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Abstract

Why do individuals raised in environmentally disadvantaged areas often remain in simi-
lar conditions as adults? We propose a behavioral mechanism of environmental anchoring,
where past lived experiences serve as a reference point for future residential choices. We
develop a discrete choice model of residential sorting that incorporates reference-dependent
preferences, positing that individuals discount the utility of amenities, such as air quality
or climate, when they diverge substantially from their formative baseline. This framework
offers a micro-foundation for the intergenerational persistence of environmental exposure:
individuals from low-amenity origins may undervalue improvements in environmental qual-
ity, leading them to self-sort into similarly disadvantaged locations. We test this theory
empirically using an augmented gravity model of U.S. county-to-county migration flows
from 2013 to 2017. By constructing a measure of environmental distance between origin
and destination, we isolate the role of environmental anchoring in migration decisions. We
find robust evidence that migration flows are significantly larger between counties with sim-
ilar environmental and socioeconomic profiles, even after controlling for physical distance
and economic opportunities. These findings suggest that spatial inequality is reinforced not
only by structural constraints but by internalized preferences, implying that policies aiming
to promote intergenerational mobility must account for the behavioral stickiness of past

environmental exposure.

Keywords: Anchoring, air pollution, PMs 5, gravity model, migration, environmental jus-
tice
JEL codes: Q53 Q56

* Corresponding author: Ruohao Zhang, Email: 1jz5261@psu.edu. Huan Li, Email: hlil@ncat.edu. Kaiyi
Wen, Email: kwen@utep.edu. Neha Khanna, Email: nkhanna@binghamton.edu.


mailto: rjz5261@psu.edu
mailto: hli1@ncat.edu
mailto: kwen@utep.edu
mailto: nkhanna@binghamton.edu

1 Introduction

Where we choose to live is often dictated by where we came from - not just geographically,
but environmentally. Consider the striking pattern presented in Figure 1. It plots the rank of
particulate matter (PM) exposure during childhood against the rank of exposure in adulthood.
The strong positive correlation reveals a stylized fact of environmental persistence: individ-
uals raised in polluted environments tend to reside in similarly polluted locations as adults,
while those from cleaner backgrounds remain in cleaner areas. While economic constraints and
structural barriers undoubtedly play a role in this stickiness, the linearity and strength of this
relationship suggest a deeper behavioral mechanism at play. We argue that this persistence is
driven in part by an “anchoring effect”. Much like a traveler who judges the temperature of
a new city based on the climate of their home, individuals implicitly use their past-life envi-
ronmental conditions as a reference point. A level of air quality that might seem intolerable to
someone from a pristine environment may be perceived as normal or even acceptable to some-
one anchored in a more industrial setting. This paper formalizes that story, proposing that our
history shapes our preferences, and consequently, our migration decisions.

To capture this mechanism, we propose a new residential discrete choice model that incor-
porates anchoring effects from past lived experiences into individuals’ location decisions. In
standard random utility frameworks of residential sorting (e.g., Tiebout (1956)), people choose
where to live based on current local amenities and constraints. Our innovation is to extend
the utility function with a reference-dependent component: individuals evaluate amenities in a
potential location relative to the conditions they used to live in. We introduce a utility discount
factor that penalizes locations whose environmental quality diverges from one’s previous envi-
ronment. This anchoring mechanism offers a novel explanation for why residential conditions
and locational choices may persist across a long time span or generations, as people tend to seek
(or remain in) environments familiar to their formative years (or, in general, lived experience).

Environmental conditions often exhibit intergenerational persistence; families can remain
in similar environmental settings across generations. For example, children raised in heavily
polluted or disaster-prone areas frequently end up living in comparably challenging environments
as adults. Conversely, those who grow up amid clean air or mild climates often settle in places
with similar amenities (Banzhaf and Walsh, 2008; Manduca and Sampson, 2019; Vitale et al.,
2022). Such patterns suggest that beyond economic constraints, preferences shaped by previous
experiences play a role in residential choice. Behavioral theory provides a useful lens: individuals
carry an implicit “anchor” from lived experiences that influences their later decisions (Albouy
et al., 2021; Kellstedt et al., 2024). In the context of residential choice, anchoring means people
tend to view a new location’s amenties through the prism of what they have long known. A
region with objectively high pollution or climate extremes might still attract individuals who
are accustomed to those conditions, while even moderate pollution or a harsh winter could
deter individuals from pristine or mild origins. These intuitive observations align with evidence
of preference persistence in environmental tastes. Recent studies show that early exposure to

natural amenities can have lifelong effects (Kellstedt et al., 2024). Who we are environmentally
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Figure 1: MWTP with Anchoring Effects

is partly forged by previous life experience, and this anchor may steer our later choices.

Understanding this anchoring effect is important because it offers a micro-foundation for
persistent inequalities. If individuals from environmentally disadvantaged areas (e.g. high pol-
lution, frequent floods) discount amenities that exceed their familiar baseline, they may be less
inclined, ceteris paribus, to move to cleaner or safer areas. Likewise, those from clean envi-
ronments might avoid moving to places with lower environmental quality. Such tendencies can
reinforce intergenerational cycles of (dis)advantage. Children of families long exposed to envi-
ronmental disamenities could remain trapped in low-amenity locations, perpetuating disparities
in health and quality of life. This motivation resonates with the classic “neighborhood effects”
idea in sociology, which holds that growing up in a poor or polluted neighborhood can imprint
lasting effects on preferences and opportunities (Chetty et al., 2014). Our paper builds on this
intuition by formally modeling how previous environmental context (or non-environmental con-
text like access to healthcare, public transportation, large airport, etc.) anchors later choices,
specifically residential location, thereby contributing to the broader question of why location-
based advantages or disadvantages persist over time.

Our work bridges three strands of literature: residential sorting and local amenities, inter-
generational mobility and persistence, and migration models. We draw on insights from each
while highlighting the gap our theory fills.

Residential Sorting and Environmental Amenities: Individuals sort themselves spa-

tially according to their preferences for local public goods and amenities, subject to their budget



constraint. This idea dates back to Tiebout (1956)’s hypothesis that households “vote with their
feet” by moving to communities that best match their preferences for amenities and budgets. A
rich literature has since examined how amenities, including environmental quality, shape migra-
tion and location choices. For example, air quality significantly influences where people choose
to live, indicating that environmental amenities carry substantial weight in residential decisions
(Bayer et al., 2009). Such findings imply that improving local environmental quality can attract
households and potentially improve long-run outcomes. However, a notable feature of the sort-
ing process is that it tends to reflect and reinforce inequality. Standard models attribute this
reinforcement primarily to wealth disparities: families with greater resources cluster in high-
amenity areas, while poorer households are priced out and concentrated in lower-amenity areas
(Banzhaf et al., 2019). Our framework suggests an additional, behavioral explanation for this
persistence: the anchoring effect. If preferences are endogenous to past exposure, individuals
raised in disadvantaged environments may internalize these conditions as a baseline, effectively
“discounting” the utility of superior amenities. This behavioral inertia suggests that inequality
is reinforced not only by external budget constraints but also by internalized preferences, as
children raised in high-amenity communities inherit not only better immediate environments
but also higher reference points that drive them to seek similar communities in adulthood.
Conversely, children from disadvantaged environments may have neither the means nor the
inclination to seek out dramatically better environments later on. These patterns underscore
the need to understand preference formation: why do some individuals not pursue the highest
possible environmental quality, subject to their resource constraint? Our approach, introducing
anchoring in lived experiences, provides one answer - that people’s valuation of amenities is
relative to what they have historically experienced, rather than absolute.

Intergenerational Persistence and Anchoring: Research on intergenerational mobility
typically focuses on outcomes like income, education, and occupation, but there is growing
recognition that place-based attributes (neighborhood quality, environmental conditions) also
transmit across generations (Corak, 2013). For example, neighborhood economic declines during
childhood have been shown to depress long-run labor market outcomes and social mobility,
helping to explain persistent urban poverty (Wilson, 2012). Behavioral theory also provides a
useful lens: individuals carry an implicit “anchor” from past-life conditions that influences their
later decisions. In the spirit of reference-dependent preferences (Készegi and Rabin, 2006, 2007),
people’s previous experiences serve as baseline reference points, shaping how people evaluate
their later choices. Empirical work also provides evidence that childhood exposure to natural
environments strongly predicts adult environmental engagement and well-being (Vitale et al.,
2022; Kellstedt et al., 2024).

