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Understanding the structure and evolution of family networks embedded in space and time is crucial for various ﬁelds such
as disaster evacuation planning and provision of care to the elderly. Computation and visualization can potentially play a
key role in analyzing and understanding such networks. Graph visualization methods are effective in discovering network
patterns; however, they have inadequate capability in discovering spatial and temporal patterns of connections in a network
especially when the network exists and changes across space and time. We introduce a measure of family connectedness
that summarizes the dynamic relationships in a family network by taking into account the distance (how far individuals live
apart), time (the duration of individuals’ coexistence within a neighborhood), and the relationship (kinship or kin proximity)
between each pair of individuals. By mapping the family connectedness over a series of time intervals, the method
facilitates the discovery of hot spots (hubs) where family connectedness is strong and the changing patterns of such
spots across space and time. We demonstrate our approach using a data set of nine families from the US North. Our results
highlight that family connectedness reﬂects changing demographic processes such as migration and population growth.
Keywords: space-time visualization; family connectedness; network measure; social network; family tree

We dedicate this article to John W. Adams whose idea it
was to make use of published genealogies for social
science research, and who developed the data we use in
our article. He worked on compiling and organizing the
data throughout his lifetime, adding information from
other sources and obtaining funding to expand it. He
was one of the ﬁrst to see the usefulness of genealogical
material for the social sciences. He understood how
important longitudinal data was for understanding social
processes and documenting the lives of migrants. His
wisdom made it possible for us to study the expansion
of families over several hundred years.

