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Abstract

Dimensions of Interstate and Intrastate Household Migration, 1990-2015

Michael Andrew Babb

Chair of the Supervisory Committee:
Professor John Mark Ellis
Department of Geography

This dissertation enhances and makes use of county-to-county migration data to investi-

gate several dimensions of interstate and intrastate migration during the 1990 through 2015

period. The first empirical chapter describes an algorithm that combines spatial interac-

tion modelling and linear optimization programming techniques to enhance publicly avail-

able county-to-county migration data. The algorithm produces estimates of flows between

county-to-county pairs not previously reported due to censoring. The implementation of

this algorithm generates an additional approximately 500K records per year: tripling the

within-state migration complete case count and increasing the interstate migration complete

case count by 13-fold. The increased records mean that the migration of an additional ap-

proximately 1.6 million households per year can be incorporated into subsequent analyses.

The inclusion of additional records serves to decrease potential biases originating from the

omission of data. The second empirical chapter uses the enhanced county-to-county migra-

tion data to fit production constrained, origin specific, spatial interaction models illustrating

the spatiality of households’ destination preferences and trends over time. Households in

the Great Plains and the South selected destinations with relatively larger populations while

households in western states opted for destinations with relatively smaller populations. In

general, households in eastern states moved shorter distances while households in western

states moved longer distances. The preference for in-state destinations varies by state: Cal-



ifornia, Florida and portions of Washington, Texas, and Ohio showed a nearly consistent

preference for out-of-state destinations while large swaths of states in the Great Plains and

Rocky Mountain regions exhibited preferences for in-state destinations. The third and final

empirical chapter examines the determinants of household movement using a combination

of consistent county boundaries, enhanced county-to-county household migration flows, and

place-based characteristics such as the age composition of the population, economic, and

amenity indicators. County-to-county movement is classified into one of four categories

based on the metropolitan statuses of each origin and destination county-to-county pair.

The results show how origin and destination place-based characteristics promote outgoing

household flows, attract incoming household flows, how these change over time and according

to the metropolitan statuses of the origin county and the destination county. Young adults

ages 20 through 29 demonstrate the most consistent push and pull factors while other age

groups exhibit a variety of patterns over time. Adults ages 60-69 attract households, though

this varies by the metropolitan status of the origin and destination counties. Frequently, but

not always, an age groups’ ability to promote the outgoing migration of households or attract

incoming households reached its maximum or minimum around 2000 with a smaller inflec-

tion during the late 2000s. Households are generally attracted to counties with higher annual

average pay, more affordable non-metropolitan counties, and non-metropolitan counties with

high amenities.
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Chapter 1

INTERNAL US MIGRATION IN A TIME OF DECLINING
MIGRATION RATES

This dissertation is about extending the usability of publicly available US county-to-

county household migration data from the Internal Revenue Service (IRS) and the spatiality

of internal US migration as measured from the IRS data during the 1990 through 2015

period. A period generally considered to feature declining migration rates. As will be

shown in subsequent chapters however, declining migration rates are not the sole facet of

internal US migration. Through curation, enhancement, and use of the IRS’s county-to-

county household migration data, I describe the destination preferences of US households

and the demographic and socioeconomic factors influencing moves between, to, and from

metropolitan and non-metropolitan counties.

1.1 Overview

The three empirical chapters in this dissertation examine three different aspects of household

migration using IRS county-to-county household migration data. In chapter two, I estimate

the censored origins and destinations of the publicly available county-to-county migration

data. In any given year in the 1990 through 2015 period, approximately 20-to-25-percent

of county-to-county household migration flows are censored to protect confidentially and

privacy. Flows are either origin censored (a specific destination is known but a specific

origin is not) or destination censored (a specific origin is known, but a specific destination

is not). Through a combination of spatial interaction modelling and linear optimization

programming techniques, I estimate the censored origins and destinations in the county-

to-county household migration data. Through this estimation process I triple the number
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of completed within-state county-to-county household migration records and I increase the

completed interstate county-to-county household migration records by 13-fold. Combining

the reported and estimated IRS county-to-county household migration data generates the

enhanced county-to-county household migration dataset.

This enhanced county-to-county household migration data is used in chapters three and

four. In chapter three, I examine the destination preferences of households during the 1990

through 2015 period using origin-specific, production-constrained spatial interaction models.

In practice this means that a regression model is fit for each county for each year in the

study period generating coefficients specific to each county. The results from this chapter

illustrate the geographic distribution of household preferences for populated destinations, ac-

cessible destinations, destination distance, and within-state movement. In chapter four, the

final empirical chapter, I model the determinants of four different types of county-to-county

household movement using a variety of origin and destination characteristics such as popu-

lation age structure, affordability, and several natural amenities. This modelling approach

emphasizes the differences between movement to, from, and between metropolitan and non-

metropolitan counties. I conclude this dissertation in chapter five with recommendations for

future study and observations on internal migration in a time of national quarantine brought

about by the SARS-CoV-2 coronavirus pandemic beginning in 2020.

1.2 Internal migration in decline

The internal migration analyses carried out in this dissertation use data pertaining to an

approximately 30-year period - a period in which scholars generally agree features declining

migration rates (Cooke 2013; Molloy et al. 2011). The IRS county-to-county household

migration data feature migration rates that sometimes agree with other data sources and

at times disagree with other data sources. Because of the rich spatial and temporal detail

in the IRS county-to-county household migration data, I can examine the spatialities and

temporal trends of internal migration in the US and therefore contribute to larger discussions

on the data used to study internal US migration and interstate and intrastate household
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movement. Describing the internal migration regime in the United States during the past

30 years underscores that what is known about internal migration is a function of how

internal migration is measured - survey versus in-direct measurement - and the scale at

which internal migration is reported: within-state versus interstate. Accordingly, getting the

data “correct” is a necessary first step in telling the more-than-declining-rates-of-internal-

migration story. However, describing the trends in internal migration, as seen from other

data sources, highlights the differences in each data source and situates the internal migration

narrative and the reason for using the IRS county-to-county household migration data.

Using a variety of data sources, but mostly the Current Population Survey (CPS), Mol-

loy et al. (2011) document the decline in both shorter distance migration rates and longer

distance migration rates since the 1980s. Although the authors examine the decline in the

migration rate along multiple dimensions, no specific cause is singled out. Migration rates

peaked after World War II and have generally been declining. Figure 1.1, page 5, features

the counts and rates of migrating individuals in the US from 1968 through 2018 as seen in

data from the Current Population Survey (Flood et al. 2018). Figure 1.1 features the number

of migrants, graphic A, the total migration rate, graphic B, and individual migration rates,

graphic C, from within the same county of origin, moves from within the same state of ori-

gin, moves originating in a different state, and moves from foreign locations during the 1968

through 2018 period. Graphic A in Figure 1.1 features the absolute count of incoming mi-

grants by origin status, graphic B expresses those numbers as a combined rate, and graphic C

features the migration rate by movement type. Graphic B in Figure 1.1 shows that beginning

in 1968, the migration rate was upwards of 20-percent and gradually decreased to approxi-

mately 10-percent in 2018. Graphic C shows the general decline in all migration rates. The

largest share of migration in any given year is within-county followed by within-state migra-

tion. The greatest percentage of people moving reached a peak in 1968 with approximately

35 million people changing homes, about 18-percent of the population. A similar peak was

again reached in 1987 with about 42 million people changing homes accounting for 18-percent

of the population. Since 1987, both the absolute number of people changing homes and the
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relative percent of the population changing homes has decreased; 2017 was the last year in

which more than 10-percent of households changed addresses. The within-county migration

rate, as depicted in graphic C, shows the greatest decline. The within-state and interstate

migration rates show more stability and even feature moderate increases. The CPS data

show the within-state migration rate to increase from approximately 3.0-percent in 1968 to

almost 4.0-percent in 1987 and then gradually decrease to approximately 2.0-percent in 2018.

Aside for a few years in the late 1960s and the early 1970s, the interstate migration rate is

always less than the within-state migration rate. The interstate migration rate decreased

from a high of 3.5-percent in 1968 to less than 2.0-percent in 2018. The CPS data show that

the foreign migration rate is always less than 1.0-percent during the 50-year period.

1.3 Differences in data, differences in migration rates

This dissertation uses county-to-county household migration data from the Internal Revenue

Service (IRS) during the 1990 through the 2015 period (Gross 2009, 2005; Internal Revenue

Service 2018; Pierce 2015). The IRS data are administrative data originating from the tax-

paying households in the US and form a near-population sized dataset covering 95-percent

to 98-percent of the individual filing population (Gross 2005). The IRS data report tax

returns, a proxy for households, and exemptions, a proxy for individuals. The county-

to-county household migration rate is actually the county-to-county tax return migration

rate and the county-to-county individual migration rate is actually the county-to-county tax

exemption rate. In general, the number of exemptions in any given year is approximately

80-percent of the US population (based on my calculations - see Figure 3.3 on page 90 for an

examination of tax returns and occupied households). This approximately 80-percent value

is due to not all households filling a tax return: the elderly and those not meeting certain

income thresholds). The CPS uses a probabilistic sampling scheme to sample over 65K

households in the US (Flood et al. 2018). The differences in data provenance and collection

between the CPS and IRS account for the differences in the scale at which publicly available

migration data are available in addition to the differences in migration rates.
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Figure 1.1: Within-county, within-state, interstate, and foreign migration counts and rates,
CPS, 1968-2018
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The data from the IRS do not feature within-county movement. Comparing the CPS

migration data with the IRS migration data requires removing the within-county moves and

limiting the data to the 1990 through 2015 period. The three graphics in Figure 1.2 on page 9

feature the counts and rates of within-state, interstate, and foreign migration as depicted

in the CPS and IRS data. Note that the data for 1995 has been removed as the CPS data

for 1995 is not considered trustworthy (Flood et al. 2018). Graphic A in Figure 1.2 shows

the counts of migrating individuals as depicted in the CPS data and graphic B features

the counts of migrating individuals as depicted in the IRS data. As shown in graphic A,

from 1990 through 2006, the data from the CPS featured a greater number of migrating

individuals with almost 19M people migrating in 2000 alone. A noticeable and continued

decline is first seen in 2006 and continues through 2010. By 2011, more individuals began

migrating. Beginning in 2007 and through 2015, except for 2014, the data from the IRS

show greater numbers of migrants. The IRS data as shown in graphic B illustrate increasing

numbers of migrants from 1990 through 2005. From 2006 through 2009, the yearly numbers

of migrants decreased, on account of the great recession, and by 2010 those numbers were

increasing again. In 2013 and 2014, the numbers of migrants decreased and in 2015 the

number of migrants was increasing. The dip in 2014 is because of changes the IRS made

to data processing (to combat identity theft) and not an actual drop in migration counts

(Internal Revenue Service 2018; Pierce 2020). Chapter two discusses the impact of this data

processing change and other data processing changes in greater detail. In 2015, the number

of migrants increased.

Graphic C in Figure 1.2 features the within-state, interstate, and foreign migration rates

as seen in both datasets. In both the CPS data and the IRS data, the within-state migration

rate is always greater than the interstate migration rate. The foreign migration rate as shown

in the CPS data is always greater than the foreign migration rate as shown in the IRS data.

In 1990, the CPS interstate migration rate, the CPS within-state migration rate, and the IRS

within-state migration are all about 3.25-percent while the IRS interstate migration rate is

about 2.75-percent. After 1990, the migration rates diverge. The IRS migration rates show



7

less of a decline when compared to the CPS migration rates with the CPS data showing

increases in the late 1990s. By 2000, as depicted in the CPS data, both the within-state

and interstate migration rates were decreasing and the interstate migration rate, after 2005,

began decreasing more quickly than the within-state migration rate. Kaplan and Schulhofer-

Wohl (2012) find that the decrease is due to a statistical artifact created by then-current

imputation procedures and not because of an actual decrease in the migration rate. When

correcting for the change in imputation procedures, the decrease in the migration rate in

the CPS data is less sharp. The corrected data, however, are not available from the CPS.

Throughout the 1990 through 2015 period, the CPS interstate migration rate is sometimes

greater than the IRS interstate migration rate and sometimes less than the CPS interstate

migration rate. In 2015, the CPS data feature within-state and interstate migrations rates of

approximately 2.1-percent and 1.6-percent, respectively. The CPS intestate migration rate

in 2015 was half of what it was in 1990 and the CPS within-state migration rate in 2015

is approximately two-thirds of its value in 1990. Comparing 1990 and 2015 migration rates

in the IRS data, the within-state and interstate migration rates feature proportions of a

percentage-point of change. In general, the IRS data show less of a decline in the interstate

and within-state migration rates when compared to the CPS data.

The differences in migration rates between the CPS and the IRS data are a result of

different data collection practices at work. The CPS is a survey and the IRS data are the

byproduct of the US’s yearly tax collection effort. Not every household in the US pays taxes

- some fail to do so and some are exempt - and not every household pays its taxes on time.

The data from the IRS are disseminated at a single point in time and not updated when new

information is made available, even though the data cover approximately 98-percent of the

tax-filing population, about 80-percent of the total population. The migration rate featured

in the CPS data is the migration rate of all individuals and the migration rate featured in

the IRS data is calculated as the migration rate of tax-filing households and therefore the

rates are going to be greater and more consistent. In addition, Molloy et al. (2011, fig. 2)

compare migration data from the IRS and the CPS from 1990 to 2010 and migration data
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from the American Community Survey from 2005 to 2010 at four different scales: inter-

region, interstate, inter-state, and inter-county. Data from the CPS and the ACS show a

general decrease over the 30-year period and the IRS data often depict greater rates than

those found in the other two data sources.

Focusing on declining internal migration rates is important. However, it obfuscates the

fact that people are still moving. As seen in graphic B in figure 1.2, page 9, the data from

the IRS show that in 1990, approximately 12.1 million people, 6.1-percent, moved to and

around the US. These numbers grew steadily over the 26-year period to reach a value of

14.5 million people in 2015, 5.5-percent. Certainly, millions of people have been and are on

the move in the United States and this dissertation investigates the destination preferences

of those on the move and why households move. Of course, examining the preferences of

household movement is predicated on selecting an appropriate dataset and understanding

the intricacies of the data in use.

1.4 Enhancing IRS migration data

What is known about internal migration is often a function of the data sources in use and

the search for suitable data on migration is not new and has been an ongoing project over

the past forty years. Bilsborrow and Akin (1982) and Isserman et al. (1982) describe the

data needs for studying internal migration and the availability of federal survey data for

satisfying those data needs. Most research on internal migration was and still is conducted

using federal survey data while only recently other data sources have begun to supplement

federal survey data. For example, twitter data have been used to study international and

internal migration (Zagheni et al. 2014). DeWaard et al. (2018) assess the usefulness of

the Consumer Credit Panel, researchers at Microsoft use internet search queries to forecast

migration (Lin et al. 2019), and moving companies offer reports on internal migration (Atlas

Van Lines 2020; North American Van Lines 2020). In addition to publicly available federal

data sources, there are restricted access federal data sources. Restricted access federal data

come from the same surveys that generate the publicly available versions. The difference



9

Figure 1.2: Within-state, interstate, and foreign migration counts and rates, CPS and IRS,
1990-2015
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is that the suppression and censoring found in publicly available data is not present in

the restricted access version. In addition, academic and government researchers are able

to combine different restricted-access federal data sources to study migration (Foster et

al. 2018). Finally, Bell et al. (2015) examine internal migration intensities across a number

of countries and find that producing comparable estimates is difficult because cross-national

internal migration data are not directly comparable.

Chapter two of this dissertation engages with and enhances migration data from the

Internal Revenue Service to investigate the spatiality of internal migration during the 1990

through 2015 period. These data are used throughout this dissertation for four specific

reasons: the data’s availability (free!), the trusted source offering the data’s provenance

(the IRS), the temporal coverage (1990 through 2015), and the scale at which the data

are presented (US counties). The research presented in this dissertation investigates the

dynamics of how households move by making extensive use of the IRS’s county-to-county

household migration data. The IRS’s county-to-county household migration data feature

migration between counties in the US. A strength of the IRS data is yearly measurement

of movement and the near-population scale at which the data are measured. As these data

are publicly available and originate from different decades of information processing and

storage, a fair amount of work must be carried out in order to harmonize and extend the

usefulness of these data. Extending the usefulness of county-to-county household migration

data enables the subsequent analyses featured in chapters three and four. Accordingly, the

research goals of this dissertation are to extend a publicly available dataset, illustrate the

spatiality of household migration preferences over time, and show how household mobility is

conditioned by place-based characteristics and the metropolitan classifications of the origin

and destination counties.

In chapter two I describe the technique I used to enhance the publicly available IRS

county-to-county household migration data. The as-downloaded county-to-county household

migration data feature the number of tax-returns - a proxy for the number of households -

and the number of exemptions - a proxy for the number of individuals - residing in and mov-
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ing between counties. The aggregate adjusted gross income moving between counties is also

reported for years 1992 through 2015. The 26 years’ worth of data feature several different

schemas in several different formats. The spatial unit to which households and individuals

are aggregated to, US counties, enables an analysis of household movement within-states

and across state lines. As downloaded, the data are not readily useable without a great

deal of examination and making comparisons across years is difficult. I detail the process of

identifying four different epochs of IRS county-to-county household migration data and the

development of an information schema flexible enough to accommodate the subtle, yet impor-

tant, differences in each epoch to harmonize 26 years’ worth of county-to-county household

migration data.

The application of the consistent information schema enabled the reconciliation of un-

balanced and missing flows. Because the IRS county-to-county data are offered in both a

format of households entering a county (incoming migration) and a format of households

leaving a county (outgoing migration), when properly arranged, each flow should appear

twice, and the magnitude of the flows should be the same. This bookkeeping exercise revealed

discrepancies in the data and were reconciled to produce a consistent set of household flows

(returns) and flows of people (exemptions). My work harmonizes and reconciles the flows

of households, people and money between counties for years 1990 through 2015. In total, I

harmonized 5.2 million records.

Other researchers have also engaged with the IRS county-to-county data. Notably, Hauer

and Byars (2019) implement a data harmonization scheme for the IRS county-to-county

migration data for data pertaining to 1990 through 2010. Hauer and Byars harmonize tax

exemptions only while I harmonize both returns and exemptions and estimate the origins and

destinations of the censored returns leading to an additional 500K county-to-county records

per year representing an additional 1.6 million households. Comparing the results from

my harmonization process from 1990 through 2010 to Hauer and Byars’s work, I identified

several hundred additional county-to-county flows through the establishment of a flexible

and detailed information schema. In this regard, this dissertation is about migration data
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and what the data represent: migration. These simultaneous perspectives enable a more

thorough investigation of the spatiality of internal migration.

Like most data disseminated from government agencies, the IRS data feature a level of

suppression to protect tax payer’s privacy and confidentiality (Gross 2009). The mechanism

in place protecting confidentiality and privacy is to suppress all county-to-county flows less

than 10 during the 1990 through 2012 period and suppress all flows less than 20 during the

2013 through 2015 period. The suppressed flows for each county are included in an aggregate

remainder within-state migration total or an aggregate remainder interstate migration total.

An aggregate remainder within-state migration total is the number of households that moved

from a focal county to another county within the same state of origin. In this regard, a fully

reported county-to-county flow is when there is a known county origin and known county

destination. A censored county-to-county flow is when there is a known origin, but not a

known destination, or a known destination, or a known origin. The interstate migration

aggregate remainder totals feature the outcome of the censoring. In any given year, a little

over 50-percent of all county-to-county household movement is fully reported within-state

movement and approximately 25-percent of all county-to-county household movement is

fully reported interstate movement. Combined, in any given year, 75-percent of all county-

to-county household movement feature a fully reported origin and destination. The outcome

of this suppression is that in any given year, about 5-percent of county-to-county movement

is included in the aggregate remainder within-state migration sum and 20-percent of county-

to-county household movement is included in the aggregate remainder interstate migration

sum. I developed an algorithm to estimate the origins and destinations of the remaining

25-percent of county-to-county household movement.

There is a precedent for estimating censored data from the US government. The County

Business Pattern data feature employment numbers by industry by county. Employment

numbers by industry are suppressed when the number of firms in a county or the num-

ber of employees in an industry or firm does not clear a threshold. Isserman and Wester-

velt (2006) estimate the suppressed employment numbers in the US Census Bureau’s 2002
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County Business Pattern data using a linear optimization programming technique. The au-

thors estimate the suppressed number by taking advantage of the hierarchical nature of the

County Business Pattern data: reported county employment, known national employment,

and known employment by industry totals. Zhang and Guldmann (2015) estimate the sup-

pressed employment number in the 1999 through 2006 County Business Pattern data by

taking advantage of the yearly trends in employment. Estimating the origins and destina-

tion of the county-to-county household movement data is important because it removes any

potential biases resulting from using only 75-percent of the county-to-county data. This in

turn enables a more robust examination of intrastate and interstate movement by looking at

household movement to and from large population centers and household movement to and

from smaller population centers.

The algorithm I developed uses a combination of regression modelling and linear opti-

mization programming to estimate the origins and destinations of the suppressed county-

to-county flows. The regression modelling components generate the upper bounds of a flow

between any two counties without reported household movement. The linear optimization

programming component determines the final value of the suppressed county-to-county flow

by satisfying approximately 9.8 million constraints. The constraints ensure that the esti-

mated values do not exceed an upper bound and the sum of all outgoing households matches

the sum of all incoming households for all counties. The estimated origins and destinations

for the suppressed county-to-county flows is accomplished by estimating the value of a sup-

pressed county-to-county flow: estimating a county-to-county flow estimates an origin or a

destination. Implementing this algorithm for each year of county-to-county movement data

triples the intrastate migration complete case count and increases the interstate migration

complete case count by 13-fold. This increased record count enables a more robust investiga-

tion into the spatiality of county-to-county household migration. For example, the enhanced

data show that approximately 35-percent of moves in every year of the study period are to

a directly adjacent county while the as-available county-to-county migration data show that

50-percent of all moves are to a directly adjacent county.
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1.5 Modelling household destination preferences

Both chapter three and chapter four of this dissertation make use of the enhanced county-to-

county migration data. In chapter three, I fit production-constrained, origin-specific spatial

interaction models for approximately 95-percent of counties in each year in the 1990 through

2015 period. A production-constrained, origin-specific spatial interaction model considers

outgoing migration only and an origin-specific model produces parameter estimates specific

to each origin. Therefore, there are a little over 3K models produced for each year: one model

for each county in each year for a total of 77K models. These models are estimated using a

generalized linear modelling framework. During the 1990 to 2015 period, each county in the

reported county-to-county household migration data sends households to approximately 25

destinations (and receives households from 25 origins), on average. The interquartile range

covers 8 households to 18 households, on account of fewer, more populous counties sending

households to more destinations. While the average number of destinations for any given

county is 25, slightly less than 600 counties send households to at least 25 destinations; about

20-percent of all counties in the US. Using the 10 observations-per-explanatory- variable

heuristic in a regression modelling framework Babyak (2004), Jenkins and Quintana-Ascencio

(2020), and Troutt (2006), this limits the number of counties for which a robust model

can be fit. After estimating the complete origins and destinations of the county-to-county

migration data, 95-percent of counties feature at least 25 destinations and the average number

of destinations per county is 212. Not only does the enhanced county-to-county migration

data feature a greater number of counties for which a model can be estimated, the number

of destinations per county increased. From a modelling perspective, this reduces potential

biases originating from omitted observations.

I used the enhanced county-to-county migration data to fit approximately 3K production-

constrained, origin specific, spatial interaction models per year for a total of 77K spatial

interaction models. Each spatial interaction model featured the same four explanatory vari-

ables: the number of households in the destination, a value indicating a county’s relative
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spatial location in relation to other counties, the distance in miles between the origin and the

destination, and a variable indicating if the movement is to a within-state or an out-of-state

destination. The results of the models indicate the destination preferences of households.

Even though the value of the preference is relative to the number of migrants each county

sends, the values are comparable across space and over time. Visualizing the results of the

spatial interaction models illustrates a spatiality to the preferences of household migration.

Often there is an East/West distinction, but there are also distinct spatialities in different

census divisions and regions. During the 26-year period, counties in the west and the rust

belt were drawn to destinations with relatively less people when compared to the origin pop-

ulation. The preference for relatively more populated areas increased over time for counties

in the south, the northeast, and in the plains. The spatiality of the preference for accessible

destinations is most distinct and most consistent over time. Counties in western states move

to relatively more accessible areas while counties in eastern states move to relatively less

accessible areas. This finding is in part due to the spatial configuration of counties in the

US: counties in the eastern states are smaller in area than counties in western states. Over

time, households exhibited growing preferences in shorter distance moves. Especially so in

counties in the east and south. Counties in California, Florida, Ohio, North Carolina, and

upstate New York exhibit strong preferences for out-of-state destinations while counties in

Montana, Idaho, Wyoming, Nevada, Utah show strong preference for in-state destinations.

1.6 Explaining moves to, from, and between metropolitan and
non-metropolitan counties

The fourth chapter in this dissertation also makes use of the enhanced county-to-county

migration data to showcase the effect of origin and destination place-based characteristics

on household movement between and to metropolitan and non-metropolitan counties. By

combining the reported county-to-county movement with the estimated county-to-county

movement, all households moving into a county and all households moving out of a county

are known. By determining the metropolitan status of the origin county and the destination
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county, I can determine the proportion of moves between metropolitan counties, between non-

metropolitan counties, and moves between metropolitan and non-metropolitan counties. In

each year of the study period, approximately 65-percent of household moves are from one

metropolitan county to a different metropolitan county. About 12-percent of household

moves are from non-metropolitan counties to metropolitan counties and about 12-percent

are from metropolitan counties to non-metropolitan counties. The remaining approximately

11-percent of moves are moves between non-metropolitan counties.

A feature of the publicly available county-to-county household migration data is that

the age of the household (and other demographic and socio-economic characteristics) is not

known. Only the number of households moving from one county to another is known. While

it is not possible to tabulate the rates of migration by age between counties, I can look

at the degree to which specific age groups propel and attract households between different

types of counties using a spatial interaction model. It is well documented that there are

differentials in migration rates by age group with mobility rates peaking for young adults

and a smaller peak seen in retirement age adults (Pandit 1997; Rogers et al. 2002). Young

adults are drawn to urban areas and central cities for school and employment while those of

retirement age move to more rural. In this light, migration is a function of age and space.

These differentials are reflected in the propulsive and attractive potentials of different age

groups. I show how the 30-39 age group propels households between metropolitan counties

and how the 50-59 age group attracts households to non-metropolitan counties. In total,

I show how each nine different age groups contribute to household movement by the four

different types of movement over a 26-year period. I also include economic indicators and

outdoor amenity indicators. I show how households move to lower cost of living areas and

that high amenity non-metropolitan counties draw additional households.

The three empirical chapters in this dissertation examine internal household migration

in the US during the 1990 through 2015 period. Through curation, harmonization, and

enhancement of a publicly available migration dataset, I investigate the spatiality of migrat-

ing household preferences and how place-based characteristics influence mobility. The next
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three chapters describe the data enhancement process, the spatial patterns in the preferences

of the migrating households, and the determinants of metropolitan and non-metropolitan

movement. The fifth and final chapter of this dissertation features a summary of the results,

recommendations for future study, and observations on writing and internal migration during

the COVID-19 global pandemic.
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Chapter 2

ENHANCING IRS COUNTY-TO-COUNTY HOUSEHOLD
MIGRATION DATA

Chapter two describes the technique I used to enhance publicly available internal county-

to-county household migration data by estimating the origins and destinations of county-to-

county flows that were previously censored for privacy reasons. Household flows between US

counties are suppressed when the number of flows fails to meet a specific disclosure threshold.

In any given year in the 1990 through 2015 period, approximately 25-percent of county-to-

county flows are censored, meaning that they are missing spatial detail. Using only 75-percent

of the data introduces biases in subsequent analyses. This paper describes the development

and application of a data cleaning and enhancement algorithm used to estimate the censored

flows. This algorithm is applied to the Internal Revenue Service’s county-to-county household

migration data for each year in the 1990 through 2015 period. The algorithm described in

this chapter results in an approximately 3-fold increase in within-state county-to-county

household migration records and a 13-fold increase in interstate county-to-county household

migration records in any given year in the period. Combined, an additional 1.6 million

households per year can be included in subsequent analyses.

The first of this chapter’s five substantive sections features a description of the data and

the data schema I used to harmonize the 26-years’ worth of data. The second section features

yearly trends present in the migration data and presents some of the challenges in working

with the county-to-county migration data. The third section describes the types of missing

data present in the publicly available data and the fourth section describes the algorithm

I used to estimate the complete set of origins and destinations for the censored values:

a combination of count-data modeling and linear optimization programming techniques.
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The final section features a comparison of the reported returns and a combination of the

reported returns and the estimated remainder returns. There are two outcomes from the

work undertaken in this chapter. The first is a set of harmonized, county-to-county household

movement data with a schema consistent across the entire 26-year period enabling more

consistent and immediate analyses. The second is that by estimating the complete origins

and destinations of an additional 25-percent of migration data for each year, the average

number of destinations per county increased from 25 to 212 (an 8x increase) enabling more

robust, more thorough, and less-biased analyses of internal migration in the United States.

2.1 IRS county-to-county household migration data

The county-to-county migration data are produced by the IRS’S Statistics of Income branch

and are “based on year-to-year address changes reported on individual income tax returns

filed with the IRS” (SOI Tax Stats - Migration Data — Internal Revenue Service 2018). The

data do not track people who are not required to file (low income and the elderly) nor people

who file more exemptions, usually more wealthy people (Gross 2009). In effect, these data

track households that are paying taxes and participate in the labor force to some capacity.

These data are accessible over the World Wide Web and available free of charge. At the

beginning of this writing in 2019, the IRS made available county-to-county migration data

for tax filing years 1991 through 2016 (a tax filing year is the year in which taxes are filed

for the previous year). As of October of 2021, migration data are now available through

tax filing year 2019. There are minimal metadata associated with the county-to-county

household migration data and what metadata the IRS does provide describes the contents of

the data and not necessarily how the data are presented to the end user (Gross 2009). For

clarity, the year associated with any given year of data is based on the previous year and

not the tax filing year. For example, movement data for 1999 uses the 1999-2000 data. The

move is assumed to have been made in 1999 and the tax return was filed in 2000.

In general, the data as downloaded from the IRS feature the number of tax returns (a

proxy for households), the number of exemptions (a proxy for people), and the aggregate
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gross income. These data are available in both an inflow (the number of tax returns coming

into a county) and outflow (the number of tax returns leaving a county) format. Overall,

the data for each year in the 26-year period feature the same variables with minor variance:

state destination, county destination, state origin, county origin, state abbreviation, county

name, number of tax returns, number of exemptions, and the aggregated gross income.

The aggregate gross income is not available in years 1990 and 1991 but is available for all

years beginning in 1992. In addition to the specific county-to-county movement, there are

aggregate total records used to indicate movement of households between larger geographic

scales. For example, movement into a county from other counties within the same state of

origin or same census region of origin. Finally, there is a record indicating the number of

returns filed by households that did not move. Households that move within county are

included the non-mover category.

