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Abstract. In this article, we create directional networks of U.S. dmsed
statistical areas where the number of nodes is equal to the number of links (edges
= nodes = n) in each network. Cities link to the most popular destination city of
its outmigrarts for a given year. This destination city is called its cityfriend or
best friend, and does not depend on migrant volume. Data is sourced from the
U.S. Internal Revenue Service. . The resultant networks are not fully connected
but instead join citiesintgr aph moti fs or fAconstellationso withi.:
cities. We visualize these networks and create subnetworks based on wealth
discrepancies. We find that the network of poorer migrants reveals a chain of
local movements, which is substantially differéman that of wealthy migrants,

who flock to hub cities.

1 Introduction

The urban hierarchy has been studied for decades: larger cities are connected to small
cities with medium size cities as intermediaries. A connection is a dependency of sorts
oftencrystalized as flows of people and commodities. The urban hierarchy also follows
the gravity model, where nearby small cities often connect directly to local metropolis

if there is no mesgcale city between them, what Christalley and Pred2] refer to

as somewhat weaker connection.

The urban hierarchy is inherently spatial, and can be thought of as a family of cities
that make up a region anchored by one very large city. Subsequently, the large city (i.e.
Chicago) exerts a gravitational pull on itsrsumnding cities until another large city,
perhaps Minneapoli s, NM or St Loui s, MO c¢l ai ms
satellite cities as part of their own functional regions.

Other than nearness to an anchor city, what connects one city to a region? A
prominent functional answer has been commutes, which help the U.S. Office of Budget
and Management delineate Business Economic Areas and Metropolitan Statistical
Areas alike. Similarities in industfg], economic activity [4and even ancestry helped
delineated regions in the U.S. Today, creative methods like dollar tilllation [5]
telephone calls [6]and pet maps of sports tegmpularity created fromtweets or
televised sports games delineate regemasinda functional anchor city.

I n this article, we examine the urban hierarchy
migrants are attracted to a city, we consider these cities to be in a similar functional
regiord as they are exchanging the same people between multiple cities. Upon



investigating U.S. IRS migration data (which, admittedly favors migration as a closed
system, since there is little information and few flows in and out of the country), we
find different urban hierarchical patterns emerging over time. Some cities switch
prefaences to alternative large city anchors, other large city anchors become popular
or decline in popularity.

In essence, we treat a city as its own individual agent that will interact with other
agent cities by sending or receiving migrants. This requidsally no data about
cities, does not depend on statistics or derived indices, and does not brand each city by
its Aattractiveo features. The theory behind th
to characterize a city as attractive or not attvadbiy its provisions when the provisions
do not include the relationships and interpersonal character of its individual residents.
Every city is attractive to someone, if they like someone in the city. Giteesnore
thanuniversal attractivenesankingsderived by spreadsheet data, because even the
lowestranking cities include people that someone, somewhere, veaht twith, or
to be close toAs long as people communicate with others, there will be movement
between cities. Especially with mobile ppbuch as graphic design, editing, consulting
or online teaching jobs providing more destination choices, this factor should be taken
more seriously in systems where people can choose freely without political
intervention.

This point of view is a signifent departure from traditional migration modeling.
Although there is precedence of modeling migration as a weightedeaiggegraph (),
the network perspective of migration is in the minority. Instead, empirical, quantitative
migration modelers use econanpirincipals of supply and demand of labor, population
and wage earnings to equate the probability of moving to factors of differentials
between origin and destination: differentials of job availability, wages, moving costs,
costs of living, gender imbalaa and climate.

One commonality between the traditional study of migration and our approach is the
notion of equilibrium. Older models, namely the Netassical Model, is set up to reach
a steady state whemmigrantshas the best paying job possitlg, often given
constraints such as information availabiliioes a job opening announcement reach
the most qualified applicants? And nearness: how far will a migrant move to pursue his
highest paying job? Distaaisomoves incur travel costs and costs ofial network
breakage and strailConveniently, theneoclassical modetanto explaina lack of
significant sources or sinKsities) in migration;each yearmigrant moveto tenuous
economies iDetroit and Akronin part becausthere are jobs availab|7].

However, we argue that migrants are still interested in these facesmother
reason:migrants still havecontactsthat reside in these cities and want to be close to
their friends and familiesVhile there are residents in a city, A@sidentswill still
visit and move to that city to be closer to current residents and reap social support and
social capital. The gravity models of yesterday may still prevail on a macro scale, but
convenience may hardly be the reason why moves that balancegghepgortunities
afforded by the metropolis and simple nearness. Instead, an intense web of interpersonal
roots built over centuries of convolving travel and communications radii have created
a richrgetricher effect where people simply have more conoestin a pattern that
follows the gravity model. Outliers, i.e. cressuntry moves to small towns, persist but
are faint signals that do not accumulate into pipelines. Statistically, these reside outside



the predictive power of the gravity model (quaetifiat around 60% for migration [8]