Introduction
The interaction between geography and social relationships has long been studied by researchers (e.g.,
Festinger, Schachter, and Back 1963; Hägerstrand 1976;
Michelson 1970). Due to the wide use of social networking applications (e.g., Facebook and LinkedIn) and genealogy applications (e.g., Family Search and Ancestry),
large social networks with geographic information have
become increasingly available. Using such data, recent
studies have proposed new ways of quantifying relationships, some of which make use of geography to infer
social interactions (Backstrom, Sun, and Marlow 2010;
Crandall et al. 2010), while others examine how geography and migration (or movement) inﬂuence relationships
between
individuals
(Onnela
et
al.
2011;
Phithakkitnukoon et al. 2011). Understanding of how
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relationships (e.g., kinship, friendship) evolve across
space and time is crucial for decision making in various
ﬁelds such as disaster evacuation planning and provision
of care to the elderly.
In a social network, each individual is represented by a
node and each edge represents the relationship between
two individuals. The weight of an edge can be quantiﬁed
in a variety of ways such as the degree of kinship in a
family tree; co-authorship in a scientiﬁc collaboration network; and the frequency of phone calls, text messages or
e-mails exchanged in a communication network. A social
network is dynamic because it evolves (changes) over
space and time as individuals move (migrate), new individuals are added or removed, and relationships develop
and change over time. In this article, we use the term
“dynamic geo-social network” to refer to a dynamic social
network embedded in space and time. Understanding the
changing aspects of a dynamic geo-social network
requires methods that can simultaneously account for the
spatial, temporal and relational (network) dimensions of
the network.
In order to understand the dynamics of social networks
embedded in geographic space, a variety of computational
and statistical methods such as graph theoretical measures
(Scellato et al. 2011), random graph modeling (Schaefer
2012), factor analysis (Hipp, Faris, and Boessen 2012),
simulation (Butts et al. 2012), and regression analysis
(Viry 2012) have been introduced by studies in social
networks. A similarity between these studies is that they
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consider geography as a background variable to interpret
the results of network analysis. However, the methodologies introduced by these studies have limited capability in
analyzing the spatial, temporal and relational aspects of
dynamic geo-social networks.
With the advancement of graph drawing algorithms,
current methods of graph visualization (Lewis, Gonzalez,
and Kaufman 2012; Patil 2011) are effective in discovering network (connection) patterns, e.g., clusters of connected members, or commonalities between friends who
share interests and groups in a social networking application. However, existing graph visualization methods are
inadequate for discovering the spatial and temporal patterns in social networks. On the other hand, spatiotemporal visualization methods (Andrienko et al. 2010; Fyfe,
Holdsworth, and Weaver 2009) have been successfully
applied to identify temporal variation of spatial patterns,
which often do not adequately consider the network
dimension (connections between individuals). Therefore,
there is still a lack of methodology that can incorporate the
relational aspect (sophisticated relations between individuals) of geographically embedded and time-varying
social networks.
We introduce a measure and mapping approach to
analyze connectedness in a dynamic family network and
its changing patterns across space and time. Our approach
differs from the current methods in that it takes into
account the time that each pair of individuals spend
together, the distance that they live apart, and the strength
of their relationship (e.g., the degree of kinship). To
demonstrate the approach, we use a data set of family
trees derived from the published genealogies of nine
families in the US North over a span of 300 years. The
data also include information on migration of individuals.
The remainder of the paper is organized as follows. First,
we review the related work in the next section. We then
introduce our data and describe our methodology in detail.
Finally, we present the results and conclude with a summary and a discussion for the future research.
Related work
This article introduces a methodology to understand the
spatial, temporal and relational (network) aspects of a
dynamic geo-social network. A dynamic geo-social network evolves (changes) over space and time as the actors
of the network move (migrate), new actors are added or
removed, and relationships between the actors develop
and change over time. We demonstrate our approach
using a dynamic family network embedded in space and
time. Previous approaches to analyzing geo-social networks span a variety of themes and methodologies. In
this section, we review the studies that aim at bridging
social network analysis and spatial analysis in certain
aspects.
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Computational and statistical methods
There are various studies on geo-social networks within
the social network domain. For example, a number of
studies (Daraganova et al. 2012; Lomi and Pallotti 2012;
Sailer and McCulloh 2012; Schaefer 2012) used exponential random graph models to account for geographic
embeddedness of individuals in modeling social networks
and investigate the effects of social and spatial distance on
the network structure. Doreian and Conti (2012) analyzed
a set of empirical networks to understand how networks
are shaped by social and spatial contexts using a variety of
modeling strategies. Butts et al. (2012) conducted an
exploratory simulation study to examine the inﬂuence of
spatial variability of background population on the network structure and the social ties.
Viry (2012) examined the relationship between spatial
dispersion of personal networks, residential mobility and
network composition by conducting regression analyses.
Cho, Myers, and Leskovec (2011) and Scellato et al. (2011)
focused on online geo-social networks to describe the relationship between geography and social interaction using
graph theoretical methods. Similarly, Radil, Flint, and Tita
(2010) introduced a spatialized positional analysis to reveal
spatial patterns of social relations. Hipp et al. (2012), and
Mennis and Mason (2012) performed factor analyses to
delineate neighborhood boundaries by taking into account
the density of social ties and the physical distances between
the members of a social network. A similarity between the
studies that focus on geo-social networks in the social network domain is that they consider geography as a background variable to interpret the results of network analysis.
However, the methodologies introduced by these studies
have limited capability in analyzing the spatial, temporal,
and relational aspects of dynamic social networks.
Visualization
Alternative to modeling, graph theoretical and statistical
approaches, network visualization methods have been
developed to examine the dynamic nature of social networks. Dynamic network visualization methods allow the
discovery of complex patterns in a network over time
using animation (network movies) (Moody, McFarland,
and Bender-deMoll 2005) and “small multiple displays”
(Robertson et al. 2008). The layout of a graph is constructed by a graph drawing algorithm which often places
nodes (individuals) that have strong relationships closer to
each other. To enhance the perception of changes in a
sequence of graph layouts, a collection of methods are
developed by considering additional criteria such as minimizing edge crossings and ensuring repeatability and stability (Bender-deMoll and McFarland 2005). However,
such graph layouts represent only the topological structure
of the network while disregarding its geographic
dimension.
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To incorporate a geographic dimension into the network space, a number of studies (Faust et al. 2000; Nag
2009; Todo et al. 2011) mapped actors (people) based on
their geographic location and drew edges between those
actors using different width and color intensity to reﬂect
relative strength of each relationship. However, a graph
layout that positions nodes based on their geographic
coordinates suffers from the visual cluttering problem.
Moreover, with a relatively large network, it is difﬁcult
to perceive network structures that involve multiple
dimensions (i.e., space, time, and social connections).
Because social network data are highly dynamic, it is
challenging to reveal how social relationships change
across geographies and time by simply displaying a
sequence of graphs.
Alternatively, some studies (Luo et al. 2011; Onnela
et al. 2011) introduced integrated approaches that use
dynamically linked views of network space and geographic space and allow user interactions to demonstrate
the interplay of topological structure and geography.
Discovering the interaction between geography and the
network is useful in extracting microscale (individual
level) patterns. However; there is also a need to summarize spatial, temporal, and relational aspects of such networks in order to provide a general overview of the data.
Hägerstrand (1976) introduced a space-time framework to conceptualize and represent human interactions
over space and time. Adopting this framework, many
spatiotemporal visualization approaches (e.g., space-time
path, density surface, computational, and interactive
approaches) have been introduced (Aigner et al. 2011).
The space-time path approach (Chen et al. 2011; Lee and
Kwan 2011) identiﬁes human activity patterns in a social
network by visualizing individuals’ paths in a threedimensional surface. Alternatively, the density surface
approach summarizes the activity patterns by a density
surface which is represented with either an animated
sequence of continuous surfaces (Rana and Dykes 2003)
or a three-dimensional surface of the space-time continuum (Demšar and Virrantaus 2010; Nakaya and Yano
2010). Additionally, some computational and interactive
approaches such as self-organizing maps (Agarwal and
Skupin 2008) have been used to identify temporal variation of spatial patterns.
The space-time approach by Shaw, Yu, and Bombom
(2008), Fyfe, Holdsworth, and Weaver (2009) and
Andrienko et al. (2010) examine geo-social interaction
patterns across space and time, but it does not adequately
consider the network dimension (connections between
individuals). Therefore, there is still a lack of methodology
that can incorporate the relational aspect (sophisticated
relations between individuals) of geographically
embedded and time-varying social networks. Another
challenge in analyzing geographically embedded and
time-varying social networks is the small area problem,