Consistent across all tax-filing years is that records are not immediately identifiable upon

initial download from the IRS. In other words, each record, without extensive examination,

is not readily distinguishable from a county-to-county movement or an aggregate remainder

or a non-mover record. There is no single column available to consult that informs the end

user of the type of record. It is important to note that while all movement between counties

is recorded, not all movement is recorded the same way. For migration from one county to

another featuring a movement of less than 10 households (returns) for years 1990 through

2012 and a movement of less than 20 households for years 2013-2015, a flow is added to a total

featuring a more coarse scalar aggregation. This aggregation is done to protect taxpayer’s

confidentiality, privacy, and disclosure risk. For example, if the flow of households into a

focal county is less than 10, but within the same state of origin, the flow is added to the

within-state aggregate line. Similar operations are performed if the flow is from a different

state or from a different census region. Unique to these data is how migration is presented in

multi-scalar aspects. These data capture household movement across the US for each year in

a 26-year period and those movements are gathered in aggregate and reported at the county

scale, when feasible.
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There is precedent for working with migration data from the IRS. Isserman et al. (1982)

examine the usefulness of the IRS migration data and other federal data sources. Plane

(1999) uses the IRS migration data to track income change and Plane et al. (2005) use

the IRS migration data to examine migration to, from, and between larger and smaller

metropolitan areas. This chapter is focused on enhancing IRS migration data in order to

more thoroughly investigate internal migration in the US and not about internal migration.

In addition, other researchers have also harmonized these data (Hauer and Byars 2019)1.

There is also a precedent for estimating censored data from the US government. The

County Business Pattern data feature employment by industry by county and employment

numbers by industry or by county are suppressed when the number of firms in a county or

the number of employees in an industry or firm does not clear a threshold. Isserman and

Westervelt (2006) estimate the suppressed employment numbers in the US Census Bureau’s

2002 County Business Pattern data using a linear optimization technique. Zhang and Guld-

mann (2015) estimate suppressed employment numbers in the 1999 through 2006 County

Business Pattern data by taking advantage of yearly trends in employment numbers. Before

any kind of analysis can be undertaken, the IRS county-to-county household migration data

must first be placed into a consistent schema. The first step in harmonizing these data is

identifying distinct epochs based on similarities and differences within the as-downloaded

data.

2.2 Data epochs

As initially acquired, the IRS county-to-county household migration data, are not in a stan-

dard format nor in a consistent format2. Subsequent analyses and modelling are simply not

1I began working with this dataset in 2013. I developed version 1.0 of the harmonization technique in
2015. In 2020 I completed the version of the harmonization technique featured in this chapter. I first
learned of Hauer and Byars’s work in April of 2021.

2The IRS’s Statistics of Income branch disseminates these data. While what the data represent is similar
across time, its presentation is not. It is not too hard to imagine different generations of IRS analysts
preparing these data with different schema mandates and ideas and available technology. For example, a
user id of ”blmccl00” is listed as the author of the 1993 Excel files and a user id of ”raschw00” is listed as
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possible without harmonizing these data. Four distinct data epochs were identified based

on a consideration of three components of the data: 1) the uncompressed file format of the

data; 2) the structure of the data (fixed width versus comma delimited); and 3) the values

used to indicate censoring, aggregation, and intermediate totals within the data. Overall, the

older county-to-county migration data are more challenging than the newer county-to-county

migration data. Python 3.7 (Van Rossum and Drake Jr 1995) was used to process each year

of data and parse each record into various components and fields. Custom functions making

use of the Pandas library for python (McKinney 2010) were written to import and format

the data. A key contribution of this research is the preparation, error checking, and mod-

ernization of these data. The end product of processing these data is the placement of these

data into a SQLite (Hipp 2020) relational database.

2.2.1 Epoch 1: 1990 and 1991

The data for the years in Epoch 1 are available on a state-by-state basis for both the incoming

and outgoing flows. That is, there is an incoming migration file and an outgoing migration file

for the 50 states, Washington DC, and an incoming migration file and an outgoing migration

file for foreign locations. In total, there are 104 files for 1990 and 104 files for 1991. Unique

to years 1990 and 1991, the data are delivered in a fixed-width, off-set, and hierarchical

text format (*.txt). Figure 2.1, page 23 features records for in-migration in 1990 for Bristol

County, Rhode Island. There are multiple pieces of information in Figure 2.1 that have been

identified by rows and columns for the purpose of discussion.

Row A features the reference county with the total number of movers into Bristol County,

Rhode Island: 1,188 tax returns (households) and 2,184 exemptions (people). The Federal

Information Processing Standard (FIPS) Code for Bristol County, Rhode Island is 44001.

Rows in group B feature the counties of origin for movement into Bristol County with the

attendant FIPS Codes for each of the origin counties, the returns, and the exemptions. Rows

the author the 2003 Excel files.
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Figure 2.1: Data format for Epoch 1: 1990-1991

in group C feature movement, by Census Region, into Bristol County. Row D features the

total number of returns (households) that did not move (17,777) and the total number of

exemptions (people) that did not move (39,191) in Bristol County. Column 1 features the

state abbreviations for the reference county and origin counties. Column 2 features the

number of households (tax returns) flowing into Bristol County and column 3 expresses

those values a percentage. Column 4 showcases the number of people (exemptions) that

moved into Bristol County and column 5 expresses those values as a percentage of the total.

For the data pertaining to 1990 and 1991, the reference county features no indention while

subsequent rows feature indention indicating movement or the lack thereof. Field widths

were identified based on the starting position of various characters.



24

2.2.2 Epoch 2: 1992 through 1994

The data in Epoch 2, 1992 through 1994, feature in-migration and out-migration files for each

of the 50 states, Washington DC, and foreign movement. In total there are 312 files for this

period. Unlike the 1990 and 1991 years, the data are delivered in a Microsoft Excel format.

Figure 2.2, page 25, features a selection from the 1993 out migration file from South Carolina.

In this format, rows five through eight of columns A through I delineate the field names while

rows nine through 20 depict migration out of Abbeville County, South Carolina. Row nine

features information about the reference county, rows 10 through 16 showcase destinations of

households migrating from Abbeville County. Rows 17 through 19 feature data aggregated

to different scales. Again, this is done to protect taxpayer confidentiality and privacy and

reduce disclosure risk. Finally, row 20 features the counts of households that did not migrate.

The aggregate money associated with a flow or non-movers (column I) is first introduced

in 1992. The aggregate income value is the gross sum of aggregate household income in

thousands of dollars. In this case, the flow of households from Abbeville County, South

Carolina in 1993 exited the county with a combined gross income of approximately $8.3

million (1993) dollars.

Similar to the data for 1990 and 1991, there is no way to readily select records that

pertain to county-to-county movement (row 10, for example) or records that pertain to an

aggregated total (row 17, for example) based on a single value. Upon inspection of the data,

I learned that FIPS codes were applied to the aggregate rows as well. In this case, within-

state migration has a FIPS code of 63020, regardless of the state in question. The FIPS code

for within-state migration changes in subsequent epochs.

2.2.3 Epoch 3: 1995 through 2003

The files for data in Epoch 3, years 1995 through 2003, are presented in an incoming file

and an outgoing file for each of the 50 states, Washington DC, and for foreign origins and

destinations. Except for the 2003 data, there are 52 files for each year; the 2003 data do
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Figure 2.2: Data format for Epoch 2: 1992-1994

not have the foreign movement files. There are 934 files in total for Epoch 3. The files as

downloaded from the IRS were in a Microsoft Excel format. Figure 2.3 on page 26 features

a subset of records from the 1999 data for Oregon for inflow migration. There are several

changes to this record format. First, there are additional rows featuring aggregate totals

for the entire state of Oregon (rows 9 through 13) and for Baker County, Oregon (rows 14

through 18). Rows 19 through 29 feature the county origins of households moving into Baker

County. Finally, rows 30 and 31 feature aggregates of exemptions for when the minimum

disclosure threshold was not met. In this case, there were 65 returns (households) from other

counties in Oregon and 172 returns from other states that migrated to Baker County, Oregon

in 1999. A substantial change introduced with this epoch of data is that the aggregate flows

were assigned a different FIPS code. In Epoch 1, flows from other parts of the state were

not assigned a FIPS code, these records were merely indented four spaces. In Epoch 2, flows

from other parts of the state were assigned a FIPS code of 63020. In Epoch 3, flows from

other parts of the state were coded as 58000.
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Figure 2.3: Data format for Epoch 2: 1995-2003
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2.2.4 Epoch 4: 2004 through 2015

The final and current epoch of data begins in 2004 and extends through the most recent

release of data featured in this chapter, 2015. There are several changes to this epoch of

data. First, the data are delivered in a comma separated value format (*.txt) instead of

a Microsoft Excel format. Second, rather than individual files for each state, the data are

delivered in one file each for incoming flows and outgoing flows. Accordingly, there are 24

files for this epoch of data. Figure 2.4 on page 28 features a selection of records from the

2005 county inflow. Like the previous epoch of data, there are aggregate totals for the US

(rows 2 through 6) and for each state (rows 7 through 11 for Alabama in this case). Rows

12 through 17 feature aggregate totals for Autauga County, Alabama, and rows 18 through

34 feature the origins of movement for migration to Autauga County. Rows 35 through 41

feature aggregate remainders of migration to Autauga, County. Epoch 4 features the most

consistent data formatting. However, the values of the aggregate remainder codes changed

between Epoch 3 and Epoch 4.

In total, there are 739 files pertaining to incoming flows and 739 files pertaining to

outgoing flows for a total of 1,478 files for the 26-year timespan covered by the data. Across

the incoming files, there are approximately 2.79 million records pertaining to incoming flows

and 2.78 million records pertaining to outgoing flows for a total of approximately 5.58 million

records. Certainly not a lot of data, at the time of this writing, but there is a depth to

these data that enables a new and multi-faceted approach to the understanding of internal

migration in the United States.

Each of these data epochs feature internal migration data presented in a somewhat similar

but not readily accessible fashion. Of note is that Epoch 4 features the most attribute-rich

format: specific indicators via FIPS codes for each type of record indicating distinct record

types: county-to-county movement, aggregate totals, and remainder totals. While Epoch 4

features something most closely resembling an accessible schema, it does not enable the rapid

and correct identification of records for specific analysis. As initially received, records must
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Figure 2.4: Data format for Epoch 2: 2004-2015

be selected through complex and verbose structured query statements. It is not possible to

select all county-to-county movement records based on querying a single database field; there

is no unifying schema across the timespan of the data that permits this. It is to this concept

that this section now turns: the instantiation of a normalized database schema permitting a

quick, easy, accurate, and replicable selection of records for internal migration analysis.

2.3 Instantiation of a database schema

To review, all four of the data epochs feature the following columns organized by incom-

ing flow or outgoing flow: origin/destination state FIPS code, origin/destination county

FIPS code, destination/origin state FIPS code, destination/origin county FIPS code, ori-

gin/destination state abbreviation, origin/destination county name, the number of returns

in the flow, the number of exemptions in the flow, and with the exception of the data for
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Table 2.1: Counts of files and records by Epoch, 1990-2015



30

years 1990 and 1991, the aggregate gross income in the flow. The data are presented in a

similar but not identical format across epochs and different codes are used to indicate the

type of aggregate remainder or aggregate total. I undertook the process of instantiating a

database schema that classifies each record enabling both subsequent analysis and verifying

the integrity and accuracy of the data.

Regardless of the data epoch, most records indicate county-to-county movement. The

technique is to systematically identify all the records that are not county-to-county movement

so that county-to-county records are the last records to be identified. Using basic text analysis

and the regex library in Python 3.7, I generated a decision tree for classifying each record in

each file. Each record was passed through the decision tree and a counter was initiated to

track the number of times a record was classified. Multiple identifications were indicative of

faulty or incomplete logic. Through an iterative process, each record was ultimately classified

once and only once. The derivation of the epochs was based upon the differences in the logic

used to classify each record in each year. Additional pre-processing was performed on the

1990 and 1991 data epoch to place the indented and fixed-width format into a columnar

format. Starting in Epoch 3 (beginning in 1995) the aggregate interstate remainder row

for different states were grouped by Census Region. For the data in Epoch 3, aggregate

remainder rows for interstate migration were specified individually. If there were enough

returns migrating to/from each census region, the other-state migration was disaggregated

to each region. If there were not enough records, the migration was grouped to an aggregate

interstate category, a same region category, or a different region category. As different ways

of aggregating the data were introduced, repurposed, or removed, attention was paid to

structuring the data. In total, I identified 27 different record types. Only one-third of the

record types exist across all epochs of data.

An important and necessary aspect of the instantiation of this database schema is that

it enables the discovery of inconsistencies and trends within the data. For example, in 1990

there were approximately three times as many returns from foreign origins when compared

to 1991. The data in 2010 feature about 14K fewer records than in 2011. In addition, one
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can see the year-to-year variation in migration flows and data changes. Vexing about this

dataset is that some of the variation in the counts of migration flows is actual variation in

migration and some of it is how the data were processed (DeWaard et al. 2020b; Pierce 2015,

2020). Finally, upon harmonization, the data were loaded into the above schema and stored

in a SQLite database.

2.4 Yearly trends in internal household migration, 1990-2015

The first section of this chapter focused on the data as artifact: the structure of the files,

the number of records, and the types of records. Using the harmonized data, I will discuss

what these data represent: internal migration in the United States from 1990 through 2015

at different geographic scales and those trends over time. Beginning in 1990, 193K and

6.2M households migrated to and within the US for a total of 6.3M households on the move.

Figure 2.5 on page 33 features the yearly counts, graphic A, rates, graphic B, and shares,

graphic C, of incoming migration flows by foreign, interstate, and within-state classifications.

The 6.3M figure translates to an internal migration rate of approximately 7.0-percent, with

a dip during the Great Recession in the later 2000s and again in 2014. According to IRS

documentation, processing changed in 2011 (DeWaard et al. 2020b; Pierce 2015). In addition,

based on correspondence between the Missouri Census Data Center and Kevin Pierce, of the

IRS’s Statistics of Income Division, the IRS instituted new measures to combat identity theft

which might have impacted the matching of returns (Pierce 2020). The count of households

on the move reached a peak in 2012 with 8.1 million households migrating to (91K) and within

(8.0M) the US while a peak migration rate was reached in 2005 with nearly 7.0-percent of

returns being filed from migratory households.

The yearly rates of outgoing, internal migration are identical to the incoming rates of

internal migration. Outgoing flows to foreign locations are, for the most part, less than

incoming flows from foreign locations. From 1990 to 2008, between 2.5-percent to 3.5-

percent of all US and foreign tax returns were filed by immigrating households. During this

period, the US received more international migrants than it sent. In 2009, the number of
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Table 2.2: Record types by Epoch
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Figure 2.5: Yearly counts of household migration by origin classification, 1990-2015
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immigrating households dropped sharply to less than 1.5-percent where it has remained ever

since. Since 2009, the US sends more migrants than it receives.

In general, roughly six to seven percent of tax returns are filed by migratory households

(except for 2014, in which the rate dropped to approximately five percent). Graphic C in

Figure 2.5 depicts how the portions of households moving within a state, between states,

and in from a foreign location have remained relatively steady across the 26-year time span.

Of the households that move, approximately 50-percent of those households move to an area

elsewhere within the same state of origin, slightly less than 46-percent move to a different

state and upwards of 4-percent migrate from a foreign location. While these migration rates

and counts reflect the movement of return, a proxy for households, the IRS data also include

tallies of exemptions, a proxy for the number of people in the household. Trends in migration

rates of exemptions is similar to trends in migration rates of returns.

These relatively simple graphs, given the specified categories, suggest that the internal

migration rate in the US has experienced slight increases and decreases since 1990 with a

noticeable dip during the Great Recession and the dip in 2014 due to processing changes.

While foreign immigration and emigration have changed over time and rates of internal

migration at the national scale have changed modestly over time, what are the trends in

county-to-county movement over the 26-year period? Before I can answer that question,

additional data analyses are necessary to fully understand and model the flows.

2.4.1 Aggregate remainder returns

While the foreign migration category is coarse (countries of origin or destination are not

listed), the within-state and interstate migration categories can be disaggregated into the

following: within-state reported, within-state remainder, interstate reported, and interstate

remainder. The within-state and interstate reported categories indicate a known origin and

known destination. For example, a certain number of households moved from Cook County,

Illinois to Multnomah County, Oregon in a given year. The within-state and interstate

remainder categories indicate that some number of households moved into a county from
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elsewhere in the state or from a different state. For example, a certain number of households

migrated to Multnomah County, Oregon from an unknown number of locations within Ore-

gon and a certain number of households migrated to Multnomah County, Oregon from an

unknown number of locations in states other than Oregon. Figure 2.6, page 36, showcases

the counts, graphic A, and rates, graphic B, of migration by the disaggregated within-state

and interstate categories. For each year, between 1.5 million and 2.2 million households are

grouped in a remainder category. That is, for any given year, between 1.5 million and 2.2

million households only have a known destination or a known origin, but not both. Ap-

proximately 50-percent of migrating households are fully reported within-state, 5-percent

of migrating households are grouped into a within-state remainder category, 25-percent of

migrating households are fully reported interstate, and 20-percent of migrating households

are grouped into an interstate remainder category. Even when accounting for increases in the

number of households on the move and a decrease in mobility due to the Great Recession,

the portions of households in each of these categories is remarkably consistent over time.

What kind of bias is introduced by not including the households in these aggregate

remainder categories? What additional knowledge about internal migration is gained from

estimating the origins and destinations of the suppressed flows and including the estimated

flows in subsequent analyses? The prime motivation for estimating the missing flows is to

eliminate potential bias introduced from working with only 75-percent of the observed county-

to-county household flows. Subsequent sections in this chapter are motivated by the theory

that flows between counties are a function of the population sizes of the origin and destination

counties and the distances between the counties. There are therefore going to be more

flows between larger counties and more proximate counties and fewer flows between smaller

counties and more distant counties,ceteris paribus. If using only the reported flows, more

populous counties will be overrepresented as flows between counties are only reported if there

are at least ten households moving between any two counties. In other words, more populous

counties are more likely to feature incoming or outgoing flows of ten households than less

populous counties. The effect of this overrepresentation of more populous counties inflates



36

Figure 2.6: Counts and rates of incoming households, by reported and remainder migration
categories, 1990-2015

the metropolitan migration rate. The next section features several hypothetical scenarios

illustrating the effect of omitting and including additional county-to-county household flow

records.

2.4.2 The utility of including aggregate remainder flows: a counterfactual example

Using the 1999 county-to-county household migration data, I will showcase the effect of

including the estimated county-to-county flows through several counterfactual examples.

These counterfactual examples showcase the changes in a distance decay coefficient from

a production constrained, origin specific, spatial interaction model. The model specified for
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each origin county i is:

Tij = αMj + δAj − βdij (2.1)

Where Tij is the flow of households from origin county i into destination county j. Mj is

the mass term associated with destination county j, the number of non-movers at destination

j. Aj is destination county j’s accessibility score. The Aj term measures how distant each

other county j’s population is from county i. This term controls for spatial structure and

has been shown to increase the performance of models of this type (Fotheringham 1983).

Finally, dij is the geographic distance in miles in between origin county i and destination

county j. The coefficients α, δ, β measure each county i’s aggregate household preferences

for large destinations, accessible destinations, and more proximate moves, respectively. The

form of this model specification is based on work carried out by Yano et al. (2003) in which

the authors examine the preferences of internal migrants in Japan and Britain. A more

thorough discussion of the derivation of this modelling framework is included in the section

titled 2.6, beginning on page 44.

These counterfactual scenarios focus specifically on the distance decay parameter, β.

This parameter indicates the degree to which interaction decreases with distance. In most

(if not all) migration systems, the coefficient is negative. The more negative the value, the

more quickly interaction decreases with distance. Values near -1 indicate that interaction

between two counties decreases linearly and values much greater or much less than -1 indicate

that interaction between counties decreases exponentially. Because I am fitting a production

constrained model for each county, each county will have its own distance decay coefficient.

I am fitting these models on counties with at least 30 reported destinations to ensure reliable

estimation of the coefficients.

Of the 3,143 counties in the US in 1999, 548 counties (about 1 in 6 counties) sent house-

holds to at least 30 unique destinations. Households from these 548 counties migrated to

2,648 counties (about 5 in 6). Of these 548 origin counties, the majority, 486, are metropoli-

tan counties and the remaining 62 are non-metropolitan counties. The minimum reported
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outgoing flow from these counties is 10, the average is 74, and the largest flow is 20,369

households3. In general, as county population size increases, so too does the number of

destinations. To showcase the effect of including additional records, I will fit five models for

each county. Each model will vary the number of additional records as follows:

• Model 1: The reported county-to-county migration values, known zero county-to-

county migration flows, and setting all unobserved county-to-county migration values

to zero.

• Model 2: The reported county-to-county migration values and the known zero county-

to-county migration flows.

• Model 3: Only the reported county-to-county migration values.

• Model 4: The reported county-to-county migration values, the known zero county-to-

county migration flows, and setting the unobserved county-to-county migrations cells

to a random value between 0 and 9 until a total of each origin county’s remainder

outflow is reached.

• Model 5: The reported county-to-county migration values and setting the unobserved

county-to-county migrations cells to a random value between 0 and 9 until a total of

each origin county’s remainder outflow is reached.

Models 4 and 5 use random data as a näıve proxy for the estimated county-to-county

returns to showcase how the estimated returns will impact the distance decay coefficient. For

the purposes of visualization and interpretation, counties are grouped into deciles according

to the number of reported destinations. The destination count deciles are listed in the

legend in Figure 2.7 on page 39. Grouping by decile is done to showcase the degree to which

3This 20.4K flow is the number of households that moved from Orange County, CA to Los Angeles County,
CA. The second largest flow in 1999 was approximately 16K households moving from Los Angeles County,
CA to Orange County, CA.



39

Figure 2.7: Distance decay parameters by model type and destination count groups

coefficients change for counties with many destinations versus fewer destinations. Model

1 and model 2 will produce coefficients with more negative values as these models feature

more instances of zero flows. In general, the more observations of zero in this type of model,

the more negative the distance decay coefficient. Model 3 will produce coefficients greater

than model 1 and model 2 because zeros are removed. Model 4 and model 5 will produce

coefficients less than the coefficients produced by model 3 reflecting the inclusion of large

county-to-county flows and small county-to-county flows.

Figure 2.7 features the results of the five different counterfactual modelling scenarios and

the average coefficient of distance by the grouped destination count. The true distance de-

cay coefficient for each county i is believed to be something similar to the distance decay

coefficients produced by models 4 or 5. As seen in figure 2.7, the results of model 1, only

including the observed values and known zeros, shifts the coefficients to more negative val-

ues. Implementing model 1’s configuration would produce coefficients incorrectly indicating

that interaction is decreasing more quickly with distance. Models 2 and 3 shift the estimates

upwards due to removing the unobserved cells. Implementing models 2 and 3 would produce

coefficients incorrectly indicating that interaction is decreasing less quickly with distance.

Models 4 and 5 show the effect of assigning a specific value to each of the county-to-county
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pairs that can be estimated. Of note, models 4 and 5 produced coefficients that are statis-

tically insignificant from each other but significantly different from models 1, 2, and 3 as

evaluated through a paired t-test.

When comparing model 1 with models 4 and 5, as the number of destinations increases,

the effect of including the estimated returns on the distance decay parameter decreases. In

other words, there are many observations for larger counties and including additional data

does not change the coefficients much. It does however change the coefficients for counties

with fewer destinations. A goal of this dissertation is to tell the dynamics of migration to

and from larger counties and smaller counties. This is only made possible by estimating

the suppressed origins and destinations of the aggregate remainder flows (25-percent of all

migration data in any given year in the study period). This chapter will now turn to a section

on the initial steps to estimate the aggregate remainder IRS county-to-county migration data.

2.5 Identifying and estimating missing flows

Estimating the origins and destinations of the aggregate remainder flows is effectively dealing

with missing data due to censoring that was done to prevent disclosure of private tax filling

information. In the process of imputing the missing flow data, I identified three types of

missing county-to-county flow data:

• Missing flow type 1: Unbalanced incoming and outgoing flows. Flows in the outgoing

flow file not recorded in the incoming flow file (or vice-versa).

• Missing flow type 2: Unbalanced within-state flows. Intrastate flows are not completely

reported but could be based on an examination of within-state flows.

• Missing flow type 3: Censored flows. A migration flow between any two counties is

censored if it did not meet a certain disclosure threshold.
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Figure 2.8: Examples of incoming and outgoing flows as presented in the 1992 raw data

2.5.1 Missing Flow Type 1: Unbalanced incoming and outgoing flows

Tabular data analysis is used to shape the reported county-to-county migration flows enabling

identification and correction of missing flow type 1. Of the approximately 5.6 million records

pertaining to county-to-county migration over the 26-year period, approximately 2.0 million

represent county-to-county inflow and approximately 2.0 million represent county-to-county

outflow (the remaining 0.6 million pertain to county totals and foreign migration). Given

this scheme, the migration data are reported twice: migrants entering a county and migrants

leaving a county. Figure 2.8 on page 41 showcases this information for migration from Los

Angeles County, California to King County, Washington in 1992 as seen in the raw migration

files.

In the incoming file, c9293wai.txt, Los Angeles County is listed as the county of origin

and 2,109 households migrated to King County. In the outgoing file, c9293wao.txt, the same

2,109 households are listed as migrating to King County. In a perfect world, all outgoing

migration, if arranged to match the incoming migration data format, would be present in the

incoming migration file. Likewise, arranging all incoming flows should match all outgoing

flows. This is not the case. For each year of data, while most flows are listed in both the

outgoing and incoming file, a small proportion of flows are only listed in the incoming file and

a small proportion of flows are only listed in the outgoing file. The technique for identifying

and correcting missing flow type is a two-step process. The first step is to arrange all flows

to be incoming flows and then remove duplicate flows. And then arrange all flows to be

outgoing and then remove duplicates. In total, an additional 1,176 records were added to
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Table 2.3: Intrastate migration, Connecticut, 2002

the incoming flow record set and an additional 1,408 records were added to the outgoing

record set. Table B.1 on page 220 in B features the counts of records that were added to

each year’s data. After this bookkeeping exercise, the total number of incoming records in

the 26-year period is 1,981,357. This number is identical to the number of outgoing records.

Ensuring that the incoming and outgoing records match sets the stage to identify and correct

the second type of missing flow data and then estimate the third type of missing flow data.

2.5.2 Missing Flow Type 2: Unbalanced within-state flows due to inconsistent tabulation

In any state, for all counties, the known intrastate state outgoing flows should sum to the

known intrastate incoming totals. For the intrastate migration data, it is only upon esti-

mating the missing within-state flows that the missing flow type is determined: within-state

flows that are missing because of inconsistent tabulation or missing within-state flows due

to suppression. For some years of data for some states, the reported flows do not sum to

the known incoming and outgoing totals. To solve and correct missing within-state flows of

this pattern, a linear optimization program is executed to adjust the cell values to ensure

that the incoming and outgoing totals sum to equal values. Table 2.3 on page 42 features an

example of missing flow data type 2 for Connecticut in 2002.

Table 2.3 depicts the flow of intrastate migration for Connecticut in 2002 arranged in a
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matrix. The columns represent the counties of origin and the rows represent the destination

counties. The eight counties (New England Townships, technically, but will be referred to

as counties) in Connecticut are identified by each county’s FIPS code. These eight counties

combine to produce 56 possible origin and destination pairs, excluding same origins and

destinations (the diagonal in the matrix, shaded grey). Of these possible 56 pairs, 49 have a

recorded flow. These 49 county-to-county pairs feature a total of 28,622 reported households

moving between counties with an additional 411 households in the aggregate remainder

category. Combined, 29,033 returns moved between counties within the state of Connecticut

in 2002. The task is to distribute the remaining 411 flows such that the aggregate remainder

column and row totals are not exceeded. Certainly, with a bit of math, one could manually

distribute the remaining 411 flows4. Distributing the 2002 Connecticut within-state returns

can also be accomplished using a linear combination of values for each row and each column.

In this case, the linear combination of cells is deterministic and there is only one solution

for completing the matrix of within-state migration for Connecticut in 2002. The 26-year

study period produces 1,300 state-year combinations (this excludes Washington DC as the

state of Washington DC is coterminous with the county of Washington DC). Of these 1,300

state-year combinations, approximately 10-percent featured unbalanced intrastate flows.

2.5.3 Missing Flow Type 3: Censored flows

The task of estimating the within-state flows due to censoring becomes more difficult once

the number of counties increases or the number of non-reported county pairs increases. For

example, there are 254 counties in Texas which combine to produce approximately 64K

county-to-county pairs. When considering the number of counties in the US, approximately

3,140 in any year post 1990, there are 9.8M county-to-county pairs in total. Whether the

censored flows are intrastate migration or interstate migration, the technique for estimating

the origins and destinations of the censored flows is the same: using a combination of spa-

4The 411 aggregate remainder flows are trivial and represent a small fraction of within-state moves (1.4-
percent of total Connecticut within state moves). It is a convenient example, nonetheless.
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Table 2.4: Intrastate migration, Nevada, 2002

tial interaction modeling to provide upper bounds and linear optimization programming to

identify a solution with the supplied constraints.

Table 2.4 on page 44 depicts the flow of intrastate household returns for Nevada 2002

arranged in a matrix, similar to the way the data are presented in In Nevada in 2002,

there were 395 returns in the aggregate remainder category. Like the county-to-county

household flows for Connecticut, estimating the cells in the matrix can be expressed as a

linear combination of values. However, solutions for the censored intrastate flows in Nevada

in 2002 exist with upper bounds of 6, 7, 8, and 95. Because multiple valid solutions exist

using only linear combinations of values, it is necessary to include additional constraints.

It is assumed that multiple solutions using only a linear combination of values exist for all

censored interstate migration.

2.6 Combining spatial interaction modelling and linear optimization program-
ming

Interstate and intrastate migration in the US is assumed to be a closed system in each year.

Given this assumption and the structure of the data, I can state three axioms:

5Please see Table C.1 on page 222 and Table C.2 on page 223 for these solutions.
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1. For each year, there are county-to-county flows with known origins and known desti-

nations.

2. For each year, for each county, there are counties with censored incoming flows and

censored outgoing flows.

3. For each year, for each county, based on the difference between the known county-to-

county pairs and all possible county-to-county pairs, there is a set of possible origins

and possible destinations for the censored flows.

Remediating missing flow type 1 is a bookkeeping exercise. Finding and remediating

missing flow type 2 is possible by expressing the constraints in items one through three in

the list above as a series of linear inequalities. While it is possible to find and solve missing

flow type 3 by expressing the constraints in items one through three, the solutions generated

by the linear optimization program are not guaranteed to be unique. However, it is possible

to refine the constraints in a system of linear inequalities by incorporating the distance

between every county-to-county pair and estimating the upper bounds of a county-to-county

flow using a spatial interaction model. The algorithm involves the following steps: fitting

separate spatial interaction models for the within-state and interstate flows to generate a

ranking of the county-to-county flows, fitting a regression model to predict the counts of

returns of a particular size, and incorporating the ranked data into the linear optimization

program as an upper bound for each cell. The linear optimization program is executed

to ensure that each cell in a migration matrix is filled according to a set of constraints.

