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Abstract

We address a fundamental identification challenge in optimal place-based redistribution pol-
icy design: characterizing how marginal utility of income (MU) varies across locations. We
show that MU is not identified from location choice data alone, even with full-support location-
specific instruments that generate arbitrarily large positive or negative income shifts in every
location. To overcome this challenge, we design and implement a nationally representative sur-
vey that directly elicits location-specific MUs and recovers how respondents would substitute
across locations when relative net incomes change, using respondent-specific feasible choice sets.
We characterize optimal place-based transfers using both a sufficient-statistics approach with
an iterative algorithm for marginal policies, and a structural model with heterogeneous types
and non-separable preferences for non-marginal policies. Although location is often treated as a
tag for types (such as skill groups), we find that nearly half of the cross-metro variation in the
planner’s welfare weights—and thus the motive to redistribute—comes from within-person and
within-skill-group differences in marginal utility across locations, identified only through our
survey. We find that optimal policy is substantially more nuanced than a simple redistribution

from high-wage to low-wage locations.



1 Introduction

Place-based transfers across locations have the potential to raise average welfare by correct-
ing externality-driven misallocation and redistributing toward places where the marginal utility
of additional income is high. A growing literature has made considerable theoretical progress
characterizing optimal spatial transfers motivated by agglomeration externalities (Fajgelbaum and
Gaubert, 2020, 2025; Donald et al., 2025), knowledge spillovers across occupations and locations
(Rossi-Hansberg et al., 2022), and equity concerns (Gaubert et al., 2021). These papers show that
optimal taxes and transfers depend on the magnitude of agglomeration and productivity spillovers,
elasticities of location choice with respect to after-tax income, and variation across locations in the
marginal utility of income, both across worker types that differ in earnings capacity (location as
a tag) and within-type differences across locations. The empirical literature provides quantitative
evidence on the size of agglomeration and productivity externalities and on the responsiveness of
location choices to financial incentives. However, little direct evidence exists on how the marginal
utility of income varies across locations. This paper develops and implements a new survey-based
approach that measures within-person and within-type differences in the marginal utility of income
across locations, and, aggregating these comparisons, studies the consequences of that variation for
optimal redistribution-motivated spatial transfers.

We first derive optimal redistribution formulas for location-specific transfers, which make clear
that variation in the marginal utility of income across places is a key driver of redistribution-
motivated transfers. To isolate the identification and measurement issues at the center of the paper,
we set aside place-based externalities and focus on the redistribution component of the planner’s
problem. We then turn to our main contribution: measuring this variation directly and using it
to study redistribution-motivated transfers across space. The formulas highlight that a planner
who chooses transfers across locations, subject to a budget constraint, needs two sets of sufficient
statistics. The first is the full set of marginal utilities of income by location and worker type. This
determines where an extra dollar has the largest welfare payoff. The second is the location demand
system, summarized by a matrix of location choice elasticities describing how people re-sort when
transfers change. This characterizes the efficiency cost of transfers to any given location in terms
of deadweight loss. We show that the marginal utilities in this system are not identified by data
in which we only observe how location choices respond to changes in financial incentives, without
imposing a priori assumptions on the separability of preferences, the role of unobserved amenities,
or the properties of idiosyncratic location attachments. This non-identification motivates moving
beyond standard revealed-preference approaches and directly measuring how the value of additional
income varies across locations.

Our solution is to measure the planner’s key inputs directly. We field a nationally representative
survey that elicits respondent-specific location choice sets which we henceforth refer to as menus,
stated choice probabilities under experimentally varied scenarios, and within-person measures of the
marginal utility of income across locations where each respondent could plausibly live in the future.

For each respondent, we elicit four metropolitan areas that they realistically could choose to live in



several years ahead: their hometown and three additional unique destinations. Respondents then
report their expected income in each location, describe contextual factors such as the presence of
family and friends and how well the local environment fits their interests, and state the probabilities
with which they would choose each location. We then elicit within-person comparisons of the value
of a permanent income increase across these locations. In particular, respondents first indicate
which location-specific version of themselves would benefit most from a permanent $5,000 raise.
We then ask, for each of the other locations, what permanent income increase there would deliver
the same increase in well-being as the $5,000 raise in the chosen location. Repeating this set of
comparisons across experimentally varied hypothetical scenarios that shift incomes and contextual
factors allows us to recover how each respondent’s marginal utility of income differs across locations
and over a range of income levels.

