong alignment in migration flow patterns during
this period. However, there is some fluctuation, with
a slight decline in the later periods, such as 1910-1920
(CS = 0.82), indicating that while the flow volumes
are somewhat aligned, they diverge slightly over time.
This suggests that although the structural organization
of the CL and H2LC networks may persist, the mag-
nitude and patterns of movement along the common
edges evolve over time.

To visualize how migration regions evolve over time
and compare them between datasets, it is important
to assign consistent colors to similar regions across
maps. To track and compare these regions over time
and between datasets using a color coordination of
similar and distinct regions, we assign global
meta-community IDs using a similarity-based approach.
For each time period and dataset, the migration net-
works are first partitioned into communities (regions)
using the Leiden algorithm. Communities from the
two datasets and periods are then compared using the

Table 3. Network comparison of child-ladder and H2LC regions.

Period # Nodes z-Rand cs
1850-1860 40 2791 0.79
1860-1870 47 18.78 0.74
1870-1880 47 24.63 0.89
1900-1910 49 26.36 0.83
1910-1920 49 19.14 0.82

z-Rand scores represent the degree of similarity between regions identified,
while CS values represent the cosine similarity between CL and H2LC
networks for each period.



10

Jaccard similarity index, which measures the overlap
in membership between communities. If two commu-
nities have a similarity score above a predefined
threshold (40%), they are assigned the same global
meta-community ID, and thus the same color, which
remains consistent across all maps.

Figure 3 illustrates the migration regions derived
from the CL and H2LC networks across all periods.
The migration regions identified from each data
source display remarkable similarities to each other,
which is supported by the z-Rand scores. Although
the H2LC households are older and thus farther along
in their childbearing than the CL families, the scores
in any given period are very similar. In each period,
the networks maintain a consistent structure in terms
of origins and destinations, even though the number
of the migrating families and households differs
between the two sources.

The North-South divide appears in all the maps in
Figure 3, although there were a few minor changes
over time: for example, Kentucky is grouped with the
South briefly from 1860 to 1880 period in both data-
sets, while Virginia is classified as part of the Southeast
only in the H2LC regions in the twentieth century.
Kansas and Missouri are consistently placed in the
Southwest across both datasets in the twentieth cen-
tury, with Colorado joining them in the final period
(1910-1920).

The East became increasingly separated from the
West over time in both sets of maps because people
from the East were less likely to move to the West.
The West came to include states like Wisconsin and
Iowa in the twentieth century, as the Mississippi River
became a dividing line rather than a way of connect-
ing the states on either side.

East-West regional groupings appear in all periods
but are especially prominent in the early periods of
1850-1860 and 1860-1870, as shown in blue color.
Over time, these longitudinal groups of states or
regions became more entrenched and self-contained
in the East. In the earlier periods, a single region
often spanned a broad swath of states from the East
to the West, but in later periods, these groupings
increasingly split into distinct Eastern and Western
regions. For example, in both datasets, the upper
Midwest was part of the East from 1850 to 1860
which included New England, New York State, and
Pennsylvania. This is the Yankee ethnic group well
known to have been the first to settle these regions,
and to have voted for Lincoln.

In both datasets, the West was initially grouped
with the Midwest during the 1850-1860 period,
reflecting the region’s early settler origins who were

not foreign born. Between 1860 and 1880, however,
the Far West emerged as a distinct and autonomous
region in both sources, no longer integrated with the
Midwest, and continued to expand in size over sub-
sequent decades.

In the twentieth century, the West divides into
northern and southern regions, each consisting of states
west of the Mississippi, marking a return to the lon-
gitudinal bands previously seen in the East. These
regions were historically shaped by rivers flowing into
the Atlantic and Pacific, which served as early trans-
portation routes, especially East of the Mississippi, later
followed by the railroads running from East to West.

Despite the high degree of similarity, there are also
differences between the maps from the two datasets.
Interestingly, the maps do not show a middle band
in the East, between the North and the South. Instead,
a Middle West region, which is shown in pink, appears
only in the H2LC network during the 1870-1880
period. By 1900-1920, this region shifts westward,
now in an olive-green shade, encompassing Kentucky,
Indiana, and Illinois, while excluding states east of
Ohio and West Virginia. This is one of the few dif-
ferences between the two data sets. The CL network
lacks these regions. Instead, there is a larger region,
in a teal shade, which includes these states starting
in 1870 stretching all the way from New England to
Ilinois. Also, in the final map of the CL, there are
two regions in the area between the Mississippi and
the Far West. By contrast, the H2LC network com-
bines this area into a single Northern region that
merges with the Far West. This divergence may reflect
differences in population composition: the CL data,
drawn from family trees, overrepresents native-born
populations who were more likely to remain settled
in interior states. By contrast, the H2LC data includes
a broader and more representative sample of the pop-
ulation, including more foreign-born households, who
may have been more likely to continue migrating
westward, contributing to the emergence of a single
northern region.