Estimating the interstate remainder flows and the within-state remainder flows begins with

similar processes. The within-state version of this algorithm identifies missing flow types 2

and 3.

Figure 2.9 features a visual representation of the process flow of the algorithm I have

developed. The algorithm is applied to each year’s worth of data. There are eight stages for

the interstate flows and between eight to twelve stages, for the within-state flows, depending
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Figure 2.9: Suppressed county-to-county record estimation algorithm flow diagram

on the state and the year. I will describe each stage and conclude this section with diagnostics

of the flow estimation algorithm. Where prudent, I will include diagnostics of the individual

stages.

2.6.1 Stages 1, 2, and 3: Estimate censored county-to-county returns using the reported

county-to-county returns

The first stage in the estimation algorithm is to fit a spatial interaction model (SIM) using the

reported returns. This is done separately, for each year, for the within-state and the interstate

returns. There is one within-state SIM and one interstate SIM for each year. While chapter

three focuses on the techniques and the development of spatial interaction modeling, a brief

discussion of spatial interaction modeling is necessary to frame this stage of the algorithm.

Spatial interaction models are built on the assumption that the interaction (however broadly

defined) between any two areas is a function of each areas’ mass (however broadly defined)
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and the spatial separation between any two areas (usually defined as the linear distance).

This is related to the gravity modeling framework wherein the force between any two bodies

is a function of the mass of the two bodies and the distance between the two bodies. Within

a migration modeling framework, spatial interaction takes the form of migrants moving from

an origin to a destination and each areas’ respective mass taking the form of the origin

population size and the destination population size. The interaction between the origin and

the destination decreases as the spatial separation increases, although the decrease is not

always linear. Mathematically, this relationship can be expressed as follows:

Tij = K
MiMj

dβij
(2.2)

This notational form is taken from Wilson (1971). This is the “classic” Newtonian gravity

model and one of its earliest formulations can be traced back to Zipf (1946). In this model,

Tij is the flow between areas i and j. Area i is usually considered the origin and area j is

usually considered the destination. K is a constant of proportionality to ensure the estimated

flows sum to the known observed total, tij. Mi is the mass term associated with area i and

Mj is the mass term associated with area j. Finally, dij is the distance between i and j and

the β value is a term that moderates the degree to which interaction between zones i and j

decreases with distance; β is usually a parameter to be estimated. When β, an exponential

term, has values close to or equal to one, it means that distance is moderating the relationship

between zones i and j linearly. When much less than one, the relationship between zones i

and j is decreasing more slowly and when much greater than one, the relationship between

zones i and j is decreasing more quickly. In a migration system with a β of 1, two counties

that are ten miles apart will have an interaction value equal to 1/10 of the product of county

i’s mass term and county j’s mass term. In a migration system with a β value of 2, two

counties that are ten miles apart will have an interaction value equal to 1/100 of the product

of county i’s mass term and county j’s mass term.

Additional parameters tuning the effect of the origin and destination masses can be
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included as follows:

Tij = KMα
i M

γ
j d

β
ij (2.3)

The exponents to origin i’s mass, α, and destination j’s mass, γ, increase or decrease the

effect of the origin and destination masses. One way of interpreting this is that a relatively

larger positive γ value on a destination mass would induce a destination mass to attract like

a much larger destination mass. Similarly, values of γ less than one on a relatively smaller

destination would make the destination mass behave like an even smaller destination.

The gravity model can be rewritten in multiplicative form:

Tij = KMα
i M

γ
j d

β
ij (2.4)

By taking the logarithm of each side and factoring out constants, the following form is

obtained:

log(Tij) = log(K) + αlog(Mi + γlog(Mj)− βlog(dij) (2.5)

This is the log-normal specification of the gravity model and it is possible to calibrate

this model using an ordinary least squares regression (Flowerdew 1982). Another way to

conceptualize migration within a gravity modelling framework is to note that migration is a

non-negative value occurring within a set duration of time.A number of individuals moving

between areas i and j will have a Poisson distribution with mean λij implying that the

probability that n people will move between areas i and j is:

Pr (Tij = N) =
e−λijλnij
n!

(2.6)

With the assumption that the λij parameter is logarithmically linked to a linear combi-

nation of the logged independent variables, the following equation holds:

λij = exp(K + αlog(Mi) + γlog(Mj)− βlog(dij)) (2.7)

The difference between Tij and λij is the realization of the Poisson process. For each year,

all intrastate migration was pooled and all interstate migration was pooled. I fit a generalized
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linear model, using a Poisson regression for the within-state flows and the interstate flows.

Two models were fit for each year for a total of 52 models. For the within-state models, I

included a Boolean variable indicating if any two counties are adjacent and in the interstate

model I included a Boolean variable indicating if any two counties are adjacent and a Boolean

variable indicating if any two states are adjacent. Including the adjacency variables helps

control for differences in county and state sizes and shapes. The model specifications are as

follows:

Within state : Tij = Mi +Mj + Cij −Dij (2.8)

Interstate : Tij = Mi +Mj + Cij + Sij −Dij (2.9)

In the above specification, Tij is the number of households that moved from origin county

i to destination county j. The Mi and Mj terms are the masses of origin i and destination

j: the number of non-moving households. The Cij term is a Boolean variable indicating if

counties i and j are adjacent. In the interstate model, the additional Sij term is a Boolean

variable indicating if county i is in a state that is adjacent to county j. Finally, the Dij term

is the distance in miles between the origin county’s centroid and the destination county’s

centroid. The mass and destination terms are logarithmically transformed on account of the

Poisson model specification (Flowerdew 1982).

With the specification of the within-state and interstate models, I can estimate values for

the unreported county-to-county pairs. I can also perform a series of model diagnostics to

gauge the performance of the models. For each year for both the within-state and interstate

models, I randomly split the reported records into two groups: 80-percent of the records went

into the training set and 20-percent of the records went into the testing set. Splitting by this

ratio ensures that the model is trained on a representative sample (80-percent) and there is

enough data not seen by the model (the remaining 20-percent) to gauge model performance

(Gholamy et al. 2018). The Poisson model as specified in stage 1 was fit on the 80-percent of
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the records in the training set and its performance was evaluated on the held-out 20-percent.

All models were significant in each year for both the within-state and interstate models.

Table D.1 on page 225 features the R2 statistics measuring the goodness-of-fit between the

reported held-out 20-percent and the fitted values generated from the test data. There is

little variation in the R2) values for the within-state models with an average of 74-percent

and range of 72-percent to 77-percent. There is more variation in the interstate models

and poorer fit in general with an average of 50-percent and a range of 38-percent to 55-

percent. Table D.2 on page 226 and Table D.3 on page 227 feature the coefficients for each

within-state model and each interstate model in each year. As I am more concerned with the

predictive power of these models and less concerned with the coefficients of the models, I will

only note that the coefficients exhibit moderate change year-over-year. For the within-state

models, the coefficients exhibit little variation over time. The origin population coefficient

ranges from 0.60 to 0.64 with an average of 0.63 and the destination population coefficient

ranges from 0.59 to 0.63 with an average of 0.61. The origin and destination population size

have equal effects. The distance decay parameter ranges from -0.48 to -0.43 and features an

average of -0.46 and the county adjacency variable ranges from 1.50 to 1.67 with an average

of 1.59. These two variables are correlated with each other and the inclusion of the county

adjacency variable increases the value of the distance decay parameter.

The models estimating the interstate returns exhibit similar patterns over time. The

origin population coefficient ranges from 0.63 to 0.70 and feature an average of 0.67 over the

26-year period. The destination population coefficient features an average of 0.67 as well

and ranges from 0.62 to 0.71. The distance decay variable ranges from -0.24 to -0.21 and

averages at -0.23. The on-average larger interstate distance decay variable is due to interstate

returns moving longer distances in addition to the inclusion of the county adjacency and state

adjacency variables which average 1.93 and 0.53, respectively. Fitting the within-state and

interstate models is stage 1 of the algorithm.

The values for the within-state and interstate remainder returns are predicted given the

reported within-state and interstate returns; this is stage 2 of the algorithm. Over the
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period in the study, predicting the returns for all remaining county-to-county pairs results

in approximately nine times as many returns as there are remaining returns in any given

year. And that is to be expected - not all county-to-county pairs are going to feature some

form of movement. These models are predicting some amount of household county-to-county

movement for all county-to-county pairs. Rather than use these predicted values as the actual

flow, I will use these predicted values to generate a ranking of county-to-county pairs. In this

context, given the available information, I now have a way of determining which counties

should feature a greater share of the censored aggregate remainder returns than others.

This ranking scheme is based on a spatial interaction model which incorporates origin and

destination population sizes, county distance and county geometry configurations. This

technique gives a theoretical and technical definition as to the ranking of the flows between

the county-to-county pairs. In practice, this ranking suggests that a flow from San Diego

County, California to Colusa County, California will be larger than a flow from San Diego

County to Alpine County, California6. Once the ranks have been generated, the data are

sorted in descending order; this is stage 3 in the algorithm.

2.6.2 Stages 4, 5, and 6: Estimate the counts of returns by return size

Stages 1 through 3 generated a ranking order for each county-to-county pair. In years 1990

through 2012, the maximum unobserved flow between counties is nine and in years 2013

through 2015, the maximum unobserved flow is 19. Censoring is done to protect the privacy

and confidentiality of taxpayers and prevent the disclosure of private information. The

models specified in stage 3 suggest which county-to-county pairs are going to have a value of

nine or eight, but not how many county-to-county pairs will feature a flow of nine or eight. I

can estimate those counts using the reported returns by assuming that the system-wide total

occurrence of a number of returns moving between counties is a function of the size of the

6Colusa County, CA is 522 miles northwest of San Diego County and Alpine County, CA is 420 miles
north-by-northwest of San Diego County. On average, Colusa County, CA features 19 times as many
households as Alpine County, CA.
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Figure 2.10: Occurrence of within-state and interstate flows by flow size, 1999

flow: the size of the flow between counties predicts the frequency of the flow system-wide.

This relationship for both within-state and interstate moves is illustrated in Figure 2.10 on

page 52. The two graphics in Figure 2.10 display the relationship between the logarithm of

the size of a flow between any two counties and the frequency of that logarithm’s occurrence

in 1999. For both the within-state and the interstate flows, larger flows are less frequent

compared to smaller flows. Using this information, I built a predictive model estimating the

number of flows of a certain value.

In this case, the regression model takes the form of:

Y ∼ f(log(N)) (2.10)

This model states that the number of occurrences Y of a flow of size log(N) is a function

of the size of N . In this system, smaller flows are more frequent than larger flows. This is
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a very simple model, but there is enough data to generate a predictive model. Similar to

predicting the flows between counties where I used an 80-20 training-test split, I can do the

same for this phase of modeling. Fitting a Poisson model produces an exceptional fit, greater

than 99-percent in any given year for within-state returns and greater than 98-percent for

the interstate returns. This model enables the calculation of the number of flows of sizes

1 through the maximum censored upper bound (9 for years 1990 through 2012 and 19 for

years 2013 through 2015).

2.6.3 Stage 7: Calculate the upper bound of each censored county-to-county pair

Stage 7 involves calculating the upper bound for each censored county-to-county pair by

calculating the minimum of three data points for each county-to-county pair. This inequality

is expressed as follows:

Uij ≤ min{Ri, Rj, Eij} (2.11)

Uij is the maximum upper bound of a flow between origin county i and destination county

j. The value of U for each county i, j pair must be less than or equal to the minimum of

the remainder outflow Ri for origin county i, the remainder inflow Rj for destination county

j, and the Eij term. The Eij term is the result of combining the ranking of the county-to-

county pairs, generated from stages 1 through 3, and the estimated total counts of returns

by return size, generated from stages 4 through 6.

2.6.4 Stage 8: Run the linear optimization program

Linear optimization programming is the process of solving a set of linear inequalities, or

constraints, so that a minimum (or maximum) value is met (Thapa and Dantzig 1997).

Given the data and what is known about the data, I can specify the following constraints:

1. The maximum upper bound of a flow between any two county-to-county pairs without

a reported flow is the minimum of the set of outgoing origin county remainder flows,
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incoming destination county remainder flows, and the estimated flow. This value is

determined in stage 7.

2. For each county, the sum of incoming within-state flows must sum to the reported total

number of incoming within-state total flows.

3. For each county, the sum of outgoing within-state flows must sum to the reported total

number of outgoing within-state total flows.

These constraints exist for each cell in each state’s county-to-county migration matrix

and the entirety of the interstate county-to-county migration matrix. Mathematically, the

notation is as follows:

minimize:

c1X1 + c2X2 + · · · cnXn = Tij

subject to:

c11X1 + c12X2 + · · · c1nXn = b1

c21X1 + c22X2 + · · · c2nXn = b2

cm1X1 + cm2X2 + · · · cmnXn = bm

cn ≤ min{Ri, Rj, Eij}

In the above maximization problem, Tij is the total number of households migrating

within a given state or the number of households migrating across state lines. CnXn is the

value of the flow from county i to county i C1, · · · , Cn is the set of coefficients determined

by the linear optimization program to satisfy the above inequality. The values b1, · · · , bm
are the total numbers of incoming and outgoing households for a particular county. The

maximum value of cn is determined in stage 7 and is the minimum of the origin county’s

remainder outflow, the destination county’s remainder inflow, and the values estimated by

the spatial interaction model.
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Once these constraints are entered into the linear optimization program, the program

evaluates solutions for each cell until a solution is found that satisfies all constraints. The

cells were estimated using Python 3.8 (Van Rossum and Drake Jr 1995) and Gurobi 9.1.1

(Zonghao Gu et al. 2019). For the interstate flows, there is only one outcome: all aggregate

remainder interstate flows are a function of the above inequality. For the within-state flows,

there are several possible outcomes because there are different state-wide possibilities and

the success or failure at subsequent stages represents an outcome dependent upon the types

of missing flows for a specific state. If the within-state flows were able to be estimated using

the constraints above, then the linear optimization program exits. If that linear optimization

program fails, then the constraints are relaxed at most two more times. If all three linear

optimization program attempts fail, that state’s remainder returns are not used. Any state

that does not have aggregate remainder returns in a particular year is marked accordingly.

2.6.5 Stages 9 and 10: Recalculate the upper bound and run the linear optimization program

for within-state flows

If a state was not able to be estimated in stage 8, then the constraints are relaxed and the

upper bounds take on the following form:

cn ≤ min{Ri, Rj, Cy} (2.12)

Where Cy is the maximum of the censored value, 9 in years 1990 through 2012 and 19 in

years 2013 through 2015. The linear optimization program is executed and if successful, the

program exits and the flows for a particular state are recorded.

2.6.6 Stages 11 and 12: Recalculate the upper bound and run the linear optimization pro-

gram for within-state flows

If the state fails the second round of estimation, the constraints are further relaxed:
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cn ≤ min{Ri, Rj} (2.13)

States that meet this constraint are determined to have missing flow type 2. This is the

final stage of constraint relaxation. If this round of constraint relaxation does not work, then

that state’s returns are not included in that particular year and these additional flows are

not included in subsequent analyses. This is relatively rare, only three percent of the 1,300

state-year combinations could not be estimated.

2.6.7 Intrastate return estimation model output

The within-state returns necessitate a different examination tactic when compared to the

interstate returns. While a spatial interaction model was used to estimate the upper bound

of a county-to-county pair, it was only through the implementation of the estimation algo-

rithm that additional steps in the decision tree were deemed necessary in order to estimate

the remainder flows. For each state in each year, there are five possible outcomes for the

estimation of the aggregate remainder returns where each subsequent outcome features fewer

constraints than the previous. Figure 2.11 features the color-coded outcome of the within-

state aggregate remainder return estimation algorithm. Color coding was implemented to

showcase trends and relative proportions of linear optimization program output. The list

below features the five possible outcomes based on the upper bound for each within-state

county-to-county origin-destination pair:

1. The minimum of the spatial interaction model estimated returns, remainder origin

outflow, remainder destination inflow, censored values (9 or 19): cells marked in green.

If successful, this represents stage 8 of the linear optimization program.

2. The upper bound of the censored values (9 or 19): cells marked in white. If successful,

this represents stage 10 of the linear optimization program.
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3. The minimum of the remainder origin outflow and the remainder destination inflow:

cells marked in yellow. If successful, this represents stage 12 of the linear optimization

program and represents estimating missing flow type 2.

4. If the remainder returns were not able to be estimated for a state, then no possible

within-state solution exists: cells marked in red.

5. No aggregate remainder flows for the state: cells marked in blue.

Across the 26-year period, there are 1,300 state-year combinations. I was able to esti-

mate the origins and destinations of the aggregate remainder flows using model type 1 for

19-percent of the state-year combinations while 65-percent of the state-year combinations

needed the relaxed constraints as found in model type 2. Approximately 10-percent of the

state-year combinations were estimated using model type 3 while 3-percent of the state-year

combinations could not be estimated and two percent of the state year combinations did not

feature aggregate remainder returns. For the state year combinations that were not able to

be estimated, a total of approximately 13K returns (less than 1/1000 of a percent of all-years

returns) across the 26-year time are not included in subsequent analyses.

2.6.8 Interstate return estimation model output

As the interstate models have only one model exit status, I can diagnose the values estimated

by the interstate linear optimization program to understand its performance. The estimation

algorithm was designed in such a way as to ensure that only a certain number of county-

to-county pairs were assigned values of 1 through 9 for years 1990 through 2012 and values

1 through 19 for years 2013 through 2015. However, not all county-to-county pairs that

featured a estimated value were assigned a value. If a county-to-county pair was assigned

a value, over 99-percent of the time it was assigned a value of zero. The three graphs in

Figure 2.12 on page 60 feature the scaled counts of records - county-to-county pairs - that

feature a maximum flow size of 1 through 19, graphic A, the counts of the county-to-county
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Figure 2.11: Within-state linear optimization program solution status by state and year,
1990-2015
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pairs that were assigned a flow of 1 through 19, graphic B, and the proportion of county-to-

county pairs that were assigned a flow of 1 through 19, graphic C.

Graphic A in Figure 2.12 shows that the pre-LP-estimation count for all years, most

county-to-county pairs was assigned a value of one, followed by two, followed by three,

etcetera. Graphic A features the pre-LP-Estimation counts; these are the counts of county-

to-county pairs by the maximum flow size. The values on display in graphic A follow from

the assumption that the counts of flows by flow size originate from a Poisson distribution. As

the IRS’s data reporting techniques changed in 2013, the average counts of county-to-county

pairs by flow size changed in beginning in 2013. Graphic B of Figure 2.12 showcases the

post LP-estimation counts of county-to-county pairs by flow size. For years 1990 through

2012, the counts are consistent and follow the trends on display in graphic A. In years 2013

through 2015, the counts shift due to the change in the IRS’s data reporting techniques.

Finally, graphic C in Figure 2.12 showcases the proportion of the pre-LP-Estimation counts

of county-to-county pairs by flow size that were assigned a value other than zero during

the LP-Estimation process. On average, in each year in the 1990 through 2012 period, of

the approximately 2.7M county-to-county flows that featured a maximum constraint of one,

approximately 251K or 9-percent of the county-to-county pairs received a value of 1. The

remaining 91-percent of the 2.7M county-to-county flows received a value of 0. Similarly, in

each year of study period, approximately 141K county-to-county pairs featured a pre-LP-

estimation maximum constraint of four returns. Of these 141K county-to-county pairs, 36K

pairs featured a post-LP-estimation value of 4 returns, representing 25-percent of the total

possible. The remaining 105K returns were assigned a value of zero. The proportions of pre-

LP-estimation counts are consistent during the 1990 through 2012 period. The proportions

change in years 2013, 2014, and 2015, however.

Figure 2.12 illustrates that only a proportion of the county-county pairs that featured a

pre-LP-estimation value were assigned that value. This suggests the question that if only a

small proportion of the county-to-county pairs featuring a maximum constraint of 7 (or 3 or

any other positive, non-zero number) were assigned a value of 7 (or 3 or any other positive,
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Figure 2.12: Analysis of the estimated values of records by flow size, 1990-2015
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non-zero number), why were particular county-to-county pairs assigned a value greater than

zero while others were not? This question can be answered by modeling the outcome of

the LP-estimation part of the algorithm as a Boolean variable: a county-to-county pair was

either assigned a value greater than zero or it was assigned zero.

2.6.9 Modeling county-to-county pair inclusion

To illustrate why a county-to-county pair was assigned a value greater than zero, I fit a logit

model with the following reduced form:

logit(Vij) = Xβ (2.14)

Here, the vector of explanatory variables, X, is calculated from the same data that

was used in the linear optimization programming part of the censored flow data estimation

algorithm. The dependent variable, Vij, indicates if county-to-county pair ij was assigned a

value of zero (0) or a value greater than zero (1). The explanatory variables generated for

each year in the study period are listed in Table 2.5 on page 62. These variables were based

on what I input into the linear optimization program; no additional data were incorporated

in this phase of the analysis. To test the performance of the model, I used an 80-20 train-

test split for each year of data to see how well my model performed. The model was trained

on 80-percent of the data and tested on the remaining 20-percent. Table D.5, page 229,

features the coefficients from the model for each year. As I am more concerned with the

models’ explanatory performance rather than the coefficients, I will forego discussing the

coefficients though I will note that all models are significant at the 0.05 level and nearly

all of coefficients are significant for each year. After predicting the values for the held-out

20-percent, I prepared a confusion matrix to judge model accuracy. A confusion matrix

determines the rate at which the model estimates true positives (1,1), false positives (0,1),

true negatives (0,0), and false negatives (1,0). Table D.6 on page 230 features a confusion

matrix depicting model accuracy for each year. On average, for years 1990 through 2012,

the model is approximately 86-percent accurate when predicting true negatives and true
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Table 2.5: Explanatory variables used in the county-to-county pair selection model

positives. In years 2013, 2014, and 2015 the model’s accuracy was 76-percent, 84-percent,

and 92-percent, respectively.

These logistic regression models showcase why careful selection of the upper bounds of

a county-to-county migration pair is necessary. The linear optimization program distributes

censored values by fulfilling a set of constraints: meeting each county’s total number of in-

coming and outgoing households and the upper bound of a flow between county-to-county

pairs. By implementing a combination of spatial interaction modeling and linear optimiza-

tion programming, I was able to set the upper bounds of the county-to-county pairs. The

diagnostic logistic regression models indicate the appropriateness of the computed upper

bound of the flow between each county-to-county pair. The logistic regression model pre-

dicting greater rates of false positives or false negatives would indicate that the computed

upper bounds of the flows between county-to-county pairs were not useful.

This concludes the description and the evaluation of the algorithm I implemented to

estimate the within-state and interstate aggregate remainder returns. The algorithm in-

volved a combination of spatial interaction modeling and linear optimization programming

to estimate the origins and destinations of the remainder returns. Having implemented this
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algorithm, I can now prepare statistics and tabulations describing the combined reported

and estimated county-to-county household migration data in relation to just the reported

county-to-county household migration data.

2.7 Enhanced county-to-county migration data: combining reported and es-
timated county-to-county flows

Combining the reported county-to-county household migration flows and the estimated

county-to-county household migration flows produces the enhanced county-to-county house-

hold migration dataset. I can showcase four aspects illustrating the impact of including the

estimated flows with the reported county-to-county migration data: the number of additional

county-to-county pairs with a household flow, the number of counties with at least 30 origins

/ destination, returns by county adjacency distance, and returns by metropolitan status. The

first aspect of the enhanced data I will examine is the number of reported county-to-county

records and estimated county-to-county records.

Table 2.6 on page 64 features the reported and estimated counts of the county-to-county

records by within-state and interstate state. I was able to estimate an additional 50K-68K

within-state records per year during the 1990-2015 period which increases the number of

within-state records by nearly three-fold. The interstate returns exhibit a similar pattern

across the years, but with different magnitudes. For years 1990 through 2013, I was able to

estimate an additional approximately 512K-548K interstate records per year, representing

a 10-to-13-fold increase in the number of interstate county-to-county records with a flow.

In 2013, 2014, and 2015, the additional interstate records represent a 25-, 25-, and 17-fold

increase in the number of interstate county-to-county records with a flow.

As additional county-to-county pairs have now been estimated, I now have more counties

that feature at least 30 origins or 30 destinations. The number of unique origins or destina-

tions per county is important for statistical significance within a regression framework. Given

the heuristic of 10 observations per variable in a regression model (Troutt 2006), and the

variables I will select for the spatial interaction modelling in chapter three, I am interested
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Table 2.6: Reported and estimated county-to-county pairs, 1990-2015
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in working with counties with at least 30 origins or destinations.

Table 2.7 on page 66 features the counts of counties with at least 30 origins or destinations.

For years 1990 through 2012, approximately 17-percent of counties (540 per year) featured

at least 30 origins or destinations. After including the estimated county-to-county pairs,

approximately 95-percent of counties (3K per year) feature at least 30 origins or destinations.

For years 2013, 2014, and 2015, the included estimates bring the proportions of counties with

at least 30 origins or destinations to 91-percent, 87-percent, and 88-percent, respectively.

This large increase in the number of counties with more unique origins and destinations

enables a more thorough analysis of the spatialities of internal migration.

2.8 Revised yearly trends in internal migration, 1990-2015

Figure 2.6 on page 36 features the yearly totals of within-state and interstate returns disag-

gregated by reported and aggregate remainder status. While the total number of returns will

not change after including the estimated returns7, I can now prepare statistics comparing

the combined reported and estimated flows with just the reported flows. Figure 2.13 on

page 67 features incoming returns by county adjacency distance. County adjacency distance

is operationalized as the adjacency distance between counties. Any two counties are con-

sidered adjacent if they share a border. For example, King County, Washington is directly

adjacent to Pierce County, Washington, to the south and Snohomish County, Washington,

to the north. Both Pierce and Snohomish counties have an adjacency distance of 1 from

King County. As Pierce and Snohomish counties do not share a border, each county has an

adjacency distance of 2 from the other. Adjacency distance is used as opposed to a linear

distance measurement (such as miles) to illustrate how households have moved by county8.

Figure 2.13 on page 67 features four separate graphs combined into one layout. Graphics

7Except for the 13K within-state returns that I could not estimate.

8F features two maps: Figure F.1 on page 237 and Figure F.2 on page 238 depicting the counties directly
adjacent to Clark County, Nevada and DeKalb County, Georgia, respectively. A move from Clark County,
Nevada to an adjacent county is on average of 115 miles while a move from DeKalb County, Georgia to
an adjacent county is approximately 17 miles on average.
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Table 2.7: Number of counties with at least 30 origins or 30 destinations, reported and
estimated data, 1990-2015
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Figure 2.13: Incoming returns by county adjacency distance, 1990-2015
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A and C feature the combined reported and estimated county-to-county returns and graphics

B and D feature only the reported county-to-county returns. Graphics A and B feature counts

by adjacency distance and the graphics C and D express those counts as a percentage of all

county-to-county movement.

The inclusion of an additional approximately 1.6 million county-to-county returns per-

year is for county-to-county pairs that have an adjacency distance of two or more. Most

reported county-to-county movement is from one county directly adjacent to another county

and this is featured in the reported data. Using only the reported returns, in any year in the

study period, approximately 50-percent of moves are to a directly adjacent county. Including

the estimated county-to-county returns lowers the percent of moves to a directly adjacent

county to approximately 35-percent in any given year in the study period.

Figure 2.14, page 69 - the second graphic showcasing the effect of including the estimated

returns - features four graphics depicting movement between rural and metropolitan areas.

Graphics A and B in Figure 2.14 feature the combined reported and estimated returns and

graphics C and D feature the reported returns only. As in Figure 2.13, graphics A and

C feature counts and graphics B and D feature the counts expressed as a percentage. In

addition, Figure 2.14 showcases whether the move is to a directly adjacent county or a

county that is not adjacent. The metropolitan data come from the Office of Management

and Budget and the US Census Bureau US Census Bureau (2016, 2013, 2010, 2009, 2007,

2006, 2005, 2004, 2003, 1999, 1993, 1990).

Graphic B in Figure 2.14 showcases how, since 1990, a larger proportion of returns

are moving within and between metros. In 1990, approximately 65-percent of all moves

were within and between metros and in 2015 that proportion had increased to approxi-

mately 75-percent. Consequently, the share of moves between non-metropolitan areas, out

of a metropolitan area, and to a metropolitan area decreased. Chapter four discusses non-

metropolitan-to-non-metropolitan, non-metropolitan-to-metropolitan, metropolitan-to-non-

metropolitan, metropolitan-to-metropolitan moves in greater detail. Using only the reported

returns suggests that internal migration trends remained steady during 1990 to 2016 period.
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Figure 2.14: Number and incoming migration rate by metropolitan status and adjacency
distance, 1990-2015
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The inclusion of the estimated returns, however, suggests that internal migration in the US

is focusing on metropolitan migration.

2.9 Enhancing IRS county-to-county household migration data

I describe six tasks in this chapter that showcase the IRS county-to-county household mi-

gration data and the algorithm I developed to enhance the IRS county-to-county household

migration data. First, I described the IRS county-to-county household migration data and

second, a database schema suitable for all years of the IRS county-to-county migration data.

Third, I described the internal migration trends present in the county-to-county migration

data. Fourth, I described the identification and estimation of the remainder returns. Fifth,

I described the algorithm I wrote to estimate the remainder returns and finally, I described

the results of the implementation of the estimation algorithm by combing the reported and

the estimated returns. The first task described in greater detail the data I am working with:

The IRS’s county-to-county Migration data for the years 1990 through 2015. The migration

data do not feature a consistent schema and initial analysis proved difficult. The second

task described in this chapter involved harmonizing these data over the 26-year period and

placing the data into a schema that enabled the rapid and accurate identification of records

for county-to-county migration analysis.

After instantiating a suitable database schema, I then described some of the trends in the

migration data via within-state, interstate, and foreign migration categories. I then disaggre-

gated the within-state and interstate migration data to focus on the reported and remainder

within-state and interstate migration data. Flows between counties are fully reported when

the size of the flow clears a threshold: 10 or more households in years 1990 through 2012

and 20 or more households in years 2013, 2014, and 2015. Returns between counties that

do not clear the disclosure threshold are placed in an aggregate remainder within-state cat-

egory or an aggregate remainder interstate category. This aggregation technique is done to

protect taxpayer’s privacy and confidentiality. As result of this suppression, in any given

year, only 75-percent of the data are fully reported. I demonstrated the utility of estimating
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the remainder returns by showing the effect of including additional records on a distance

decay coefficient originating from a spatial interaction model. Including additional records

removes bias in regression parameter estimates.

The fourth task in this paper described three types of missing county-to-county flows

and detailed the technique used to estimate these missing flows. The fifth task featured

the description and implementation of an eight-to-twelve step algorithm that estimates cen-

sored within-state and interstate remainder flows using a combination of spatial interaction

modeling and linear optimization programming. The sixth section featured an examination

of the output of the estimated county-to-county flows and the reported county-to-county

flows with only the reported flows. This combined reported and estimated flow data is the

enhanced IRS county-to-county migration dataset. The implementation of the remainder

flow estimation algorithm resulted in an average increase of 68K within-state records and an

average increase of 525K interstate records per year.