An alternative, more traditional approach would be to infer cross-location differences in the
marginal utility of income from revealed preferences—using how location choices respond to dif-
ferences in income opportunities across places. Under a separable random-utility model, marginal
utilities are identified from cross-location wage responses: how the probability of choosing one loca-
tion changes when wages change in other locations. Identification therefore relies on ratios of these
cross effects, not on the own-wage elasticities that applied work typically targets. Measuring the re-
quired cross effects would in turn require location-specific, plausibly exogenous wage variation and
enough precision to detect how shocks in one location shift choice probabilities elsewhere for all lo-
cations, which is difficult in practice. Instead, quantitative work typically relies on functional-form
assumptions or effectively imposes that marginal utility is directly tied to the location’s income.
Moreover, the separability condition on which this revealed-preference argument rests is not sup-
ported in our data. These practical and conceptual limitations necessitate an alternative approach,
which is the role played by our survey-based comparisons.

The second crucial input to the optimal transfer formulas is the location-demand system, sum-
marized by own- and cross-location elasticities of location choice with respect to location-specific
after-tax income. A planner needs to know not only how sensitive each city’s demand is to its own
net income, but also the substitution pattern across cities: when one city becomes less attractive,
which other cities gain the displaced residents and by how much. A natural analog is the discrete-
choice product-demand literature, which recovers rich substitution patterns across alternatives. In
that literature, heterogeneity in preferences for observable attributes—modeled through random co-
efficients and interactions with observed characteristics—generates realistic substitution: when the
price of one product rises, close substitutes absorb a disproportionate share of the switching, and
these switching patterns identify the matrix of own- and cross-price elasticities.The difficulty is
that the data requirements needed to estimate these elasticities are hard to satisfy for location
demand. In product-demand applications, one typically observes similar sets of products sold in
many markets with different price vectors, so that the same product is repeatedly observed under
many relative-price regimes. There is no close analog for cities: we do not repeatedly observe the

full set of U.S. cities under many different configurations of wages and living costs, and plausibly



exogenous variation in relative location-specific net incomes is limited. As a result, most spatial
applications calibrate a small number of elasticities or rely on restrictive functional forms rather
than estimating a full matrix of own- and cross-location elasticities.

Our survey provides a way to bring the logic of discrete-choice demand to location decisions.
At the individual level, we observe stated choice probabilities over a menu of cities, which reveals
which cities are commonly considered together and thus likely to receive one another’s outflows
when relative net incomes change. Across experimentally varied scenarios, we shift incomes in
specific cities and track how each respondent’s choice probabilities move, yielding individual-level
substitution patterns between locations in individual’s menu. Aggregating these responses produces
the analog of the cross-price effects that define substitution patterns in discrete-choice demand
systems. This ability to estimate a flexible location-demand system is a second central contribution
of the paper. Finally, we supplement our survey data with multiple other publicly available data
sources to provide extensive validation checks of our survey data.

Our survey yields several key empirical patterns. First, our estimated average location choice
elasticity is 1.69, which falls within the range of 1.2 to 3.1 documented in prior work using revealed-
preference methods (Bound and Holzer, 2000; Serrato and Wingender, 2014; Serrato and Zidar,
2015; Notowidigdo, 2011; Diamond, 2016), providing reassurance that stated-preference responses
align with observed behavior. The experimental variation across scenarios also allows us to estimate
the distribution of individual-level elasticities, which we recover using an empirical Bayes shrinkage
procedure (Efron, 2016).

Second, our marginal utility measures exhibit substantial geographic variation that is not ex-
plained by income differences alone. Within-person regressions show that location-specific marginal
utility is weakly but positively correlated with income, while marginal utility is lower in high-
housing-cost locations holding income fixed. Locations with better schools and stronger labor
markets (measured by non-wage job amenities) exhibit higher marginal utility, while high-crime
locations exhibit lower marginal utility. We summarize this geographic variation using an AKM-
style decomposition (Abowd et al., 1999) that isolates metro fixed effects from the within-person
comparisons, and these metro effects serve as a key input to the optimal transfer formulas.

Third, our menu-based design, which allows for individual-specific location choice sets, reveals
rich substitution patterns across space. Tracing how stated choice probabilities shift in response
to location-specific income shocks, we find strong regional clustering.! This pattern reflects both
geographic proximity and the tendency for respondents to list culturally and economically similar
metros in their choice sets.

Combining these inputs, we compute optimal metro-specific taxes and transfers for over more
than 600 U.S. metropolitan areas. The distribution of optimal taxes exhibits substantial dispersion
and is notably bimodal: one group of metros optimally receives subsidies while another group

faces positive taxes, with relatively few metros near the break-even point.? This pattern does