Nevertheless, it is very difficult to prove from network conceptualizations of an
urban system that the driver is the individual d
destination. Thus, nedassical and other theories of plaogplace connectivity (such
as thegravity model and discrete choice moddlg) remain at the forefronas we
pursue a birddéds eye view of the U.S. wurban migr a
our theoretical motiation, the simplicity of these models (and their lack of associated
data) can tell us much about the transactions of people between cities in the past 30
years.
In this article, we experiment with a small segmenthig large body of research
questions abut the complexity of the urban migration system. We use network
schematics of migration movement dynantigsllustrate differentiation between the
roles of cities in their regional systems, amgover the shape ofgional systemssing
graph motifsThese graphs can answer the following questions: what cities are popular
for migrants? What regions (i.e. connected graph structures) arise? Which cities feed in
to larger citiesWhich cities bypass closer and larger cities to connect directly to a
metropois? Does a population hierarchy emerge? Are systems of cities closed or do
they connect in larger chaing®w do these patterns change for wealthy migrants or
disadvantaged migrants?
The answers can tell us more about the nature of human movementjpéityessd
urban connectivity in the United States.

2 Background: Agenda for Examining Complexity in Migration

As part of an ongoing study, our research questions are the following:
1) City Friends Given a city X, to which city does it send the most migrants?
We refer to this concept as City Friends, where conceptually, each city has a
Abest friendo, the city where its migrants |
Like real best friends, howevehi s r el ati onship is directed s
best friend might be City B, but not vice versa.
a. RankSizeWi t hin the idea of a cityés best fri
the cities to which City A sends migrants, i.e. its other friends. The
percent of migramst that go to the most popular city range widely.
Over20122013, Chicago sent on§ of its domesticmigrants to
its top city (Memphis), whereas Riverside, CA sent 60% of its
migrants to its top city: Los Angeles. Here, we invoke the concept of
ranksize,where the best friend city is ranked 1, and the following
cities are ranked in declining order of popularity. In the case of
Riverside and Chicago, Riverside will see a dramatic drop from 60%
to its next popular city é&rcignked 2), whi
will take a similar value, 5%, of its outgoing migrants.
b. Entropy Rank size produces a unique distribution for each city, and
change each year. With over 10,000 unique distributions (one for
each city each year), we use a measure of informationmnto



2)

3)

4)

5)

characterize each distribution. In this example, Riverside would have
an entropy much lower than Chicago because the actions of Riverside
migrants are more predictable than those of Chicago migrants.
Constellations When we match each city to its befsiend connection,
regional associations and families of graph structures occur. These structures,
called motifs (see P]), are comprised of nodes (cities) and edges (the
connections between cities who aciyfriendg. Motifs can be roughly
classified @& hubandspoke, pairs, trees, chainsiats, cycles, stars [10
Some constellations contain 100 cities, while other contain two. We visualize
constellations and use these structures toffist| the persistence over time,
and second, standalone regian Most cities are connected to a giant
component, sometimes one city bridges two large systems together resulting
in a large constellation. In other cases, a constellation of 10 cities may work
as a standalone region, anchored by one large city, a fewmmaded cities
and a group of small cities.
Two faces of uban hierarchy Not all travel between cities is created equal.
For each migration flow from city x to any other city, there is a complementary
average income associated with the movers on the fBiven that any city
has more than one destination, destinations can be distinguished if they carry
the highest income (on average), and the lowest income (on average). For each
city, we find the city friend where high and low earning migrants travel to.
The result of this dual graph is that each city now has two rays emanating from
it instead of one, as in the above constellations. Two different hierarchies
emerge as a result: one that is mostly connected to one set of cities, and one
that is mostly conrded to another set of cities. Moreover, the closely
connected cities, or the communities of cites, by rich connections and poor
connections show different pattern, which also reveals the different mobility
of the rich and the poor.
Cities asfilters Acity may attract similar types of

mi grants all have in common that they chose

may also have commonalitiethiey lived in the same city together and now
choose to leave. Pools of migrants arrivorgleaving a city come exhibit a
distribution of characteristics: what is the set of the sizes of their cities that
they leave to or arrive from? What is the distribution of incomes of this
incoming or outgoing pool? Given a singular city, is each inconuing
outgoing class significantly different in its cohesive similarities? We
investigate whether the incoming or outgoing pools are more homogenous.
Streamlining over time With the advent of the Internet and mobile
technologies, migrants have access toamaformation about places. Has this
new information resulted in a less streamlined migration system? There may
be fewer flows on origiestination links, given the number of total flows to
or from a city. Thi s [9 ®@uHedpeadingowtaefc e mor e
individuals over multiple destinations. (Also, we test whether when cities
shrink, it is often due out migration, not a dip in in migration.) With more
diverse information, migrants may have experienced other places, i.e.
travelled more, andarnered friends in a multiple locales. In this instance, the
theory of chain migration may still be very much a live, but the chains are only
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one link long, and spread out among many origins and destinations, instead of
many links long producing a steaflpw between one singular origin and
destination.

6) BayesianinferenceGiven that migrants live in a city x, what is the probability
that they will move to a city y? Given that migrants move to a city y, what is
the probability that they moved from a city ©o these probabilities change
over time, or do they remain the same? That is, given that a migrant lives in
Dallas, what is the probability that he or she may move to Houston?