Gravity Models and Environmental Migration: Our study connects to the extensive
empirical literature on human migration. We focus, in particular, on gravity models which
analogize migration flows to Newton’s law of gravity, predicting that bilateral flows increase
with origin and destination “mass” (typically measured by population or economic size) and

decrease with distance (a proxy for migration costs). This framework has proven remarkably



successful in explaining migration patterns and remains widely used due to its intuitive appeal
and empirical fit (Borjas, 1987; Anderson and Van Wincoop, 2003). Traditional gravity analyses
emphasize economic drivers, such as income differentials and labor demand, and frictions like
distance or language barriers (Adsera, 2015; Ramos, 2016). In recent years, researchers have
extended the gravity framework to incorporate environmental variables, examining climate and
pollution as push and pull factors. There is within- and cross-country evidence to show that
environmental stressors, ranging from natural disasters to gradual climate deterioration can
significantly influence migration rates. For example, countries or regions experiencing frequent
floods or droughts tend to exhibit higher rates of emigration (Entwisle, 2021). In China, wors-
ening air quality decreases migration inflows and increases outflows, consistent with individuals
“voting with their feet” toward cleaner environments so that a 10 pg/m3 increase in PMy 5
reduces a city’s probability of being chosen by migrants by 21% (Shen et al., 2023).

While these gravity frameworks account for idiosyncratic heterogeneity in preferences, they
generally estimate an average effect of destination amenities (e.g., pollution levels) on migration
inflows. This implicitly assumes that the marginal disutility of pollution is the same regard-
less of whether a migrant arrives from a pristine environment or a heavily polluted one. Our
contribution is to relax this assumption by embedding anchoring effects into the gravity frame-
work, allowing the valuation of environmental differences to explicitly depend on migrants’
origin baselines. Emerging evidence suggests this nuance matters: migrants’ responses to en-
vironmental attributes are mediated by their socioeconomic backgrounds, exposure histories,
and constraints. For example, environmental conditions strongly influence both migration and
settlement choices within China, but that poorer households are less able or willing to relo-
cate, remaining “stuck” in degraded areas (Liu et al., 2022). Similarly, persistent disparities
in pollution exposure among U.S. populations suggest structural and behavioral factors that
limit environmental mobility (Bakhtsiyarava and Nawrotzki, 2017). That U.S. counties with
high pollution did not experience markedly higher out-migration than cleaner counties, but
attracted significantly fewer new migrants (Hunter, 1998), suggests inertia among long-term
residents and avoidance among outsiders. Together, this evidence highlights the need to for-
mally model the role of lived experiences, as it can enrich our understanding of migration flows
and environmental sorting beyond what traditional gravity models capture.

Against this background, we develop a discrete choice model of residential sorting that, for
the first time, incorporates an anchoring effect of past life experience into the utility function. In
our model, the utility derived from a local amenity is discounted when that amenity deviates (in
either direction) from the individual’s previous experience. This theoretical formulation extends
the classic random utility framework by introducing a reference-dependent preference (Kdszegi
and Rabin, 2006, 2007). We formally define a continuous utility discount function f(A;;)
where A;; is the absolute difference between the amenity level at the prospective location j
and the amenity level historically experienced by individual i. By solving the individual’s
utility maximization with this anchoring effect, we show that the marginal willingness-to-pay for

environmental quality is diminished when the current environment deviates from one’s baseline



experience. The model yields intuitive predictions: all else equal, an individual is more likely
to choose a location with environmental amenities that are similar to their previous experience
than one that is very different.

Our framework offers a novel explanation couched in microeconomic theory for the intergen-
erational persistence in exposure to (and preference for) local amenities. Whereas most studies
of intergenerational mobility emphasize income and human capital channels, we highlight an
environmental preference channel. We are able to show that anchoring behavior can generate
intergenerational cycles in which environmental advantages or disadvantages are passed down
not just through neighborhood sorting by parents, but through the preferences of the children
themselves. Our framework thus connects the residential sorting literature with the mobility
literature by identifying a preference-based mechanism for the intergenerational persistence of
environmental exposure. It complements existing arguments about structural constraints (e.g.,
credit constraints or segregation) by showing that even in the absence of external barriers, lived
experience and internalized preferences can lead to sustained stratification of environmental
quality. While previous studies have described anchoring as a form of social or emotional at-
tachment to a home region (Grzymala-Kazlowska and Ryan, 2022), we formally model it as
a behavioral bias where past environmental exposure serves as a baseline for valuing future
amenities. By formally modeling this process, we contribute to the literature on environmental
justice and mobility, offering a new lens to interpret why, for example, polluted neighborhoods
often remain populated by successive generations of disadvantaged groups.

We bring the theory to data by empirically testing the existence and strength of anchoring
effects in migration flows in the United States. Using a panel of county-to-county migration
flows from 2013 to 2017, we estimate an augmented gravity model where the key independent
variable is the environmental dissimilarity between origin and destination. Following the gravity
tradition, we include standard controls for origin and destination population, economic condi-
tions, and distance between counties, and we introduce measures of local amenities, including
three environmental amenities (air quality, flood risk, climate) for both origin and destination.
Crucially, we construct an “anchoring difference” variable A;; for each local amenity, defined as
the absolute gap in that attribute between the origin and destination. This variable reflects the
“psychological distance” between and origin and destination. Our empirical specification then
examines whether migration flows M;; are lower when A;; is larger, conditional on origin and
destination amenities. This approach allows us to isolate the preference for environmental sim-
ilarity as predicted by our theory. To ensure robust inference, we incorporate high-dimensional
fixed effects (for origin, destination, and year) and account for multilateral migration resistance
factors in line with best practices in gravity modeling. In doing so, our study is among the first
to quantitatively estimate reference-dependent anchoring effects in a migration context. The
empirical findings provide robust evidence of anchoring, particularly regarding climatic condi-
tions, suggesting that past environmental experiences significantly shape migration behavior.

By elucidating anchoring effects in location choice, our paper carries implications for policies

aiming to improve mobility and reduce environmental inequities. If preferences are anchored



in lived experience, simply providing information or opportunities may not be sufficient to
induce relocation to better environments. Instead, policies that improve local environmental
conditions can have long-lasting benefits not just directly (better health, etc.) but indirectly by
recalibrating what future generations consider acceptable or desirable in a living environment.
Conversely, ignoring anchoring effects could lead to underestimating the stickiness of residential
patterns. People may not move away from environmental risks as readily as classical models
predict, due to habituation or attachment. By formally accounting for anchoring, policymakers
and researchers can better predict migration responses to environmental changes and design

interventions that enhance intergenerational mobility in terms of environmental quality.

2 A Theoretical Discrete Choice Model

We construct a residential discrete choice model, assuming that individuals choose neighbor-
hoods based on their preferences for local characteristics and subject to budget constraints
(Tiebout, 1956; Bayer et al., 2009). We extend the standard model by incorporating the in-
fluence of lived experiences on preferences and decision-making. Specifically, we construct a
random utility model that considers not only the local characteristics of an individual’s poten-
tial residential location but also those in the individual’s lived experience.

We assume that, conditional on choosing a residential location j, individual i selects her

consumption of a composite commodity C; ; and housing H; ; to maximize her utility U; ;:

max U(CZ'J', Hz’j; Aj, AZ]) = ijCHiBff(Aij)Aj@AeMCij-‘er-i-m,j
Ci,j,Hi, ’ ’ (1)
s.t. Cm‘ + ,Ome- = Im‘,

where A; is the non-market local amenity that generates utility. The anchoring effect implies
that the utility derived from local amenities is discounted when the amenity level deviates from
the individual’s lived experience. Let A; be the individual i’s lived experience of the relevant
non-market amenity; then A;; = |A4; — A;| is the absolute difference between lived experience
and current residential choice. A higher value of A;; indicates that the local amenity in an
individual’s current residential location is more different from her lived neighborhood. We
model the utility discount function 0 < f(A;;) < 1, a continuous function of A;;. Therefore, A;
affects total utility through g(A;, Aij) = f(Aij)AfA, which is a function of itself as the good
and A;; as the discount factor, simultaneously. We refer to the utility discount function f(A;;)

as the anchoring effect, and make several assumptions on its functional form.