!For example, marginal movers from Louisiana would relocate predominantly to Texas, Mississippi, and Florida,
with minimal substitution to Northern or Western states.
2Geographically, coastal metros—particularly along the Eastern Seaboard and in California—tend to face higher



not simply mirror a tax-from-high-wage-to-low-wage logic. Instead, it reflects measured marginal
utility across locations, which can depend on local amenities, cost of living, and the presence of
family networks. We decompose cross-metro variation in optimal taxes using our formula, which
expresses each metro’s optimal tax as the sum of two terms: the migration-weighted average tax
of substitute metros, and an adjustment that depends on the metro’s marginal utility deviation
from the national mean. Allowing for heterogeneity by skill type, three variables—the metro-level
marginal utility effect, the local college share, and the average tax of substitutes—explain sixty
percent of the variation in optimal taxes. The bimodality and geographic clustering arise because
metros that are close substitutes tend to share similar characteristics generating groups of metros
that are taxed or subsidized together. Most importantly, the planner’s motive to redistribute
within-person and within-type—identified through our survey—accounts for half of the variation in
MU differences across locations required to obtain location-specific optimal taxes. Finally, we show
that the scope for spatial redistribution depends on migration elasticities. Doubling location-choice
elasticities compresses the optimal tax distribution by approximately 25%, as higher mobility raises
the fiscal cost of tax differentials across space.

Next, we build a structural model to compare welfare under sufficient statistics derived optimal
redistribution across cities with other policies. Following our results on non-identification, our
model allows for imperfect substitutability between consumption and the idiosyncratic shocks.
This is not identified by the location choice data alone, but is identified by both location choice
data supplemented with direct measurement of marginal utility of income which is necessary for
optimal policy. The imperfect substitutability allows marginal entrants to a given location to have
different marginal utilities of income than inframarginal entrants. Our model is identified from the
exogenous variation that we induce through our survey by exogenously shifting individual’s location-
specific expected income and contextual factors. We estimate the model using Indirect Inference
(Gourieroux et al., 1993) and find that the model is able to replicate the empirical patterns in
the data and is able to match non-targeted moments like average choice probability by the rank
of locations. Using the estimated parameters of the model we can simulate counterfactual policies
and compare welfare.

This paper contributes to several literatures. First, we contribute to the growing literature on
optimal spatial taxes and transfers by providing new evidence on a central sufficient statistic—how
the marginal utility of income varies across locations—and by showing that this object is not iden-
tified from migration responses to financial incentives alone without strong preference restrictions.
Second, we contribute to the empirical literature on spatial equilibrium and migration by devel-
oping a survey-based approach that elicits within-person comparisons of the value of additional
income across plausible future locations, yielding location-specific marginal utility measures that
do not rely on separability assumptions. Third, we contribute to the literature on location choice
by providing new evidence on which cities households treat as substitutes: using individualized

choice menus and experimentally varied scenarios, we recover substitution patterns across cities

taxes, while metros in the Southeast and parts of the Midwest warrant subsidies.



and construct the matrix of own- and cross-location responses required for optimal policy. Finally,
we contribute to the stated-preference and survey-measurement literature by showing how a menu-
based, within-person design can elicit welfare-relevant objects—marginal utilities and substitution
patterns—that are difficult to recover from revealed-preference data.

The rest of the paper is structured as follows. In Section 2, we derive the optimal redistribution
formula and its components which form the central object of interest of our paper. In Section 3, we
discuss the strong assumptions on which identification rests in canonical models with separability,
and yet is infeasible to estimate. Next we show that the components are not identified with location
choice data under non-separability with examples illustrating observational equivalence. Section 4
provides an overview of our survey and describes how we elicit the components required for optimal
taxes and construct measures of the corresponding sufficient statistics. Section 5 provides provides
a battery of evidence consistent with existing literature which provide validation checks for our
survey. Next in Section 6 and 7, we describe the empirical patterns in the marginal utility of
income and in the geographic substitutions respectively. Section 8 computes optimal place-based
transfers using the Gauss-Sidel iterative algorithm. We discuss results on optimal transfers in
Section 9. In section 10 and 11 we build the structural model and discuss parameter estimates and

model fit. In Section 12 we (plan to) use the model to compare welfare across various policies.

2 Optimal Redistribution Formula and Matrix Setup

In this section we characterize optimal place-based redistribution when people can move across
metropolitan areas. The government chooses a schedule of metro—specific head taxes and transfers,
and households respond by sorting across metros based on after—tax incomes and their idiosyncratic
location preferences. Because taxes change both consumption and where people live, optimal policy
trades off redistribution against the fiscal externalities created by migration.

The main message is that optimal policy depends on two ingredients. The first is the marginal
value of an additional dollar of income for the people who live in each metro (after accounting
for the planner’s Pareto weights). This object determines where a marginal dollar delivers the
largest welfare gain. The second is the location demand system: how sensitive metro populations
are to metro—specific taxes, including where movers go when a given metro becomes more or less
attractive. These mobility responses determine how costly it is to raise revenue from a particular
metro, because changing a tax shifts the tax base both locally and in other metros.

We proceed as follows. We first set up the environment and the planner’s problem. We then
derive a sufficient-statistics characterization of optimal taxes and provide intuition using a two—
metro special case. We next turn to the identification question that motivates our survey-based
measurement of marginal utilities. We return to the matrix representation and iterative solution

method later when we implement the policy calculations.