where a single node or connection is often too small (with
insufﬁcient data) for deriving stable statistical measures.
Koylu and Guo (2013) introduced a smoothing approach
to mapping graph measures in geographic space. In this
research, we introduce a different space-time smoothing or
interpolation method for visualizing both network measures and social relations in space and time.
Data
To demonstrate our approach, we use family tree data
derived from published genealogies of nine families from
the US North over a span of 300 years. These books were
compiled by family members with the help of professional
genealogists. More information on migration has been
added by linking the genealogies to the US censuses
using data from Ancestry.com. A series of demographic
events (e.g., births, deaths, migrations) were coded from
the genealogy, including the places where events had
occurred. From these event locations and dates, we can
infer the migration paths of each individual in the families.
For the simplicity of methodology presentation and
result explanation, in this article we only report the analysis results with the Chaffee family (Chaffee 1909),
which was selected over eight other genealogies on the
basis of better temporal resolution and information on
migration. The Chaffee family includes 1225 males descended in the male line from the founder who came to
Hull, Massachusetts from England in 1635. All men born
into the family up to 1860 were included along with all
siblings of men born through 1840. There were 2387 geocoded moves and 856 distinct locations where the family
members lived in 296 years.
The family data involve only males because women
changed their names at marriage; they were more difﬁcult
to follow. Although life expectancy changed over time, it
was largely due to changes in infant and child mortality
(Kasakoff and Adams 2000). This study included only
men who survived to at least age 20. If we included
those who had died young, we might have biased the
study toward families with high infant and child mortality.
Life expectancy at age 20 was remarkably moved westward, albeit at greater and greater distances (Egerbladh,
Kasakoff, and Adams 2007).
Information on moves comes from records of vital
events. If an event occurred in a place where a person
had not previously lived, the move was assigned at a date
close to the vital event. Most moves occurred before the
vital event and thus the dates are approximate. The most
accurate move dates come from the child bearing years
because this population had children approximately every
two years. Also only about 65% of the men had death
dates recorded in the genealogy. For the rest, the last date
on record was considered a death date. The animation of
the migration of nine families including the Chaffee (CFE)
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Methodology
We introduce a measure and mapping approach to analyze
the relationships in a family network embedded in space
and time. Given a space-time window, the measure quantiﬁes the family connectedness of each individual, considering his/her kinship to other family members coexisted in
the window, their geographic distances, and the time duration of their coexistences. We then interpolate the measure
values for all locations, map a series of space-time windows to examine the changing dynamics of the family
relationships across space and time. Speciﬁcally, the
approach consists of three steps. First, the time dimension
is partitioned into a sequence of time intervals. Second,
within each time interval, we calculate the measure of
family connectedness for each individual at each location
where he/she was present, considering the closeness (the
degree of kinship) of his/her connections he/she has within
a geographic distance threshold and the temporal duration
of each connection. Third, given the family connectedness
value for each individual at each unique location within a
time window, a surface of family connectedness is produced using a smoothing and interpolation method based
on inverse-distance weighting. In the following subsections, we introduce each of the steps.
Time interval
To allow for a temporal analysis of connectedness in a
family network, one can employ a data-driven approach
such as sliding windows, top-down or bottom-up segmentation algorithms (Keogh et al. 2001; Warren Liao 2005)
to obtain time intervals. For our case study, we employed
a domain-speciﬁc approach to partition time series data
into equal intervals and reﬂect meaningful stages of the
family tree data. Because some patterns may fall between
time windows and not appear, we use a sliding window
approach.
In the family data set, the minimum period needed for
a connection (coexistence) to occur is one year. On average a man is 35 years old when a son is born and 20 years
is nearly the smallest generation, i.e., the youngest a man
might be when he has a son. Also, a period of 20 years
divides the life course into meaningful stages: age 1–20
would be before marriage; child bearing should stop by
age 60 (Adams and Kasakoff 1984). So people in different
20-year windows should be in different life stages.
Therefore, we partition the data into a time window (interval) length of 20 years. Theoretically, we can move this
20-year window one year at a time to obtain a smooth
time series. To reduce the size of time series (and data
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family in the US can be viewed at the link: http://
129.252.37.169:8400/ﬂowvis/trajectories/index.html
(Koylu 2013a).
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Figure 1. A sample subset of a family network. The horizontal
axis illustrates time and the vertical axis represents unique locations (i.e., Loc 1, Loc 2, Loc 3, and Loc 4). An individual at a
location is represented with a horizontal line with a beginning
and an ending year. For example, AB1 refers to the period that
AB lived at location 4 between 1672 and 1685, whereas AB2
refers to the period that AB lived at location 3 between 1685 and
1700.