The inclusion of the estimated returns increases the proportion of households moving

longer distances. Using only the reported household migration data, the proportion of house-

holds moving to a directly adjacent county is approximately 50-percent. By incorporating the

remainder returns the proportion of households moving to adjacent counties is approximately

35-percent in any given year. Using only the reported data and a county’s metropolitan sta-

tus, moves between and within metros are approximately 75-percent of moves in 1990 and

gradually increase to approximately 85-percent of moves by 2015. The inclusion of the es-

timated data and a county’s metropolitan status illustrates that moves between and within

metros are approximately 65-percent of moves in 1990 and gradually increase to 75-percent

of moves by 2015. The inclusion of the estimated data better illustrates the changes in

moves to and from metropolitan areas and between non-metropolitan areas and enables a

more thorough analysis of county-to-county household migration in the United States.
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Chapter 3

THE DESTINATION PREFERENCES OF HOUSEHOLD
MOVEMENT: ”I’VE MET MORE PEOPLE FROM CHICAGO

THAN I HAVE FROM OKANOGAN.”

While previous studies have shown migration rates are in a period of decline (Cooke

2013; Molloy et al. 2011) an investigation into the spatiality of migration patterns under

this decline remains to be undertaken. This chapter investigates the spatiality of migration

patterns during the 1990 through 2015 period by examining four destination preferences of

households: population size, centrality, distance, and interstate movement. Using reported

and estimated county-to-county household migration data, I fit origin-specific, production-

constrained, spatial interaction models for each county for each year during the 1990 through

2015 time-period for a total of approximately 77K spatial interaction models. The spatial

interaction models feature the same specification with the following four covariates: the des-

tination mass size, the distance between each origin and destination, the accessibility of the

destination, and a variable indicating if the move is within the same state of origin or not.

These models produce yearly origin specific regression coefficients for population size, dis-

tance, accessibility, and state boundaries that provide insight into the changing dimensions

of households preferences over time. As the data driving this chapter feature a sizable tem-

poral and spatial dimension, multiple visualization techniques are used to showcase concisely

the spatiality of migration preferences.

This chapter begins with a description of spatial interaction models and the second section

features a description of the exact spatial interaction model specification I will use. The third

section describes the data I am using for my models and the fourth section showcases the

results of the models. The fifth and final section concludes with a discussion of next steps.
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This chapter enumerates some of the broad migration trends seen over a 26-year period with

a substantial geographic component: county-to-county household migration in the US from

1990 through 2015. Accordingly, there are two goals of this chapter. The first is to illustrate

how spatial interaction models can be used with the reported and estimated county-to-county

IRS household migration data and the second goal is to describe how migration trends can

be ascertained from a small number of variables from two sources of data.

3.1 Spatial interaction models

A spatial interaction model encapsulates interaction between an origin and a destination as a

function of the origin’s mass, the destination’s mass, and the distance between the origin and

destination. This relationship between mass and distance is exemplified by migration into

King County, Washington from Cook County, Illinois and Okanogan County, Washington.

Cook County is approximately 1700 miles from King County and is the central county in

the Chicago metropolitan area. Okanogan County is approximately 120 miles northwest

of King County. Cook County has approximately 150 times the population of Okanogan

County. The size of the flows originating in Cook County and terminating in King County

are ranked 15th in 1990, 11th in 2000, and 9th in 2015. Flows originating in Okanogan

County and terminating in King County are ranked 79th in 1990, 88th in 2000, and 148th in

2015. Even though the distance from King County to Cook County is 14 times the distance

of King County to Okanogan County, in 2015, approximately 19 times as many households

moved from Cook to King County when compared to the number of households moving

from Okanogan to King1. This chapter is focused on the relationships between origins,

destinations, and the distances between them. A simple way of expressing this relationship

mathematically is:

Tij =
XiXj

Dij

(3.1)

1To date, while I have met many people from Chicago (Cook County, IL), I have only met one person
from Okanogan County (and she lived in Chicago for several years!).
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Equation 3.1 equates Tij, the total interaction between area i and area j, as a combination

of a vector of origin specific characteristics Xi, a vector of destination specific characteristics

Xj and the geographic distance D, between i and j. The form of the spatial interaction model

in equation 3.1 is often referred to as a Newtonian gravity model. The nomenclature of the

model is derived from the notion that an origin i has some degree of emissivity, operational-

ized by the Xi vector and a destination j has some degree of attractivity, operationalized by

the Xj vector. Early formations of models of this type can be seen in the 1940s. Zipf (1946,

1949) investigated the movement of people between cities using the population of the origin

and destination as values for the Xi and Xj terms and therefore equating movement between

cities as a function of the mass of each city and the distance between the cities. Zipf’s model

assumed that the effect of distances between cities was linear.

Many scholars pushed the development of the spatial interaction model throughout the

20th century. Stouffer (1960, 1960), citing Ravenstein (1889, 1885), suggested that more

moves are of shorter distance, and fewer moves are of longer distance and proposed the theory

of intervening opportunities. This concept treated the number of flows emanating from an

origin as being inversely proportional to the number of opportunities a given distance from

an origin. Stouffer’s focus on distance is a reformulation of a gravity model and treated

distance as a determining factor. Viewed from a behavioral decision-making perspective,

migrants are not so much choosing to travel a set number of miles, but rather migrants are

choosing to travel a set number of miles to reach a specific destination. It is the destination,

not the distance, driving migration2.

Young (1924) found that movement between areas followed an inverse distance squared

function and was not linear. Advancements in the 1950s found that parameters tuning the

distance value in the form of exponents other than one (Anderson 1956, 1955) produced

2In a related paper, Plane (1984) treated distance as a variable to be estimated rather than the number of
flows. Plane developed the concept of “migration space” and used flows between origins and destinations
to create cartograms warping absolute space to show the relative spatial separation between origins and
destination. The high degree of flows between some origins and destinations had the effect of making some
origins and destinations appear less distant.



75

better estimated flows as did parameters modifying the origin and destination population

terms (Carrothers 1956; Stewart 1950). In mathematical notation, the spatial interaction

model takes the form:

Tij =
Xαi
i X

αj
j

Dβ
ij

(3.2)

The β, αi and αj parameters in equation 3.2 are to be estimated. Developments in the

1970s and 1980s saw further evolution of spatial interaction modelling techniques. Notable

advancements are Wilson’s (1971) extension of the Newtonian gravity model to include three

additional types of models: the production constrained, the attraction constrained, and the

production-attraction constrained. These constrains refer to model formulations ensuring

that outgoing, incoming, or both incoming and outgoing flows are held fixed to the observed

values and enable the determination of individual origin and specific parameter estimates.

Researchers demonstrated that including exponents modifying the origin and destination

mass terms increased spatial interaction model performance and that the these terms could

be empirically determined using a log-normal specification (Curry 1972; Curry et al. 1975;

Olsson 1970; Tarver and McLeod 1973) or entropy maximizing technique (Nijkamp 1979;

Senior 1979).

Developments in the 1980s saw the identification and inclusion of modeling parame-

ters attenuating the effects of spatial structure (Fotheringham 1983; Fotheringham 1981), a

mathematical interpretation of Ravenstein’s Laws of Migration (Dorigo and Tobler 1983),

alternative formulations of a spatial interaction model (Tobler 1983) and a Poisson regression

specification estimating model parameters (Flowerdew and Aitkin 1982). Developments in

the 1990s and 2000s featured expansion of the families of spatial interaction models (Pooler

1994), a reengagement with the concept of intervening opportunities (Akwawua and Pooler

2001), and an interest in the concept of spatial choice wherein researchers focus on the de-

cision making progress leading to the selection of a particular destination (Pellegrini and

Fotheringham 2002).
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Developments in spatial interaction modelling in the latter half of the 20th century fo-

cused on the selection of appropriate model coefficients and model calibration techniques.

These simultaneous developments were useful for understanding internal migration in rela-

tion to post-World War II suburbanization and economic restructuring. This chapter does

not feature a new model calibration technique, but rather it engages with a large volume of

internal migration data using established modelling techniques enabling a consistent exami-

nation of the temporal and spatial trends in 26-years’ worth of internal migration data.

The modelling strategy I am using is adapted from Yano et al. (2003) where three co-

variates - population size, distance, and an accessibility measure - are used to model and

compare outgoing flows in Britain and Japan. I will extend this modelling tactic by incorpo-

rating an additional variable, a Boolean within-state migration indicator for each county’s

model. I am choosing to use the modelling tactic and the covariates I have selected for

several reasons. The first is that the data are plentiful and that the models are tractable

and simple to compute. Second, the coefficients obtained from the subsequent regression

models feature intuitive interpretations. Third, the ease of interpretation of the regression

coefficients facilitates a succinct and compact understanding of 26-years’ worth of internal

migration dynamics. Fourth and finally, as a model is prepared for each county in each

year in the study period, I can detail the spatialities of migration trends in addition to the

amplitude and frequency of migration.

3.2 Model specification

A spatial interaction model generating system-wide parameters takes the form as specified

in equation 3.3.

Tij =
Mαi

i A
δi
i M

αj
j A

δβij
j S

γ
ij

Dij

(3.3)

Terms specific to the origin are specified with an i subscript and terms specific to the

destination are denoted with a j subscript. The mass terms are denoted by M and its
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elasticity is denoted by the α exponent. The accessibility measure is indicated by the A

term and its elasticity is indicated with the δ exponent. The within-state indicator S applies

to the flow between the origin and destination and does not have an origin or destination

specific component. Its elasticity is denoted by γ. Likewise, the distance term, D, and its

elasticity, β, pertain to the flow between the origin and the destination. In this equation,

αi, δi, αj, δj, γ, and β are parameters to be estimated. Equation 3.3 produces parameter

estimates for the entire system of migration for the entire US. While interesting and useful (a

similar model specification was used in chapter two to aid in the estimation of the aggregate

remainder migration flows), this specification does not enable the creation of a migration

profile for each county. An origin specific or destination specific model enables the creation

of county specific profiles. By estimating a model specific to each origin county’s i outgoing

flows, the production constrained model becomes:

Tij =
M

αj
j A

δj
j S

γ
ij

Dβ
ij

(3.4)

The αj, δj, γ, and β terms are parameters to be estimated. One could estimate these

parameters using a maximum likelihood estimate technique or a regression technique. Both

techniques will estimate the parameters for each county which in turn have behavioral inter-

pretations. I will use the regression technique to estimate outgoing migration. The regression

framework is enabled by rewriting the above equation to be entirely multiplicative:

Tij = M
αj
j A

δj
j S

γ
ijD

−β
ij (3.5)

And then taking the logarithm of each side and factoring out the exponents.

log(Tij) = αlog(Mj) + δlog(Aj) + γlog(Sij)− βlog(Dij) (3.6)

This is the log-normal form of the spatial interaction model (Flowerdew 1982). As the

migration data are non-negative counts of households moving from one county to another in

a set period of time and the movement of households are independent enough from each other
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and the population of moving households is large enough, then the number of households

moving from i to j will have a Poisson distribution with mean λij (Flowerdew and Aitkin

1982). This relationship suggests that the probability of k households moving from i to j is:

Pr(k) =
e−λijλkij
k!

(3.7)

Equation 3.8 specifies that the probability of k households moving is related to the mean of

the Poisson process, λij, and the mean of the Poisson process is linked to a linear combination

of the logarithmically transformed origin and destination specific variables:

λij = exp(αlog(Mj) + δlog(Aj) + γlog(Sij)− βlog(dij)) (3.8)

This assumption enables the fit of a generalized linear model using a Poisson specifi-

cation (Dennett 2012). This model specification enables a behavioral interpretation of the

coefficients because the coefficients are modifying attributes associated with a destination

and in aggregate these coefficients pertain to the observed preferences of migrants. This

production-constrained model is fit using a regression framework for each county with at

least 30 non-zero flows for each year, approximately 77K regression models in total. Each

model estimates flows emanating from a specific origin to approximately 3.1K county desti-

nations.

3.3 Migration Data

There are many challenges to working with the IRS county-to-county migration data which

necessitate making several assumptions. First, the county-to-county migration data are re-

turns - a proxy for households - moving between counties. These data do not feature any in-

formation about individual household composition or socioeconomic status of the household.

The lack of household and individual information precludes this study from investigating how

gender, income, and family dynamics influence migration (Withers et al. 2008) or how race

and education influence the destination selection of migrants (Liaw and Frey 2007, 1998).
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This lack of individual detail necessitates a pivot to framing movement in terms of popula-

tion and the geographic configuration of origin and destination pairs. The spatial interaction

models used in this chapter are a way of explaining and describing internal migration trends.

The data driving the analysis in this chapter come from two sources: the IRS’s county-

to-county migration data and the US Census Bureau’s TIGER/Line Files and TIGER/Line

Shapefiles for distances between counties. I will first describe the IRS’S county-to-county

migration data followed by the US Census Bureau’s TIGER/Line Files and TIGER/Line

Shapefiles. The IRS’s county-to-county migration data supplies the dependent variable and

most of the explanatory variables and the TIGER/Line Files and TIGER/Line Shapefiles

supplies explanatory variables only.

The IRS’s county-to-county migration data are available to the public at no cost and are

accessible over the world wide web. The data are available for years 1990 through 2015. As

originally downloaded, the data feature the number of returns (a proxy for households), the

number of exemptions (a proxy for people), and aggregate gross income moving between pairs

of counties. In addition to the county-to-county movement, there are returns, exemptions,

and aggregate gross income values for the non-movers in each county. Several examples of

previous use of the IRS county-to-county migration data has been to show the growth in

western states on account of in-migration (Plane 1999) and the impacts of wealthy migrants

on regional metropolitan income distribution (Shumway and Otterstrom 2010). This disser-

tation contributes to this body of research by looking at internal trends over a longer period,

1990 through 2015, and using enhanced publicly available data.

3.3.1 County-to-county household movement

In each year of IRS migration data, a proportion of the county-to-county returns (and by

extension the exemptions and the aggregate gross income) are fully reported - there is a

known origin and a known destination - and a proportion of the returns are aggregated

into a within-state remainder category and an interstate remainder category. The reason for

aggregating the returns is due to disclosure thresholds used by the IRS that protect tax-payers
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identity and confidentiality. In each year, a little over 50-percent of all migrating returns

feature a fully reported within-state origin and destination and approximately 25-percent of

all migrating returns feature an origin in one state and a destination in another. Twenty

percent of migrating returns feature an origin in one state and an obfuscated interstate

destination, and the remaining five percent of returns feature an origin in one state and an

unknown destination within the same state of origin.

Using a combination of spatial interaction modelling and linear optimization program-

ming, I estimated the origins and destinations of an additional 585K county-to-county pairs,

on average, per year. Chapter two of this dissertation describes this process in greater detail.

This process did not increase the number of migrating households, but it did increase the

number of counties with known origins and known destinations by an average of 840-percent

per year. By estimating the flows between additional county-to-county pairs, I increased

the number of counties for which production and attraction constrained models can be esti-

mated. For example, in the 1999 migration data, there were 548 counties, about 1 in 6, with

outgoing migration flows to 30 unique destinations. Including the estimated records brings

the total number of counties with at least 30 unique destinations to 3,006, a little more than

95-percent of all counties. In addition to increasing the number of counties suitable for mod-

elling a migration flow, including the estimated county-to-county flows decreases potential

biases resulting from omitted flows.

The general trend of internal household migration is that of increasing numbers of mi-

grating households with a rate varying between six percent to seven percent of all households

in any given year. Figure 3.1 on page 82 features eight graphics illustrating the dynamics

of county-to-county household movement. Graphic C features the legends for graphics A,

B, and D through I. Graphic A illustrates the total number of households categorized by

interstate and intrastate movement. In all years, slightly more households move within-state

boundaries than across state lines. The general trend is that the absolute count of households

are migrating compared to the previous year, but there are notable exceptions. In 1990, the

number of households migrating within the US was a little more than 6M. The first decrease
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in migration was in 1995. In 1996, the number of migrating households continued to rise

until 2002 before dipping slightly, likely due to the recession caused by the bursting of the

dot-com bubble. The number of households began increasing in 2003 and continued to do so

until 2006, an increase is visible in 2007, followed by decreases in 2008 and 2009 due to the

Great Recession. By 2010 the number of households migrating was again increasing. Moves

that were postponed due to the Great Recession were finally realized. The sizable drop in

2014 is due to differences in data processing techniques. In 2015, more households were again

on the move. The IRS data do feature several key differences in migration when compared

to other federal data sources. Notably, the IRS migration rates come from the universe of

tax filers and is not a survey of the population like the Decennial Census, the American

Community Survey, or the Current Population Survey. Some households do not file taxes

such as the elderly and those with low income (Gross 2009). In addition, according to the

Current Population Survey, 87-percent of households filed taxes between 1992 and 2009 and

that tax filers migration more frequently than households that do file (Molloy et al. 2011, p.

178)

Graphic B features county-to-county movement categorized by the metropolitan and non-

metropolitan classifications of the origins and destinations. The largest share of moves are

households moving from one metropolitan area to another followed by non-metropolitan-

to-metropolitan movement. The large share of metropolitan-to-metropolitan movement is

to be expected given that metropolitan areas have large population bases and are therefore

generating large attractivity and emissivity quotients. What is less intuitive is the difference

in the non-metropolitan-to-metropolitan movement and metropolitan-to-non-metropolitan

movement. The non-metropolitan-to-metropolitan movement reflects continued net outmi-

gration from non-metropolitan counties (Johnson and Lichter 2019) and the metropolitan-to-

non-metropolitan movement reflects amenity and retirement migration (Cadieux and Hurley

2011; Nelson and Nelson 2011). Graphics D through I showcase the counts of emigrating

households by each county for years 1990, 1995, 2000, 2010, and 2015. These maps show

how numbers of out-migrating households align with more populated counties. Metropolitan
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Figure 3.1: Statistical and spatial distributions of county-to-county movement, 1990-2015
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counties on the west coast and east coast send more households while counties in the central

plains states send fewer households.

Figure 3.1 is the first example of the visualization technique used throughout this chapter:

a large visualization consisting of multiple smaller graphics such as boxplots, histograms,

bar plots, maps, and line plots (Tufte et al. 1990). This is done to maximize the display of

the volume of information generated from these data, enable year-over-year comparison, and

minimize the amount of space consumed by any one graphic in this chapter (and dissertation).

3.3.2 On the decision to model outgoing flows

One unique aspect of the IRS’s county-to-county data is that migration flows are recorded

for both households entering a county and households leaving a county. Within the context

of this data, the origins and destinations of movement are fully recorded. Because of this,

it is possible to fit unconstrained, singly constrained, or double-constrained spatial interac-

tion models (Wilson 1971) along with origin specific and destination specific variants. The

combinations of constraints and origin and destination specificity enable different ways of

modeling incoming migration and outgoing migration and each strategy has advantages and

disadvantages. As this chapter is about the spatiality of migration during a 26-year period a

case could be made to examine the spatiality of migration by focusing on either direction of

flows. However, I will examine the spatiality of migration by focusing on outgoing migration

because of trends observed in the data and the interpretation of the coefficients generated

from the spatial interaction models.

The two trends in the data I wish to focus on to make the case for studying outgoing

migration is a unique way of measuring the degree to which counties exchange migrants -

the cosine similarity - and the net migration rate. Combining these two measures provides

a comprehensive and succinct overview of the US’s yearly migration profile. As of the

writing of this dissertation, I am unaware of any migration studies making use of the cosine

similarity. The cosine similarity, however, is used in natural language processing and artificial

intelligence research (Sidorov et al. 2014). The cosine similarity measures the similarity in
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direction between two vectors. The cosine similarity only considers similarity in direction

and not magnitude. A vector of [0,1] has the same direction as a vector of [0,2] even though

the magnitudes of the two vectors are different. Each county’s incoming migration values

and outgoing migrations can be viewed as acting in approximately 3,100 dimensions with

the number of migrants acting as the coordinate in a dimension. In this sense, the cosine

similarity measures the degree to which a county is exchanging migrants with other counties.

For every county x there is the set of possible origins A and the set of possible destinations

B. These sets are identical, but specific to each county. A number of migrants enter focal

county x from each origin Ak and a number of the migrants depart focal county x to each

destination Bk. The more similar the values are between the number of migrants entering

county x from each origin Ak and departing from county x to each destination Bk the higher

the cosine similarity score. The cosine similarity for county x is defined as:

Degree of Migrant Exchangex = cosine similarityx =

∑n
k=1AkBk√∑n

k=1A
2
k

√∑n
k=1B

2
k

∗100 (3.9)

Rather than refer to this value as the cosine similarity, I will refer to it as the degree

of migrant exchange or DME for short. The DME ranges from 0 to 100 and higher values

indicate a greater degree of exchange3. While the majority of DME values are far more

often closer to 100 than not, values closer to 0 are indicative of counties with orthogonal

migration streams. A value of 0 indicates that a county is sending and receiving migrants

from completely different sets of destinations and origins: there is no overlap in the set of

origins and destinations. Counties with a DME value close to 0 can be seen as redistributive

counties and pivots. This measure extends previous work on population redistribution as seen

in (Plane and Mulligan 1997; Rogers and Raymer 1998; Roseman and McHugh 1982). While

previous studies have used the Gini-index or the migration effectiveness ratio to prepare

3A DME less than zero is not possible because migration of households is always a non-negative count.
In other applications however, it is possible to produce a negative cosine similarity value indicating a
completely opposite relationship between the input vectors.



85

a value reflecting migration in a system as whole, the DME is a term calculated for each

subunit in the migration system.

I computed the DME for each county that has both outgoing and incoming flows in each

year. I then computed the net migration rate (NMR) for each county (Newbold 2010). The

NMR per 1,000 households of county k is defined as the number of incoming households

Ik minus the number of outgoing households Ok divided by the number of non-migrating

households Pk multiplied by 1,000. This value is expressed as:

NMRk =
(Ik −Ok)

Pk
∗ 1000 (3.10)

Negative values indicate that more migrants are leaving an area than entering and positive

values indicate that more migrants are entering an area than leaving. Theoretically, the

NMR has no lower bound and no upper bound, the NMR is limited by the size of the non-

migrating households. In the enhanced IRS migration data, 98-percent of the combined,

all-years distribution of the NMR is between the values of (-45.7, 53.1) per 1000 households.

The median value is -1.8 and the average value is 0.1. The negative median indicates that

over time households are concentrating in fewer destinations. I classify counties as having

a neutral net migration rate as counties with an NMR between the open interval (-1, 1).

Irrespective of a county having a positive, negative, or neutral net migration rate, most

counties feature high DME values meaning that for a given county, most migrants are coming

from and going to the same set of origins and destinations. For example, in 1999, 46,614

households migrated to King County, Washington from 1,084 origins and 50,434 households

migrated to 1,256 destinations from King County while 654,744 households were not mobile.

This works out to an NMR of -5.83 households and a DME of 0.98. The high DME value

is indicative of a high degree of exchange. There are only 594 counties in both the set

of origin counties and the set of destination counties for King County migration in 1999.

However, these 594 counties account for 94-percent and 95-percent of the incoming and

outgoing migrants, respectively. Indeed, gravitational theories of movement suggest values

such as these as the degree of exchange between sets of origins and destinations is predicated
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on the origin and destination masses and spatial separation.

Figure 3.2 on page 88 features multiple graphics illustrating the statistical and spatial

distributions of the degree of migrant exchange and net migration rate measures. The box-

plots in graphic A show the distribution of the DME for all counties in each year, regardless

of the net migration rate. Graphic B features an additional net migration rate classification

scheme: negative (−∞,−1], neutral (−1, 1), and positive [1,∞. Graphic C features a legend

pertaining to the bar plot in graphic B and the maps in graphics D through I. Graphic A

shows that inter-quartile range of the DME is shrinking indicating that migration is hap-

pening to and from established destinations and origins and those origins and destinations

are swapping migrants to a high degree. In 2013, the interquartile range starts to expand

indicating that origins and destinations are swapping migrants to less of a degree. Graphic B

classifies a county as having a positive, negative, or neutral NMR along with a low, medium,

or high DME and counts the number of counties in each of the combined NMR-DME cat-

egories over time. The trend is that, apart from the first half of the 1990s, there were

more counties with a negative NMR than with a positive NMR. This means that more and

more counties were urbanizing and more households were moving to metropolitan counties

(see Figure 2.14 on page 69 for graphics showcasing the increase in non-metropolitan-to-

metropolitan migration). The high DME values of the counties combined with a negative

NMR add an additional facet to the interpretation of the NMR values. A negative NMR

simply means that more people departed a county than entered and the counties with a high

DME and a negative NMR suggest that there is reciprocal negative migration meaning that

people are still moving to areas with a negative NMR. Rural migration trends, and urban to

rural amenity migration in particular, are discussed at length in Nelson and Nelson (2011)

and Nelson et al. (2009).

Graphic B in Figure 3.2 features a stacked bar plot of the same data as in graphic A with

an additional classification scheme. Each county is classified into a positive, neutral, and

negative NMR and a low (0-75-percent), medium (75-95-percent), and high (95-100-percent)

DME. The DME categories were chosen based on the distributions of the DME values. The
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trend over time is that there is a growing number of counties with a negative NMR. That is,

there are more counties with more out-migration than in-migration and larger numbers of

migrants increasingly going to fewer destinations suggesting that population is concentrating.

With respect to the increasing numbers of counties with high DME values, irrespective of a

positive, neutral, and negative NMR, that is partly explained by the fact that most moves

are of shorter distance. Graphic B in Figure 2.13 on page 67 features the share of movement

by county adjacency. In any year, approximately 35-percent of all moves are to a directly

adjacent county. Because of the geometric structure of county boundaries, there are only so

many directly adjacent counties available to move to resulting in the across-the-board high

DME values.

Graphics D through I show the spatial distribution of the DMR-NMR categorization for

years 1990, 1995, 2000, 2005, 2010, and 2015. These maps show the positive net migration

rates in the western portions of the country. Counties in California frequently feature negative

net migration rates (the California exodus (Henrie and Plane 2008)), while counties in other

western states (Washington, Oregon, Idaho, and Arizona) show positive trends. Negative

net migration rates can be seen in southern and rust belt counties. The increase in counties

with negative net migration rates in 2010 is a response to the Great Recession.

While a good number of counties feature high DME values, plenty do not. One could

imagine that counties with a high DME and a positive NMR and counties with a negative

NMR and a high DME are counties with a history of sending and receiving. That is, these

counties are paired. The counties with mid-to-low DME values suggest several things, de-

pending on the sign of the NMR. For counties with a positive NMR, a mid-to-low DME

indicates an increase in urbanization. Counties with a neutral NMR and a mid-to-low DME

are frequently outer metropolitan counties nearby large population centers. Finally, coun-

ties with a negative NMR and a mid to low DME are indicative of counties with migrants

selecting destinations other than counties that supply migrants. Potential reasons for this

could be life-course migration such as students and urban-to-rural migration for retirement

or a response to an economic shock in a region such that movement to nearby counties is
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Figure 3.2: Statistical and spatial distributions of the degree of migrant exchange by net
migration rate, 1990-2015
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still too near the shock.

I will focus on the outgoing flows in this chapter for three reasons. First, as shown in

Figure 3.2, there are more counties with a negative NMR meaning that more households

are migrating to fewer destinations. The spatial interaction models in this chapter will shed

insight on those preferences. Second, even with counties featuring a positive NMR, there is a

still an outbound flow. Third and finally, the coefficients from the spatial interaction models

feature a behavioral interpretation showcasing the destination preferences of households in

each county.

3.3.3 Destination mass

The destination mass variable is operationalized as the number of non-migrating returns in

any county each year. These values are appropriate to use for destination masses as the

non-migrating returns are a proxy for non-migrating households in the same way that the

migrating returns function as a proxy for migrating households. As tax returns measure

occupied households, it is not possible to perform a direct comparison of non-migrating

occupied households with non-migrating returns for every year in the 1990 through 2015

period. However, it is possible to perform a comparison with all occupied households and all

tax returns in Decennial Census Years 1990, 2000, and 2010. While the decennial censuses do

track migration, they only track migrating individuals and not households. I can benchmark

the US Census Bureau’s county population estimates with the number of exemptions per

county for each year.

Figure 3.3 on page 90 features the counts of occupied households and people juxtaposed

against the counts of returns and exemptions by data source. Data originating from the US

Census are shaded grey and data originating from the IRS are shaded purple. Graphic A

features a bar plot comparing the 1990, 2000, and 2010 decennial census counts of occupied

houses with the 1990, 2000, and 2010 total counts of non-movers and movers combined).

In each decennial year, approximately 97-percent of occupied households file a tax return.

Graphic B features the distribution of occupied houses per county and the number of total
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Figure 3.3: Comparison of occupied households and total population by data source, 1990-
2015

returns per county for years 1990, 2000, and 2010. The shape and general extents of the

distributions match. Graphic C features the total number of people in the US by data source

for years 1990 through 2015. The Census Bureau reports the number of people and the IRS

reports the number of exemptions. In general, the number of exemptions in any given year is

approximately 80-percent of the US population due to not all households filling a tax return

(the elderly and those not meeting a certain income thresholds). Graphic D features the

same data as graphic C, only expressed on a per-county basis. In general, the shape and

extents of the distributions match.

Figure 3.4 on page 91 focuses strictly on counts non-moving households (as opposed to the
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Figure 3.4: Comparison of occupied households and total population by data source, 1990-
2015

total households as featured in Figure 3.3). Briefly, there is a slight decrease in the number of

counties with less than 10,000 non-moving households and an increase in counties with more

than 10,000 non-moving households. The spatial distribution of counties with more than

50,000 households follows metropolitan counties. The maps for years 1990, 2000, 2005, 2010,

2015 show counties with increasing numbers of non-movers in Texas, New Mexico, Arizona,

California, Oregon, and Washington reflecting trends in the growth of western states. In sum,

the number of non-migrating returns in a county corresponds with the number of occupied

households in a county and follows recognizable settlement patterns and will therefore be

used as the destination mass in the spatial interaction models.
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3.3.4 Distance

The data behind the county-to-county distance measurements comes from the US Census

Bureau’s TIGER/Line Files and the TIGER/Line Shapefiles, referred to as TIGER/Files for

convenience. The TIGER/Files are used for two reasons. First, the TIGER/Files function as

each year’s manifest of existent counties. I can benchmark the counties in the IRS county-to-

county migration data to the TIGER/Files to understand which counties feature migration

and which do not as the IRS only reports counties that feature some form of migration.

Second, the TIGER/Files feature accurate and precise county boundaries which is necessary

for creating accurate and precise county-to-county distance measurements. Simply put,

county boundaries did not remain constant during the 1990-2015 period. County boundary

changes since 1970 are documented by the US Census Bureau (US Census Bureau 2019).

Effort was made to account for the shifts in county annexations, county incorporation, and

county disincorporation and the 19 different vintages of TIGER/Files and reflects the then-

most recent changes. Incorporating all 19 different vintages of the TIGER/Files enables the

construction of accurate county-to-county distances and county adjacency matrices. The

spatial separation between each pair of counties is measured as the number of miles between

the centroid of each origin county and the centroid of each destination county. E, page 231,

features a more in-depth description of the process used to extract the county geometry,

harmonize the boundaries, create centroids for each county geometry, and calculate the

centroid-to-centroid distance.