2.1 Environment

There is a unit mass of individuals indexed by 7. Individuals belong to finitely many observable
types t(i) € {1,...,T}. Let N; denote the population share of type t, so ), N; = 1. Locations are
indexed by j € {1,...,J} and correspond to metropolitan areas.

For a given vector of metro—specific head taxes (or subsidies when negative)

T=(T1y...,TJ),

type t individuals face the indirect utility vector {ufj(wij - Tj, eij)}‘j]:l over locations and choose

their location optimally. Let

by .
P;(7) = Pr(type t chooses metro j | 7)

denote the resulting choice probability, and define the total population share in metro j as
Li(r) = Y NePj(7).
t

Each individual in metro j pays the same head tax 7;. A marginal change in 7; changes
consumption one—for—one for all individuals who choose metro j, so the relevant object for welfare
is the expected marginal utility of income in that metro, averaged over the individuals who actually
live there. For type t, let ;@- denote the expected marginal utility of income conditional on choosing

metro j. Specifically,
py = E[ufy(wij — Tj,€5) | j chosen} , (1)

2.2 The planner’s problem

The planner’s Pareto objective is
T
W(r) = ZHtNtUt(T)7
t=1

where II; is the Pareto weight on type ¢ and Uy(7) is expected utility for a type—t individual under
taxes 7. The planner maximizes the Pareto objective by choosing 7 subject to a balanced budget

constraint
¢

J
max W(7T) s.t. ZT]'LJ'(T) =G,
j=1

where G is exogenous net spending, possibly zero.

Proposition 2.1 (Sufficient statistics for optimal metro head taxes). Suppose (i) a metro—specific

head tax changes consumption one—for—one for residents of that metro, (ii) location choice prob-



abilities are differentiable in the tax vector T, and (iii) a common marginal increase in all metro
head tazes leaves location choices unchanged in a neighborhood of the optimum.®> Then any interior
optimum 7 that satisfies the balanced budget constraint Z}'le 7;L; (1) = G, must satisfy, for each

metro j,
_ J
pi—p 1 0Ly (1)

pr— T./ .
J .
0T;

fi Lj(r) ®

=1
Here i is the Pareto-weighted average marginal utility of income among residents of metro j, and
i = Z;’Zl Lj(T)p; is the Pareto-weighted average marginal utility of income in the population.
Appendiz A provides the derivation.

Equivalently, by rearranging equation (2), it follows that the optimal tax for city j can equal
the sum of the average tax of substitute metros and a term capturing the deviation of MU of metro

j from the average

OP.,
B 2yt iy 1 o —f
=l ®)
2i By o7,
——_— —— S

Average tax of substitute metros ~MU-based adjustment

The second term in (3) captures the Baily—Chetty intuition: metros with above-average Pareto-
weighted marginal utility of income should be net recipients of transfers (i.e., face lower taxes), while
metros with below-average marginal utility should be net contributors (i.e., face higher taxes). The
magnitude of this adjustment is governed by the responsiveness of the metro’s population share
to changes in its tax, dP;/07;: when population flows are more elastic, redistribution through
metro-specific taxes is more distortionary, so the marginal-utility adjustment is attenuated.

The first term captures the fiscal-externality channel created by migration. When metro j is
taxed more heavily (or subsidized less), marginal residents who are induced to leave substitute
toward other metros and pay the taxes prevailing in those destinations. Because residents leaving
a given metro may substitute more toward some metros than others, the average tax paid by those
exiting j will in general differ across j. The weighted average of those destination taxes is exactly
the first term, and can be interpreted as the average tax faced by the marginal outflow from j.

Together, the formula shows that optimal policy starts from a “baseline” determined by the
taxes in substitute metros and then shifts taxes up or down depending on whether p; is below or
above the population average. In particular, if ;; = fi, the optimal policy generally does not set
7; = 0; instead, it sets 7; equal to the average tax faced by the marginal movers who would leave
J in response to a marginal increase in 7.

Equations (2) and (3) highlight two takeaways. First, (2) makes clear the objects the plan-
ner needs: the Pareto-weighted marginal utilities {y;} and the matrix of migration responses

{OL;/O7;}. Second, (3) rewrites the same condition in a form that is closer to a policy prescrip-

3This holds in standard random utility models in which utilities depend on after—tax consumption and idiosyncratic
location shifters, because a common tax change shifts all location utilities by the same amount. Appendix A formalizes
the argument.



tion: a metro’s optimal tax equals the average tax faced by the marginal outflow from that metro,
plus an adjustment that depends on whether p; is above or below the population average, scaled by
the own migration response. In the multi-metro setting these conditions define a system in which
each 7; depends on the full vector 7, so computing the optimal taxes requires solving a fixed point.
In our computations below, we implement this by iterating on the mapping implied by (3) until
convergence.