redundancy), we move the window 10 years each step. In
other words, there is a 10-year (i.e., 50%) overlap between
neighboring time windows.
Figure 1 shows a sample subset of a family tree data to
illustrate the measure calculation. The horizontal axis
represents the time periods of individuals (i.e., grandfather
A, father AA, uncle AB, uncle AC, and son AAA),
whereas the vertical axis represents the locations (i.e.,
Loc 1, Loc 2, Loc 3, Loc 4) of those individuals in
those time periods. For example, AC lived in Location 3
between 1674 and 1700, whereas AB lived in Location 4
between 1672 and 1685, moved to Location 3 and lived
there between 1685 and 1700. Additionally, the solid
vertical lines represent the beginning and the end of time
intervals: 1675–1695 and 1685–1705.

Family connectedness
We argue that a potential spatial interaction between two
individuals in a time period is often dependent on how
close those individuals are to each other both in terms of
their geographic and kin proximity. While we use geographic proximity to form a territory of potential spatial
interaction for each individual, we conceptualize kin
proximity by the closeness of the relationship (e.g., degree
of kinship) between two individuals. Naturally, the potential for spatial interaction between individuals change
across time as individuals move, new individuals are
added or removed, and relationships develop and change
over time. By taking into account the time-varying relationship between geographic and kin proximity between
individuals, and the time duration of their coexistence, we
introduce a measure of family connectedness as a proxy
for potential spatial interaction.
For each time window, we derive the territory of each
individual by using a geographic distance threshold
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AE
AD,ADA
AF
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AB1
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Figure 2. The potential connections of individual AA from the
sample network given in Figure 1. The circular buffer illustrates
the neighborhood of individual AA which is used to determine
his/her potential connections. Nodes with labels within the neighborhood are potential connections of AA, whereas empty node
symbols and labeled nodes outside the neighborhood are individuals that are not connected to AA. A subscript (e.g., AB1, AB2)
for an individual indicates his/her existence at each unique location given the time interval.