3.3.5 Accessibility

The accessibility measure used in the modelling of the flows in this chapter was first described

by Fotheringham (1983, 1986). The measure is meant to address spatial structure and miss

specified distance decay parameters (Fotheringham 1981). Spatial structure is defined as the

size and configuration of origins and destination within a spatial system. Fotheringham’s

(1981) article wrestles with the issue that the distance decay parameter is in part a function
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of spatial structure and failure to include measures of spatial structure in a spatial interaction

model produces incorrect parameter estimates (Fotheringham and Webber 1980; Curry et

al. 1975; Johnston 1973). The accessibility measure is defined mathematically as:

Aj =
∑

k(k 6=j) Pk
Dij

(3.11)

The accessibility of area j is defined as the sum of the population of area k for all k 6= j

divided by the distance between j and k. This measure captures both the accessibility and

the degree of competition a location faces from other, more nearby locations. Higher values

of Aj indicate that j is more accessible and therefore competes to a greater degree with

other nearby destinations. Lower values of Aj suggest that j is less accessible and does not

compete with other nearby destinations.

I computed the accessibility measure for each county for each year using the number of

non-moving returns in each county and I have included a nine-part graphic featuring the

statistical and spatial distributions of the accessibility measure. Eight of the nine graph-

ics in Figure 3.5 on page 94 visualize a component of the distribution of the accessibility

measure while a legend pertaining to graphic B and graphics D through I. In all graphics,

higher values indicate a county is more accessible to the population of other counties. The

accessibility index, for visualization purposes, has been divided by a factor for 10,000 to help

with visualization. The index ranges from two to more than seventy.

Graphic A Figure 3.5 features a boxplot for each year showing the general trend in the

accessibility index over time. As the distance between counties has remained effectively

constant over time and the population of the US has increased over time, the accessibility

index has generally increased for each county over time, as indicated by the upward trends

of the 25th-percentile, median, and 50th-percentile. Graphic B features a histogram of the

pooled county accessibility measures and the histogram is shaded according to quintile values.

Blue shades indicate less accessible counties and red shades indicate more accessible counties.

The small cluster of values near the bottom of the distribution represent remote counties.
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Figure 3.5: Statistical and spatial distributions of the accessibility index, 1990-2015
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Graphics C through H are maps depicting the accessibility measure for years 1990, 1995, 2000,

2005, 2010, and 2015. Each county in each map is colored using the same coloring scheme

as in graphic B, the 26-year period all county pooled accessibility index values. In graphic

C, the map pertaining to 1990, the most accessible counties are in Ohio, Pennsylvania, New

Jersey, and New York. This is on account of counties being smaller in areal dimension and

the population being more numerous in this area of the country. Accessibility decreases

as distance from the rust belt increases. Accessibility is not a metropolitan measure or a

rural measure; it is a measure relating the proximity of the population of every other county

to a focal county. Therefore, Cook County, Illinois has a lower accessibility value than its

immediate neighbor DuPage County, Illinois. The population of Cook County, Illinois is

considered in the calculation of the measure for DuPage County, but the population of Cook

County is not considered in the calculation of the measure for Cook County. In a similar

fashion, Lake County, Illinois, Will County Illinois, and Lake County Indiana all feature

higher accessibility measures than Cook County. In practice, this means that these counties

compete more to attract migrants from other regions.

Over the course of the 1990 through 2015 period, the concentration of the accessibility

measure deepens in the rust belt and emanates further north and further south along the

eastern seaboard and into Kentucky, North Carolina, Georgia (especially around the Atlanta

metropolitan area) indicating that in each year each county is becoming more accessible to

the population of other counties. Beginning in 1990, nearly all counties in western states are

generally less accessible. This is due to generally lower population density in the western

portion of the country. In 2000, counties around the Dallas-Ft. Worth Metro in Texas, the

Bay Area in California, and Southern California exhibit growth in accessibility. By 2010 and

2015, the increase in accessibility is much more noticeable. This is due to population growth

in the country as a whole and population growth in the aforementioned areas.

A final note on the accessibility variable. Fotheringham (1983) describes how the inclu-

sion of the accessibility variable helps alleviate the misspecification of the distance parameter.

But what about model accuracy, what does the inclusion of this variable do for model per-



96

formance? I created a scenario using the 1999 data and prepared two production constrained

models for each county. The first model featured the accessibility measure and the second

model did not. Approximately 6.1K models were run to generate these test data. Upon the

completion of each model, I computed the root-mean-square error (RMSE) for each model.

In 64-percent of the models, including the accessibility measure improved model fit by re-

ducing the RMSE by an average of eight percent. In the other 36-percent of the models,

including the accessibility measure increased the RMSE by an average of a little more than

two percent, indicate a poorer fit. From both a theoretical and empirical perspective, I will

include the accessibility measure.

3.3.6 Within-state migration

The within-state variable is a Boolean variable indicating whether movement originates and

terminates in the same state of origin or not. While the accessibility measure controls for

the effect of spatial structure via how county population is apportioned over the spatial

separation between counties, the within-state migration measure controls for the explicit

decision to migrate within the state of origin or move out of the state of origin. Kone et

al. (2018) use data from the 2001 Census from India illustrating how internal state borders are

barriers to migration. In addition, Griffith (1982) found that the geometric shape of origins

and destinations within a region does influence spatial interaction within that region. In other

words, there is a scalar component to spatial interaction that I am accounting for with the

use of a within-state migration Boolean variable. In addition, the within-state variable helps

control for long-distance in-state moves (a household moving to west Texas from east Texas,

for example). Like the accessibility measure, it is important to determine empirically the

usefulness of including this variable. Using the 1999 data I created a similar testing scenario

with one set of production constrained models featuring the additional within-state Boolean

indicator and another set of production constrained models without the within-state Boolean

indicator variable. I fit 6.1K models in total. The results indicate that approximately 50-

percent of the time, the model with the within-state variable outperforms the model without
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the within-state variable, as judged by the RMSE value. When including the within-state

model results in a better fit, the fit is improved by 15-percent on average. When the inclusion

of within-state model results in a poorer fit, the fit is worsened by 7-percent on average.

I will include the within-state variable based on these diagnoses and what will be gained

theoretically from its inclusion: an insight into the preferences for interstate migration.

Finally, while I have discussed county adjacency in relation to the geometric structure of

counties, I am not including a county adjacency variable because it is highly correlated with

the within-state variable: 86-percent of the approximately 19K county adjacency pairs are

within the same state.

3.4 Model discussion

The coefficients from the spatial interaction models are obtained from a linear combina-

tion of logarithmically transformed variables pertaining to mass, accessibility, distance, and

a within-state migration indicator. This section begins with a brief discussion on model

fit. Each of the four coefficients are described in detail after several remarks on the initial

interpretation of the coefficients and visualization strategies used.

The percent of deviance explained is used to assess model fit for each county, for each

year. Higher values indicate a better fit. Figure 3.6 on page 98 features boxplots for each

year of the distribution of the percent of the deviance explained for each county. Boxplot

visualizations do not include the average value of a distribution and so the red dots were

added to indicate the mean value of the percent of the deviance explained for each year. The

median ranges from 70-percent in 1990 to 71-percent in 2015 with a peak of 75-percent in

2011. The mean follows a similar trajectory. Beginning in 2011, the outliers became more

dispersed indicating that the model is not performing as well in some counties. I believe this

is reflecting a combination of the change in the IRS’S data tabulation processes and changes

and less migration trends (see DeWaard et al. (2020b) and Pierce (2015) for a discussion of

the changes to data processing).

For each regression coefficient, only values within the range of 0.01-percent to 99.99-
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Figure 3.6: Distribution of the percent of the deviance explained, 1990-2015

percent of the distribution are used, inclusive across all years. For each variable originating

from the spatial interaction models, I will include two visualizations and each visualization

will have multiple smaller graphics. The first visualization in the set of two visualizations

features four graphics. Graphic A features two boxplots per year: a boxplot with coefficient

values and a boxplot for the significant coefficients only. These boxplots showcase the distri-

bution of a specific coefficient by year. Graphic B features a histogram of the pooled all-years

coefficients. The histogram is divided into five groups and each group is colored distinctly

using a diverging color ramp. In addition, a second histogram featuring the outlines of only

the significant coefficients is placed over the first histogram showcasing the distribution of

significant-only coefficients at the 0.05-level. A legend is included in graphic B highlighting

the cut points for each group. Graphic C in the first visualization features the counts of the

number of counties in each group in each year and graphic D expresses those counts as a

percentage showcasing the relative year-over-year change. The same colors used in graphic

B are used in graphics C and D. Each coefficient’s groups are static over the 26-year period

enabling the comparison of group change over time. Shading by group illustrates the degree
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to which the size of the groups change over time.

The second visualization features six maps, a histogram, a line plot, and a legend. The six

maps, graphics A through F, feature the spatial distribution of the coefficients for the years

1990, 1995, 2000, 2005, 2010, and 2015. Not that models were produced for each county with

at least 30 destinations. This often included counties in Alaska and Hawaii. However, due

to space constraints, the maps omit Alaska and Hawaii. For the six maps, cross-hatching is

applied to counties with non-significant coefficients. This is done to illustrate the spatiality

of the non-significant coefficients. Graphic G is the same histogram as featured in graphic

B in the first visualization and is included for reference. Graphic H is a line plot derived

from the data generating the bar plot in graphic D in the first visualization and showcases

the percent of the counties in each group per year. This line plot illustrates the dynamics

of the groups over time. Included in the second visualization is a legend featuring the

group cut points and a “no data” color for counties without a coefficient. For graphics B,

C, and D in the first visualization and all graphics in the second visualization, the same

group categorization and coloring schemes are used enabling a consistent comparison across

graphics and visualizations. Each color ramp features five colors and is assigned a value of

one through five. Bin ranges were chosen to highlight differences within each coefficient’s

distribution. The third color in each color ramp is a shade of grey and includes the mean

and median of each coefficient. Four distinct color ramps and the associated cut points are

on display in Figure 3.7.

The color ramps, and other colors throughout this dissertation, are inspired by Professor

Cynthia Brewer (2005) and are used in the visualizations of these data. While the coeffi-

cient data are continuous and most information design specialists recommend a color ramp

ranging from a light hue to a dark hue for continuous data (Ware 2019), I am foregoing the

tradition in favor of diverging color schemes to highlight differences in the distributions of

these coefficients. When combined with a five-category grouping scheme, a diverging color

ramp tracks neatly with each group and the different shades indicate the statistical and

spatial relationship of a value to the entire coefficient distribution.
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Figure 3.7: Coefficient color ramps and coefficient group values

A common theme throughout all the visuals presented in this chapter is the noticeable

differences in years before 2013 and years 2013 and onwards. My investigations and analyses

have led me to conclude that these differences do not solely reflect changes in migration.

Rather, some of these changes are the result of changes in the data tabulation processes used

by the Census Bureau and the IRS. For example, beginning in 2010, the IRS took control of

preparing the migration data while it had previously been prepared by the Census Bureau

(Pierce 2015). In addition, for years 1990 through 2012, the minimum number of flows

between counties to warrant a disclosure was 10. Starting in 2013, the minimum number

increased to 20 (IRS 2016). Finally, based on a correspondence between the Missouri Census

Data Center and a representative from the IRS’s Statistics of Income Branch (Pierce 2020),

changes in the data pre-2013 and 2013 and later data are attributed to an increase in the

IRS’S effort to combat identity theft.
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3.4.1 Initial interpretation

The use of a regression framework permits a statistical interpretation and a behavioral in-

terpretation of each regression coefficient. The statistical interpretation is the same for all

four coefficients. A coefficient less than zero indicates that a facet of a destination is not

seen as desirable by the migrants. This has the effect of decreasing the flows emanating

from a county. Coefficients greater than zero and less than one dampen the expected flow of

households out of a county, but still contribute a positive component to an outbound flow.

This means that an aspect of a destination for migrants in a county is discounted, but not

thought of as a negative. Coefficients greater than one amplify the expected flows out of a

county meaning that migrants see a destination’s characteristics as positive and this desti-

nation characteristic serves to amplify flows. I will focus on the behavioral interpretation of

each coefficient in each section.

3.4.2 Destination Mass

Each of the four graphics in Figure 3.8 showcase a different facet of the distribution of the

destination mass coefficient. Graphic A features two boxplots for each year in the distribu-

tion of the coefficient. The destination mass coefficients range from 0.23 to 1.55. The light

grey boxplot features all coefficients and the dark grey boxplot showcases only the significant

coefficients at the 0.05-level. Of the 77K accessibility coefficients, over 99-percent are signifi-

cant at the 0.05 level. The range, median, and interquartile range of all coefficients and only

the significant coefficients is consistent over time with slight changes around 2000 and in the

years 2013 through 2015. Graphic A indicates that nearly all coefficients are significant at

the 95-percent level. This is a trend that is common in both the population mass coefficients

and the distance coefficients but less so with the accessibility and within-state migration

coefficients. A coefficient less than 1.0 indicates that households are moving to counties with

relatively fewer households and values greater than 1.0 indicate that households are moving

to counties with relatively more households than the focal county. The mean and median of
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Figure 3.8: Statistical distributions of the destination mass coefficient, 1990-2015
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the destination mass coefficient are between 0.91 and 1.00 for each year indicating that most

moves are to counties of similar size or slightly smaller. Graphic B features a histogram of

the pooled coefficients for all years with each group shaded a color from purple to green.

The green values indicate a preference for less populated destinations and the grey values

indicate a preference for similarly populated places. Purple values indicate a preference for

relatively more populated areas.

Graphic C in Figure 3.8 shows the counts of the number of counties in each group in each

year and graphic D expresses those counts as a yearly percentage, to showcase the proportion

of change and normalize by the counts of counties in any given year. If the number of counties

in each group were to remain constant over time, the colored bars would be horizontal. In

this case, there is growth in the number of counties in groups one through five indicating

that over time, there has been a growth in the preference for relatively less populated areas.

This does not mean a growth in urban to rural migration per se, but rather a growth in the

migration of households from a more populated county to a less populated county, a trend

previously documented by Plane et al. (2005).

Figure 3.9 features six maps, a histogram, a line plot, and a legend. In each map, the

general trend is that households leaving rural areas in western states prefer relatively less

populated destinations and households leaving metropolitan areas in western states prefer

relatively more populated areas. The trend is reversed for areas east of the Mississippi

river. Over time, Montana, North Dakota, South Dakota, Nebraska, Kansas, Oklahoma,

and Texas feature more and more counties with no data. This is indicative of these counties

not generating migration flows. In aggregate, it appears that households are showcasing an

increase in preference for less populated areas and more populated areas as exhibited by

the growth of groups 1 and 5 in graphic H in Figure 3.9. This is the simultaneous trend

of moving to metropolitan areas and moving from a larger metropolitan area (group 5) and

moving to a smaller metropolitan area (group 1).
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Figure 3.9: Spatial distributions of the destination mass coefficient, 1990-2015
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3.4.3 Distance

While the population of the US has increased, the distance between counties has remained

fixed. Accordingly, the distance decay coefficient should become less negative as gravita-

tional theories of movement predict greater interaction between the origin and destination

as the population of the origin and destination increase. And this would be true if popu-

lation growth were uniform across the US. As most moves are of shorter distance and with

population concentrating in metros, we see fewer households moving greater distances. Val-

ues of the distance decay component closer to zero are indicative of a population preferring

longer distance moves while more negative distance decay coefficient values are indicative of

a population preferring shorter distance moves. Because these coefficients were created for

each county for each year, the interpretation of the coefficients is relative: the coefficient of

distance is the rate at which interaction (migration) decreases with distance. More negative

values indicate that interaction decreases with distance more quickly.

The coefficients in Figure 3.10 range from -3.82 to 0.0. Graphic A shows we see that

there is near agreement in the distributions of all coefficients and the significant coefficients

at the 0.05-level only. Of the 77K distance decay coefficients, over 99-percent are significant

at the 0.05 level. The median and inter quartile ranges are decreasing from 1990 through

2009 indicating that more households were moving shorter distances. There is a slight uptick

in the median and interquartile range in 2010 followed by a decrease in 2011 and 2012. In

2013, both the median and interquartile ranges increased indicating that more households

were moving longer distances, due to recovery after the Great Recession. These trends are

even more visible in graphics C and D. In 1990 through 2009, there is growth in the number

of counties in groups 1 and 2 and a 5-percentage point growth in groups 1 and 2 in 2011

and 2012 when compared to 2010. In 2013, the growth was in group 4 and 5 indicating that

more households were moving longer distances.

Figure 3.11 features the spatial distribution of the distance decay coefficient for 1990,

1995, 2000, 2005, 2010, and 2015. Households in western portions of the country, counties
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Figure 3.10: Statistical distributions of the destination distance coefficient, 1990-2015
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Figure 3.11: Spatial distributions of the destination distance coefficient, 1990-2015
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in Florida, and counties in Maine prefer moving greater distances. This is in some effect

due to the nature of these counties: they are simply further from other parts of the US and

by that fact the households that leave counties in Florida and Maine must move further.

However, households in some rural counties in western states such as Arizona, California,

Oregon, and Washington show preference for shorter distance. Households in counties in

the rust belt, Texas, and the south showcase a preference for shorter distance moves. There

are more opportunities for shorter distance moves as counties in these states are smaller and

there is less distance between the metropolitan areas. Graphic H in Figure 3.11 expresses

the same data as in graphic D in Figure 3.10 but in a line plot. Graphic H shows that more

households are moving shorter distances from 1990 through 2011. The trend reverses in 2011

and more households start moving longer distances again.

3.4.4 Accessibility

Figure 3.12 features graphics pertaining to the destination accessibility coefficient. The inter-

pretation of the destination accessibility measure is that positive values indicate households

move to counties that are near other counties with higher population counts. Negative values

indicate that households are moving to counties that are more distant from other popula-

tion centers. Graphic A shows that the boxplots of the pooled all-coefficient distribution is

different than the distribution of the significant coefficients only (at the 0.05 level) boxplot.

Of the 77K accessibility coefficients, 87-percent are significant. Most of the non-significant

values are in groups 4 and 5, around zero. The accessibility coefficient ranges from -5.58 to

2.27 and over time it appears that most households prefer less accessible destinations. The

mechanics behind this trend are better explained with the graphics in Figure 3.13.

Figure 3.13 on page 110 features maps of the spatial distribution of the accessibility

coefficient for years 1990, 1995, 2000, 2005, 2010, and 2015. At first glance the figure is a bit

counter intuitive. What is shown is that the accessibility coefficient is lowest in the rustbelt

and eastern seaboard and generally greater in western counties. This is a trend consistent

across time. The maps showcasing the distribution of the accessibility measure, Figure 3.5



109

Figure 3.12: Statistical distributions of the destination accessibility coefficient, 1990-2015
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Figure 3.13: Spatial distributions of the destination accessibility coefficient, 1990-2015
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on page 94, show that the accessibility measure (not the coefficient) is highest in the rust belt

and eastern seaboard and lower in western portion of the US. The maps in Figure 3.13 are

showcasing the relative nature of the spatial interaction models. One explanation is that a

move that originates in a highly accessible area is more likely to terminate in a less accessible

area and vice versa. The other explanation is that counties in California, Arizona, Texas, and

Florida are destinations and these destinations have smaller accessibility measures. During

the study’s period, California is always a top ten destination from other states, Arizona is

always one of the top 25 destinations from other states, Texas is a top 10 destination, and

Florida is a top 10 destination for households from other states. Of note is that the majority

of coefficients around zero, and the majority of the non-significant coefficients, are in the

western portion of the US which indicates that for migration out of western portions of the

country, accessibility is less of a factor considered in the selection of a destination. Another

way to describe this relationship is that counties in the western portion of the country are

generally larger in area and less dense while the reverse is true of counties in the eastern

portion of the country. This means that counties in the West are less accessible than those

in the East. As households in the West are generally moving around the West, they are

moving to a relatively more accessible county. As households in the East are moving to the

West, they are moving to a less accessible county.

3.4.5 Within-state migration

The within-state migration coefficient measures the relative preference that households have

for in- versus out-of- state migration. Positive values indicate that an in-state destination

is more preferential than out-of-state destination. In every year of the 1990 through 2015

period, the data in aggregate show that slightly more than 50-percent of flows are to a

destination within the same state of origin. Graphic A in Figure 3.14 features two boxplots

for each year. Values for the within-state migration coefficient range from -3.45 to 7.99

with the median value less than 2.0. The light grey boxplot shows all coefficients for all

counties and the dark grey boxplot shows just the significant only coefficients. The median
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Figure 3.14: Statistical distributions of the within-state migration coefficient, 1990-2015
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and interquartile ranges are very similar for years 1990 through 2010. In 2011 and 2012 the

interquartile range shrinks slightly. Starting in 2013, the median value increases slightly, and

the interquartile range expands indicating that the preference for within-state moves is more

varied.

Graphic B features an all-years combined histogram of these data and shows that the

non-significant coefficients are centered around zero. Negative values, group 1, dark green,

indicate that households prefer out-of-state destinations. The light green color, group 2,

indicates that within-state destinations are less preferred. Groups 3 through 5 are indicative

of a preference for in-state destinations. Graphic C shows the counts of counties in each

group by year showing that the trends are stable and graphic D expresses that information

as a percentage. This is done to account for the change in the number of counties with

outgoing flows. For groups three, four and five, an in-state destination is more desirable. In

aggregate across the US, it looks like most moves are within-state. While many households

prefer a within-state destination, the spatial interaction models showcase many counties

with households expressing a preference for within-state movement, but not all of them. The

bulk of coefficients are greater than 1.0 indicating that a within-state destination, for most

households, is more desirable than not. State borders shape mobility.

Figure 3.15 features maps of the spatial distribution of the within-state destination coef-

ficient for years 1990, 1995, 2000, 2005, 2010, and 2015. Households in California, portions

of eastern Texas, Florida, North Carolina, and Ohio desire out-of-state destinations, areas

shaded in green. For households in counties in these states, an in-state destination is not as

desirable as an out-of-state destination. Conversely, for households in counties in Montana,

Idaho, Nevada, Utah, Colorado, and Maine, in-state destinations are more desirable.

3.5 Examining the destination preferences of migrating households

In this chapter I have shown how to fit origin specific production constrained spatial inter-

action models using county-to-county household migration data for each year in the 1990

through 2015 period. Four covariates were used in the construction of these models to illus-
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Figure 3.15: Spatial distributions of the within-state destination coefficient, 1990-2015
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trate the destination preferences of out-migrating households for each county: the number

of non-migrant households in the destination, the destination’s distance from the origin, the

destination’s accessibility, and whether the destination is within the state of origin. A series

of graphics were employed to showcase how these four covariates illustrated the preferences

of outgoing households. A consistent five-category grouping and color scheme was applied

to the all-years combined distribution of each coefficient enabling a comparison across time.

Graphics illustrating the statistical and spatial distributions of the coefficients with the same

color scheme and grouping were utilized showcasing the dynamics of each internal migration

component.

The growth in the lowest groups of the destination mass, accessibility, and distance

coefficients is in part due to a result of the growing US population and constant distance

between US counties. The These trends are a result of the prominence of destinations in

California, Arizona, Texas, and Florida. While the US population has increased since 1990,

the population growth has not been uniform. In addition, there are effectively the same

number of counties since 1990 which means that the number of origin and destination pairs

are fixed which means that for any given county, there are only a fixed number of destinations

an outward-bound migrant can select.

The growth in the lower group of the destination mass coefficient is indicative of larger

counties becoming larger and smaller counties not growing as fast or at all. Because the same

relative numbers of households are moving and are therefore going to the same destinations

and the same number of destinations, there is growth in the lower groups of the distributions.

If households were only going to metropolitan areas, more values greater than 1.0 would be

visible. If households were migrating to more rural areas, more counties would feature

coefficients less than 1.0.

The accessibility measure has more to do with the stability of county borders, which

counties saw increases in population, and the spatial configuration of those counties. Again,

the coefficients are measures of relativity and not an absolute measure. That is, coefficients

less than 1.0 prefer less accessible areas and coefficients greater than 1.0 prefer more accessible
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areas. This is why the maps in Figure 3.5, page 94, and in Figure 3.13, page 110, feature

inverted color gradients. Blue counties are indicative of households moving to less accessible

areas such as households in eastern portions of the county moving west, which generally

feature less accessible areas.

The distance and the within-state migration indicator variables warrant joint discussion.

With respect to the distance component of these models, the trend over time is one of

households exhibiting increasing preference for shorter distance moves indicating that more

households are moving shorter distances. The within-state migration indicator showcases the

spatiality of migration trends. For households in some counties, a within-state destination is

simply not as desirable as an out-of-state destination. Over time, more households in Cali-

fornia, Texas, and Florida, in particular, are selecting out-of-state destinations. Households

leaving California are preferring further out-of-state destinations while households leaving

Texas and Florida are preferring closer out-of-state destinations. Conversely, in Idaho, Mon-

tana, Wyoming, and Nevada, households are showing a preference for moves within the same

state of origin. This might seem at odds with the distance decay coefficient, but when con-

sidering the relative areal size of the counties and therefore the areal size of the states, the

understanding is that households in these states are moving longer distances within the state

of origin.

I have shown how four covariates can be used to illustrate internal migration trends

and how using the same four covariates across time can illustrate the dynamics of internal

migration. Of course, as good as this chapter is, it does have its limitations. This chapter is

a study of migration in aggregate. While the IRS county-to-county migration data feature

a fantastic amount of spatial and temporal detail, other than the gross aggregate income

variable, there are no details pertaining to the socioeconomic and demographic characteristics

of migratory households. Accordingly, it is unknown how much of this is migration across the

life course. For example, students migrating to colleges and universities, people migrating

due to the location of specific industries (military bases and resource extractive industries,

for example). The next chapter of this dissertation addresses internal household migration
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within the context of the life-course via age structures and other place-based characteristics

of the origin and destination.
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Chapter 4

DETERMINANTS OF METROPOLITAN AND
NON-METROPOLITAN HOUSEHOLD MIGRATION, 1990-2015

Since the 1970s, there have been multiple periods where non-metropolitan counties grew

more quickly than metropolitan counties (Fuguitt and Beale 1996), suggesting evolving spa-

tial forms of internal migration. This chapter investigates the spatiality and the scale of inter-

nal migration by examining the determinants of four distinct types of household movement

during the 1990 through 2015 period: non-metropolitan-to-non-metropolitan movement,

non-metropolitan-to-metropolitan movement, metropolitan-to-non-metropolitan movement,

and metropolitan-to-metropolitan movement. Socioeconomic, demographic, and outdoor

amenities are used to explain these four different types of household movement and in turn

augment the discussion on internal migration in a period of decline (Cooke 2013; Molloy

et al. 2011).

A gravitational theory of human movement posits that migration between any two areas

is a function of the origin’s mass, the destination’s mass, and the distance between the origin

and the destination areas. This macro-behavioral understanding of human movement treats

migration as a function of origin and destination characteristics: local area characteristics

motivate, or push, migrants out of the origin and destination characteristics attract, or

pull, migrants to the destination. The next section of this chapter describes periods of

non-metropolitan migration and growth in juxtaposition with population concentration in

metropolitan areas. This is done to highlight and accentuate the different types of household

movement between counties and look at migration beyond declining migration rats. Next,

this chapter describes the data used to investigate the determinants of four different types of

household movement: the enhanced county-to-county household migration data and several
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publicly available datasets with commensurate spatial and temporal resolution. The third

section of this chapter describes the modelling technique used to ascertain the determinants

of migration and the fourth section provides visualization and discussion of the results.

4.1 Metropolitan and non-metropolitan migration: a brief history

In summarizing his laws of migration, Ravenstein (1889, p. 287) noted that towns increase

in population at the expense of the rural parts of the country. Towns grow in population

through migration more quickly than by natural increase. A little more than eighty years

later, Zelinsky’s (1971) mobility transition framework conceptualized human mobility at

different stages of societal development. The framework featured five stages with each stage

of mobility a reflection of increased development. The first stage in the mobility transition

described limited mobility while the second and third stages described massive movement

from rural areas to cities. The fourth stage notes that most migration is interurban and

intraurban and the fifth stage details that nearly all migration would be urban-to-urban and

the majority of the population would be in urban areas1. Population concentration was the

norm. Migration trends in the 1970s through the early 1980s and late 1980s through mid-

1990s, however, showed that non-metropolitan areas grew faster than metropolitan areas

indicating that migration was (and is) more than population concentrating in dense urban

areas. Indeed, dense cities in the 1990s declined in population (Glaeser and Shapiro 2003).

Ballard and Fuguitt (1985) identify four periods of growth and decline from 1900 through

1980. The period from 1940 through 1960 was marked by suburbanization and rural decline

and the period from 1960 through 1980 was marked by population deconcentration - people

moved out of dense, urban areas. Researchers in the 1970s and 1980s documented the

population deconcentration phenomenon and coined several terms for it: a “clean break”

from the previous regime of metropolitan expansion (Vining and Strauss 1977), the “non-

metropolitan turnaround” (Fuguitt 1985), and the “migration turnaround” (Agresta 1985).

1See Cooke et al. (2018) for a review of the historical impact and relevance of Zelinsky’s (1971) migration
transition.
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The term “counterurbanization” is also used in conjunction with population deconcentration

(Berry 1976; Mitchell 2004) as is “rural gentrification” (Phillips 2009).

Broadly, these concepts refer to population migrating from metropolitan areas to non-

metropolitan areas. In general, researchers agree that the population deconcentration trend

first noticed in the 1970s ended in the early 1980s. Using data available at the time, Agresta

(1985) and Long and DeAre (1988) concluded that the turnaround was temporary and that

population was again concentrating in urban areas (Frey 1993). Evidence from the mid-

1980s through the mid-1990s, however, suggested that the US underwent another round of

nonmetropolitan growth.

Fuguitt and Beale (1996) examined data from 1970 through 1994 and find two distinct

periods of non-metropolitan growth, 1970 through 1980 and 1986 through 1994. The period

1981 through 1985 saw declines in non-metropolitan population. The period of non-metro

growth from 1986 through 1994 was attributed to favorable economic conditions enabling

people to select less-populated places (Long and Nucci 1998) and the rise of information tech-

nologies enabling remote work (Beyers and Lindahl 1996). While non-metropolitan counties

experienced net in-migration in the mid-1990s, smaller metropolitan areas also experienced

growth in population.

Plane et al. (2005) examined migration between metropolitan areas during the 1995

through 2000 period. The authors classify metropolitan and non-metropolitan areas into

one of seven, ranked, categories indicating a hierarchy of urban form based on population

size. Movement between the ranks was examined using a migration effectiveness calculation,

giving an indication of the degree of interchange between the population size ranks. The

authors found that the most unbalanced flows were down the urban hierarchy, indicating

a degree of population deconcentration in the mid-1990s. Manson and Richard E. Groop

(2000) found similar results in movement down the urban hierarchy in the mid-1990s and

that migration from large central cities to adjacent suburbs led to increases in economic

disparity.