In summary, the division of the U.S. into regions
based on migration networks is highly consistent
across both datasets. Both the CL and H2LC regions
show the North-South division persistently over time
and longitudinal bands of regions from East to West.
In the earliest maps, the West is grouped with the
Eastern regions from which it was originally settled.
Over time, it gradually separated and expanded into
a distinct and larger region. In the twentieth century,
the Southwest separated from the Southeast. These
regional divisions reflect historical migration patterns
shaped by economic, geographic, and cultural factors.



Figure 3. Migration regions by period for the child-ladder (CL, left) and households with at least two linked children (H2LC, right)

networks.

Discussion

Kinship networks have long played a central role in
migration patterns, particularly in the 19th and 20th
centuries. Even as demographic transitions reduced
family sizes and technological advances allowed people

to live farther apart, kinship ties continued to influ-
ence migration decisions, especially immigrant migra-
tion streams (Massey, Goldring, and Durand 1994;
Palloni et al. 2001; White, White, and Johansen 2005).
As the US. was settled from abroad, kin networks
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helped shape settlement patterns, not simply as a
function of population density but by evolving as they
aged in place and sent new migrants westward (Koylu
et al. 2014). With declining fertility rates, kin net-
works shifted from initiating new settlements to
strengthening established communities over time. This
led to shorter distance moves within regions rather
than long-distance migrations. Regions in Figure 3
show a change from more expansive family networks
sending people to newly settled areas to moves at
shorter distances within established regions. These
networks adapted over time, continuing to shape
migration flows and regions across generations.

Both datasets used in this paper are only approx-
imations. But the steeper decline in the CL migration
rate during the nineteenth century is probably closer
to the true rate of migration than the H2LC rate
derived from the MLP data. It is difficult to imagine
a scenario in which the proportion of people living
away from their state of birth (as shown in the state
of birth state of residence tables published in the
census) would decrease when most people were mov-
ing West without a decline in the rate of migration
over time. Smaller families due to the fertility decline
and the distance to the frontier would have led to
a slowdown in migration in the East where much
of the population lived. Why did the H2LC data not
show this? The linking process in MLP which used
addresses to “confirm” matches is biased toward
stayers. The MLP has fewer individuals not living
in their state of birth in the 1900-1910 sample (19
vs. 26% of men in the census population). Also,
MLP has fewer people in regions that had been
newly settled in 1910, such as the West South
Central, and Mountain and Pacific, where 18% of
the men in the census population lived there but
only 14% were linked in the MLP sample (Helgertz
et al. 2022). Women are similarly biased with 24%
in MLP living away from their state of birth in the
census but 20% in the MLP; 16% of women lived
in the three newly settled regions in the census but
only 12% in MLP. On the other hand, the CL data
includes only large families and is biased toward
them, and these large families were also more likely
to move. Although we do not analyze the effects of
family size in this paper, ongoing work suggests that
the observed decline in migration rates may partly
reflect demographic change, as large families made
up a shrinking share of the population over time.
In earlier periods, frontier settlement often depended
on children for labor, especially where hired help
was scarce. As family sizes declined, this migration
dynamic likely weakened.

Yet, the findings from both sets of data provide
evidence for an important change from a pioneering
pattern, which is characterized by migration among
larger families, to the modern pattern, where migra-
tion typically peaks in early adulthood among smaller
families and declines with age, aside from a modest
increase at retirement. The H2LC data allow us to
date this change to the end of the nineteenth century.
However, ongoing work shows that the sub population
in the CL data continued to exhibit the earlier pattern
albeit the rate of migration declined over time even
in the largest families.

Both datasets underrepresent smaller households.
MLP (Table 6 in Helgertz et al. 2022) shows that
linking other household members to the men they
started with (Step I) led to a bias toward larger house-
holds, not surprising since the larger the household
the greater number of individuals they could have
linked. In 1910, the linked sample has just over half
the men in households from 2 to 3 individuals that
existed in the census, and while on the census 34%
of all men were in households with seven or more
members, in MLP 46% of the men lived in those very
large households. The H2LC sample is more skewed
to larger households for women.