Assumption 1: Holding A; constant, as A; becomes more different from lived experiences,
individuals marginal utility of A; declines at an increasing rate. For any A;; > 0, dg(g‘i%’if”) <0,

%@JA“ < 0, which is equivalent to f'(A;;) < 0, f"(As;) < 0.

Assumption 2: If A; is the same as an individual’s lived experiences, her utility is not affected

by the anchoring effect, g(A;, A;; = 0) represents individuals’ preferences on A; without the



anchoring effect, g(A;, Aj; =0) = Af“, f(0) =1.

Assumption 3: Even with the existence of the anchoring effect, individuals’ marginal utility
of A; is always positive, dg(#ff”) = 5AA§A_1 + Af“ f’(Aij)‘ﬁijj > (. This is always true for
Aj; < A;j because f'(A;;) < 0 and Cﬁg = —1. For A; > A,, %ﬁj" = 1, the assumption implies the
utility discount from A;; does not outweigh the utility gain from A4;, 8 AA? A=l —I—A]@ A f'(Ag5) >0,

7(8y) > =5

For the remaining components of the utility function, MCj; is a nonparametric mobility cost,
measuring the long-run disutility to individual 7 of migrating to location j. (; is the location
fixed effect, capturing the remaining unobserved local attributes; 7;; is a random individual
idiosyncratic component of utility. p; is the unit price of housing service H in location j, I; ; is

individual 7’s income in the job market of location j.

2.1 Preferences under Anchoring

Solving the optimization problem represented by equation 1 for the individual’s optimal choices

of H7; and C7;, we derive the conditional indirect utility function as:

B Byt (Bo+B1) ~Br 4B MCij+¢+
L = C H) —PH A . i i+
W= Gt gy o i Pi AT (Big)e TR @)
The utility indifference curve between income and A can be derived by holding V;; constant.
Conditional on location j, the additional income that compensates for a marginal change in
the non-market local amenity, or MWTP for A;, can be illustrated as the slope of the utility

indifference curve.

4 - Utility Indifference Curve with
\ Anchoring Effect
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- — Utility Indifference Curve
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Figure 2: MWTP with Anchoring Effects

Figure 2 visualizes how anchoring affects the individual’s preference structure. The solid

line represents the indifference curve derived from a standard utility function, i.e., without the



anchoring effect, whereas the dashed line shows the indifference curve derived from the indirect
utility function in equation 2. As shown in the Figure, anchoring creates a kink at the point A;

and distorts the indifference curve in opposite directions:

MU, Bal;j Ly f'(Ay)

o j _ A Ala
MWEEs = MO, = Go+Bid; T Bo+Bn) Fog) 97
__ Balij Aj=A
(Bo + B4 e
_Paly Ly PBG) g 3)

(Bc +Br)A;  (Bo + Bu) f(Aiy)

where M is the MWTP for the local amenity A if there are no anchoring effects. Since
(Bc+Bm)A;

];((AA_’?)) < 0, the anchoring effect decreases MWTP if A; > /L; and increases MWTP if A; < fli.
ij

Intuitively, compared with preference structure without the anchoring effect, an individual is

willing to pay less for a marginal improvement in local amenities when that amenity exceeds
their lived experience, since the improvement widens the difference between the past and present
amenity and generates disutility. Conversely, an individual whose current local amenity less than
their lived experience is willing to pay more for additional improvements in those amenities, be-
cause it narrows the difference and mitigates the utility discount associated with the anchoring

effect. These results imply the following proposition:

Proposition 1: If an individual has Cobb-Douglas preferences as described in equation 1 and
given the Assumptions 1-3 on the discount function as described above, an anchoring effect
that discounts utility will decrease the MWTP for the local amenity A; when it is greater than
the anchoring point created by lived experience, and increase the MW'TP if the local amenity

A; is lower than the anchoring point.

2.2 Location Choices and Residential Persistence

Consider an individual ¢ facing two otherwise identical locations but with different levels of
the local amenity of interest and income. Location 1 is denoted by (Aj, I;1), and location 2 is
denoted by (Asz, I;2). Suppose location 1 is more similar to the individual’s previous location,
Aj1 < Ajz. The individual chooses location 1 if V;1 > V; 2. Consider two scenarios with and

without the anchoring effects, the individual chooses location 1 if

I(BCJFBH)A?A el > IZ.(gCJrBH)AgAe’”’2 no anchoring effects,

i1
Ii(,ﬁchrﬁH)A?Af(Aﬂ)em’l > IZ.(gcJFBH)AgAf(AiQ)e”” with anchoring effects.



Let 1; = n; 2 — n;,1, where 7, ; is the idiosyncratic component in individual 7’s utility. Then, the

probability that individual ¢ prefers location 1 over location 2 is

Pri(1|No Anchoring Effects) = Pr(ﬁi < [(50 + /BH)Z 11 le7
2
Pri(1| With Anchoring E, — pr(i AL f(Ba) (5)
i g Effects) = Pr(Th < [(Bc + Br) I "7 f(AQ)D'

Because f/'(A;;) <0 and Aj; < Ajz, we have f(Aq1) > f(As), lnﬁﬁgg > 0, and

Pri(1| With Anchoring Effects) > Pr;(1|No Anchoring Effects), (6)
which implies the following proposition.

Proposition 2: Given the Cobb-Douglas preference described in equation 1 and the decreasing
utility discount function f(A;;), the anchoring effects increase the probabilities that individuals

prefer locations more similar to their lived experiences.

2.3 Comparative Statics

To further analyze how individuals’ lived experience, A;, affect their later residential location
choices. Consider two individuals, a and b, choosing between two locations. Assume that the
two individuals have identical characteristics but differ in lived amenities, A, > Ay, and receive
the same income at each location 1 and 2. Let (Ay, I1) and (Ag, I3) denote the combinations of
local amenities and income at locations 1 and 2, respectively. Assume A; > Ay. The probability

that each individual chooses location 1 over location 2 is

Prq (1| With Anchoring Effects) = Pr (ﬁa < [(Be + BH)ln— + Baln é +in fgials])
a2

I (Am

(7)

Pry(1| With Anchoring Effects) = Pr (ﬁb < [(Bc + Bu)in

The critical term distinguishing these probabilities is the ratio of anchoring discounts, f(A;1)/f(
The magnitude of this term depends on where an individual’s reference point A; lies relative
to the options A; and As. For instance, the trade-off differs if both locations are superior
to the individual’s past experience (upward mobility) versus if they are inferior (downward
mobility). In the Appendix, we exhaustively analyze the six possible permutations of the
amenity ordering (i.e., the relative rankings of A,, A, Ay, and Ay on the amenity spec-
trum). We demonstrate that across all such scenarios, the individual with the higher refer-
ence point is consistently more likely to choose the higher-amenity location, concluding that
Pro (1| With Anchoring Effects) > Pry(1| With Anchoring Effects). This implies the following

proposition:
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Proposition 3: Given the Cobb-Douglas preferences and Assumptions 1-3 on the discount
function as described above, with anchoring effects, individuals with higher levels of past lived

amenities are more likely to choose locations with higher amenity levels, ceteris paribus.

Next, we examine how the MWTP changes in response to a marginal change in lived amenity
A;. According to Assumption 1, individuals become less sensitive to adulthood amenity levels
as the adulthood amenity A; deviates from the anchoring point A;. Specifically, this implies
that the marginal utility derived from the amenity is discounted at an increasing rate as the gap
between current conditions and past experience widens. That is, the anchoring effect f(A;;)
decreases in a increasing rate, f”(A;;) < 0. Therefore, given Aj;, the change in the MWTP in

response to a marginal change in lived amenity A; is

OMWTPy, Ly f"(Ay)  ['(Ay)? e
DA; = " Bc + Ba) X (f(Aij) f(Aij)2> >0 forall A; # A,
= 0 if 4; =4, .

since £ J;/((AAZ,?)) — ]}/((AAS)); < 0. Intuitively, individuals who have experienced higher levels of local

amenities in the past exhibit a higher MWTP for marginal improvements in contemporaneous

local amenities. This implies the following proposition.