Using IRS county-to-county migration data for the 1990 through 2010 period, DeWaard
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et al. (2020a) examine the internal migration rate via four different movement types: non-

metropolitan-to-non-metropolitan, non-metropolitan-to-metropolitan, metropolitan-to-non-

metropolitan, and metropolitan-to-metropolitan. The author’s find that changes in the inter-

nal migration rates of the four movement types are a function of the spatial interconnectivity

of the migration system (the number of county-to-county ties). Over time, the metropolitan-

to-non-metropolitan migration rate decreased and the metropolitan-to-metropolitan migra-

tion rate increased. The decreasing metropolitan-to-non-metropolitan migration rate during

the 1994 through 2010 period and the increasing non-metropolitan-to-metropolitan migra-

tion rate in the 1995 through 2007 period suggest that population is concentrating.

Cycles of metropolitan and non-metropolitan growth are visible in the IRS’s county-to-

county household movement. Figure 4.1 features the net migration rates for metropolitan

and non-metropolitan areas for each year during the 1990 through 2015 period. There are two

sets of migration rates. Graphic A features migration rates holding the 1990 metropolitan

categories constant and graphic B features migration rates using the most current metropoli-

tan definitions for each year. Throughout this chapter and where prudent, I will showcase

rates and counts using the 1990 metropolitan categories and the contemporary year defini-

tions. This is to underscore how information about population and household movement is

dependent upon the metropolitan classification scheme. However, all subsequent analysis is

done using the fixed 1990 metropolitan categories. The 4.2.1 section, page 129, describes in

further detail metropolitan and non-metropolitan classifications.

Graphic A in 4.1 shows that the non-metropolitan migration rate was increasing from

1990 through 1994, decreasing from 1995 through 2000, increasing again from 2001 through

2005, decreasing from 2006, 2007, 2008, a brief increase in 2009, and then decreasing and

generally flat beginning in 2010 through 2014. In 2015, the non-metropolitan migration rate

was again increasing. Graphic B, using the current year metropolitan definitions, shows

a similar shaped curve, but with one key difference: the positive net migration rate seen

in 2001 through 2006 using the 1990 metropolitan definitions is removed when using the

contemporary year definitions. This indicates that non-metropolitan growth in the 2000s
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Figure 4.1: Net migration rate by metropolitan status, 1990-2015

was to areas that were reclassified as metropolitan in 2000.

Some rural areas are experiencing depopulation due to chronic net out-migration coupled

with natural decrease (Johnson and Lichter 2019). Young people of child-bearing age migrate

away from non-metropolitan areas leaving behind an older population approaching end-of-

life. Johnson and Lichter highlight how some rural counties have experienced population

increases on account of Hispanic in-migration, amenity, and retirement migration. Retiring

baby-boomers migrating to non-metropolitan counties generate demand in local services

which in turn attracts Hispanic in-migration (Nelson et al. 2009). McGranahan et al. (2011)

illustrate the conditions driving outmigration from non-metropolitan counties and find that

low population density, isolation, and lack of outdoor amenities promote outmigration. The

authors also state that rural areas in general lose young adults and gain families and retirees.

A host of destination amenities are examined during retirement moves by Duncombe et

al. (2001) and Taylor (2011) and both studies find that migration is driven in part by a

desire for a location in an area rich with amenities yet close enough to maintain contact with

networks developed in more urban areas. Examining the life-history of migrants returning
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to rural communities, Reichert et al. (2014) and Wall and Von Reichert (2013) find that

the reasons for return to rural areas are family, career, and community bonds even though

lack of rural employment opportunities presents barriers for some people to return. Other

researchers have investigated return migration to rural areas in Sweden (Lundholm 2012) and

Northern Ireland (Stockdale et al. 2013) and found that attachment to place (as examined

through place of birth in the case of Sweden) and childhood memories (in the case of Northern

Ireland) influence migration to rural areas. Implicit in these studies is that migration to and

from non-metropolitan areas is a function of the age of the migrant.

The regularity of the age profile of migration is well documented (Castro and Rogers

1984; Little and Rogers 2007; Pandit 1997; Plane 1993; Plane and Heins 2003; Plane and

Rogerson 1991). Migration rates peak in early adulthood and a second, smaller peak is

seen in retirement age. Johnson et al. (2005) examine spatial and temporal changes in age-

specific net migration rates over a period beginning in the 1950s and ending in the 1990s.

Not only do age-specific migration rates vary by decade, but migration rates also vary by

the metropolitan status of the county. Migration rates peak for people in their late 20s in

core metropolitan counties, across multiple periods. In non-core metropolitan counties, new

metropolitan counties, and non-metropolitan counties, migration rates peak for people in

their early 30s (Johnson et al. 2005). Migration at specific ages is not simply a function

of the migrant’s age, it is frequently a function of the migrant’s stage in the life course

stage. Indeed, it has long been shown that the propensity to migrate is a function of the

migrant’s stage in the life course (Rogers et al. 2002) and mobility coincides with major

life course transitions (Clark and Withers 2009). Bernard et al. (2014) examine life course

transitions and the age profile of internal migrants in a little over two dozen countries. In the

cross-national comparison of internal migration rates, the authors show that migration age

profiles mimic the age structure of key life-course transitions such as completing education,

entering the labor force, partnering, and having a child. The authors do state that life-

course transitions do not always include migration and vice-versa. Part of Bernard et al.’s

2014 work echoes Roseman’s (1983) and Miller’s (1973) finding that employment reasons are
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the biggest driver of interstate migration, at least during the 1970s.

The causes of the periods of growth and decline in the net migration rates shown in

Figure 4.1 and in previous research is a subject of discussion as reasons for migration to

metropolitan and non-metropolitan areas vary. Williams and Sofranko (1979) find that

quality of life is a factor determining nonmetropolitan in-migration. Dillman (1979), in a

review of the literature, found that Americans would prefer to live in more rural areas, but

commuting and employment constraints necessitated a residential location in more urban

areas. Long and DeAre (1988) find that nonmetropolitan growth is sensitive to business

cycles. Others cite amenities, such as opportunities for outdoor recreation and pleasant

weather, as reasons for migration, often in retirement, to non-metropolitan areas (McGrana-

han et al. 2011; Rappaport 2007). Graves (1979) looks at each destination city as supplying

bundle of goods - labor market vitality, income, and climate amenities - and examines migra-

tion between metropolitan areas as tradeoffs of those goods. Movement is made to maximize

purchase of those goods, with amenities a strong determinant of migration. Greenwood and

Hunt (1989) critique Graves’ conclusion and find that employment matters more. Though in

a follow up study, Greenwood et al. (1991) find that amenities are in part driving migration

to western and southern states. Scott (2010) finds that employment opportunities matter

more than amenities for working age engineers.

Several of the determinants for a decline in migration are also determinants of movement.

In explaining declining migration rates, Kaplan and Schulhofer-Wohl (2017) find that the

decline in migration is due to a decline in geographically specific returns to wages and

Rupasingha et al. (2015) find that the determinants of metropolitan-to-non-metropolitan

and non-metropolitan-to-metropolitan migration include population density, industry mix,

natural amenities, and the percentage of older people explain the trends in migration in both

the 1995-2000 period and the 2005-2009 period. Withers and Clark (2006) find that changes

in housing affordability after a move influence the participation of women in the labor force.

Using data pertaining to the 1986 through 1993 period, the authors find that for families

moving to more affordable areas, wives are more likely to exit the labor force and conversely,



125

enter the labor force when moving to a less affordable area. Sasser (2010) also showcases

how housing affordability is an increasing factor in the determinants of internal migration

for the years 1977 through 2006 using IRS data. Metropolitan and non-metropolitan net

migration rates go through periods of decline and growth and the destinations that migrants

select is a function of the life-course. Concluding their paper with a remark about the new

forms of migration in the US, Plane et al. (2005, p. 15318) state that “[m]igration reflects

qualitatively and quantitatively different determinants at the various key stages of the life

course. No longer are most migrants excess laborers in rural areas flocking, by steps, into

rapidly industrializing cities; today’s U.S. internal migrants are people who find themselves

in the wrong places at the wrong times in their lives.”

The resolution of this spatial and temporal mismatch, migration, is evident in Figure 4.1,

page 122. This chapter contributes to the discussion on the spatially of internal migration by

looking beyond migration rates and instead at the determinants of movement between, to,

and from metropolitan and non-metropolitan counties as functions of the age structure and

other place-based characteristics of the origin and destination counties. Several studies have

focused on describing the rates of metropolitan (Plane et al. 2005) and non-metropolitan

migration (Fuguitt and Beale 1996). And several of the previous studies have examined the

spatial and temporal variation in age specific component of migration (Johnson et al. 2005).

And several studies have identified the determinants of migration (age, economic indicators,

and amenities. Finally, DeWaard et al. (2020a) use an identical movement classification

scheme to investigate the decline in migration as a function of spatial interconnectivity.

This research investigates an aspect of the spatiality of internal migration by examining the

determinants of four different types of internal migration over time.

The geography of the outcome of the four types of movement, net migration, is visi-

ble in the maps in Figure 4.2, page 126. The seven maps (graphics A through G), bar

plot (graphic H), and accompanying legend (graphic I), illustrate the spatial and temporal

trends in net migration which is the sum of households entering a county minus the sum of

households exiting a county. Net migration is disaggregated by household flows to and from
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Figure 4.2: Net migration by composition, 1990-2015
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non-metropolitan counties and household flows to and from metropolitan counties. Dark red

indicates that a county had a positive net migration rate and drew a surplus of households

from both metropolitan and non-metropolitan counties. Lighter shades of red still indicate

a positive net migration rate, but a component of the net migration composition is negative.

For example, a county could have a positive metropolitan net migration rate and a nega-

tive non-metropolitan migration rate, but more households came from metropolitan counties

than from non-metropolitan counties. A county shaded dark blue indicates that more house-

holds moved to both non-metropolitan and metropolitan counties than households moved in

from non-metropolitan and metropolitan counties. Lighter shades of blue indicate an overall

negative migration rate, but some component is positive. There are six categories total:

three positive and three negative.

Graphics A through F show the net migration by composition for years 1990, 1995, 2000,

2005, 2010, and 2015. Graphic G is the 26-year total of net-migration by composition.

Graphic I features the legend and graphic H features a bar plot with the proportion of the

counties in each category over time. With the exception in the early 1990s, more counties

featured negative net migration rates than positive net migration rates indicating that pop-

ulation is concentrating. More counties featured positive net migration in the early 1990s

indicating that population was deconcentrating. This period coincides with the positive

non-metropolitan net migration rate seen in Figure 4.1, page 122. The greater the share of

negative net migration rates, the greater the degree to which population is concentrating.

Most population gain is from households migrating from metropolitan counties and most

population loss is from households migrating to metropolitan counties. This is in effect,

migration up and down the urban hierarchy (Plane et al. 2005). There are small numbers of

counties where households increased in number from non-metropolitan origins and decreased

in number to metropolitan origins. The distribution of this concentration is west-ward and

to the southerly and it is driven by households moving out of counties in the rust belt in

upstate New York, Pennsylvania, Ohio, Indiana, and Illinois and migration out of counties

in rural states such as North Dakota, South Dakota, Nebraska, and Iowa.
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The gains and losses featured in Figure 4.2, page 126, represent households moving be-

tween metropolitan and non-metropolitan counties. This chapter investigates the determi-

nants of that movement. Using the enhanced county-to-county migration data described

in chapter two, I estimate the yearly determinants of migration across four types of move-

ment: non-metropolitan-to-non-metropolitan movement, non-metropolitan-to-metropolitan

movement, metropolitan-to-non-metropolitan movement, and metropolitan-to-metropolitan

movement. A limitation of the IRS county-to-county household migration dataset is that it is

not possible to unpack the four types of mobility by demographic and socioeconomic charac-

teristics. For example, the age and sex or the educational attainment of the members of the

household are not known in the IRS county-to-county household migration. Certainly, much

could be gained from an analysis incorporating those characteristics. For example, Wright

and Ellis (2019) show that migrants with a STEM degree (science, engineering, technology,

and mathematics) undergraduate degree move further and are less influenced by destination

amenities.

The enhanced county-to-county household migration data do offer tremendous temporal

and spatial resolution, however. The opportunity provided by the county-to-county house-

hold migration data - yearly measurement of household movement between consistent spatial

units over a 26-year period - present a simultaneous challenge in sourcing data with com-

mensurate spatial and temporal resolutions. While previous research has identified several

factors explaining internal migration, those variables are often not available for each year

in the 1990 through 2015 period. Through the curation of publicly available data matching

the temporal and spatial resolution of the enhanced county-to-county migration data and

the application of a spatial interaction modelling framework, I will show how four types of

household movement are functions of origin and destination place-based characteristics. To

that end, this chapter will now turn to a discussion on the data used to model the four types

of county-to-county household movement.



129

4.2 Data

Several publicly available data sets power the analysis of this chapter. The numbers of house-

holds moving between counties come from the enhanced IRS county-to-county household

movement data. Of the numerous determinants of internal migration identified by previous

research, the following determinants that can be sourced from publicly available data with

spatial and temporal resolution matching the enhanced county-to-county migration data are

age structure (US Census Bureau), economic indicators (Bureau of Labor Statistics), and

outdoor amenity indicators (USDA and NOAA). In addition to these determinants, sev-

eral geographic variables are included to account for the spatial configuration of origin and

destination counties. Finally, the metropolitan and non-metropolitan classifications of the

origin and destination counties are used to identify the four different types of movement.

Identifying metropolitan and non-metropolitan counties is a critical and necessary step in

this analysis and a discussion of the metropolitan classifications is where I will begin the

discussion on the data in use in this chapter.

4.2.1 Metropolitan and non-metropolitan classifications

The Office of Management and Budget (OMB) (2010) currently defines a metropolitan sta-

tistical area (MSA) as a densely settled area with at least 50,000 people. The MSA comprises

the central county or central counties plus adjacent, outlying counties with a high degree

of social and economic integration as measured through commuting behavior. The basic

concept of the MSA has existed since the 1950s and the standards for defining metropoli-

tan counties have changed which in turn has changed the manifest of metropolitan counties

(Adams et al. 1999; Farley 2007; Klove 1952). In 2003, the OMB introduced the concept of a

micropolitan county (Office of Management and Budget 2000) which is a county featuring an

urban core with a population between 10,000 and 50,000 people. Ratcliffe (2002) notes that

the OMB views the metropolitan and micropolitan concepts as having urban form, urban

function, and a high degree of socio-economic linkages between the urban core and the outer
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edges2. Metropolitan and micropolitan counties feature urban aspects but are not expressly

and entirely urban. In fact, the Office of Management and Budget (2000, p. 82228) explicitly

states that “The Metropolitan and Micropolitan Statistical Area Standards do not equate to

an urban-rural classification; all counties included in Metropolitan and Micropolitan Statisti-

cal Areas and many other counties contain both urban and rural territory and populations.”

A non-metropolitan county is a county that is not metropolitan because it lacks the features

of a metropolitan county. A non-metropolitan county is defined by what it lacks.

As the standards for defining a metropolitan county have changed over time, so too has

the manifest of metropolitan counties. Accordingly, a county can gain or lose metropolitan

or micropolitan status. During the 1990 through 2015 period, metropolitan designations

changed 12 times (US Census Bureau 2016, 2013, 2010, 2009, 2007, 2006, 2005, 2004, 2003,

1999, 1993, 1990). During this period, 40-percent of all counties maintained a consistent

non-metropolitan designation, 23-percent of counties maintained a consistent metropolitan

designation, 17-percent transitioned form non-metropolitan to micropolitan, and 8-percent

transitioned from non-metropolitan to metropolitan. The remaining 12-percent of counties

fluctuated between a metropolitan, non-metropolitan, and micropolitan designation. Group-

ing the micropolitan category with the non-metropolitan category removes the inconsistency.

After applying this grouping, 60-percent of counties featured a non-metropolitan designation

and 23-percent featured a metropolitan designation. Eight-percent of counties transitioned

from non-metropolitan to metropolitan. The remaining 9-percent of counties fluctuated be-

tween metropolitan and non-metropolitan. Whether combining the micropolitan and non-

metropolitan classification or not, in both cases, a small percentage of counties switched from

metropolitan to non-metropolitan. Using contemporary metropolitan classification versus a

constant metropolitan classification has ramifications for the counts of people in each type

of area as well as the trends in the growth in non-metropolitan areas.

2See Morrill et al. (1999) for an alternative urban and rural classification scheme and Cromartie and
Bucholtz (2008) for a discussion of how rural areas are defined. Isserman (2005) discusses the implications
of urban and rural designations for research and public policy.
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Figure 4.3: Number of people by different metropolitan classification schemas, 1990-2015
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Figure 4.3 illustrates the effect of using each year’s then-current metropolitan classifica-

tion, graphic A, and the 1990 metropolitan classification applied to each year, graphic B.

The same data are used in each graphic, only the metropolitan classifications change. In

1990, 77-percent of the population in the US - 193 million people - were in a metropolitan

area. Using the current-year classifications, that number increased to 85-percent, 267 mil-

lion people. In the 1990 to 2015 period, using contemporary metropolitan, micropolitan, and

non-metropolitan definitions, the number of people in non-metropolitan counties decreased

from 56.7 million people to 18.5 million people. Fixing the metropolitan county definitions

to 1990 (and in the process combining the non-metropolitan and micropolitan categories),

the non-metropolitan population increased to 68.3 million people. Examining the growth of

the metropolitan population in the US since 1960, Johnson and Lichter (2020) find that the

increase in the metropolitan population was not due to growth in established metropolitan

areas, it was in the establishment of new metropolitan areas. That is, a formerly non-

metropolitan county becomes metropolitan due to reclassification by the OMB and in the

process millions of people are added (instantly) to the metropolitan population register. A

county receives a metropolitan designation by reaching a certain population threshold by

in-migration, often from metropolitan counties. Before I can describe the trends present in

both the county-to-county movement data and the numbers of people by age, it is necessary

to first establish a consistent set of metropolitan definitions going forward. As Johnson and

Lichter (2020) illustrate and as I have shown as well, the reclassification of non-metropolitan

counties to metropolitan counties has been a significant driver of metropolitan growth. From

1960 to 2017, 753 non-metropolitan counties were reclassified as metropolitan, shifting nearly

70 million residents into a metropolitan status by 2017. The growth of the share of the US

population that is considered metropolitan is due to reclassification3.

3Metropolitan classifications are not static. A recent report from the Office of Management and Budget
Office of Management and Budget (2021) recommend increasing the minimum population threshold for
metropolitan counties to be increased from 50,000 to 100,000. This would shift 19 million people from
residing in a metropolitan county to residing in a non-metropolitan county (Pipa and Geismar 2021). The
2021 proposal revisits an alternative delineation scheme from the OMB (1998) suggesting three categories
based on population size. Metropolitan counties would feature more than 100K people, mesopolitan would



133

Figure 4.4: Migrating households by 1990 metropolitan definitions, 1990-2015
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The dependent variable in all models is the number of households moving from origin

county i to destination county j in year t; this variable comes from the enhanced IRS county-

to-county migration data. The four different movement types are determined by assigning

the 1990 metropolitan classification to each origin county and each destination county in

each year in the 1990 through 2015 period. Figure 4.4 features the counts, graphic A, and

proportions, graphic B, of migrating households by the 1990 metropolitan definitions for

each year during the 1990 to 2015 period. The four movement types are non-metropolitan-

to-non-metropolitan, non-metropolitan-to-metropolitan, metropolitan-to-non-metropolitan,

and metropolitan-to-metropolitan. The number of households migrating generally increases

over time. Small dips are seen in 1995, 2002, 2008, 2009, 2013, and 2014. Aside from

2013 and 2014, these dips are generally attributed to recessions. The dips in 2013 and 2014

are the result of differences in data processing. The share of each movement type remains

remarkably consistent across the study period. On average, two-thirds of household move-

ment is metropolitan-to-metropolitan. The proportions of non-metropolitan-to-metropolitan

movement and metropolitan-to-non-metropolitan are each approximately 14-percent and

the remaining 6-percent of moves are non-metropolitan-to-non-metropolitan. The enhanced

county-to-county migration data enable an examination of migration to and from metropoli-

tan and non-metropolitan counties, usually a difficult task due to limited non-metropolitan

data sources (Foulkes and Newbold 2008).

A final visualization to underscore the differences between the four types of movement is

the degree of movement between origin and destination counties when distance is measured by

adjacency distance, or nodal distance, as opposed to a linear unit such as miles. An adjacency

distance of 1 indicates that two counties are directly adjacent, such as Los Angeles County,

CA and Orange County, CA. An adjacency distance of two indicates that the destination

county is two counties from the origin county. For example, Los Angeles County, CA has

an adjacency distance of two from San Diego County, CA, as Orange County is in between

feature a population count between 50K and 100K people and micropolitan would have a population count
between 10K and 50K people.
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Los Angeles County and San Diego County. Figure 4.5 on page 136 features the proportion

of households by movement type by adjacency distance. The data in Figure 4.5 are the

same as in Figure 4.4, just with an added distance component. Each of the four graphics

in Figure 4.5 correspond to the different movement types. Adjacency values of one through

five are singular values while values of 6 or more represent the grouped remainder. The

average distance between any two directly adjacent counties in the contiguous 48 states is

approximately 30 miles and, except for the grouped remainder category, each increment in

adjacency distance is an increase of approximately 30 miles.

The proportions across the movement types are similar across time indicating that mi-

gration patterns are consistent. In each year across the four movement types, excluding the

grouped remainder, the largest proportion of movement is between directly adjacent coun-

ties. There is a substantial difference in the proportion of households moving to a directly

adjacent county and to a county that features an adjacency distance of two. Most moves are

shorter distance across all movement types. The size of this share does differ by movement

type, however. Graphic A features the proportion of households moving from one non-

metropolitan county to another. In any given year, approximately 50-percent of households

move between directly adjacent non-metropolitan counties. This trend does increase slightly

over time. Graphics B and C, the proportion of households moving between non-metropolitan

and metropolitan and metropolitan and non-metropolitan counties, respectively, showcase

the most change. Over time, a larger share of households move between directly adjacent

origins and destinations. Graphic D features the proportions of households moving between

metropolitan counties. In any year in the 1990 through 2015 period, over 40-percent of moves

are between directly adjacent metropolitan counties. This is similar to the distribution of

movement between non-metropolitan counties: most moves are between directly adjacent

counties. The four graphics in Figure 4.5 indicate that the immediacy of more local space

satisfies the needs of mobile households. In addition, the proportion of households moving

to directly adjacent counties has implications for the output of the regression models.
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Figure 4.5: Proportion of moves by movement type by adjacency distance, 1990-2015, 1990
metropolitan definitions
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4.2.2 Population age structure

The age data from the Census Bureau were specifically chosen because of its consistent

spatial and temporal coverage: the same variables consistently tracking and measuring the

same population component year after year at the same spatial resolution. While other

county-level datasets are available, finding additional county level data both geographically

complete (the data are available for all counties) and temporarily complete (the data are

available for all years) is a challenge. The age structure variables come from the US Census

Bureau’s annual estimates of age by sex (Population Division 2020, 2016, 2000). These

data, as initially downloaded, are presented in the standard 5-year age increments by sex.

I aggregated the 5-year age groups by sex into the following combined-sex and age groups:

ages 9 and younger, ages 10-19, ages 20-29, ages 30-39, ages 40-49, ages 50-59, and ages 60

to 70, ages 70-79, and ages 80 and older. The population in the US was approximately 250M

in 1990 and increased by 64M to approximately 314M in 2015.

Using the 1990 metropolitan definitions, the number of people in metropolitan counties

was approximately 193M and increased to 245M by 2015. The number of people residing

in non-metropolitan counties, using the 1990 metropolitan definitions, was approximately

57M in 1990 and increased to 68M by 2015. Figure 4.6 on page 138 features three graphics

showcasing the count of people by age group, graphic A, and the proportion of the population

in each age group by metropolitan status, graphics B and C. Graphic A shows how the raw

count people has increased over time. In general, metropolitan counties tend to skew slightly

younger than non-metropolitan counties. Graphics B and C show the aging of the US. In

1990, the population under 40 in metropolitan counties was approximately 63-percent and

60-percent in non-metropolitan counties. By 2015, the population under 40 had dropped 10

percentage points for both metropolitan and non-metropolitan counties. Over 50-percent of

the population is under 40 in metropolitan counties while in non-metropolitan counties, the

population under 40 is 50-percent.

Each of the nine age groups are to be used as both origin and destination variables in the
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Figure 4.6: Counts and proportions of the population by age group and metropolitan status,
1990-2015
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subsequent regression models. Structuring the regression models by these age groups enables

the generation and comparison of age-specific population level push and pull factors. While

a gravitational theory of human mobility suggests that increases in any one age group in the

origin or the destination would increase push and pull factors respectively, previous studies

have shown that mobility is differentiated by age group. Because of this, I assume that age

differentials will show up in the regression coefficients.

I hypothesize the following rank order of each coefficient in any year for all four movement

types: Ages 20-29 ¿ Ages 30-39 ¿ Ages 9 and younger ¿ Ages 60-69 ¿ Ages 40-49 ¿ Ages 50-59

¿ Ages 10-19 ¿ Ages 70-79 ¿ Ages 80 and older as evidenced by Johnson et al. (2005). Given

that most studies have shown greater rates of mobility in younger adults, I hypothesize that

this group will feature the largest coefficients. The group with the second largest coefficient is

the ages 30-39 group. I hypothesize that the ages 9 and younger group will feature the third

largest coefficients on account of children of that age tend to live with younger adults. The

ages 60-69 group will feature the fourth largest coefficients on account of the spike in mobility

amongst retirement age adults. The ages 40-49 group and the 50-59 group will feature lower

coefficients as this group is settling into careers. Similarly on account of having parents in

the 40-49 group and the 50-59 group, the ages 10-19 group will feature lower coefficients.

Finally, I expect the ages 70-79 and the 80 and older groups to feature the lowest coefficients.

For movement originating in non-metropolitan areas, I hypothesize that younger populations

will generate greater push factors. For movement terminating in non-metropolitan areas, I

hypothesize that older populations will generate greater pull factors. The coefficients for older

age groups for moves originating in metropolitan areas will generally be greater on account

of older people moving out of metropolitan areas. For moves terminating in metropolitan

areas, the coefficients for younger age groups will be greater.

4.2.3 Economic indicators

There are three economic indicators in use in this chapter. The first two, the county level

unemployment rate and the county level annual average pay, both come from the Bureau
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of Labor Statistics (BLS). The third variable, median house value, comes from the Decen-

nial Census and the American Community Survey. The labor market data feature monthly

estimates of the number of employed workers, unemployed workers, and the unemployment

rate in each county in each year (Bureau of Labor Statistics 2020). The Local Area Unem-

ployment Statistics program within the Bureau of Labor Statistics produces these estimates

based on data from the Current Population Survey, the Quarterly Census of Employment

and Wages, and the American Community Survey. Data from these sources, along with state

unemployment insurance claims, are combined to produce the estimates of the number of

unemployed workers. The multiple data sources in use enable the BLS to include agricultural

workers, self-employed workers, unpaid family workers, and private household workers in the

estimates. Because the unemployment data are at the county scale, I can visualize measures

of central tendency for the distributions of metropolitan and non-metropolitan for each year

in the 1990 through 2015 period. Figure 4.7 on page 141 features this information.

Graphic A in Figure 4.7 features the distribution of the number of unemployed people

per county and graphic B features the distribution of the unemployment rate per county.

Both graphics feature the distributions split by metropolitan counties, shaded dark grey,

and non-metropolitan counties, shaded purple. The boxplots in each year show the median

and inter-quartile range for each group of counties. A line plot was added to show the

yearly average for each group. Metropolitan counties, on average, feature greater numbers

of unemployed people compared to non-metropolitan counties. This is to be expected given

the larger population size of metropolitan counties. The unemployment rate peaked in

1992, decreased throughout the 1990s, rose throughout the early 2000s, and decreased from

2003 through 2007. The unemployment rate peaked at approximately 7-percent in 2010 - the

height of the great recession - and gradually declined. Some counties featured unemployment

rates in the high teens in 2010. During the 1990 through 2008 period, the unemployment

rate for metropolitan counties was less than the unemployment rate for non-metropolitan

counties. Beginning in 2009 and lasting through 2012, the period corresponding to the Great

Recession and the recovery, the average unemployment rate in both metropolitan and non-
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Figure 4.7: Distribution of the count and rate of unemployment, 1990-2015
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metropolitan counties were approximately identical. By 2013, the unemployment rates were

again diverging, and metropolitan counties featured lower rates of unemployment.

I hypothesize that high levels of unemployment will push people out of metropolitan and

non-metropolitan counties and that lower levels of unemployment will pull people towards

destinations. I hypothesize that the effect will be stronger in metropolitan areas. In each

year in the study period, the distribution of the unemployment rate for metropolitan coun-

ties was more narrow than the distribution of the non-metropolitan unemployment rate.

This research will show how differentials in unemployment rates translate to differentials in

mobility determinants when examined across the four movement types. It could be that

unemployment propels households in both metropolitan and non-metropolitan counties in a

similar manner.

The Bureau of Labor Statistics’ Quarterly Census of Employment and Wages (QCEW)

provides quarterly counts of employment and wages as reported by employers (Bureau of

Labor Statistics 2021). The primary source of QCEW data is administrative data from state

unemployment insurance programs. Additional data sources include surveys conducted by

the BLS. Together, the QCEW covers more than 95-percent of employment. QCEW data

are available at multiple geographic scales and feature counts of employment and wages for

about a dozen industries. Wages are reported in several forms: an annual aggregate total, an

average annual weekly wage, and an annual average pay. I will use the annual average pay as

an explanatory variable because this variable reflects the cost of labor as well as providing an

indicator of the cost of living. Counties with higher annual average pay are assumed to have

a higher cost of living. Similar to the BLS’s measures of unemployment at the county level, I

can showcase the differentials in annual average pay by metropolitan and non-metropolitan

counties.

Figure 4.8 on page 141 features the distributions of the annual average pay in 2020 dol-

lars for metropolitan and non-metropolitan counties. The average annual average pay for

both metropolitan and non-metropolitan counties, represented in grey and purple, respec-

tively, increased over time. The annual average pay is greater in metropolitan counties than
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Figure 4.8: Distribution of annual average pay, 1990-2015
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in non-metropolitan. From 1990 through 1994, the 25th annual average pay percentile in

metropolitan counties generally matches the 75th annual average pay percentile. Starting in

1995 and ending in 2007, the 25th annual average pay percentile in metropolitan counties and

the 75th annual average pay percentile in non-metropolitan counties were diverging, suggest-

ing that wages in metropolitan counties were growing more quickly than in non-metropolitan

counties. By 2008, the 25th and 75th percentiles in the metropolitan and non-metropolitan

counties respectively were converging. In practice, this means that in any given year, the

upper end of the annual average pay distribution in non-metropolitan counties is at parity

with the lower end of the annual average pay distribution in metropolitan counties. Labor

is paid more in metropolitan counties. Certainly, this is a function of the types of industries

present in metropolitan counties and less a function of the metropolitan categories them-

selves. I hypothesize households will move from counties with lower relative annual average

pay to counties with higher relative annual average pay. Households will be less likely to

move to a county with a lower relative wage.