The CL method has an even stronger bias toward
large families, as detecting a move requires that a
child be born in a different location. This means
larger families have a higher chance of showing migra-
tion. Some methods can address this bias; for example,
a survival approach using the last child as a cutoff
may help control for this effect and provide a clearer
view of the connection between family size and migra-
tion. Evidence of this pattern appears in the H2LC
data of the 1850-1860 period, indicating that larger
households were indeed more mobile. However, the
importance of this pattern declined over time due to
the decrease in family farms, where children’s labor
was valuable, and the general decline in fertility rates.

As part of a separate, ongoing effort to evaluate
biases in family tree data, we have conducted a link-
age experiment between individuals likely alive in
1880 from the family tree data and records in the
1880 U.S. Census. We have successfully linked indi-
viduals in the family trees to ~3% of the total census
population in 1880. The representativeness of the
family tree data varies substantially across geography,
age groups, sex, race, and other socioeconomic and
demographic factors. White, European-descendant
individuals were linked at much higher rates, while
Black, Mexican, Native American, and many
foreign-born populations, especially those from east-
ern and southern Europe and Ireland, were



significantly underrepresented. For a more detailed
discussion of the limitations and ethical challenges
involved in using family tree and census data in his-
torical research, we refer readers to Koylu and
Kasakoff (2025).

This paper introduces methods for grouping states
into regions and measures of regional cohesion and
similarity that have not been previously applied to
the settlement process anywhere in the world. When
we compare migration rates between the two data
sources, the differences in data sources mean this
comparison is only approximate and may be off by a
decade. However, when the subject is a network of
state-to-state migration, the network structures, as
shown in our maps derived from the two distinct
data sources directly comparable. It is no surprise that
migration regions derived from the two datasets are
remarkably similar to an extent that cannot be due
to chance. These methods could also be applied to
other sources, such as the census cross-tabulations of
state of birth by state of residence. Because those
tables report complete counts for each census, the
same analyses could be tailored to specific population
segments (e.g., by nativity, race, or sex).

In this article, we focus on the methods of extract-
ing migration, particularly from family trees.
However, the child-ladder method could also be
applied to census data using the complete household
records for the individuals linked by MLP. This
approach would capture household members present
in the first census but absent in the second due to
events, such as death, migration, or adult children
forming their own households. It would also include
individuals who appear in the second census but not
in the first, such as children born after the first
census, new household members through marriage,
or individuals who moved into the household between
censuses. Drawing on the strengths of MLP and the
child-ladder method, this approach would allow the
study of changes in household composition and the
actual size of the household including individuals
not present in both censuses.

Conclusion

The child-ladder (CL) approach, applied to the
population-scale family tree data, provides a more
detailed view of migration than the data derived from
the Households with at least Two Linked Children
(H2LC) in the Multigenerational Longitudinal Panel
(MLP). This advantage stems from the CL method’s
ability to capture and date moves that are not visible

13

when only two points in time, a decade apart, are
available. In contrast, migration measured in MLP,
based on changes in residence between censuses,
underestimates migration by at least 20%, likely more,
due to unobserved moves occurring between census
intervals and the exclusion of return migration, which
is not counted as a move.

However, the more detailed picture of the
child-ladder method is only available for a subset of
the population, namely families in their childbearing
years. As fertility declined over time, these families
represented a diminishing share of the population.
While both CL and H2LC data have representational
biases, the CL method depends on the presence of
multiple children to detect migration, whereas H2LC
captures household moves more broadly across dif-
ferent household types. This makes certain compari-
sons challenging. Still, the CL method’s precise dating
of moves enables analysis of short-term migration
shifts and responses to historical events, such as wars,
climate change, and economic cycles.

Although migration rates differ between the two
datasets, the migration regions they produce are strik-
ingly similar, especially in the earliest period (1850-
1860), when the CL dataset was likely most
representative of the broader population. Still, the
changes over time in the spatial patterns and regions
are very similar. These regional patterns likely repre-
sent constraints from the past and geographic, trans-
portation, and economic factors that left their imprint
on migration regardless of the subpopulation. Used
together, the two sources document a major change
in migration patterns in the U.S., from an earlier
pattern of long-distance, East-to-West movement to
one characterized by shorter-distance migration and
increasingly cohesive regional structures.

This study demonstrates that integrating
population-scale genealogical data with linked census
panel data significantly improves our ability to recon-
struct long-term U.S. migration trends. By comparing
these complementary sources, we gain a deeper under-
standing of the temporal and spatial structure of inter-
nal migration, while also recognizing the
representational limits of each dataset. Together, they
offer a more comprehensive view of how migration
patterns and regional divisions in the U.S. evolved
between 1850 and 1920.
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