4000
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1000
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around his location at the time and then calculate the
family connectedness of an individual by considering his
geographic closeness, temporal overlapping and family
relationship to other individuals within the territory.
Figure 2 illustrates the individual AA’s family connections
that are determined by his territory (gray circle). We
provide a discussion on how to determine the territory of
individuals using the distance threshold in the following
paragraph. While the nodes with labels illustrate

connections of individual AA, empty nodes illustrate individuals that do not have any family relationship with the
individual of interest. For the family tree data in this study,
we deﬁne relationship as kinship and two individuals do
not have a relationship if they are not members of the
same family tree. For individual AA at location 2, he had
ﬁve family connections, which are A, AAA, AC and AB
(at two locations, noted as AB1 and AB2) for the given
time interval 1675–1695. Notice that, although individuals
such as AD, AE, ADA, and AF were from the same
family with AA, they are not considered as connections
because they lived outside the neighborhood buffer of AA.
The choice of the distance threshold (bandwidth) and
what constitutes a connection are two important decisions
for determining potential connections of an individual at a
location and time. To select an appropriate bandwidth, we
evaluated the distribution of move distances over time.
Figure 3 illustrates the box-plots of distances by time
intervals. Migration was highly skewed toward shorter
distances, as is always the case. Over time, the longest
distances increased, but moves at such distances were
relatively rare and overall median distance is approximately 60 km. Still these distances are much greater than
they were in Europe (Pooley and Turnbull 1998), where
population density was higher and people were more apt
to remain in their local areas and reﬂect the Westward
expansion of the US population.
Considering the temporal resolution of the data which
is composed of recorded events from the late seventeenth
century till the mid-twentieth century, increasing trend of
migration distance could be attributed to what transportation medium was available for the given time period. Until
the mid-nineteenth century when the ﬁrst railway system

1634–1654

1674–1694

1714–1734

1754–1774

1794–1814

1834–1854

1874–1894

1914–1934

1954–1974

Figure 3. The distribution of move distances over time intervals. The median move distance is approximately 60 km and there is an
increasing trend of individuals moving greater distances over time.
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was built in the northeastern states, traveling was limited
to the capability of horse carriages. Along the railway
lines the ability to travel long distances greatly increased.
However, horse carriage remained to be a major transportation medium. On average horse quality, terrain and
weather conditions, a horse carriage was able to travel
32–64 km a day (Bogart 2005). Assuming that a potential
for a consistent spatial interaction is possible without
moving homes, we chose 60 km as a threshold distance
to identify potential connections for each individual. The
second important decision is to determine what constitutes
a connection between individuals in a family network. In
this study, we deﬁne connection as kinship and we assume
that two individuals are connected if they are from the
same family tree. Given the connections, we use Equation
(1) to calculate each individual’s family connectedness at a
speciﬁc time interval and a speciﬁc location
FCrt ðiÞ ¼

X

Trt ði; jÞ  KPði; jÞ

(1)

j2Nrt

where FCrt ðiÞ is the family connectedness for individual i
at location r and in time interval t. Individual i may have
more than one locations (one at a time) in the time interval. Nrt are family members within the neighborhood of
the individual i’s location (r) and the time interval t;
Trt ði; jÞ is the duration of time that individuals i and j
coexisted within the neighborhood of r and the time
interval t; KPði; jÞ is the kin proximity which describes
the degree of kinship between the family members i and j.
We use consanguinity (Leutenegger et al. 2011) to
quantify the degree of kinship (relation) between the
members of a family, which is widely used in law and
genetics. Figure 4 represents a family tree of four generations where A is the ancestor of all members in the family.
The relation among two people is called lineal consanguinity if one is descendant from the other such as the
son and the father (e.g., A-AA), or the grand-father (e.g.,
A-AAA), and so upward in a direct ascending line. The
A
AA