The final economic indicator, median house value is only available for years 1990, 2000,

and a five-year average from 2008 through 2012. The 1990 and 2000 values come from

the 1990 and 2000 Censuses of Population and Housing, respectively and the averaged

2008 through 2012 data come from the American Community Survey. All data were ob-

tained through the National Historical Geographic Information System (Manson, Steven et

al. 2020). Because the median house value of each county is not available for each year, I am

carrying forward the values as supplied through decennial censuses for 1990 and 2000. Cen-

sus 2000 was the last year of the 1-in-6 household long-form survey which generated detailed

socio-economic data. Since 2009, data from the waves of the five-year American Community

Survey have replaced the long form data. I am using the 2008 through 2012 wave because

2010 falls in the middle of the wave. The median home value for 2010 represents the average

median home value during the five-year period beginning in 2008. Figure 4.9 on page 145

shows the distributions of median house value for 1990, 2000, and 2010 in 2020 dollars. The

average median house value is greater in metropolitan counties.
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Figure 4.9: Distributions of median house value, 1990, 2000, and 2010, (2020 dollars)
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4.2.4 Natural amenities

The variables used to investigate local area amenities are the number of inches of precipitation

in Winter and the number of heating degree days (HDD) from the National Oceanic and

Atmospheric Administration US Climate Divisional Database (Vose et al. 2014) and the

USDA’s natural amenity scale (McGranahan 1999). A heating degree day is the number of

degrees below the average, usually 65-degrees Fahrenheit, in a one-day period (US Energy

Information Administration 2021). For example, a hypothetical county has a temperature

of 47 four days in a row. The difference between 65-degrees and 47-degrees is 18-degrees.

Over the four-day period, the HDD for the hypothetical county is 72. I have aggregated the

monthly counts to quarters to correspond to the seasons of the year. I will use measurements

of HDD and total precipitation in January, February, and March to correspond to winter.

These three months are chosen because these are bleak cold months in many areas of the

US. In addition, results from the 1990s show that the weather drove population to warm,

dry areas (Glaeser and Shapiro 2003). In addition, Wright and Ellis (2019), show that

amenities do influence some migrants - those without a science, technology, engineering, or

mathematics degree - and not others.

Figure 4.10 shows the distributions of the total number of inches of precipitation in Win-

ter, graphic A, and heating degree days, graphic B, for metropolitan and non-metropolitan

counties. While there are metropolitan counties and non-metropolitan counties through-

out the country, suggesting a conclusion that weather in more southern counties would

average out weather in more northern counties. This is not necessarily the case. On av-

erage, metropolitan counties feature a greater number of inches of precipitation than non-

metropolitan counties and non-metropolitan counties feature a greater number of heating

degree days than metropolitan counties. In general, in Winter, metropolitan counties are

colder and wetter than non-metropolitan counties. This is reflecting the spatial distribution

of metropolitan and non-metropolitan counties. There are many metropolitan counties in

the Northeast of the US, famous for its cold and wet winters and many non-metropolitan
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Figure 4.10: Distributions of the total number of inches of precipitation and heating degree
days in Winter, 1990-2015
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Figure 4.11: Spatial distribution of the amenity index

counties in arid and warmer portions of the western US. I hypothesize that increases in

the number of heating degree days will increase outgoing migration from both metropolitan

and non-metropolitan counties as will increases in the number of inches of precipitation.

Households will move to warmer and drier areas.

The natural amenity index is produced by the Economic Research Service at the United

States Department of Agriculture. The index is a composite of the types of outdoor and

natural amenities people tend to find appealing (McGranahan 1999). The index includes

average measures of temperature, the average hours of sunlight, the land surface form, and

the percent of the county that is covered in water. The spatial distribution of the amenity

index is displayed in Figure 4.11. Counties in the plains score lower on the amenity index

than counties in the western portion of the US. It is assumed that counties with a low amenity

index will increase flows of outgoing households and counties with a higher amenity index

will attract households.
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4.2.5 Distance and spatial structure

In addition to the age structure, amenity, and economic variables, I will include five geo-

metric structure variables. Three of these variables are specific to the county-to-county pair

and the other two are specific to each origin and destination county. The first geometric

structure variable is the number of miles between the origin and the destination. This is the

same distance measurement used in chapter three. Increases in distance mean less move-

ment, ceteris paribus, and so this coefficient should always be negative. The second variable

pertaining to geometric structure is a Boolean variable indicating whether not the origin

and destination are directly adjacent. This variable is included to account for differences in

county sizes and residential mobility. I expect this coefficient to always be positive indicating

the desirability of a destination near the origin but offering something the origin does not

currently feature. The third geometric structure variable is a Boolean variable indicating

if the origin and destination are in the same state. I am including this variable for several

reasons. First, the previous chapter demonstrated the utility of including this variable via an

increased goodness-of-fit and an increase in the explanatory power of the models. Second, I

am including this variable to show the importance of intrastate migration in relation to in-

ternal migration. State borders focus and direct migration and including this variable helps

control for the effect of state borders. Over 50-percent of internal migration, as featured

in the IRS county-to-county, is within-state (see Figure 2.5 on page 33 for a visualization).

Third, I am including this variable to account for movement from one end of a state to an-

other for particularly long moves. I hypothesize this variable to always be positive indicating

that within-state destinations are more attractive than out-of-state destinations4.

The final two geometric structure variables are the origin and destination accessibility

measures, the same measure used in chapter three. This measure is conceptualized and

operationalized in Yano et al. (2003) and is defined mathematically as:

4Distance is almost always included in models of this type. However, other researchers have found unique
results when removing the nuisance factor of distance (Herting et al. 1997) or modeling distance as an
outcome (Plane 1984).
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Aj =
∑
k(6=j)

Pk
djk

(4.1)

The accessibility of area j is defined as the sum of the population of area k for all k 6= j

divided by the distance between j and k. This measure gives a sense of the total number

of people-miles each area j is from other areas. Higher values of Aj indicate that j is more

accessible to a population while lower values of Aj suggest that j is less accessible as djk grows

larger. This variable is included because of its ability to control for the spatial structure of US

counties, the distribution of population, and its ability to improve model fit. I hypothesize

that for increases in origin accessibility and destination accessibility, the expected migratory

outflow and the expected migratory inflow will decrease as these counties reflect nearness to

other population centers and therefore greater access to amenities. Figure 3.5 on page 94

features the statistical and spatial distribution of this measure.

Concluding this section on the data is Table 4.1, which features the source and the

expected sign of the coefficients in use in the models. I expect the sign of all age variables to be

positive, given the gravitational modelling framework I will use. I expect the unemployment

rate variable to propel households from the origin and dampen destination inflows. For the

annual average pay variable, I expect the origin-based coefficients to be negative because a

higher annual average pay is a positive and will dampen outgoing flows and I expect the

opposite for the destination coefficient: higher annual average pay will attract households.

For the median house value variable, I expect the origin coefficients to be positive because

households will want to relocate to areas with a lower cost of living and I expect areas with

a high cost of living, as evidenced by a higher median house value, to be viewed negatively

and therefore areas with a high cost of living will dampen incoming flows. Wet and cold

winters will propel households and dry and warm winters will attract households. Conversely,

counties with a higher amenity score will dampen outgoing flows and attract incoming flows.

Finally, I expect the distance between counties to decrease movement between the origin

and the destination while I expect the adjacency and within-state coefficient to be positive.
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Table 4.1: Source and hypothesized sign of variables

I expect the accessibility coefficients to be negative on account of the spatial distribution of

the accessibility variable - higher accessibility measure in the eastern portions of the country.

Households are generally moving west and the accessibility measure is less in the western

portion of the country.

4.3 Model specification

The modelling framework in this chapter considers county origins I and county destinations

J by each county’s metropolitan and non-metropolitan status. This enables the comparison

of the four types of household movement by origin push factor and destination pull factors.
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This work includes origin factors (as opposed to just destination pull factors) because those

have been found to be significant in determining out-migration (Clark and Ballard 1980).

This consideration of movement is possible because of the work undertaken in chapter two

wherein I estimated the explicit origins and destinations of all county-to-county household

movement. The combination of 26-years of household movement data at a semi-fined grained

spatial resolution with origin and destination explanatory variables is further enhanced by

the specification for four different model types. This is done to accentuate the differences

between moves to non-metropolitan and moves to metropolitan areas.

The modeling strategy is to expand upon the base gravity model:

Tij =
XiXj

Dij

(4.2)

By including vectors of origin specific variables, destination specific variables, and pair-

wise specific variables to fit four models per year for a total of 104 models. The observations

for each model are selected to reflect the four different types of movement per year and with

26-years of household movement data a total of 104 models will be fit:

1. 26 models featuring non-metropolitan-to-non-metropolitan movement.

2. 26 models featuring non-metropolitan-to-metropolitan movement.

3. 26 models featuring metropolitan-to-non-metropolitan movement.

4. 26 models featuring metropolitan-to-metropolitan movement.

Models one and three will describe how place-based characteristics contribute to non-

metropolitan settlement and counter-urbanization. Models two and four will illustrate how

different determinants promote metropolitan settlement. The dependent variable is assumed

to follow a Poisson distribution (Flowerdew and Aitkin 1982). Counts of households moving

from origin county i to destination county j are linked to a linear combination of logarith-

mically transformed origin and destination specific variables:
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λij = exp(βxilog(Xi) + βxjlog(Xj)− βDij log(Dij)) (4.3)

In the reduced-form model in equation 4.3, Xi is the vector of origin specific variables, Xj

is the vector of destination specific variables, and Dij is a vector of variables describing the

spatial relationship between each origin i and each destination j. All variables, except for

the Boolean variables, are log-transformed to accommodate the logarithmic-link specification

necessary for modelling data with a Poisson distribution. Given the distribution of the

dependent variables, several large county-to-county flows and many small county-to-county

flows, I will account for this over-dispersion by using a quasi-Poisson model. Another option

would be to use a negative binomial model. The Poisson model assumes the variance of

the dependent variable is equal to the conditional mean of the dependent variable. The

quasi-Poisson model treats the variance of the dependent variable as a linear function of

the mean and the negative binomial model treats the variance as a quadratic function of the

mean. Because of this treatment, large and small counts are weighted differently in the quasi-

Poisson model versus the negative binomial model. In a negative binomial model, smaller

counts are given more weight than in a quasi-Poisson model whereas weighting is constant

in a quasi-Poisson model (Ver Hoef and Boveng 2007). For this modelling exercise, using the

quasi-Poisson specification will give equal weight to all county-to-county flows which in turn

will generate coefficients within a more compressed range of values speaking to the push and

pull factors of each variable by movement type.

4.4 Results

The 104 regression models were fit using R 4.04. The goodness-of-fit of these models was

judged by the percent-of-deviance explained. The percent of deviance explained ranges

from 68-percent to 88-percent. In general, the non-metropolitan-to-non-metropolitan and

metropolitan-to-metropolitan models perform better than the non-metropolitan-to-metropolitan

and metropolitan-to-non-metropolitan models. The non-metropolitan-to-non-metropolitan

and metropolitan-to-metropolitan models explaining an average of 76-percent and 87-percent
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of the deviance, respectively. The non-metropolitan-to-metropolitan and the metropolitan-

to-non-metropolitan models explain greater deviance over time. These 104 regression mod-

els generated 3,640 coefficients (35 covariates * 4 models per year * 26-years) and all

but 174 of these coefficients, 95.2-percent, are significant at the 0.05 level. This is to

be expected given the large sample size in each movement type. The non-metropolitan-

to-non-metropolitan models feature approximately 5.5 million records per year, the non-

metropolitan-to-metropolitan and metropolitan-to-non-metropolitan models each feature ap-

proximately 1.8M records per year, and the metropolitan-to-metropolitan models each fea-

ture approximately 0.6M records per year. There are few patterns within the non-significant

coefficients. The spatial structure variables are always significant. As are the coefficients

for children and teenagers ages 10 through 19 and adults ages 20 through 29. Over half

of the non-significant coefficients are in the other age variables. All non-significant coeffi-

cients feature a value near zero. Approximately 32-percent of the non-significant coefficients

come from the metropolitan-to-metropolitan models with years 1991 through 1995 and 2008

through 2010 featuring the most non-significant coefficients. The year with the models fea-

turing the most non-significant coefficients, 11, is 1996. The year with the least is 2007 with

2 non-significant coefficients.

I have a prepared a line graph illustrating each coefficient’s trend over time for each move

type. In addition, I have included the 95-percent confidence interval for each coefficient.

Due to the large sample in each model, the confidence intervals are small and not always

discernable in the visualizations. The distance, spatial structure, economic, and amenity

variables are colored by movement type while the age structure coefficients are colored by

age group. Movement types with the same origin and destination categories are colored

with darker hues while movement types with different origin and destination categories are

colored with lighter hues. Moves originating in non-metropolitan counties are colored purple

and moves originating in metropolitan counties are colored shades of grey. Non-significant

coefficients are identified by a green dot in the spatial structure, economic, and amenity

variable graphics and a black dot in the age group graphics.
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The choice to differentiate by movement type or age group is done to facilitate comparison

within and across determinants. These coefficients were generated from a generalized linear

model. Given the specification of the model, values of a coefficient less than zero indicate that

a coefficient is dampening outgoing or incoming migration flows and values of a coefficient

greater than zero indicate that a coefficient is increasing outgoing or incoming flows. A

negative coefficient indicates that the effect on household movement is divisive and positive

coefficients indicate the effective is multiplicative. I will first describe the trends present

in the distance and spatial structure variables followed by the age structure variables, the

economic variables, and finally the amenity variables.

4.4.1 Distance and spatial structure

The visualizations of the distance and spatial structure coefficients feature coefficients colored

by movement type. Figure 4.12 on page 156 features the coefficients of distance, graphic

A, the county adjacency indicator, graphic B, and the within-state indicator, graphic C.

Note that the y-axis is graduated differently in each graphic to better emphasize the trends

present in each coefficient. Because the distances between counties are fixed and the county

metropolitan classifications are fixed to 1990, the regression coefficients are only influenced

by the numbers of households moving between the various sets of origins and destinations in

any given year.

For all move types, distance is a deterrent to movement between counties as all coefficients

are negative during the 1991 through 2015 period. For all move types, beginning in 2012,

the distance coefficient grew less negative indicating that households were moving further.

The coefficients showcasing the effect of nearness and borders on movement are presented in

graphics B and C in Figure 4.12. Graphic B shows the coefficient for directly adjacent origin

and destination counties and graphic C shows the coefficient for origin and destination coun-

ties within the same state. The adjacency coefficient, for all models, is quite large indicating

that regardless of movement type, a move to an adjacent county is preferential. Especially so

for non-metropolitan-to-non-metropolitan movement. The coefficient for households in non-
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Figure 4.12: Coefficients of distance and nearness by move type, 1990-2015
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metropolitan counties moving to directly adjacent non-metropolitan counties peaked in 2011

indicating that directly adjacent destinations were less of a draw. For non-metropolitan-

to-metropolitan and metropolitan-to-non-metropolitan moves, adjacent counties generated

more movement. Moves between adjacent metropolitan counties trended upwards during

the study period. In general, the adjacency coefficients for metropolitan-to-metropolitan

moves and metropolitan-to-non-metropolitan moves are more similar to each other in any

given year, than when compared to the non-metropolitan-to-non-metropolitan coefficients

and the non-metropolitan-to-metropolitan coefficients. This is in part due to the adjacency

variable acting as a pseudo-proxy for residential mobility. For moves that originate in a

metropolitan area that then terminate in a non-metropolitan area, these are households

moving to non-metropolitan counties adjacent to metropolitan counties, possibly reflecting

a desire to stay near known employment centers and social networks. For moves originating

in non-metropolitan counties and terminating in adjacent metropolitan counties is still pref-

erential, but less so when compared to metropolitan-to-non-metropolitan moves, indicating

that non-metropolitan households move further to metropolitan destinations.

The positive coefficients in graphic C in Figure 4.12 illustrate how within-state destina-

tions draw additional households across all movement types. State borders matter for internal

migration. The movement types exhibit minor year-over-year change during the 1990 through

2011 period indicating a consistent preference for within-state destinations. The smallest co-

efficients are seen in metropolitan-to-metropolitan movement while the largest coefficients are

seen in non-metropolitan-to-non-metropolitan movement. For metropolitan-to-metropolitan

movement, this means that within-state metropolitan origins and destinations, while still

generating additional flows of households, are not as generative as movement between non-

metropolitan counties. Non-metropolitan origins and non-metropolitan destinations in the

same state generate more relative movement between them when compared to metropolitan

origins and metropolitan destinations in the same state. The similar coefficients for non-

metropolitan-to-metropolitan and metropolitan-to-non-metropolitan within-state movement

suggest similar migration streams between the two movement types. Starting in 2013 each
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Figure 4.13: Coefficients of accessibility by move type, 1990-2015

movement type featured a greater affinity for an in-state destination. It is worth nothing that

some of the variation in the coefficients is due to a change in IRS data tabulation procedures

(DeWaard et al. 2020b; Pierce 2015).

The origin and destination accessibility coefficients are presented in Figure 4.13 on page 158.

The accessibility coefficients are negative for all years indicating that increases in both the

origin county’s accessibility and the destination county’s accessibility decrease the expected

count of flows moving between an origin and a destination. At first, this seems counterin-

tuitive, but reviewing the accessibility measure will illustrate the mechanism driving these

values. The accessibility measure is the sum total of the number of households-per-mile that

would have to move to reach a focal county. As this measure is a sum of ratios, increasing the

numerator (more households) or decreasing the denominator (shorter distances) increases the

accessibility measure. More centrally located counties have higher accessibility measures as
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do counties in the eastern half of the US. The counties with the largest accessibility measures

are small counties close to large population centers. A heavily populated county will have a

lower accessibility measure than its sparsely populated neighbor. Therefore, this relationship

is inversely proportional with population size: as the population of a focal county increases,

the accessibility measure of the county decreases and therefore less populated counties are

going to have greater accessibility measures. In this sense, the origin and destination accessi-

bility measures showcase a county’s emissive potential and attractive potential as a function

of the county’s population size and relative spatial position. A county’s population size and

relative spatial position matters more so for destinations, as indicated by the more negative

values, than for origins, regardless of move type. Phrased differently, a county with a large

accessibility measure (a less populated county), is going to dampen incoming flows more so

than it will dampen outgoing flows. This is especially so for metropolitan-to-metropolitan

movement. The similarity of the coefficients over time reflects the degree to which distance

and metropolitan categories are held constant.

4.4.2 Age structure

The nine age structure variables show how different age groups promote, or dampen, out-

going or incoming household flows, respectively. While gravitational theories of movement

suggest that increases in origin or destination mass should increase interaction between the

origin and destination, and should therefore be positive, the coefficients of the age structure

variables indicate different trends. I initially hypothesized that increases in any one age

group would promote an increase in the number of inbound or outbound households and

those hypotheses would hold true over time. As will be shown, this is not the case. To com-

municate the trends in the coefficients in each of the nine age groups, I have prepared three

separate visualizations with each visualization featuring eight separate graphics and each

plot featuring coefficients for three age groups. The coefficients for the youngest age group

in each plot in each visualization are colored blue, the coefficients for the oldest age group in

each plot in each visualization are colored red, and the coefficients for the age group in the
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middle in each plot in each visualization are colored green. The rows of each visualization

pertain to the movement type and the columns of each visualization pertain to the origin

and destination coefficients. A black dot indicates a non-significant coefficient. The graphics

for each movement type feature the same y-axis scale to help with comparison across age

groups. The dependent variable in every model is the number of households moving from one

county to another in any given year. The age variables are the number of people in a specific

age group. The coefficients of the number of people in each of the nine age groups represent

the generative or attractive potential of the mass of people in these age groups. For nearly

all age groups across all movement types in all years during the 1990 through 2015 period,

the origin coefficient features a different value than the destination coefficient, regardless of

movement type. This indicates that each age groups influences outbound household migra-

tion and inbound household migration differently. Finally, what is frequently seen in each age

group - but not always - is that for coefficients across all movement types exhibit one pattern

through the 1990s, an inflection point at some time in the early 2000s, and possibly another

inflection point in the late 2000s, shortly after the Great Recession. These periods roughly

correspond to periods of positive non-metropolitan net-migration rates. Before discussing

the generative and attractive potential of each age group, I will describe a counterfactual

scenario illustrating the utility of disaggregating by age.

The counterfactual scenario

One way to ascertain the usefulness of the proposed modelling tactic of disaggregating the

origin and destination population by age groups is to examine an alternative approach: com-

bining all nine age groups into a single category or ignoring the metropolitan status of the

origin and destination. Figure 4.14 on page 162, showcases the results from an additional

set of regression models using a combined population count for the age groups. Five re-

gression models with the same specification were fit each year. The models take the same

general form as previously described with one important distinction: each model, in addi-

tion to the spatial structure covariates (distance, adjacency, within-state, and accessibility)
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and the economic and amenity variables, features only a count of the population at the ori-

gin and the count of the population at the destination: all nine age groups were combined

into a count of the total population. The five types of regression models pertain to differ-

ent forms of movement. The non-metropolitan-to-non-metropolitan model coefficients are

shaded dark purple, the non-metropolitan-to-metropolitan model coefficients are shaded light

purple, the metropolitan-to-non-metropolitan model coefficients are shaded light grey, and

the metropolitan-to-metropolitan model coefficients are shaded dark grey. An all-movement

model that ignores the metropolitan status of the origin and destination counties is included,

and it is shaded red. The results show that with some minor variation and a peak in 2011 in

the metropolitan and non-metropolitan coefficients the emissive potential of the total pop-

ulation ranges between approximately 0.75 and 1.00. Because these coefficients are always

greater than zero during the study period, the all-age groups combined population does in-

duce additional outgoing households and draw additional flows. The disaggregation of the

population into nine age groups shows how different age groups push and pull households at

different rates with variation over time.

Age groups 9 and younger, 10-19, and 20-29

The first visualization with the age structure coefficients, Figure 4.15 on page 163, features

the effect of young children ages 9 and younger, children and teenagers ages 10 through 19,

and young adults ages 20 through 29, on county-to-county movement by movement type.

Across all movement types and over time, the numbers of children nine and younger (co-

efficients colored blue) generate differentials in outgoing and incoming migration. From a

lifecourse perspective, this would suggest that at different points in time, households with

younger children are more likely to move, these households are less rooted, while house-

holds with older children and teenagers are more rooted in general. Positive destination

coefficients indicate that non-metropolitan and metropolitan destinations with children ages

9 and younger draw additional households. This would mean that households with young

children are going to move to locations where there are already young children (i.e., there are
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Figure 4.14: Coefficients of the all ages population by movement type, 1990-2015
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Figure 4.15: Coefficients off age groups nine and younger, 10-19, and 20-29, by movement
type, 1990-2015
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schools in the destination). When the coefficient for this age groups dips below zero, both the

counts of outgoing and incoming households are deflated. For origins, for years with negative

coefficients, late 1990s through mid-2000s, this population dampened outgoing flows. For

destinations, for years with negative coefficients, the number of children ages 9 and younger

at the destination did not draw additional households. For metropolitan-to-metropolitan

migration during the early 2000s, this suggests that households were less inclined to move to

metropolitan counties with numbers of children. The generally positive values of the coeffi-

cients of children ages 9 and younger is in line with previous studies indicating that children

in this age group are mobile in that they are tied to their parents who migrate.

Across all movement types and over time, the numbers of children and teenagers between

10 and 19 (coefficients colored green) dampen both outgoing and incoming flows. The co-

efficients for the number of children and teenagers ages 10 through 19, as seen in row B of

Figure 4.15, are almost always negative. This age group does not induce the migration of ad-

ditional households for origin counties, nor does it draw additional households for destination

counties. Rather, the number of children and teenagers ages 10 through 19 suppress both

outbound and inbound flows. This suggests that households with children and teenagers in

this age group are more rooted and less of a draw.

The impact on household migration of the number of adults in the 20-29 age group

(coefficients colored red) is quite different, the coefficients for this age group are always

positive. Members of this age group are themselves filing taxes and are no longer dependents

on tax returns. Historically, this age group is very mobile as adults in this age group are

typically moving for college or employment. The potential of this age group to increase

outbound migration decreases from higher potentials in the early 1990s, reaches a low point

in the early 2000s, and in the mid-2000s through 2015, the effect is multiplicative. Young

adults in metropolitan areas generate greater outbound flows and greater inbound flows.
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Figure 4.16: Coefficients of age groups 30-39, 40-49, and 50-59, by movement type, 1990-2015
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Age groups 30-39, 40-49, and 50-59

The second graph with the age structure coefficients, Figure 4.16 on page 165, features

the effect of adults in their 30s, 40s, and 50s, on county-to-county migration by the four

movement types. The coefficients of these three age groups feature the greatest range of

values indicating larger variability in a particular age group’s ability to generate additional

outgoing households and draw additional incoming households. The coefficients of the 30-39

age group (colored blue), generally begin decreasing in the late 1990s, reach their lowest

values around 2000, and either maintain that value or begin a slow increase. For all four

types of movement the coefficients for 30-39 age group show two distinct periods of movement:

during the 1990s this group demonstrated a steady ability to motivate households to leave

an origin and draw additional households to the destination. After 2000, this group’s ability

to propel and draw households decreased.

The coefficients in the 40-to-49 age group (colored green) are nearly always positive,

with minor exceptions, indicating that this group has been both propelled and attracted

additional households. The ability of this age group to propel and attract non-metropolitan

households reached its peak around 2000. For households leaving metropolitan counties or

arriving in metropolitan counties, the 40-to-49 age group reached peak propulsive and attrac-

tive potential five to seven years later in the late 2000s. For metropolitan-to-metropolitan

movement, this age group consistently propelled and attracted households.

The final set of coefficients in Figure 4.16 are for the 50-to-59 age group (colored red). In

general, across the four movement types, this age group shows greater potentials after 2000

indicating that people ages 50-59 both propelled households and attracted households in

greater numbers. This trend is seen in all four types of movement in both the origin and the

destination coefficient suggest. For non-metropolitan-to-non-metropolitan movement, this

age group deflated outgoing and incoming migration from 1990 through 2000 and beginning in

the early 2000s, propelled and attracted households. Across all movement types, a consistent

trend in the effect of people in their 30s, 40s, and 50s is pronounced difference before 2000
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and after 2000. This suggests a period effect in the coefficients.

Age groups 60-69, 70-79, and 80 and older

The final set of age group coefficients is on display in Figure 4.17 on page 168. These

coefficients feature some of the largest and the smallest range of values. The 60-69 age group,

colored blue, features the largest absolute values indicating that of the three age groups in

Figure 4.17, the 60-69 age group features the greatest propulsive and emissive potential.

For non-metropolitan-to-non-metropolitan movement, the coefficients of the 60-69 age group

are almost always positive indicating that the age group’s ability to propel household from

and attract households to non-metropolitan areas is quite strong. The attractive potential

is greater than the emissive potential. For non-metropolitan-to-metropolitan movement,

the 60-69 age group featured a higher emissive potential in the 1990s with a dip around

2000. The attractive potential of the group reached its peak in 1999 for non-metropolitan-

to-metropolitan movement. For metropolitan-to-non-metropolitan movement, the ability of

the group to propel additional households decreased over time, experienced a slight increase

in the early 2000s, and then decreased again. The 60-69 age group’s ability to attract

households in metropolitan areas to non-metropolitan areas is always strong, especially in

the late 1990s. This is consistent with other findings showing increased mobility in retirement

age (Bernard et al. 2014). Three different periods of coefficients are seen in the metropolitan-

to-metropolitan movement for the 60-69 age group: greater emissive potential in the 1990s,

decreases in the 2000s, and increases in the mid-2000s.

The 70-79 age group, colored green, features several trends. For non-metropolitan-to-non-

metropolitan, the coefficients of this age groups are almost always negative, indicating that

this age group does not propel or attract additional households from and to non-metropolitan

counties. The same is generally true for this age group for non-metropolitan-to-metropolitan

movement. However, there is an increase in the 70-79 age group’s ability to attract house-

holds moving from non-metropolitan counties to metropolitan counties. The 70-79 age group

gradually increases in its ability to propel households from metropolitan counties and de-



168

Figure 4.17: Coefficients of age groups 60-69, 70-79, and 80 and older
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creases in its ability to attract households to non-metropolitan destinations. The 70-79 age

group’s emissive and attractive potentials for metropolitan-to-metropolitan movement both

increased beginning in the late 1990s and began decreasing again in the mid-2000s.

Finally, the 80 and older age group coefficients, colored red, shows the least variation

with most coefficients near zero. This is especially true with non-metropolitan-to-non-

metropolitan movement. The 80 and older age group does not induce the migration of

additional households from non-metropolitan areas while over time, the 80 and older age

group decreased the count of households migrating into metropolitan counties. The 80 and

older age group exhibits little variation in its ability to propel households from metropoli-

tan counties to non-metropolitan counties. This age group does not feature a strong at-

tractive potential for households moving to non-metropolitan counties from metropolitan

counties. The 80 and older age group is generally consistent in its ability propel houses from

metropolitan counties to other metropolitan counties, though its ability to attract households

is limited.

Concluding this section, some age groups are more consistent than others in their emissive

and attractive potential. The coefficients for children and teenagers ages 10-19 are almost

always negative across all movement types indicating that this age group decreases both

outgoing flows and incoming flows. The 20-29 age group is always positive indicating that

this age group both propels outgoing household and attracts households. The 30-39 age group

more has a greater emissive potential in the 1990s than in the 2000s and later. The 40-49

age group does attract households to metropolitan counties from both non-metropolitan

counties and other metropolitan counties. In general, the 40-49 age group both propels and

attracts households across movement types. The 50-59 age group does draw an increase

in households moving from metropolitan counties to other metropolitan counties. The 60-

69 age group always motivates and attracts households to move between non-metropolitan

counties and this age group in general propels and attracts households, especially households

moving from metropolitan to non-metropolitan counties. The 70-79 age group consistently

dampens flows between non-metropolitan counties and flows emanating from metropolitan
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Figure 4.18: Coefficients of the unemployment rate, 1990-2015

counties. The 80 and older age group dampens flows emanating from metropolitan counties

to other metropolitan counties.

4.4.3 Unemployment, annual average pay, and median house value

Figure 4.18 on page 170 features the coefficients of the unemployment rate visualized by the

four movement types. The origin and destination unemployment rate coefficients are always

negative across all four movement types indicating that unemployment decreases outgoing

flows and decreases incoming flows. It makes intuitive sense that the unemployment rate at

the destination dampens the flow of incoming households: a high unemployment rate means

that jobs are more scare and a high unemployment rate at the destination is indicative of a

distressed local area economy, a negative destination quality. The mechanism presumed to
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be behind how unemployment rates dampen outgoing flows is less intuitive. Higher rates of

unemployment indicate an economically depressed local area. Households in an economically

depressed area are already strained and might not have the resources to move to other areas.

In the late 1990s through the mid-2000s, the degree to which unemployment dampened out-

going flows grew in strength, but more so for flows originating in metropolitan areas. By 2006,

the degree of dampening lessened slightly and by 2008, the degree to which the unemploy-

ment rate dampened outgoing flows decreased. The unemployment rate in non-metropolitan

counties dampens flows of outgoing households differently than in metropolitan households.