Proposition 4: Given the Cobb-Douglas preferences and Assumptions 1-3 on the discount

function as described above, MWTP increases in the anchoring point A;.

These theoretical results generate a clear, testable implication for aggregate migration pat-
terns: the flow of migrants between two locations should depend not only on the absolute
quality of the destination’s amenities but also on the environmental distance between the origin
and destination. If preferences are indeed anchored, individuals effectively face a utility penalty
when moving to locations that diverge sharply from their experienced baseline (A;;). This
implies that environmental dissimilarity should act as a barrier to mobility, functioning similar
to physical distance or informational frictions. To empirically validate this prediction, we move
from the individual discrete choice framework to an aggregate analysis using the gravity model
of migration. By augmenting the traditional gravity equation with our measure of anchor-
ing, we can formally test whether the divergence in amenities between origin and destination

significantly dampens migration flows, as our theory suggests.

3 Application to the Gravity Model of Migration

3.1 Econometric Specification

Since (Tinbergen, 1962)’s original exposition, the gravity model has been widely used to study
spatial interactions such as international trade (e.g., Anderson, 2011) and human migration

(e.g., Beine et al., 2016). The starting point for these models is Newton’s law of universal
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gravitation:

9)

where F is the gravitational force between two objects, m; and mo are the masses of the objects,
r is the distance between the centers of their masses, and g is the gravitational constant. In the
classic gravity model of migration (Lowry, 1966), the volume of migration from location i to
location j in year t, denoted by M;j; is positively correlated to the populations of both locations
and negatively correlated to the geographic distance between them, and is modeled using a
Cobb-Douglas functional form: M;;; = gPithﬁQDgfa, where Pj; and Pj; are the populations of
the origin and destination locations in year ¢, respectively, and D;; is the great-circle distance
between location centroids.! We introduce the anchoring effect (A;;;), which measures the
psychological distance, into the formula as follows:
Mije = 9Py Py D AT, (10)
This psychological distance is based on the characteristics of the origin and destination counties
and captures how “far” the origin and destination counties are in terms of selected socioeco-
nomic, public goods, or environmental amenities. Operationally, we quantify this distance A; ;
using a multidimensional measure of Euclidean distance.
We estimate Equation 10 using the Poisson Pseudo-Maximum Likelihood (PPML) estimator,
which is robust to a high proportion of zeros and consistently estimates the parameters of a

log-linear model:
M;j = exp [Brin(Py) + B2ln(Pji) + B3 In(Dij) + pln(Ais) + i + 15 + pije (11)

where ); and 7, are origin and county fixed effects, which are used to absorb unobserved
characteristics. p;;; contains other idiosyncratic factors affecting migration. Standard errors

are clusterd at the origin county level.

3.2 Data

The number of households migrating from an origin county to a destination county is obtained
from the Internal Revenue Service Statistics of Income (SOI) Migration Data.? This dataset
provides annual information on migration flows across US states and counties, based on year-

to-year address changes reported on individual income tax returns. Although the data excludes

!The great-circle distance is the shortest distance between two points on the surface of a sphere, measured
along the surface of the Earth (as opposed to a straight line through the Earth’s interior).

2801 Tax Stats - Migration Data, https://www.irs.gov/statistics/soi-tax-stats-migration-data, accessed on
May 12, 2025. The data are available beginning in 2010; however, our sample starts in 2013 due to major revisions
in the IRS migration data methodology implemented in the 2013-2014 period, which resulted in significant
discontinuities relative to earlier years. Although the most recent available data are from 2021, we restrict our
analysis to 2017 because of computational constraints in the regression. In the robustness check, we also conduct
the same analysis for data in years 2014-2018; 2015-2019; 2016-2020; 2017-2021.
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non-filers, it covers the vast majority of the population and are considered as a reliable source
for understanding internal migration patterns in the US.

We construct a panel of bilateral county pairs for all counties in the contiguous U.S. from
2013 to 2017. Each observation corresponds to an origin — destination county pair in a given
year and reports the number of households that migrate between the two counties.

For each origin—destination county pair, we match a comprehensive set of environmental and
socioeconomic variables to characterize both local conditions and potential drivers of migration.
We obtain county-level fine particulate matter (PMs5) concentrations from the Atmospheric
Composition Analysis Group at Washington University in St. Louis (V6.GL.02.02). We measure
climate conditions using (1) annual average temperature data from the Parameter-elevation Re-
gressions on Independent Slopes Model (PRISM) Weather Data®, (2) annual counts of extreme
heat/cold event days or degree-day measures (heating and cooling degree days) from .Fard et al.
(2023)%; and (3) the annual count of flood events reported in NOAA’s Storm Events Database
which we use to proxy flood risk. To account for demographic and economic characteristics, we
use county-level measures from the American Community Survey (ACS-5), including total pop-
ulation, median household income, unemployment rate, and the percentage of adults without
a high school diploma. In addition, we include the number of hospitals and hospital employees
as measures of public goods, which were collected from the Census County Business Patterns.

The full dataset contains 52,246,297 origin-destination pair observations during 2013 — 2017.
Table 1 reports yearly summary statistics of county-to-county migration flows, calculated using
observations with non-zero migration counts, as the majority of migration between counties are
zero in a given year. On average, origin counties are linked to approximately 2,800 destination
counties each year. Conditional on non-zero migration flows, the mean number of migrating
households ranges from about 116 to 123 across years. Migration flows are highly skewed,
with minimum flows of around 20 households and maximum flows exceeding 20,000 households
in some years. In relative terms, the average share of migration households is small—around
0.2 percent—but varies considerably across county pairs. Similar patterns are observed for
individual migration flows: the mean number of migrating individuals ranges from roughly 215
to 240 per county pair, while the maximum exceeds 40,000 in later years, indicating substantial

heterogeneity in migration intensity across county pairs.

3PRISM Group, Oregon State University, https://prism.oregonstate.edu, data created 4 Feb 2014, accessed
on 23 Sep 2025.

1A day is classified as an extreme heat event if the excess heat factor reaches or exceeds the 85th percentile
of historical values for that specific location over a 16-year period (2008-2023). A day is classified as an extreme
cold event if the excess cold factor reaches or falls below the 15th percentile of historical values for that location.
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Table 1: Summary Statistic — Migration Data

Number of Migrating Households ~ Share of Migrating Households
Year Orig. Dest. Mean SD Min Max Mean SD Min Max

2013 2846 2802 116.18 431.28 18 19238 0.0020  0.0044 0 0.0918
2014 2761 2702 113.28 391.76 19 15621 0.0020  0.0040 0 0.0807
2015 2838 2794  120.20 451.92 20 20065 0.0020  0.0044 0 0.0800
2016 2890 2867 128.39 524.77 20 25334  0.0021  0.0049 0 0.1069

2017 2852 2786 122.88 470.73 20 21031 0.0020  0.0044 0 0.0966

Number of Migration Individuals  Share of Migration Individuals

Year Orig. Dest. Mean SD Min Max Mean SD Min Max

2013 2846 2802 218.19 813.74 20 35602 15.16 33.00 0.03 547.62
2014 2761 2702 206.37 727.55 20 30386 14.10 29.06  0.03 542.96
2015 2838 2794 221.59 83540 20 37393 14.63 31.88  0.03 637.41
2016 2890 2867 239.52 978.21 20 49355 15.53 36.03 0.03 708.30
2017 2852 2786 223.06 85849 21 41482 14.43 31.97  0.02 665.59

Among all county-to-county flows, 69% occur within the same state and 31% across states.
Among the top 500 county-to-county flows, 94% are within-state while only 6% cross state
boundaries. As shown in Figure 3, the majority of migration flows occur over a relatively
short distance. Figure 4, which maps the top 200, 400, and 600 flows from 2010 to 2017,
shows that most migration involves short- or medium-distance moves, often between neighbor-
ing counties within large metropolitan areas such as Southern California, South Florida, the
New York—New Jersey, and the Washington, D.C. region. The long-distance flows are almost
exclusively between major metropolitan areas. These patterns highlight that the domestic mi-
gration is overwhelmingly localized, and when households do move across longer distances, they
are primarily relocating between large population centers.