AAA

AAAA

AAAB

AAB

AABA AABB

AB

AAC

AACA

ABA

ABB

ABBA ABBB

ABC

ABCA

Figure 4. A sample family tree with four generations that
descend from the ancestor, A. The relation among two people
is called lineal consanguinity if one is descendant from the other
such as the son and the father (e.g., A-AA), or the grandfather
(e.g., A-AAA), and so upwards in a direct ascending line. For
people who descend from the same ancestor, but not from each
other (e.g., cousins or uncles-nephews), the relation is called
collateral consanguinity.
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degree of lineal consanguinity is directly measured by the
number of lines (e.g., edges in Figure 4) between the
two family members. For example, father-son relations
(e.g., A-AA, AAB-AABA) are ﬁrst degree; grand-fathergrandson relations (e.g., A-AAA, AB-ABBB) are
second degree, and great grandfathergreat grandson relations (A-AAAA, A-ABBA) are third degree.
The relation between individuals who descend from
the same ancestor, but not from each other (e.g., cousins or
uncles-nephews) is called collateral consanguinity. The
degree for collateral relationship is calculated by ﬁnding
the common ancestor then counting the number of steps
downwards to reach the two individuals. If one of the
individuals is more distant (remote) to the ancestor, the
number of steps to the more remote person determines the
degree of consanguinity. For example, a relation between
brothers (e.g., AA-AB, AAB-AAC) is considered as a ﬁrst
degree consanguinity since there is only one step from the
father to each of them, whereas an unclenephew relation
(e.g., AA-ABA, AAB-AACA) is a second degree consanguinity because the nephew is two steps away from the
common ancestor, and the rule of calculating the degree is
extended to the more remote person of the collateral
relationship. After determining the degree of relation (consanguinity) between two individuals, we assign a kin
proximity value to each relation by simply taking the
inverse of the degree. For example, the kin proximity of
a ﬁrst degree relationship (e.g., father-son, brothers) is
1/1 = 1, whereas the kin proximity of a second degree
relationship (e.g., grandparent-grandchildren, cousins) is
1/2 = 0.5, and a third degree relationship (e.g., great
uncle/grandnephew: AA and ABBA) is 1/3 = 0.33, and
so on.
Spatial interpolation of family connectedness
The components of the measure, which are cumulative
kinship and time for an individual at a location, are highly
correlated with the presence of individuals that live within
a close distance to that location. We discuss that more
people living close by increases the chance of potential
interactions, thus the correlation between the presence of
individuals and the measure components is appropriate
and does not necessitate normalization. As we are not
interested in family connectedness as a cumulative measured quantity, we produce a geographically weighted
average surface of family connectedness by using a spatial
smoothing and interpolation method rather than a cumulative density surface of family connectedness.
Given the family connectedness for each individual at
each unique location within a time window, a surface of
family connectedness is produced using a smoothing and
interpolation method based on inverse-distance weighting
(IDW). IDW assumes that each measured value has an
inﬂuence on the prediction by applying weights that are
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proportional to the inverse of the distance between the
prediction location and the measured data point. The
equation for smoothing and interpolation method is
given below:
FC ðx; t Þ ¼

X wið xÞ FCr2N ði; t Þ
xt
PN
w
ð
x
Þ
þ
Wc
j
j¼0
i2Nxt

wi ðxÞ ¼

1
dðx; ri Þp

(2)

(3)

where FC ðx; t Þis the interpolated value of family connectedness at location x in time interval t; Nxt is the observations
(existence of individuals at unique locations) within the
neighborhood of x in time interval t; FCr2Nxt ði; t Þ is the
family connectedness value for individual i at location r in
time interval t; wi ð xÞ is a weighting function based on the
distance dðx; ri Þ from the location of the observation ri to the
unknown point x; p is a positive real number called the power
parameter; Wc is a constant penalty weight added to each
estimation to remove the edge effect (Lawson et al. 1999).
We determine the neighborhood for each estimation
point x by using the same distance threshold (60 km) we
used in the previous step to identify connections between
individuals. Because there are many observations (the
coexistence of individuals) at the same or close by locations, the traditional IDW creates an interpolated surface
which is greatly inﬂuenced by the edge effect
(Figure 5(a)). After applying the penalty weight for locations with no or few observations the edge effect is
removed (Figure 5(b)). A constant penalty weight does
not have a signiﬁcant effect on the estimation where there
are many observed values by the estimation point; however, it does affect the estimation where there is a few or
no observed points close by the estimation point. To
balance between over-smoothing and under-smoothing,
we empirically chose a value of 0.1 for the constant
weight Wc .