This suggests that households in non-metropolitan counties respond to unemployment rates

differently than households in metropolitan counties.

The effect of the destination rate of unemployment follows a pattern similar to the origin

rate of unemployment, just with a greater degree of dampening. A general decrease from

1990 through 2003 and then increasing from 2004, but never reaching the less negative val-

ues seen in 1990. The general trend over time is that metropolitan and non-metropolitan

unemployment rates became more of a destination deterrent. This reflects the fact that

destinations with higher unemployment rates are not perceived as attractively. The largest

change is seen in metropolitan-to-metropolitan movement, indicating that households moving

between metropolitan counties are reacting different to unemployment rates than households

undertaking different types of movement. If households are moving between metropolitan

areas because of jobs, it makes sense that households are going to move to metropolitan areas

with lower rates of unemployment. The unemployment coefficient for non-metropolitan-to-

non-metropolitan movement grew more negative throughout the 1990s, with a slight uptick in

1996 and 1997, and reached its minimum in 2003. The coefficient increased from 2004 through

2007 where it plateaued. The shape of the curve for metropolitan-to-non-metropolitan unem-

ployment rate coefficient is similar, but always more negative. This means that metropolitan

households and non-metropolitan households react differently to non-metropolitan unem-

ployment with households in metropolitan areas finding it less of a destination deterrent

(the 1990s) and more of a deterrent (2005 through 2015)
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Figure 4.19: Coefficients of annual average pay, 1990-2015
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The coefficients of the annual average pay are shown in Figure 4.19 on page 172 For

moves originating in metropolitan counties and non-metropolitan counties, the ability of a

county’s annual average pay to promote the number of outgoing households increased from

1990 through the early and mid-2000s, but with some minor decreases in between. The

difference is when the annual average pay of the county started decreasing in its ability to

promote outgoing flows. For flows originating in metropolitan counties, this occurred in the

early 2000s and for flows originating in non-metropolitan counties this occurred in 2009.

For metropolitan-to-non-metropolitan movement starting in 2003 and lasting until 2008, the

annual average pay in the origin county dampened outgoing flows until it became increasing

again. This period roughly corresponds to net positive non-metropolitan migration rates.

The annual average pay coefficients for the destination show generally upward trends with

the exception of non-metropolitan-to-metropolitan movement. For non-metropolitan-to-

metropolitan movement, destination pay dampens incoming flows, reflecting the differences in

annual average pay in metropolitan and non-metropolitan counties. By 2004, the coefficients

for non-metropolitan-to-metropolitan movement were steady suggesting that annual average

pay was less differentiated between metropolitan counties. For non-metropolitan-to-non-

metropolitan and metropolitan-to-non-metropolitan movement, the coefficients were posi-

tive, and plateaued after 2003. Non-metropolitan-to-non-metropolitan and metropolitan-to-

non-metropolitan movement was undertaken by households seeking to maximize pay gains

by moving between and to non-metropolitan counties. Starting in 2000, the destination

coefficient for annual average pay increased, except for non-metropolitan-to-metropolitan

movement, indicating that differences in annual average pay was driving household migra-

tion to greater degrees.

The final set of economic coefficients, median house value, are featured in Figure 4.20

on page 174. The median household variable is a measure of affordability and cost of liv-

ing. I initially expected the origin coefficients to be positive and the destination coefficients

to be negative. For non-metropolitan-to-non-metropolitan movement, the coefficients are

positive in the 1990s, negative through the late 2000s, and positive again after 2007. Both
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Figure 4.20: Coefficients of median house value, 1990-2015
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the non-metropolitan-to-metropolitan and metropolitan-to-non-metropolitan curves are sim-

ilarly shaped, just with different magnitudes. The most frequently negative curve is the

metropolitan-to-metropolitan curve indicating that high home values dampen flows more

so between metropolitan areas. This is most likely due to the cost of selling an expensive

house and finding a similar house in a different metropolitan county. The high cost of liv-

ing in metropolitan counties is a push factor for households moving from metropolitan to

non-metropolitan counties. The destination coefficients are split by destination type. House-

holds are attracted to non-metropolitan destinations with a higher cost of living. Households

moving to metropolitan counties are dissuaded by higher home values. Juxtaposing the

annual average pay coefficient and the median house value coefficients for metropolitan-to-

metropolitan movement, households are drawn to lower costs of living and greater rates of

pay.

4.4.4 Precipitation, heating degree days, and outdoor amenities

The final three coefficients in the discussion of the determinants are the total inches of rain

in Winter and the number of heating degree days in Winter. Figure 4.21 on page 176,

features the coefficients of the total number of inches of rain in winter, 1990 through 2015.

The origin coefficient is generally negative, indicating that wet winters depress outgoing

flows. This is a counterintuitive finding, and the explanation has to do with the proportion

of moves to directly adjacent counties. In general, the number of inches of rain between

any two adjacent counties is going to be very similar and the degree to which precipitation

in winter dampens outgoing flows is negligible. The destination coefficients are also mostly

negative and within a narrow range, indicating that wet winters moderately depress incoming

flows. This is particularly pronounced in metropolitan-to-metropolitan movement and less

so in the other types of movement. In 2002, the destination coefficients for metropolitan-

to-non-metropolitan movement increased to above 0.0 suggesting that wet winters were a

draw for households leaving metropolitan counties. This most likely reflects amenity driven

migration. After 2009, the destination coefficients for the total number of inches of rain were



176

Figure 4.21: Coefficients of the total number of inches of precipitation in winter, 1990-2015
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Figure 4.22: Coefficients of total number of heating degree days in winter, 1990-2015

increasing, though still generally negative.

. Figure 4.22 on page 177 features the coefficients of the total number of heating degree

days in winter for 1990 through 2015. The origin-based heating degree day coefficients show

that across all movement types, colder areas propel households. A temporary, but noticeable

decrease was seen in 2011. Colder non-metropolitan counties propel households at greater

rates than metropolitan counties as indicated by the greater coefficients. Throughout the

1990s, the coefficients of the four movement types were distinct, indicating households in

metropolitan and non-metropolitan counties reacted to cold weather differently and this

was influenced by the type of destination. By 2000, the coefficients for non-metropolitan

counties converged and the coefficients for metropolitan counties converged indicating that

destination type was less of a factor and the migration response was more so indicative of

the immediacy of the weather.
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Figure 4.23: Coefficients of the amenity scale, 1990-2015

Cold weather attracts households to non-metropolitan counties and much less so to

metropolitan counties. The number of heating degree days is always positive for non-

metropolitan destinations indicating that the number of heating degree days in winter is

an attractive quality. This most likely reflects two different aspects of the allure of non-

metropolitan counties: agricultural work and amenity driven migration. For metropolitan-

to-metropolitan movement, cold destinations are less desirable. This reflects the long-term

outflow of households from the cold winters in northeastern metros of the US and into

areas with warmer winters in the western portion of the US. Households moving from non-

metropolitan counties and into metropolitan counties also preferred warmer metropolitan

counties.

Figure 4.23 on page 178, features the outdoor amenity index coefficients for 1990 through

2015. For non-metropolitan-to-non-metropolitan movement, the generally positive sign of
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both the origin and the destination coefficients reflects the proportion of movement between

directly adjacent non-metropolitan counties. A non-metropolitan county with a high amenity

score is usually grouped with other non-metropolitan counties with high amenity scores. This

means that households moving from one high-amenity county are likely to move to an ad-

jacent high-amenity county. For destination coefficients, the type of origin and the type

of destination drove the allure amenities. Households moving from non-metropolitan coun-

ties were attracted to non-metropolitan destination counties with amenities. High amenity

non-metropolitan counties generally promoted an increase in households in the 1990s and

dampened incoming flows starting in the 2000s. These periods of attraction correspond to a

positive non-metropolitan net migration rate. Outdoor amenities were an attraction in the

1990s but less so after 2000.

4.5 Determinants of metropolitan and non-metropolitan movement

The analysis undertaken in this chapter was made possible by my estimation of the complete

set of origins and destinations for 26-years of county-to-county household migration data. By

merging the enhanced county-to-county migration data to a consistent set of metropolitan

boundaries, the 1990 metropolitan boundaries, I identified four different types of movement:

households migrating from non-metropolitan counties to other non-metropolitan counties,

households migrating from non-metropolitan counties to metropolitan counties, households

migrating from metropolitan counties to non-metropolitan counties, and households migrat-

ing from metropolitan counties to other metropolitan counties. I fit over 100 regression

models to explain four types of household movement as a function of the age structure, the

economic conditions, and the natural amenities in the origin and destination. I make three

contributions in this chapter. First, I investigate the spatiality of household movement. The

spatial resolution of the county-to-county household migration data enable the identification

and the examination of the determinants of four different types of household movement.

These determinants include variables pertaining to the spatial structure of counties, the age

structure, economic indicators, and outdoor amenity indicators in the origin and destination.
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Second, the temporal resolution of the county-to-county migration data enable a comparison

of the determinants across a 26-year period, 1990 through 2015. I found that young people

ages 20-29 are always the most consistently propulsive and attractive components of a popu-

lation. Children and teenagers ages 10 through 19 have a dampening effect on both outgoing

and incoming flows. Other age groups vary in their propulsive and attractive potential over

time. For example, the age 60-69 age group always attracted households to non-metropolitan

destination counties during the 1990 through 2015 period. The attractive potential peaked

in 1999 and decreased until 2002 when it gradually increased and then plateaued. Other age

groups across the four movement types featured a sharp inflection point around 2000.

The economic indicators are mixed. As to be expected, the unemployment rate in the des-

tination acts as dampening force, across all movement types. Over time, the effect of annual

average pay in metropolitan counties attracted households from other metropolitan coun-

ties while simultaneously dampened flows from non-metropolitan counties. Households were

attracted to more affordable non-metropolitan counties and less attracted to less-affordable

metropolitan counties. The amenity variables showed the effect of short distance moves the

moves. The total inches of precipitation had a small effect on dampening outgoing flows

while the total number of heating degree days had a motivating effect on both outgoing and

incoming flows and the effect of the outdoor amenity index was mixed. Because the largest

share of movement is to directly adjacent counties (approximately 30 miles), across the four

movement types, the variation in amenities is going to be slight. Post 2000, households are

drawn to metropolitan counties with warmer weather and non-metropolitan counties with

cooler weather.

The third contribution I make with this chapter is reflected in the simultaneous opportu-

nity and challenge of using yearly internal migration data. The enhanced county-to-county

household migration data feature phenomenal spatial and temporal resolution which present

an opportunity in understanding yearly measures of internal migration at the county scale

but also present a challenge in finding publicly available datasets with commensurate spatial

and temporal resolution. In this regard, I have three recommendations for future study. The
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first is to take advantage of more fine-grained metropolitan and non-metropolitan codes such

as those provided by rural-urban codes defined by the USDA’s Economic Research Service

(USDA Economic Research Service 2020). These codes classify counties into nine categories

and these categories would help unpack some of the differences in the determinants. The

second recommendation is to incorporate additional measures of affordability, amenity, and

dis-amenity. The current measure of affordability is only for three distinct years. Partridge

et al. (2012) find that housing prices have not fully captured the value of outdoor ameni-

ties. If outdoor amenities were captured by housing prices, migration, as the authors claim,

would reach a spatial equilibrium. However, Partridge et al. (2012) only investigate posi-

tive amenities, pleasant outdoor weather and land forms providing opportunities for outdoor

recreation, as do I. Housing prices could also reflect the concentration of environmental

disamenity and hazards. Recent work has shown how disamenity and hazards influence

migration (Cebula and Alexander 2006; Fussell et al. 2016; Shumway et al. 2014). Future

research using the enhanced county-to-county migration data could incorporate measures of

environment disamenity and hazards. This is especially timely given climate change and sea

level rise. Another reason to incorporate additional measures of affordability is to disen-

tangle the juxtaposition of shorter distance moves and house prices. Presumably, a shorter

distance move, approximately 30 miles, still enables a migrant to leverage location specific

capital (such as business ties and community networks). Location specific capital is specific

to each household and unpacking that would require the use of individual level microdata.

The third recommendation is to examine the inflection point in the age categories as seen in

2000. This too would require the use of microdata.
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Chapter 5

THE SPATIALITY OF INTERNAL HOUSEHOLD
MIGRATION, 1990-2015

Chapters two, three, and four in this dissertation examined the spatiality of internal

household migration during the 1990 through 2015 period from three perspectives: the data

driving internal migration analysis, the destination preferences of migrating households, and

the effect of place-based characteristics on movement between, to, and from metropolitan

and non-metropolitan counties. In doing so, I have illustrated how to enhance publicly

available migration data, the importance of considering within-state migration in addition

to interstate migration, and how place-based characteristics influence household movement.

Chapter two of this dissertation describes the techniques I used to harmonize, reconcile,

and enhance a publicly available dataset: the Internal Revenue Service’s county-to-county

household migration data for years 1990 through 2015. As initially acquired, the county-

to-county household migration data are in different file formats that feature an information

schema that changes over time. The different file formats and inconsistent schema impede

analysis. Harmonizing these data involved the development and instantiation of a database

schema accommodating and regularizing the year-over-year differences to produce a dataset

with a consistent set of coded migration records for each year in the 1990 through 2015

period. I created a dataset where a single variable indicates if a migration record is within-

state or out state and migration to a focal county (or all counties) can be obtained for a single

year, a proportion of years, or all years in the 1990 through 2015 period. The reconciliation

process added missing county-to-county records so that the sum of all incoming flows and

incoming records matches the sum of outgoing flows and outgoing records, respectively. This

quality control step balanced flows and records for households and people.
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Like data from most federal government agencies, the IRS county-to-county migration

data feature measures to protect privacy and confidentiality. In practice, this means that

household flows between counties below a certain threshold are suppressed. For data coming

from years 1990 through 2012, flows less than 10 households are suppressed and flows less

than 20 are suppressed in years 2013 through 2015. The suppressed counts of households

migrating into and migrating out of a focal county are included in an aggregate remainder

within-state sum or an aggregate remainder interstate sum. In any given year in the study

period, approximately 50-percent of internal migration features an origin and a destination

within the same state and 25-percent of internal migration features an origin and a destina-

tion in different states. Five percent of internal migration is aggregated to the within-state

remainder category and 20-percent of internal migration is aggregated to the interstate mi-

gration category. In other words, seventy-five percent of the as-reported county-to-county

migration data features a fully reported origin and a fully reported destination while the

remaining 25-percent feature only a known origin or a known destination, but not both. Fig-

ure 2.6 on page 36 features the counts and rates of internal household migration by reported

and aggregate remainder categories. The section titled 2.4.2, beginning on page 36, demon-

strates the effect of not-including the suppressed county-to-county household flows on the

distance decay parameter. The exclusion of these suppressed flows - the omission of records

- makes the distance decay parameter more negative giving the impression that interaction

decreases more quickly with distance. I developed an algorithm to correct for the potential

biases resulting from the omission of suppressed records.

The algorithm I developed features a combination of spatial interaction modelling and

linear optimization programming to estimate the origins and destinations of the suppressed

household flows between counties. Through the application of the algorithm I developed,

I tripled the number of complete within-state household migration records and increased

the number of complete interstate household migration records by 13-fold. This means that

an additional 1.6 million households, on average, per year, can be included in subsequent

analysis. Having more complete cases enables a more accurate analysis of the spatiality of
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internal migration for specific origins and destinations as well as the entirety of the migration

system. Chapters three and four make use of these enhanced data.

In chapter three, I investigated the destination preferences of migrating households dur-

ing the 1990 through 2015 period. In particular, the preference for more populous counties,

accessible destinations, shorter distance moves, and within-state movement. The determi-

nation of these preferences was accomplished through the estimation of approximately 77K

production-constrained, origin-specific spatial interaction models. All four dimensions of

destination preference show distinct regional trends. Households in counties in the western

portion of the US prefer relatively less populated destinations while households in counties in

the south and in the central plains prefer relatively more populated destinations. The acces-

sibility of a county is measured as the total number of miles households from all other points

of origin would travel if all households were to move a focal county. Counties with greater

values of this measure are more accessible to a population than counties with lesser values

of this measure. More centrally located counties are more accessible (households would need

to travel shorter distances) as are less populous counties (more households could move to a

less populated county than vice versa). The distinct and consistent east-west divide of the

preference for accessible counties reflects the spatial configuration of counties and the nature

of mobility in the late 20th and early 21st century. On average, counties west of the Mis-

sissippi River are 2.5 times larger in area than counties east of the Mississippi River which

means that, in general, households east of the Mississippi River travel shorter distances when

migrating from one county to another. The shorter distances between counties means that

counties in the East are more accessible. If a county has a high accessibility measure, there

are more destinations with similar or lower accessibility measures than destinations with a

higher accessibility measure. The opposite is true with low accessibility measures. Given

that a large proportion of household moves are to nearby counties, households in the east

demonstrated a preference for relatively less-accessible counties.

The final two destination preferences, geographic distance and within-state movement,

warrant joint discussion. In any given year during the study period, approximately 55-percent
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of household moves start and end in the same state of origin suggesting that households have a

slightly greater preference for within-state destinations and therefore shorter distance moves.

Visualizing the results of the spatial interaction models shows distinct patterns. Households

in counties in eastern states prefer shorter distance moves. Households in counties in western

states and counties in New England and Florida prefer longer distance moves. Similar trends

are reflected in the preference for within-state destinations. Households in counties east of

the Mississippi River show a strong preference for within-state destinations. That preference,

however, decreases in central Ohio, central North Carolina, Florida, and upstate New York.

Households in counties in the plains exhibit a strong preference for within-state destinations

while households in counties in east Texas, California, and portions of Washington feature less

of a relative preference for in-state destinations. Combined, these four coefficients illustrate

the outcome of movement between centers of large population, usually metropolitan counties.

And to some extent, gravitational theories of human movement would predict some of these

patterns - a more populated country is going to exchange more households with other more

populated counties. Along those lines, in chapter four I investigated movement between

metropolitan and non-metropolitan counties via the age structure, economic indicators, and

outdoor amenity indicators in the origin and destination counties.

Chapter four features the results of fitting four models for each year in the 26-year

study period. These models explain county-to-county household movement as a function of

the place-based characteristics of the origin and the destination. I modeled four different

types of household movement: non-metropolitan-to-non-metropolitan, non-metropolitan-to-

metropolitan, metropolitan-to-non-metropolitan, and metropolitan-to-metropolitan. Inves-

tigating the determinants of four different movement types is made possible by using the en-

hanced county-to-county household migration data because the enhanced county-to-county

household migration feature a greater number of records than the initially available records

and therefore enable a more accurate and robust analysis of the households flows by move-

ment type.

The results of modeling the determinants of household movement show how the propulsive
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and attractive potentials of each age group and other place-based characteristics change over

time and how those potentials vary by movement type. Children and teenagers ages 10

through 19, across movement types showed a consistent ability to dampen outgoing flows

of households and incoming flows of households. Young adults ages 20-29, consistently

promoted outgoing and incoming flows of households across the four movement types. The

other seven age groups feature periods of increasing propulsive and attractive potential and

periods of decreasing propulsive and attractive potential. Often, the changes in propulsive

and attractive potential reached an inflection point around 2000, across the four movement

types.

I conclude by highlighting my contributions and recommendations for future study. In

chapter two I described the process I used to harmonize, reconcile, and enhance publicly

available data and I make three contributions in this chapter. The first is the development

of a framework to harmonize and reconcile publicly available county-to-county household

migration data ensuring data quality and consistency. This extract-transform-load (ETL)

framework could be applied to other migration datasets or public use datasets. The second

contribution I make is the integration of spatial interaction modelling techniques and linear

optimization programming techniques to enhance publicly available data. Where appropri-

ate, these techniques could be used on other publicly available data to complete cases. For

example, estimating intra-county flows at the tract scale. The American Community Sur-

vey details the number of people who moved into each census tract from other parts of the

county. Destination totals are known but the origins are not. The technique described in

chapter two could be modified to apportion counts of people to the tracts of origin. This in

turn could be used to study displacement of vulnerable populations. The third contribution

I make in chapter two is the demonstration of the harmonization, reconciling, and enhance-

ment technique for 26-years’ worth of county-to-county household migration. In doing so,

I have shown how researchers can take advantage of a resource with tremendous temporal

and spatial resolution. While this version of the enhanced data features only flows of house-

holds, future versions could feature flows of people. Distributing flows of aggregate income
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is possible but more difficult on account of some households having a negative income.

I have several recommendations to improve the algorithm I developed to estimate the

origins and destinations of the suppressed county-to-county flows could made. First, incor-

porating techniques for working with censored distributions could be used to provide better

estimates of the frequency of flows of specific size. Second, I used a linear optimization

programming technique to distribute the counts of households in the aggregate remainder

categories and respect the constraints specific to each county. This resulted in a determin-

istic value. By estimating the origins and destinations, I was completing a matrix. It could

be useful to compare the results of other matrix completion techniques (see Davenport and

Romberg (2016) for a survey) to see which county-to-county pairs are assigned a value and

others are not given various imputation frameworks. I used a linear optimization program-

ming framework because I wanted to respect the maximum county-to-county flow size and

ensure that sums of incoming and outgoing flows matched. The framework I developed used

mostly open-source software on a 10-year-old laptop. I used Python and R to harmonize and

reconcile the data and SQLite to store the harmonized records. Gurobi, the only proprietary

software in the tech stack, was used for the linear optimization programming. I was able to

take advantage of Gurobi’s free academic licensing, however. Future versions of this data

will be hosted online and made available to other researchers.

The second empirical chapter featured an analysis of the spatiality of household pref-

erences over time using the enhanced county-to-county household migration data. I used

production constrained, origin specific models to investigate the spatiality of household pref-

erences. By showing the preference for within-state destinations, I showed how state borders

matter for internal migration studies. It is important to consider both interstate and in-

trastate flows when examining internal migration. The third empirical chapter used the

enhanced county-to-county household migration data to examine how age structure and

other place-based characteristics influence household movement. Future models could also

incorporate environmental hazards to understand how climate change is influencing migra-

tion. For example, Crowell et al. (2010) estimate the number of people living in 100 year
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coastal flood plains in the US at about three-percent of the population. With sea level

rise, will more people be moving inland? In addition, microdata could be used to further

investigate the trends seen in both chapters.

5.0.1 Epilogue: Migration in the time of COVID-19

I wrote most of this dissertation during the COVID-19 pandemic of 2020 and 2021. A

time of national quarantine and lock downs. A good proportion of the population in the

workforce was instructed to work from home, if able to (Thompson 2020). The pandemic

accelerated the rate at which people work from home. Indeed, Cooke (2013) found the

rise of communication technologies as a reason for the declining migration rate. With the

ability to work from anywhere, people are less tied to specific places as commutes have

vanished. Suburban homes are more enticing (Bogost 2020) and amenity-rich small towns

are experiencing dramatic increases in population on account of remote work (Smith 2020).

For those that can afford it and have the jobs that permit remote work, will people leave

metropolitan counties in droves, leaving behind a less affluent and more rooted population?

Will the increase in remote work cause non-metropolitan populations to increase? The

diffusion of metropolitan residents has political ramifications. For example, Robinson and

Noriega (2010) describe how the gains made by the democratic party in the Rocky Mountain

West region were driven by voter migration.

When considering the preference for within-state movement (and shorter distance moves),

and given Tobler’s (1970) first law of geography - near things are more similar than distant

things - one might conclude that shorter distance moves translate to encountering popula-

tions, spaces, and places more similar to the ones migrants left than not. And moves between

metropolitan areas, even distant metropolitan areas, are moves between similar spaces. As

Clifford Stoll (2005, p. 308) remarked, reflecting upon his cross country move, “Cambridge,

Massachusetts, might be across the country, but culturally, it is just around the corner from

Berkley.” As households continue to move, will they continue to move to similar spaces or

into more different spaces. Is the spatial configuration of internal movement promoting con-
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tact with similarity or difference? The IRS has published county-to-county migration data

for years 2016, 2017, 2018, and 2019. The 2020 data should be available in the next few

years. I look forward to investigating these recent releases of data.
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Figure A.1: Counts and rates of foreign migration, 1990-2015
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Appendix B
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1990-2015
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Table B.1: Reported and generated records by year, 1990-2015
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Appendix C

INTRASTATE MIGRATION SOLUTIONS, NEVADA, 2002
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Table C.1: Solutions for intrastate migration, Nevada, 2002, upper bounds of 6 and 7
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Table C.2: Solutions for intrastate migration, Nevada, 2002, upper bounds of 8 and 9
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Appendix D

MODEL DIAGNOSTICS
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Table D.1: R-squared training diagnostisc for models estimating within-state and interstate
state returns, 1990-2015
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Table D.2: Within-state return model coefficients, 1990-2015
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Table D.3: Interstate return model coefficients, 1990-2015
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Table D.4: Model diagnostics predicting the total count of returns, 1990-2015
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Table D.5: Model coefficients predicting county-to-county pairs with a value greater than
zero, 1990-2015
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Table D.6: Confusion matrix predicting county-to-county pairs with a value greater than
zero, 1990-2015
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Appendix E

COMPARISON OF COUNTY FIPS CODES

The county FIPS codes used in the IRS’s county-to-county migration files should match

with the county FIPS codes used by the United States Census Bureau. It should not be too

surprising that there is not complete correspondence. Effort was undertaken to compare these

codes for each year of data in the county-to-county migration data. As of the writing of this

dissertation, I was unable to find an exhaustive list and definitive list of which counties existed

in the US in which year. Possible sources include county boundary files from the National

Historical Geographic Information System (NHGIS) and the TIGER files available from

the US Census Bureau. Boundary files from the NHGIS were ruled out due to incomplete

availability. That is, boundary files from the NHGIS were only available for 1990, 2000,

and 2009 through 2017. There are two options for the 1990 and 2000 boundary files: the

2000 TIGER/Line files and the 2008 TIGER/Line files. The TIGER/Line files are datasets

produced by the US Census Bureau for the purpose of the statistical administration of the

US population. The files are in a proprietary format encoding vector data in a text-based file.

NHGIS produced the 1990 and 2000 boundaries from the 2000 and 2008 TIGER/Line files

due to increases in the accuracy of the TIGER/Line files (IPUMS 2016). While the 1990 and

2000 files feature the boundaries as relevant for the 1990 and 2000 Census Population, the

1990 and 2000 boundary files do not feature intra-decade changes as listed in the Substantial

Changes To Counties and County Equivalent Entities: 1970-Present document as maintained

by the US Census Bureau (US Census Bureau 2019). The non-decennial decade boundary

files are therefore necessary to accurately capture and model the county-to-county flows.

There are 19 different vintages of TIGER/Line files and they correspond to the following

years as depicted in Table E.1:
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Table E.1: TIGER/Line vintages by decade
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Table E.2: Select county membership by TIGER/Line vintage, 1992-2018

Using the Python 3.7 (Van Rossum and Drake Jr 1995) programming language and the

OGR (GDAL/OGR contributors 2019) and the shapely (Gillies 2018) libraries, I extracted

the county boundaries from the 1992, 1999, 2000, 2002, 2003, 2005, 2006, 2007, and 2008

TIGER/Line files and converted them to shapefiles (ESRI Shapefile Technical Description

1998). The TIGER/Line Shapefiles in years 2009 through 2015 feature data already in the

Shapefile format. An examination of the county FIPS codes for each TIGER/Line vintage

was made and the following twenty codes were found to be present in only select vintages of

the TIGER/Line files. The membership is recorded in Table E.2. An empty cell indicates

that a FIPS code is not present in a vintage while an “x” indicates that a FIPS code is

present in each vintage. These counties were dissolved or aggregated into other larger units

to make consistent counties over time.

The distances between counties comes from the US Census Bureau’s TIGER/Line

Files and TIGER/Line Shapefiles from the following vintages: 1992 (1992 TIGER/Line R©

Files [Machine-Readable Data Files] 1992), 1999 (1999 TIGER/Line R© Files [Machine-

Readable Data Files] 1999), 2000 (2000 TIGER/Line R© Files [Machine-Readable Data Files]

2000), 2002 (2002 TIGER/Line R© Files [Machine-Readable Data Files] 2002), 2003 (2003

TIGER/Line R© Files [Machine-Readable Data Files] 2003), 2005 (2005 TIGER/Line R© Files

[Machine-Readable Data Files] 2005), 2006 (2006 TIGER/Line R© Files [Machine-Readable

Data Files] 2006), 2007 (2007 TIGER/Line R© Files [Machine-Readable Data Files] 2007),

2008 (2008 TIGER/Line R© Shapefiles [Machine-Readable Data Files] 2008), 2009 (2009

TIGER/Line R© Shapefiles [Machine-Readable Data Files] 2009), 2010 (2010 TIGER/Line R©
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Shapefiles [Machine-Readable Data Files] 2010), 2011 (2011 TIGER/Line R© Shapefiles

[Machine-Readable Data Files] 2011), 2012 (2012 TIGER/Line R© Shapefiles [Machine-

Readable Data Files] 2012), 2013 (2013 TIGER/Line R© Shapefiles [Machine-Readable Data

Files] 2013), 2014 (2014 TIGER/Line R© Shapefiles [Machine-Readable Data Files] 2014),

and 2015 (2015 TIGER/Line R© Shapefiles [Machine-Readable Data Files] 2015).

As of the writing of this dissertation, I have yet to find a specific resource featuring a

manifest of counties in the US in any given year. The US Census Bureau’s TIGER/Line

and TIGER/Line Shapefiles provide not only the geometry for the spatial analysis but the

yearly county manifest which in turn functioned as the ground truth for a yearly list of

counties. I was able to compare the list of counties generated from the IRS’S county-to-

county migration data to the TIGER/Line and TIGER/Line Shapefiles. The changes listed

in counties and county equivalent entities since 1970 (US Census Bureau 2019) are reflected

in the different vintages of the TIGER/Line data. The reason for using the TIGER/Line files

and TIGER/Line Shapefiles is that the vector geometry in these files feature the full extent

of the county boundaries (the full political and administrative boundaries) that enable the

construction of an adjacency matrix.

After converting the different vintages of the TIGER/Line data into shapefiles, I extracted

the centroid of each county for each year of data. All TIGER/Line data feature the North

American Datum of 1983 (North American Datum of 1983 2018) as the coordinate system

and therefore the generated centroids also feature the North American Datum of 1983 as

the coordinate system. The centroid to centroid distance between all county-to-county pairs

was calculated assuming a spherical Earth using a formula described by G. T. M. (1932)

and implemented in Python. While the assumption of a spherical earth does introduce a

certain amount of error into the distance calculation, it is assumed to be negligible as the

distances are meant to reflect a quantifiable and specific value between any two counties. The

adjacency of counties was determined using the intersect function available in the shapely

software library.

These reconciled and processed lists of counties were used in conjunction with the
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metropolitan data boundaries defined by the Office of Management and Budget and made

available from the United States Census Bureau (US Census Bureau 1990, 1993, 1999, 2003,

2004, 2005, 2006, 2007, 2009, 2010, 2013, 2016). The metropolitan data boundaries were

used to identify the metropolitan status of each county.
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Appendix F

COUNTY ADJACENCY
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Figure F.1: Clark County, Nevada adjacency, 2018
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Figure F.2: DeKalb County, Georgia adjacency, 2018
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