To visualize the migration patterns in relation to differences in environmental amenities, we
randomly pick three counties — Cook County IL, Kings County NY, and Guilford County NC —
as examples, and focus on the level of PMs 5 between origin and destination counties. As shown
in Figures 77 and 5, Cook County is highlighted in green, while destination counties are outlined
in red and shaded by the absolute difference in mean PMs slevels relative to Cook County. The
upper map depicts all migration destinations, showing that migrants from Cook County relocate
to a wide range of counties nationwide, spanning both nearby Midwestern counties and distant
destinations in the South, West, and East Coast. The lower map focuses on the top 50 migration
destinations, showing a much more concentrated spatial pattern: these high-volume destinations
are primarily located in regions with relatively smaller PMsy 5 differences, particularly within
the Midwest and parts of the Southeast. Together, the two maps suggest that while Cook
County migrants disperse broadly across the country, the most common migration flows tend to
be directed toward destinations that are more environmentally similar to the origin, consistent
with the idea that environmental conditions—alongside economic and social factors—may play
a role in shaping migration choices. The similar stories are also shown in Kings County NY
(Figures 7?7 and 6) and Guilford County NC (Figures 77?; 7)
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Note: green shaded county is the origin county; counties with red boundaries are the destinations:

Migration from Cook County (17031)
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Figure 5: Destination Counties for Migrants from Cook County, 1L
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Figure 6: Destination Counties for Migrants from Kings County, NY
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Migration from Guilford County (37081)
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Figure 7: Destination Counties for Migrants from Guilford County, NC

Table 2 reports summary statistics for key demographic, economic, environmental, and
health-care characteristics of origin and destination counties. Overall, the distributions of these
variables are remarkably similar across origin and destination locations. Mean and median
values for population size, median income, housing values, unemployment rates, educational

attainment, and hospital capacity are closely aligned, suggesting that origin and destination
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counties share broadly comparable socioeconomic profiles. Environmental and climate-related
variables, including PM2.5 concentrations, extreme temperature days, flood incidence, and av-
erage temperatures, also exhibit nearly identical central tendencies and dispersion across origins
and destinations. The similarity in both levels and variability across county characteristics in-
dicates that migration flows predominantly occur between counties with comparable observable

attributes, rather than between systematically different origin—destination pairs

Table 2: Summary Statistics — Origin and Destination Variables

Origin County Destination County

Mean Median SD Mean Median SD
Total Population 786154.86 362151.00 1300807.07 756608.78 343729.00 1248753.30
Median Income ($) 61743.99 57685.00 18314.69 61016.92 57207.00 17516.93
Median Housing Value ($) 238652.10  190900.00 154404.51 231911.40 188500.00 146576.35
Unemployment Rate (%) 6.76 6.26 2.55 6.73 6.22 2.53
Less than Highschool Degree (%) 0.12 0.11 0.05 0.12 0.11 0.05
PMa.s (ug/m®) 5.97 5.82 1.73 5.82 5.63 1.72
Extreme Cold Days (annual average) 4.06 3.00 3.86 3.98 3.00 3.83
Extreme Hot Days (annual average) 6.08 5.00 4.94 3.98 3.00 3.83
Number of Floods 5.63 2.00 10.00 5.42 2.00 9.81
Avg. Temperature 14.33 13.82 4.72 14.70 14.36 4.88
Max Daily Temperature 21.16 20.19 5.10 21.56 21.14 5.14
Min Daily Temperature 6.82 6.78 5.35 7.13 7.23 5.59
Number of Hospitals 12.11 6.00 18.48 11.87 6.00 18.11
Number of Hospital Employees 14467.26 5212.00 24895.57 13819.03 4518.00 24094.07

Notes: In Fard et al. (2023), a day is classified as an extreme heat event if the excess heat factor reaches or
exceeds the 85th percentile of historical values for that specific location over a 16-year period (2008-2023). A
day is classified as an extreme cold event if the excess cold factor reaches or falls below the 15th percentile of

historical values for that location.

Table 3 reports summary statistics for geographic distance and Euclidean distance mea-
sures constructed using both original variable values and standardized values using z-score.
Distances calculated using original values are likely to have substantial variation, reflecting the
wide variation in magnitudes across underlying variables such as population, income, and hous-
ing values. For example, Euclidean distances based on original socioeconomic characteristics are
dominated by variables with large scales, resulting in extremely large means and standard de-
viations. In contrast, Fuclidean distances computed using z-scores are more tightly distributed
and comparable across dimensions, with means generally close to one and substantially reduced
variation. This z-score based Euclidean distance ensures that no single variable disproportion-
ately influences the composite distance measure and provides a more scale-invariant measure of

county-to-county similarity.

3.3 Results

Table 4 presents estimated PPML coefficients for US county-to-county migration. To quantify
the anchoring effect, we consider a list of socioeconomic variables including median household
income; median house values; unemployment rate; percentage of population with less than

high school degree; two public goods via., the number of hospitals and the number of hospital
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Table 3: Summary Statistics — Absolute Distances and Euclidean Distances

Mean Median SD
Distance (Miles) 991.12 812.90 798.48
PM2.5 1.15 0.63 1.32
Extreme cold days 2.07 1.00 3.16
Extreme heat days 3.80 2.00 4.22
Mean Temperature 3.28 1.55 3.85
Number of hospital employees 19255.25 8685.00 28848.09
Number of hospitals 14.42 7.00 21.55
Number of floods 7.15 3.00 11.43
Total population 935669.75  389752.50 1556144.73
Median income 14981.59 10816.50 13858.42
Median housing value 109995.53 60200.00 136956.96
Unemployment rate 1.83 1.42 1.60
Less than high school degree 0.05 0.04 0.04
Fuclidean distance 1 4.11 3.66 2.49
Euclidean distance 2 2.85 2.32 2.41
Euclidean distance 3 2.69 2.47 1.44

Notes: Euclidean distance 1 is computed using all variables; Eu-
clidean distance 2 is based on all socioeconomic variables and health
resource related variables; Euclidean distance 3 is based on environ-
mental variables.

employees; as well as a vector of natural and environmental and infrastructural factors (PMs 5,
the number of floods, number of extreme heat days, number of extreme cold days, and average
temperature), all of which are measured at the county level in both the origin and the destination
county. Using these variables, we consider five alternative specifications of anchoring measures:
Anchor 1 is defined as a high-dimensional Euclidean distance constructed from the z-scored
values of all variables. Anchor 2 decomposes this measure into two separate Euclidean distances:
one based on socioeconomic and public goods variables, and the other based on environmental
variables. Anchor 3 keeps the Euclidean distance constructed from socioeconomic and public
goods variables, and includes the absolute differences of each individual environmental variable.
Similarly, Anchor 4 keeps the Euclidean distance constructed from environmental variables and
replaces the socioeconomic and public goods component with the absolute differences of each
individual socioeconomic and public goods variable. Anchor 5 fully disaggregates the measure
and consists of the absolute differences of all individual variables.

Table 4 reports the main results. Across all models, the distance to destination is negative
and statistically significant, confirming the strong negative effect of geographic distance on
migration flows. In column (1), the aggregate anchoring measure (Anchor 1) is negative and
statistically significant, indicating that households are generally more likely to move to locations
that are similar to their origin. Decomposing the Euclidean distance into two dimensions in
column (2) yields similar results, suggesting that greater dissimilarity across both socioeconomic
and environmental dimensions discourages migration. Under the more disaggregated anchoring
structures in Anchors 3-5, we further find that people are likely to move to places with similar
population sizes, median income, unemployment rate, and hospital employment, as Euclidean

distances related to those factors are negative and statistically significant. Yet, differences in
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median housing values were not statistically significant drivers of migration flows.