Results and discussion
We produced 29 surfaces of family connectedness each of
which corresponds to a 20 year time window. Each surface
was produced using a constant divergent classiﬁcation
scheme to enable comparison between each time window.
While blue hue illustrates places with low family connectedness (i.e., low potential for spatial interactions), red hue
illustrates places where family connectedness is higher.
The animations of family connectedness including all
families and the Chaffee family can be viewed at the
following link: http://www.spatialdatamining.org/familyconnectedness (Koylu 2013b). For the simplicity of result
explanation, in this article we only report the analysis
results with the Chaffee family, which was selected over
eight other genealogies on the basis of better temporal
resolution and information on migration. Due to the limited space we only report a small subset of the time
windows that we selected based on their relevance to
historical events in chronological order.
The surfaces of family connectedness from the ﬁrst
time window (1634–1654) to the time window of 1854–
1864 illustrate the demographic and spatial expansion of a
colonizing population. Colonization proceeded in spurts
with a family member moving out of the settled area and
then most of his descendants remaining in the new location for three generations before spawning new settlements. It takes many years in a new location for
connectedness to peak.
Before the American Revolution, the earlier window
(Figure 6(a)), there is only a few individuals in the newly
settled areas such as Scipio, Warren, Chittenden, Westminster
and Berkshire. Sixty years later (Figure 6(b)), the core of the
family stayed in the area between Woodstock and Becket
while new hubs started to develop in Berkshire and Scipio
as the family moved North and West after the Revolution. As
compared to Chittenden and Westminster there were fewer
individuals in Berkshire in 1824–1844 but Berkshire became
a stronger hub than Chittenden and Westminster.
When the new hubs were created, it took several
generations to achieve the degree of family connectedness

Family Connectedness
0–11
12–35
36–66
67–106
107–154
155–211
212–273
274–357
358–561
Observations

Figure 5. The comparison of the traditional IDW (a) with the modiﬁed IDW (b). The edge effect is noticeable throughout the traditional
IDW surface (a). By applying additional weight that penalizes locations with no observations or few observations, the edge effect is
removed in the modiﬁed IDW surface (b).
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(a)
1764–1784

(b)
1824–1844

Figure 6.

Family connectedness after the American revolution: 1764–1784 (a), 1824–1844 (b).

of the places that had been settled by the earliest generations. Due to the new births and new migrations of close
kin into the area, Berkshire was able to increase its
strength as a family hub in the later periods (Figure 7).
Family connectedness is a composite measure of
shared time (coexistence of individuals in a neighborhood) and kin proximity (e.g., the closeness of their
kinship). To better understand the relationship between
shared time and kin proximity, one could decompose the
family connectedness of an individual at a location and

time interval (Equation (1)) into its components of total
shared time (Equation (4)) and total kin proximity
(Equation (5)). We plot these components for two distinct time intervals (i.e., 1764–1784 and 1844–1864) to
capture the temporal variation of the relationship
between time and kin proximity (Figure 8). Both components are correlated with and inﬂuenced by the presence of individuals at close by locations (i.e., 60 km);
thus time and kin proximity were highly correlated in
both time intervals. The difference between the intervals
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1844–1864

Family connectedness throughout the process of urbanization (1844–1864).

of 1764–1784 (Figure 8(a)) and 1844–1864
(Figure 8(b)) suggests that over time individuals spend
more time in close by locations, whereas the availability
of kin in their territory stayed the same. This trend
could partially be explained by increased coexistence
of individuals with distant kin.
Total kin proximityrt ðiÞ ¼

X

KPði; jÞ

be a result of high shared time but low kinship due to the
coexistence of a large group of distant relatives (e.g.,
cousins, 2nd level cousins). In an opposite case, an area
with high family connectedness might be a result of low
shared time but high kinship because of the coexistence of
close relatives (e.g., parent-children, siblings) in shorter
periods of time.
To examine the spatial variation of the relationship
between shared time and kin proximity, we performed
bivariate local indicators of spatial association (LISA)
(Anselin 1995). Bivariate LISA examines whether local
correlations between values of a variable (e.g., time) at a
location and those of its neighboring values of another
variable (e.g., kinship) are signiﬁcantly different from
what you would observe under conditions of spatial randomness. For example, a signiﬁcant low-high cluster
means that low values of a variable such as shared time

(4)

j 2Nrt

Total shared timert ðiÞ ¼

X

Trt ði; jÞ

(5)

j 2Nrt

The contribution of kin proximity and the shared time
to the measure result vary across space and time. For
example, an area with high family connectedness might
(a)