Theoretically, with increased accessibility to global information technedogive
can expect the average citizen to rely less on local knowledge and information given
by neighbors and friends but to extend their knowledge consumption to that of
strangers. For example, a potential migrant can examine housing prices, imagery,
statitics and jobs about a faraway city and predict his quality of life at that destjnation
i.e. plan, from Internet media. In the past, information about potential destinations may
have been largely limited to local and personal ties.

3 Data and Methods Definitions

1) DataMigration data is provided by the Internal Revenue Service (IRS) for the
years 1978 2012. There are a few holes in data in the 1980s, and 2013 data
is incomplete. There is no later dataset available to the public. In sum, we have
25 different years. Each recorded flow must have at least 10 filers between
any two U.S. counties. There are three values: the number of tax filers, the
number of filers and their dependents and the aggregate gross income (AGI)
earned by the filer at some time hg the tax year in which he or she moved.
There are also data on namovers, sameounty moves, and international
moves that we do not include. About four million Americans move each year
within the interurban system.

a. Urban definition We define a city & a conglomerate of counties
based on the latest standing definition of a metropolitan statistical
area (now called a cotmased statistical area) from 1990, 2000 and
2010. These definitions are from the U.S. Census, and change slightly
with each decenniall.S. Census. The sprawling Atlanta region
started with five counties in 1950, and has 28 today. Meanwhile,
small cities like State College, PA will only have one.

b. Wealth definition We determine wealth by the total aggregate
income on thesity-to-city flow, divided by the number of tax filers.
Average AGI hcomes range from 120,000 to 9,q¥) flow. Three
incomes are negative and omitted from the graph. Only data from
19927 present includes information on AGI. Because we divide the
AGI by the numler of tax filers, not the number of exemptions (i.e.
family members), some income may seem artificially large. For an
earner that reports $60,000 in income, he or she may have four



dependents that rely on the income, where as a single earner with no
depen@nts may find herself with more disposable income.

Analytical Methods As mentioned, we taka systems approach to migratidviore
specifically, we rely on network visualization, the categorization and cataloging of
graph structures called motifs. We tagges from the helpful work of Dunne and
Shneidermaifi9] whose noted fan and collector resemble the graph structures found in
our resultsWe use the popular network visualization eafte Gephi [1]to visualize
nodes (cities) and their links to the capending city to which they send the most
migrants, that is, the most popular choice formigrants from the origin city node.
Arrows depict this directed movemeahd an unsupervised network methibt
separates similar network clustenso communities is applied anddescribed further
below.

Community DetectionNetworks have clustergnstructure$12]; some group of nodes

have stronger connections within themselves than with other nodes outside the group.
These clusters are also referred to as communities, and using algorithms to find these
communities is called community detection. The most commormgl afgorithms are

based on amodularity [13] which iteratively measures therobability of a node
connecting to its own groupithin each divided groupsscompared with randomized
edges as null models. We use the fast greedyitiigojl4] implemented by R paelge

A i g r[&5pimtkdis studyCommunity detection has been used for a number of spatial
network studieso discover rens of social selsimilarity [6][16]and di fferent citi es:¢
individual networks of social ties are comparediagfaeach other. In these and other
cases, a ground truthing or reflection of what each network is saying about the city or
region, is largely absef6][16-17].

4  Results

For the calendar year 202D13, we visualize constellationsaiyfriends intheurban
galaxy. The cities are spatializeding springembedded algorithms from the Gephi
environment, and large cities are positioned to roughly represent their location in the
United States while optimizing space.

Hubs like Dallas and Atlanta emerge major cities with high degree centrality in
migration. The largest constellation is focused arorallas which attracts migrants
from small cities, medium cities like Amarillo, Little Rock and Lubbock as well as
larger cities of Houston and Oklahoma&yCirhe Dallas constellation attracts migrants
from cities in New Mexico, Arkansas, Mississippi, Oklahoma, Missouri and Louisiana
via major feeders. Here, San Antonio connects to nearby Austin instead of larger
Houston or Dallas. Meanwhile the heav#parish-speaking McAllen surpasses
nearby towns to connect to Houston. These results are not obvious: Austin migrants
could haveeasilyf avor ed Dall as or San Antoniobs migrants
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Figure 1. lllustration of cityfriend networkin feature space using Yifan Hu proportionaldat
(top), andn Geo layou(bottom).
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Figure 2. When cities are connected to their best friends, different network motifs arise,
including pairs (a), chains (b), hubg,(stars (d) and trees (e). These schematics of migration
movement dynamics illustrate differentiation between the roles of distinct cities within their
regional systems, and what the regional systems look like as a network of flows.
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Figure 3. The same spatialized network now connects cities where the wealthiest out m
of each city travel (top), and the most disadvantaged migrants travel (bottom). Each n
has the same number of ties and cities (i.e. edges and nodes) although thevtoh is
marked with hubs and the bottom with more and longer chains.
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