We also find evidence of climate anchoring: the coefficient for the difference in extreme heat
days is negative and statistically significant, indicating households tend to remain in climates
with similar heat profiles. However, we find only weak evidence that migrants seek dissimilar
environments regarding disaster risk: the coefficient for differences in flood exposure is positive
and marginally significant in Model 4, but becomes insignificant in Model 5. Differences in
mean temperature and extreme cold days were not statistically significant drivers of migration
flows. As a sensitivity analysis, we run the same regressions excluding Southern California,
Florida, and Texas, three most popular destination states, to test if the positive coefficient of
floods are driven by people moving to warmer places or coastal areas where floods are more
frequent. As shown in Table 5, when the three destination areas were excluded from the sample,
the coeflicient of the absolute differences in floods frequency is no longer significant while the
other coefficients remain consistent, suggesting that .... (Neha, can you add the reasoning here?
I am lost about why the absolute difference in flood frequency can be confounded by people

moving to these areas?)

4 Policy Implications

Our empirical findings highlight a pervasive behavioral friction in residential mobility: house-
holds exhibit a strong tendency to “anchor” not only on socioeconomic characteristics but also
on climatic conditions. We find that migrants predominantly move between locations with
similar population sizes, income levels, unemployment rates, and crucially, similar profiles of
extreme heat. Contrary to the expectation that environmental risks universally push house-
holds toward safer climates, our results suggest that familiarity often trumps adaptation. This
comprehensive anchoring effect poses significant challenges for policymakers aiming to facilitate
climate adaptation and economic mobility.

First, the robust evidence of socioeconomic anchoring (driven by similarities in income, un-
employment, and population size) suggests that economic opportunity alone is insufficient to
induce migration from disadvantaged to prosperous regions. If households from lower-income
or high-unemployment areas prefer moving to locations with similar economic struggles due to
social fit or familiarity, simply creating jobs in high-growth metropolitan areas will not auto-
matically attract residents from lagging communities. To break these “socioeconomic silos”,
policies must address the non-monetary costs of moving. This could involve mobility vouchers
paired with social integration services, or housing policies in high-opportunity neighborhoods
designed to lower cultural barriers (Chetty et al., 2026). Without such “de-anchoring” inter-
ventions, migration flows may simply churn populations within existing tiers of advantage and
disadvantage rather than fostering upward mobility.

Second, the negative relationship between migration and differences in extreme heat days
reveals a potential “climate trap.” Rather than moving to cooler, lower-risk climates, house-
holds appear to select destinations that replicate the thermal environment of their origin. This

suggests that as regions become increasingly uninhabitable due to heat stress, residents may
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Table 4: The Anchor Effects on Migration - PPML

2013 - 2017
Dependent Variable: Number of Migrated Households
Anchor 1 Anchor 2 Anchor 3 Anchor 4 Anchor 5
Model: (1) (2) (3) (4) (5)
Variables
log(distance_miles) -1.88*** -1.88*** -1.89*** -1.96*** -1.96™**
(0.13) (0.13) (0.13) (0.15) (0.15)
log(e_dist_all) -0.49***
(0.07)
log(e-dist_z) -0.09"** -0.09"**
(0.03) (0.03)
log(e_dist_x) -0.34*** -0.37***
(0.06) (0.06)
log(tot_pop-in_min_out+1) -0.07* -0.08***
(0.02) (0.02)
log(median_income_in_min_out+1) -0.06™** -0.06™**
(0.01) (0.01)
log(median_hs_value_in_min_out+1) -0.01 0.00
(0.02) (0.01)
log(unemployment_rate_in_min_out+1) -0.09" -0.09™*
(0.05) (0.04)
log(pct-hs_less_in_min_out+1) -0.89 -1.06
(0.72) (0.81)
log(emp_in_min_out+1) -0.03*** -0.03***
(0.01) (0.01)
log(hosp_in_min_out+1) 0.00 -0.01
(0.03) (0.03)
log(pm_in_min_out+1) 0.03 0.03
(0.11) (0.11)
log(cold_total_event_days_in_min_out+1) -0.01 -0.02
(0.02) (0.02)
log(heat_total_event_days_in_min_out+1) -0.09*** -0.09"**
(0.02) (0.02)
log(tmean_in_min_out+1) 0.17 0.17
(0.12) (0.12)
log(flood_t_in_min_out+1) 0.03* 0.02
(0.02) (0.02)
Fized-effects
out_cntyfips Yes Yes Yes Yes Yes
in_cntyfips Yes Yes Yes Yes Yes
out_year Yes Yes Yes Yes Yes
Fit statistics
Observations 41,720,619 41,720,619 41,720,619 41,720,619 41,720,619
Squared Correlation 0.77 0.77 0.78 0.78 0.79
Pseudo R? 0.88 0.87 0.87 0.88 0.87
BIC 45,844,275.6  46,091,016.4 46,183,463.1 45,971,858.6  46,074,227.8

Clustered (out_state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 5: The Anchor Effects on Migration - PPML

2013 - 2017; Southern California, Florida, and Texas Excluded

Dependent Variable:

Number of Migrated Households

Anchor 1 Anchor 2 Anchor 3 Anchor 4 Anchor 5
Model: (1) (2) (3) (4) (5)
Variables
log(distance_miles) -2.127 -2.13*** -2.13" -2.13*** -2.147
(0.11) (0.11) (0.11) (0.13) (0.13)
log(e_dist_all) -0.60"**
(0.06)
log(e-dist_z) -0.09"** -0.10***
(0.02) (0.02)
log(e_dist_x) -0.43*"* -0.45***
(0.05) (0.05)
log(tot_pop-in_min_out+1) -0.07* -0.07*
(0.02) (0.02)
log(median_income_in_min_out+1) -0.06™** -0.06™**
(0.01) (0.01)
log(median_hs_value_in_min_out+1) -0.03 -0.03
(0.02) (0.02)
log(unemployment_rate_in_min_out+1) -0.13*** -0.13***
(0.03) (0.03)
log(pct-hs_less_in_min_out+1) -0.14 -0.20
(0.90) (0.91)
log(emp_in_min_out+1) -0.01** -0.01**
(0.00) (0.00)
log(hosp-in_min_out+1) -0.117** -0.117**
(0.03) (0.03)
log(pm_in_min_out+1) 0.04 0.04
(0.09) (0.09)
log(cold_total_event_days_in_min_out+1) -0.05*** -0.05"**
(0.02) (0.02)
log(heat_total_event_days_in_min_out+1) -0.12*** -0.12***
(0.02) (0.02)
log(tmean_in_min_out+1) 0.01 0.01
(0.06) (0.06)
log(flood_t_in_min_out+1) 0.02 0.02
(0.01) (0.01)
Fized-effects
out_cntyfips Yes Yes Yes Yes Yes
in_cntyfips Yes Yes Yes Yes Yes
out_year Yes Yes Yes Yes Yes
Fit statistics
Observations 35,029,815 35,029,815 35,029,815 35,029,815 35,029,815
Squared Correlation 0.77 0.77 0.77 0.78 0.78
Pseudo R? 0.88 0.88 0.88 0.88 0.88
BIC 33,284,804.4  33,495,599.5  33,672,772.6 33,447,853.7 33,635,527.2

Clustered (out_state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

24



Table 6: The Anchor Effects on Migration - PPML

2013 - 2017; Southern CA Excluded

Dependent Variable: Number of Migrated Households
Anchor 1 Anchor 2 Anchor 3 Anchor 4 Anchor 5
Model: (1) (2) (3) (4) (5)
Variables
log(distance_miles) -1.95%** -1.96*** -1.96™"* -2.06*"* -2.06™**
(0.11) (0.11) (0.11) (0.11) (0.11)
log(e_dist_all) -0.517**
(0.06)
log(e-dist_z) -0.08** -0.09"**
(0.03) (0.03)
log(e_dist_x) -0.37*** -0.40"**
(0.04) (0.04)
log(tot_pop-in_min_out+1) -0.09"** -0.10"**
(0.01) (0.01)
log(median_income_in_min_out+1) -0.05"** -0.06™**
(0.01) (0.01)
log(median_hs_value_in_min_out+1) -0.02 -0.02
(0.02) (0.02)
log(unemployment_rate_in_min_out+1) -0.05 -0.06
(0.04) (0.04)
log(pct-hs_less_in_min_out+1) -1.07 -1.42
(0.83) (0.90)
log(emp_in_min_out+1) -0.02*** -0.02***
(0.01) (0.01)
log(hosp-in_min_out+1) -0.02 -0.02
(0.03) (0.03)
log(pm_in_min_out+1) 0.11 0.10
(0.09) (0.09)
log(cold_total_event_days_in_min_out+1) -0.04™* -0.04™**
(0.01) (0.01)
log(heat_total_event_days_in_min_out+1) -0.11*** -0.11***
(0.01) (0.01)
log(tmean_in_min_out+1) 0.22** 0.22*
(0.11) (0.11)
log(flood_t_in_min_out+1) 0.01 0.01
(0.01) (0.01)
Fized-effects
out_cntyfips Yes Yes Yes Yes Yes
in_cntyfips Yes Yes Yes Yes Yes
out_year Yes Yes Yes Yes Yes
Fit statistics
Observations 41,604,629 41,604,629 41,604,629 41,604,629 41,604,629
Squared Correlation 0.78 0.78 0.79 0.79 0.79
Pseudo R? 0.88 0.88 0.88 0.88 0.88
BIC 42,625,708.1  42,821,470.8 42,954,227.6 42,582,066.2 42,716,090.6