Equation (2) is a spatial analog of the sufficient-statistics formula for optimal unemployment
insurance: the left-hand side captures the marginal welfare gain from raising net resources in metro
j relative to the population average, while the right-hand side captures the marginal fiscal cost
created by migration-induced changes in the tax base across metros. The two-city example in the
next subsection makes this analogy transparent in the simplest setting, where there is only one

margin of re-sorting.

2.3 Two—city example (intuition)

To provide intuition, consider a simplified environment with only two locations, indexed by
j =1,2, and a single individual type. The government wishes to redistribute income from metro 2
to metro 1 via a head transfer b to everyone in metro 1, financed by a head tax t on everyone in
metro 2, under a balanced—budget constraint.

Let W7 and Wy denote pre-tax incomes in the two metros. Under the policy, consumption is
W1 4+ b in metro 1 and W5 — ¢t in metro 2. Individuals choose between these two options, subject

to idiosyncratic shocks (€1, €2), so indirect utility is
V(b,t) = E, ¢, max {u(W1 +b,€1), u(Wa —t,e2)}] .

Let Li(b) denote the equilibrium share of the population in metro 1 when the transfer is b.

With a balanced budget, total revenue from metro 2 must equal total transfers to metro 1:

Li(b)b=[1—Li(b)]t(b),  so t(b):lfll(j)(b)

b.
Differentiating this expression yields

dt Ly b dL,

b 1-L, T AL &
~—— —_——

mechanical “leaky bucket”

where the first term is the tax increase required to finance a higher transfer holding the population
fixed, and the second term captures the additional tax increase required because the policy induces
migration that expands the number of transfer recipients and shrinks the tax base.

Let pu; and po denote the expected marginal utilities of income for households who choose



metros 1 and 2, respectively, under the policy (b,¢(b)). The optimal transfer b satisfies

f— p2 1 <dL1(b) b )
12 L—Ly(b) \ db  Li(b)/) "

(4)

Appendix A.3 provides details of the derivation.

The left-hand side of (4) is the marginal benefit of shifting one dollar from metro 2 to metro 1,
measured relative to the marginal utility in metro 2. The right—hand side is the marginal cost of
raising that dollar, which depends on how strongly the transfer affects the equilibrium population
share Lj(b) and on the size of the tax base in metro 2.

Equation (4) is a special case of Proposition 2.1 when there are only two metros and one type.
In the multi-metro setting, the scalar response dL;/db is replaced by the matrix of cross—metro
derivatives OL; /07;, and the optimality conditions jointly determine the entire vector of taxes,
implying a fixed-point problem. Because our main focus in the next section is identification of the
planner’s key inputs, we defer the matrix notation and numerical solution method to the policy-

calculation section.

3 Non-identification

Section 2 shows that redistribution-motivated place-based transfers depend on the average

marginal utility of income among residents of each metro,
pj = Eluy(wij, €;5) | j chosen],

together with the matrix of migration responses to metro-specific taxes. This section explains why
{1;} is not identified from location choice data alone without strong assumptions on preferences,
even in a hypothetical environment with rich or even full-support location-specific wage shifters.
The core issue is that income shifts reveal how much additional income changes a location’s at-
tractiveness for people who are close to moving—and therefore reveal marginal utilities of income
for these marginal movers—whereas the planner’s first-order conditions depend on the average

marginal utility of income among the residents of each location under the policy being evaluated.

3.1 A benchmark revealed-preference argument under separability

To fix ideas, consider a standard separable random-utility model in which utility in location j
takes the form

Uij = q log(wij) + a; + €45,

where w;; is income (net of any head tax), a; > 0 governs the marginal utility of income in location
J, a; is a common amenity component, and ¢;; is an idiosyncratic location shifter that enters addi-
tively. In such models, cross-location choice responses encode information about marginal utilities.

In particular, under a logit structure (and in equivalent canonical Fréchet-based formulations),

10



cross derivatives take the form

8P Qs ., .
L« — PPy —, j#7.

811) U w,;r
J J

That is, the effect of increasing income in j' on the probability of choosing j is proportional to the
marginal utility of income in j’.
Crucially, relative marginal utilities are obtained from cross derivatives in both directions. For
any pair of distinct locations j and j’,
Qi oP; Q;
o — PPy —-, T o — PyPj 7,

8’[1)]‘/ wj/ 8’[1)]' ’LUj

and therefore
8Pj/8wj/ N ozj//wj/

0Py [Ow; — aj/w;

This benchmark illustrates the revealed-preference logic: comparing how the probability of choosing
j responds to income changes in j' with the reverse cross response identifies the relative marginal
utility of income across the two locations (up to the mechanical 1/w scaling under log income
utility). Appendix B summarizes the canonical cases and the mapping from cross-location responses
to marginal-utility ratios under separability.