(b)
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Figure 8. Relationship between the total shared time and the total kin proximity (kinship) of each individual’s connections within a
neighborhood in time intervals 1764–1784 (a) and 1824–1844 (b). The vertical axis represents the total shared time, whereas the
horizontal axis represents the total kinship.
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(a)
Bi-variate LISA Associations
Low time / High kinship
High time / Low kinship
Other

1764 – 1784
(b)

1824 – 1844

Figure 9. High-low and low-high associations of shared time and kinship in time intervals 1764–1784 (a) and 1824–1844 (b). While
red diamonds represent low shared time and high kinship, blue squares represent high shared time and low kinship. The contrasting
associations of cumulative shared time and kinship vary across space and time throughout the spatial and demographic expansion of the
population.
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are signiﬁcantly correlated with high neighboring values
of another variable such as kin proximity.
We are particularly interested in understanding contrasting patterns of kin proximity (kinship) and shared
time, thus, in this article, we only report statistically signiﬁcant associations with high kinship-low time, and low
kinship-high time for the time intervals 1764–1784
(Figure 9(a)) and 1824–1844 (Figure 9(b)). In the early
stages of the expansion (1764–1784) we observe a cluster
of low time–high kinship values especially around
Ashford, whereas Rehoboth continued to be a location
with high time and low kinship. In the later period after
the American Revolution (1824–1844) the family hubs
located around Ashford still had low time but high kinship
values, but the spatial extent of the hubs became more
dispersed.
Moreover, we start to see the formation of new hubs
around Scipio and Chittenden which have high time but
low kinship values. Low kinship and high time associations occurred in especially Scipio and Chittenden because
younger individuals which were distant relatives moved to
these new hubs, whereas patriarchs stayed around the old
established hubs. On the contrary, we observe a contrasting pattern, high kinship–low time (red diagonals), around
Berkshire in the later time period of the expansion
(1824–1844). This is because Berkshire became an established hub as a result of in-migration of close relatives and
high presence of patriarchs.

Conclusion
We introduced a measure of family connectedness that
summarizes the dynamic relationships in a family network
embedded in space and time. The new measure is unique
because it takes into account the duration of time that each
pair of individuals spend together, the distance that they
live apart, and the strength of their relationship (e.g., the
degree of kinship). By mapping the relational aspects of a
family network across space and time, our method facilitates the discovery of hot spots (hubs) where potential for
spatial interaction between individuals is relatively higher
across space and time.
One aspect of social context that is often not considered by the studies that incorporate social network analysis and spatial analysis is the addition or removal of
members (e.g., birth/death, entry/exit) of the network.
Our work has shown that especially deaths of individuals
(e.g., patriarchs) who link many others together can
greatly affect family connectedness particularly in the
locations where those individuals live. The family data
set we analyzed had a very high rate of demographic
increase as was characteristic of the US North at the
time. If death rates were higher, presumably there would
be fewer hubs or hot spots. In other words, hot spots

would disappear much more quickly with those in
Europe where death rates were much higher.
We are studying potential, not actual, interaction and
this is one limitation of our work. We do not have a
measure of actual interaction that we could compare with
the potential interaction we have described. But there are
other historical data sets which do have such measures.
One example would be data on witnesses to marriages or
other events, which exist for several European countries in
the past (Bras 2011). Our measure could also be computed
using current kinship networks and then compared with
the actual interactions of family members obtained from
questionnaires or by other means.
We demonstrated our approach using a family tree
data set from a population that was growing and colonizing the Northern part of the US. This measure has demonstrated how important migration, birth, and death of
individuals to family connectedness. In this study, we
deﬁne relationship as kinship and assume that two individuals have a relationship if they are from the same family.
Our methodology can readily be extended to develop a
measure of social connectedness using other forms of
relationships, such as friendship and coworkers.
Depending upon the context of the social network, one
can deﬁne the connections in any form of interaction and
quantify those interactions in a variety of ways such as
using the frequency of the shared content, common friends
in an online social network; the number of email
exchanges or meetings held together in a business network. In this regard, the voluminous data collected from
social networking platforms such as Twitter, Flickr and
Foursquare and genealogy applications such as Family
Search and Ancestry provide an excellent opportunity to
study online social networks and family trees using our
approach.
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