Clustered (out_state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 7: The Anchor Effects on Migration - PPML

2013 - 2017; Florida Excluded

Dependent Variable:

Number of Migrated Households

Anchor 1 Anchor 2 Anchor 3 Anchor 4 Anchor 5
Model: (1) (2) (3) (4) (5)
Variables
log(distance_miles) -1.95%** -1.95%** -1.96™"* -1.96*** -1.97
(0.14) (0.14) (0.14) (0.16) (0.16)
log(e_dist_all) -0.54**
(0.07)
log(e-dist_z) -0.117** -0.12***
(0.02) (0.02)
log(e_dist_x) -0.37*** -0.39*"*
(0.06) (0.06)
log(tot_pop-in_min_out+1) -0.06™** -0.07*
(0.02) (0.02)
log(median_income_in_min_out+1) -0.07*** -0.07***
(0.01) (0.01)
log(median_hs_value_in_min_out+1) -0.01 -0.01
(0.02) (0.02)
log(unemployment_rate_in_min_out+1) -0.14*** -0.14***
(0.03) (0.03)
log(pct-hs_less_in_min_out+1) -0.15 -0.17
(0.59) (0.61)
log(emp_in_min_out+1) -0.02*** -0.02***
(0.01) (0.01)
log(hosp-in_min_out+1) -0.04 -0.04
(0.04) (0.04)
log(pm_in_min_out+1) -0.07 -0.07
(0.10) (0.10)
log(cold_total_event_days_in_min_out+1) -0.02 -0.02
(0.02) (0.02)
log(heat_total_event_days_in_min_out+1) -0.10"** -0.10"**
(0.02) (0.02)
log(tmean_in_min_out+1) 0.04 0.03
(0.07) (0.08)
log(flood_t_in_min_out+1) 0.03* 0.03
(0.02) (0.02)
Fized-effects
out_cntyfips Yes Yes Yes Yes Yes
in_cntyfips Yes Yes Yes Yes Yes
out_year Yes Yes Yes Yes Yes
Fit statistics
Observations 40,496,351 40,496,351 40,496,351 40,496,351 40,496,351
Squared Correlation 0.77 0.77 0.77 0.78 0.78
Pseudo R? 0.88 0.88 0.88 0.88 0.88
BIC 41,325,310.1  41,589,347.8 41,684,896.5 41,587,326.1 41,699,695.0

Clustered (out_state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 8: The Anchor Effects on Migration - PPML

2013 - 2017; Texas Excluded

Dependent Variable:

Number of Migrated Households

Anchor 1 Anchor 2 Anchor 3 Anchor 4 Anchor 5
Model: (1) (2) (3) (4) (5)
Variables
log(distance_miles) -1.927** -1.93*** -1.947** -2.02*** -2.03"*
(0.15) (0.15) (0.15) (0.18) (0.18)
log(e_dist_all) -0.517**
(0.07)
log(e-dist_z) -0.08** -0.08"**
(0.03) (0.03)
log(e_dist_x) -0.35"** -0.38"**
(0.06) (0.07)
log(tot_pop-in_min_out+1) -0.06™** -0.07*
(0.02) (0.02)
log(median_income_in_min_out+1) -0.06™** -0.06™**
(0.01) (0.01)
log(median_hs_value_in_min_out+1) 0.00 0.00
(0.02) (0.02)
log(unemployment_rate_in_min_out+1) -0.12** -0.13***
(0.05) (0.04)
log(pct-hs_less_in_min_out+1) -0.63 -0.76
(0.93) (1.01)
log(emp_in_min_out+1) -0.02*** -0.02***
(0.01) (0.01)
log(hosp-in_min_out+1) -0.03 -0.04
(0.04) (0.04)
log(pm_in_min_out+1) 0.08 0.08
(0.13) (0.13)
log(cold_total_event_days_in_min_out+1) -0.02 -0.02
(0.02) (0.02)
log(heat_total_event_days_in_min_out+1) -0.08"** -0.08"**
(0.02) (0.02)
log(tmean_in_min_out+1) 0.19 0.19
(0.13) (0.14)
log(flood_t_in_min_out+1) 0.03 0.02
(0.02) (0.02)
Fized-effects
out_cntyfips Yes Yes Yes Yes Yes
in_cntyfips Yes Yes Yes Yes Yes
out_year Yes Yes Yes Yes Yes
Fit statistics
Observations 36,339,085 36,339,085 36,339,085 36,339,085 36,339,085
Squared Correlation 0.77 0.77 0.77 0.77 0.78
Pseudo R? 0.87 0.87 0.87 0.87 0.87
BIC 41,469,094.6 41,718,861.3 41,840,079.4 41,564,830.2 41,696,113.2

Clustered (out_state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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be psychologically or physiologically conditioned to seek out similarly hot environments, even
if those locations face similar long-term risks. Consequently, "managed retreat” policies that
rely on voluntary migration to cooler latitudes may face resistance not just from economic
constraints, but from a preference for climatic familiarity. Adaptation planning may therefore
need to focus heavily on in situ resilience for hot regions, or alternatively, invest in information
campaigns that explicitly counter the bias toward familiar but increasingly dangerous climates.

Finally, the lack of significant movement away from flood risks (as indicated by the weak
and inconsistent results for flood exposure differences) further underscores the stickiness of res-
idential sorting. The fact that large differences in flood risk do not consistently drive migration
suggests that disaster risks may be underestimated or normalized by residents, or that the
pull of familiar social and institutional structures (such as the observed anchoring on hospi-
tal availability) outweighs the push of environmental hazards. Regional development policies
should therefore aim to harmonize service quality across regions. By raising the baseline of pub-
lic goods in safer, high-opportunity areas, policymakers can reduce the “institutional amenity

shock” that currently deters vulnerable populations from relocating to safer ground.

5 Conclusion

We introduce and test the concept of “anchoring effects” in residential sorting, proposing that
individuals’ migration decisions are shaped not just by the absolute amenities of a destination,
but by how those amenities compare to their lived experiences. We formalize this mechanism
in a discrete choice model and test it using a gravity model of migration across U.S. counties
from 2013 to 2017.

Our theoretical framework predicts that migration costs are partly psychological: deviations
from a familiar baseline, whether in air quality, income, or community structure, impose a utility
penalty. Our empirical results provide robust support for this hypothesis, revealing a pattern of
residential sorting that is far stickier than traditional models suggest. We find strong evidence
of similarity seeking in the aggregate: migration flows are significantly larger between counties
that share similar socioeconomic profiles. Households appear to anchor heavily on economic
status and institutional capacity, moving predominantly between locations with comparable
median incomes, unemployment rates, and healthcare resources. This confirms that spatial
sorting is path-dependent; people do not merely chase the highest wage, but the most familiar
context.