Two points are important for our purposes. First, this identification argument relies on cross
responses—how shocks to income in one location shift choice probabilities in other locations—not
on the own-location elasticity that applied work typically targets. In practice, available quasi-
experimental variation is typically used to estimate a single average elasticity with respect to a
location’s own income, and even that is often at the limit of what the data can support. For
example, traditional Bartik-style instruments implemented with decennial Census data yield one
predicted shifter per location per decade, which is far from the variation needed to recover the full
matrix of cross-location responses required by the benchmark identification argument.

Second, this benchmark relies on separability as an identifying assumption: conditional on
income, the marginal utility of income in a location does not depend on the idiosyncratic location
shifter that drives selection into that location. Location-choice responses reveal how income changes
shift a location’s attractiveness for people who are close to switching across locations, and therefore
speak most directly to marginal utilities for these marginal movers. Separability is what lets one
treat these marginal- mover marginal utilities as representative of the average marginal utility

among residents, ;.

3.2 Non-identification of policy-relevant ; without separability, even with full-
support instruments

The more fundamental problem is that once one relaxes separability between income and id-

iosyncratic location shifters (entertaining the possibility that idiosyncratic factors that affect loca-

11



tion choices may also shift the marginal utility of income), location-choice data do not identify the
policy-relevant objects {y;}. To illustrate, consider two locations. Individual ¢ chooses location 1
if

u(wir, ei1) > v(wiz, €2),

and chooses location 2 otherwise. The planner-relevant average marginal utilities among residents

are

p1 = [uw(wit, ei1) | w(wii, 1) > v(wse, e2)], p2 = [vy(wiz, ei2) | u(wit, e1) < v(wig, €2)].

Suppose we observe location-specific instruments (Z;, Z2) that shift wages so that the econome-
trician can trace out location choice probabilities and cross-location responses as (w;1+Z1, wio+ Z2)
vary over a wide support. Let P; and P» denote the resulting choice probabilities for locations 1
and 2. These data are sufficient to identify ratios of marginal utilities at the margin in terms of
location choice: cross responses identify objects tied to the set of individuals who are indifferent
at a given configuration of perturbed wages. Formally, the analog of the separable identification
ratios recovers ratios of derivatives evaluated at indifference (up to a common density term that

cancels in the ratio),

0P, /0w _ Eluy(wir + Z1,eq1) | u(win + Z1, ei1) = v(wip + Z2, €52)]
0P /Ows E[vw(wiz + Z2, €i2) | u(wiy + Z1,e51) = v(wiz + Za, €2)]

(Z1,22)

Even with full-support instruments, which under weaker assumptions allow the researcher to observe
circumstances where residents who are inframarginal when Z; = Zs = 0 are made to be marginal,
this delivers information about their marginal utilities of income at perturbed wages, not the average

marginal utilities p; and pup among inframarginal residents at baseline wages.

3.3 Examples illustrating observational equivalence

A complementary way to understand the non-identification result is through observational
equivalence. Without a separability assumption, one can construct distinct utility specifications
that generate the same location choice behavior—and therefore the same predicted responses of
choice probabilities to financial incentives—but that imply different values for the policy-relevant
conditional averages p; (or, in a two-location case, p11 and p2). The examples below illustrate this

logic in simple settings.

3.3.1 Example 1: Complementarity between income and shocks

To fix ideas, consider J locations and a utility index that is non-separable in income w; and an

idiosyncratic shock €;;. Consider:

Ui = W€ versus ujj = w;€j, where &;=¢€;; x D(€1,...,¢€17),

12



and D(€;1,...,€.5) > 0 is an arbitrary strictly positive function of the entire vector of shocks for
individual i. Importantly for the point being illustrated, the realized value of D() for individual ¢
does not vary across locations j, so it does not affect choices but it does affect marginal utilities.

A useful way to interpret this construction is to think of €;; as capturing idiosyncratic factors
that affect the attractiveness of location j for individual i—for example, proximity to family, a
spouse’s job prospects, health considerations of oneself or one’s relatives, access to a specialized
school or medical provider, or other life circumstances that make one place especially appealing.
In the baseline specification u;; = wje;j, these same idiosyncratic factors mechanically scale the
marginal utility of income in that location, since Ou;;/Ow; = €;;. In other words, the very forces
that make a location more likely to be chosen also raise the marginal utility of income in that
location.

The D(-) device breaks this tight link by allowing the factors that shift location choice to also
be correlated with a separate shifter of marginal utility that is not location-specific. For instance,

one convenient parameterization is
J
_ o
D(Eil,...,EiJ) = Heik7
k=1

so that the marginal utility in any location is scaled by H,{Zl ef}f If ¢ < 0, then realizations in
which €, is high are precisely those in which this shifter is low (and hence marginal utility is low),
whereas if ¢ > 0 then high ¢;; realizations coincide with high marginal utility.

This captures the idea that the circumstances that make someone especially likely to choose
a particular location might coincide with periods when additional income is especially valuable
regardless of where the person lives (e.g., financial stress, caregiving responsibilities, or temporary
liquidity needs), or with periods when additional income is less valuable regardless of location.
Depending on the direction of this correlation, conditioning on the event that location j is chosen
can select individuals into systematically higher- or lower-marginal-utility situations, even though
the choice behavior itself is unchanged.

For each i, the second model scales the entire vector of utilities by a positive factor and therefore
implies the same argmax and the same location choices. However, marginal utilities differ. In the
first model,

(1) _ | Ouij
Mj _[8wj

‘ 7 chosen} = {eij j chosen} ,

while in the second model,

@2 _ | Ouij
'uj B [6wj

‘j chosen] = [Qj 7 chosen} = [D(eﬂ, s €ig) € | T chosen} .

(2) (1)
J i
data alone do not identify the level or pattern of marginal utility of income across locations.

Unless D(-) is almost surely constant, g’ generically differs from p Thus location choice

Put differently, exogenous wage variation is sufficient to identify location-demand responses (how
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choice probabilities shift with financial incentives), but it is not sufficient to pin identify the shape
or properties of the D(-) function—that is, how the forces that shift location choice are correlated

with marginal utility of income.

3.3.2 Example 2: Shocks that are perfect substitutes for income

A second class of non-separable specifications treats income and idiosyncratic location factors as
(perfect) substitutes by combining them inside a common index of “income-equivalent” resources.
In this class, the idiosyncratic factors that drive location choice enter utility in the same way as
income, so choice behavior is governed by which location delivers the highest value of this composite
index. The example below shows that, even when this index is pinned down by observed choices,
location choice data need not reveal how the idiosyncratic component of the index maps into the
policy-relevant conditional marginal utilities ;.

Let both locations have the same deterministic income level w, and consider the pair of models:
Model A:  wu; = u(w + €1 — eig), e = u(w),

Model B: w1 = u(w), U9 = u(w + €0 — eil),

where u(-) is strictly increasing.

A useful interpretation is that €;1 — €;0 is the individual’s net, income-equivalent advantage of
location 1 relative to location 2. For example, it could capture differences in childcare costs due
to nearby family, commute-time savings, school-district differences that would otherwise require
private-school tuition, spouse-job considerations, medical spending driven by provider access, or
local tax and insurance differences. The key assumption in this example is that these forces enter
utility as an additive dollar-equivalent term inside the same composite index as income.

In Model A, individual ¢ chooses location 1 if and only if
ww+ ey —€2) > ulw) = 1 > €,
where the equivalence uses only that u(+) is increasing. In Model B, the choice rule for location 1 is
u(w) > u(w + €9 — €z‘1) = €1 > €9.

Thus the two models generate identical choices and identical choice probabilities for every distribu-
tion of (€1, €;2): observationally, both models say that what matters for location choice is whether
the income-equivalent advantage of location 1 relative to location 2 is positive.

Yet the models imply different marginal utilities across locations. The key distinction is where
the idiosyncratic component of the income-equivalent index is “loaded.” In Model A, the index
varies in location 1 while location 2 delivers the fixed value w; in Model B, the index varies in
location 2 while location 1 delivers w. This matters whenever marginal utility depends on the

realized value of the index. In particular, if u(-) is concave, then u/(-) is decreasing, so the location
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whose composite index is shifted upward for the chosen individuals will tend to have lower marginal
utility of income.

Formally, in Model A we have

pit = [u’(w + €1 — €i2) ‘ 1 chosen} ; py = u'(w),

while in Model B the roles reverse:

uf; = (w), ,uf = [u’(w + €50 — eil) ’ 2 chosen} .
Both models fit the same location choice behavior, but they can imply opposite conclusions about
which location has higher marginal utility of income. Put differently, observing where people
locate can identify which location tends to deliver the higher income-equivalent index, but without
additional restrictions it does not identify how the idiosyncratic component of that index maps into

the conditional marginal utilities y; that enter optimal policy.

3.4 Implications

The non-identification results in this section clarify what can, and cannot, be learned from
location choice data for designing redistribution-motivated place-based transfers. Even under sep-
arability, the revealed-preference link from wage variation to marginal utilities requires a rich set
of cross-location responses that is rarely feasible to estimate in practice. More fundamentally, once
separability is relaxed, income shifters identify how wages change location attractiveness for individ-
uals at the margin of moving, but they do not identify the policy-relevant conditional averages {1}
among all residents, including the inframarginal, that enter the planner’s first-order conditions. The
observational-equivalence examples show that this is not merely a power or instrument-availability
issue: without additional restrictions, distinct preference specifications can fit the same location-
choice responses while implying different {y;}.