Crucially, our results challenge the assumption that environmental risks inevitably trigger
adaptation or retreat. Contrary to the expectation that households would migrate away from
disparate climate risks, we find evidence of climatic anchoring. Migration flows are higher
between counties with similar frequencies of extreme heat days, suggesting that individuals
prioritize thermal familiarity over climate optimization. Furthermore, we find no consistent
evidence that large differences in flood risk drive migration flows. This paints a picture of
pervasive inertia: rather than fleeing environmental stressors, households appear to sort into

locations that replicate both the socioeconomic and environmental conditions of their origin.
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Ultimately, our work connects the literature on residential sorting with intergenerational
mobility by identifying a preference-based mechanism for spatial persistence. If preferences
are endogenous to past experience, then spatial inequality may be self-reinforcing not only
through external constraints but through internalized valuation. The fact that migrants anchor
on both economic class and climate suggests that disadvantaged populations may be doubly
“trapped”, not only by a lack of resources but by a preference for the familiar conditions of their
home regions, even when those conditions carry long-term risks. Future research should further
disentangle these effects using individual-level longitudinal data to observe how preferences
evolve over time after a move. For now, our findings serve as a reminder that to change where
people live, we must first understand and perhaps re-frame their relationship with where they

came from.
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A Online Appendix

A.1 Proof of Proposition 3

(Still working on Scenario 5,6) The probabilities of each individuals to choose different locations

are
. . B _ I Aq f(Alll)
Pry (1] With Anchoring Effects) = Pr (na < [(Bc + BH)lni + Baln /TQ t+in f(Aag)]).
Prq (2| With Anchoring Effects) = Pr( Ta [(ﬁc + 5H)ln— + Baln Af +In ;Eiw;])
al
(A1)
| . - A1 f(Ap)
Pry(1| With Anchoring Effects) = PT( p < [(BC + 5H)m7 + Baln— +l f(AbQ)])'
A
Pry(2| With Anchoring Effects) = PT(~b < [(Bc + BH)Z”H + Baln /Tj +in ;Eiz;])

We consider six different scenarios:

Scenario 1: if the geographical disparities in A become greater, A; > A, > Ay > As, we have

. A
Aat < Dpy and Mgz > Ay, InfR2Y > indlen,

Pr,(1| With Anchoring Effects) > Pry(1| With Anchoring Effects). (A2)

Individual a is more likely to choose location 1 than individual b. Similarly, individual b is more
likely to choose location 2 than individual a. Social disparities increase in this scenario.
Scenario 2: if there is an improvement in A for all locations, A1 > Ay > fla > zzlb, we have
Ag1 < Apy1 and Ago < Apo. In addition, let Amb = A, — Ay, then Ap1 = Ay + Aa,b7
Apo =Ag2+ Aa,lﬁ we have

F(Ann)  F(Ban+Any)  FBan) + [omi e payaa

- ~ap) _ . (A3)
FBo2)  fBaz+Bap)  f(A,.) +fA“2+A“bf/( A)dA
Since Ay 1 > Ag2 and f”(A) <0, then
Aa,l‘i’Aa,b Aa,2+Aa,b
/ F(A)A < / F(A)dA. (A4)
Aa,l Aa,2
Let C = [R22T8%0 [I(A)AA < 0, we have
f(Ap1)  f(Ag1)+C
<L : A5
F(By2) < f(Bgn) 1 C (45)
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Because Ay 1 > Ay, f(Aa1) < f(Ag2),

f(Aa,l) +C _ f(Aa,l) _ f(Aa,l)f(Aa,Q) + Cf(Aa,Q) - f(Aa,l)f(Aa,Q) — Cf(Aa,l)
f(Au2) +C  f(Au2) f(Dap)[f(Aa2) +C]
(A6)
_ C[f<Aa,2) - f(AaJ)] <0
f(Aq2) f(Ab2) '
Therefore, we can conclude that
f(Ab,l) f(Aa,l) +C f(Aa,l)
F(B12)  FBan) 1O f(Bun)’ (A7
which is equivalent to
Pr, (1| With Anchoring Effects) > Pry(1| With Anchoring Effects). (AR)

This results also imply that individual a is more likely to choose location 1 than individual b.
Similarly, individual b is more likely to choose location 2 than individual a. Social disparities

persist in this scenario.

Scenario 3: if there is an decline in A for all locations, A, > A, > A; > A,, we have
Aa,l < AbJ and Aa,z < Ab,Q- In addition, Ab71 = Aa71 + Aa,ba Abg = Aa72 + Aa’b, we have

Ap1+Ag

f(Aa,l) _ f(AbJ) + fAb,1 f/(A)dA A
f(Aa 2) N Apot+Agy 4 ( 9)
O T
Since Ap1 < Apy and f”(A) < 0, then
Ap1+Aap Apot+Aap
/ F(A)A > / F(A)A. (A10)
Ap 1 Ap 2
Let C = fAA;’QﬁA“’b ' (A)dA < 0, we have
f(Aa1) _ f(Ap1) +C
[(Baz) ~ f(Bpo) +C (A1)
Because Ay < Apa, f(Ap1) > f(Ap2)
fR) +C  f(Bb) _ f(Bon)f(Bb2) + CF (Ab2) = f(Ap1)f(Av2) — Cf(Apa)
F(Qp2)+C  f(Ap2) F(Ap2) [f(Ap2) +C] (A12)
_ Cf(Ap2) — f(Ap1)] 50
f(Ap2) f(Aq,2) '
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Therefore, we can conclude that

1
> > , A13
F(Ba) ~ T2 1O FB2) )
which is again equivalent to
Pro (1| With Anchoring Effects) > Pry(1| With Anchoring Effects). (A14)
Scenario 4: if A, > Ay > A, > A,, then Ag2 = A1+ Ap1 + Ay o, we have
f(App) _ f(Ag2 —Ap1 — Ag1) - f(Ag2 — A1) - f(Ag2 —Aq1)+D
F(B0,) F(B01) 70) f©)+D )
_ f(Aa,Q - Aa,l) +D
f(AaJ) 7
where D = [[2! f/(A)dA. Since f"(A) <0,
Aa,1 Aa,Q
/ F(A)A > / F(A)A, (A16)
0 Aa,Q_Aa,l

we may conclude

F(B0) _ F(Bas = Agt)+ D _ F(Bap = Dar) + 377 5, F/(A)dA _fBa2) (A1)
1

> > )
f(Apy) f(Dan) f(Dap) f(Dap)
which is equivalent to
f(Bp1) _ f(Aan)
<L . A18
F(Bo) < T(Ba2) A
and
Prq (1] With Anchoring Effects) > Pry(1| With Anchoring Effects). (A19)

Scenario 5: If individual a’s lived experience is between the two locations, while individual b’s
is lower than both: A; > A, > Ay > A;. We have distances defined as:

Ag1 = A1 — Ay, Agp=As— Ao

Ap1=A1— Ay, Do =Ar— 4

Note that the distance between locations is d = Ay — A,. For individual a, Ag 1+ Ay 2 = d. For
individual b, Ap1 = d + Apg. Since f”(A) < 0 (Assumption 1), In f(A) is a concave function.
The decay in utility accelerates as distance from the anchor increases. Consequently, the utility
loss for individual b (who faces the largest total distance A ;) outweighs the utility loss for

individual a:

(A20)
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This inequality holds because the ratio on the right-hand side represents a jump in distance of
size d starting from an already positive distance Ay 2, whereas the left-hand side represents an
internal division of the distance d. Given the increasing rate of decay, the penalty on the RHS is

strictly larger. Taking the logarithm and substituting back into the probability function yields:

Pr,(1|With Anchoring Effects) > Pr,(1|With Anchoring Effects). (A21)

Scenario 6: If individual a’s lived experience is higher than both locations, while individual
b’s is lower than both: A, > A; > Ay > A,. This scenario represents the widest divergence in

anchoring points.

e For individual a, the anchor fla is closer to A; than Ay because A1 > Ap. Thus, Ay 1 <
Ag2. Since f'(A) < 0, this implies f(Aq1) > f(Aq2), and therefore:

e For individual b, the anchor Ay is closer to Ay than A;. Thus, Ay < Ap;. This implies
f(Ap2) > f(Ap1), and therefore:

A
CTSV
f(Ap2)
Combining these two inequalities, we obtain the strongest preference divergence:
f(Aap) f(Ap1)
= >1> : A22
f(Aaz2) f(Ap2) (A22)
Which leads to the conclusion:
Prq(1|With Anchoring Effects) > Pr,(1|With Anchoring Effects). (A23)

This confirms that in all scenarios where A, > A, and A; > Ao, individual a is more likely to

choose Location 1 than individual b, completing the proof for Proposition 3.
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