These results motivate moving beyond revealed preference with location choice data. Our survey
directly elicits within-person comparisons of the value of additional income across plausible future
locations (to measure {;}), while still collecting information on how location choices probabilities
respond to experimentally varied location incomes that is appropriate to identify location elasticities

and cross-location substitution patterns.

4 Data

4.1 Survey overview and structure

This section describes the survey data used throughout the paper and the external data sources
used for validation exercises. Our main dataset is a nationally representative survey that we de-

signed to measure, at the individual level, both stated location choice behavior and within-person
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marginal-utility comparisons across locations. Table 1 provides a schematic overview of the survey
modules and the outputs used in the analysis. The survey proceeds in three steps. First, respon-
dents specify a respondent-specific menu of four metropolitan areas where they could plausibly
live in five years and report baseline attributes for each location, including expected household
income and whether family or friends would be present. Second, respondents report baseline choice
probabilities across the four locations and answer a marginal-utility elicitation block that asks
respondents to compare the impact on well-being of permanent income increases experienced in
different locations. Third, respondents repeat the choice-probability and marginal-utility blocks
under eight experimentally varied scenarios that shift location-specific income and family /friends
presence while instructing respondents to hold all other location attributes fixed. These scenario
responses identify (i) location demand elasticities and substitution patterns and (ii) how marginal

utility varies across locations within individuals and as incomes change, which we aggregate to

construct the metro-level objects used in our optimal-transfer computations.

Table 1: Survey flow and what each module provides

Module What respondents do What it provides / how used
Back d
(ci(;rglctn/lgast) Current MSA; hometown MSA Descriptives + validation inputs

Future location menu
(4 MSAs)

Baseline attributes
by MSA

Rankings by MSA

Baseline choice
probabilities

Baseline MU
elicitation

Scenario block (8
scenarios)

Demographics
module

e Current income (indiv/HH)

Choose 4 feasible MSAs:
— hometown
— 3 distinct destinations (not current)

e For each j € M;:

— expected HH income (5y)
— family/friends present (0/1)

Rank the 4 MSAs by:

— support from family/friends

— fun / hobbies fit

— expensiveness (COL + desired housing)

Report p;jo over 4 MSAs (sum to 1)

Pick MSA where $5k is most valuable
Set compensating differentials in other MSAs

Instruction: hold all else fixed within each

MSA

Randomly vary within menu:

— income by MSA

— family/friends by MSA

In each scenario, collect:

— choice probabilities p;;x

— MU block (location of $5k, compensating
differentials)

Age, gender, race/ethnicity, education,
household, employment

Baseline income measures for the choice menu

Individual menu M;
Which locations are considered together
(substitution)

Baseline covariates (validation + correlates)
Inputs to scenario perturbations

Validation vs external data:
— expensiveness vs housing prices/costs
— fun vs amenity indices (and crime)

Baseline choice weights for aggregation
Menu-based substitution information

Within-person MU comparisons across MSAs
Relative MU (up to person scale)

Location-demand responsiveness:

— income elasticity

— family/friends effect

Own/cross substitution patterns across
locations

Panel MU responses to income and
family/friends shifts

Sample description; ACS comparison; Pareto
weighting by skill group
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Table 1 summarizes the survey modules and the objects we use in the analysis. The remainder
of this section provides additional detail on the sample and on the key variables generated by each
module. In particular, we first describe the analysis sample and its representativeness, then define
the main variables and experimental variation that identify our location-demand and marginal-

utility estimates.

4.1.1 Eliciting choice probabilities and the marginal utility

The key part of our survey designed to elicit choice probabilities and MUC is divided into
their two broad respective parts. Before this, each respondent is asked to report their hometown
where they grew up and three other locations that they think they are most likely to live in the
next 5 years. Next, respondents are asked to report their location-specific expected annual income,
presence of family and friends, their ranking of perceived expenses and ease of pursuing their
hobbies and habits, and the probability of choosing each location in the next 5 years. We call this
to be the baseline scenario.

Then we present respondents with a series of scenarios where we exogenously shock their re-
ported location-specific expected income and presence of family and friends, and ask them to report
their choice probabilities across the four locations. This completes the first part of the survey. In
the second part of the survey, we ask the respondent to imagine different counterfactual worlds
where they have chosen to live in each of the four locations. Then we ask them that suppose they
receive an unanticipated permanent income shock, in which location would that permanent jump
in income be the most valuable to them. Once they choose a location, we ask them to report the
compensating differential of a permanent income shock that would make them just as happy as
they would be in the chosen location. We repeat this exercise over the same set of exogenously
varied scenarios as before and ask them to report their compensating differentials.

Thus, for each respondent, we have a panel data with 24 linearly independent observations
on choice probabilities and 24 linearly independent observations on compensating differentials in
response to exogenous shocks to their location-specific incomes and presence of family and friends,

in addition to their baseline responses.

4.1.2 Key highlights of our survey design

One major difference that our survey design has compared to the literature using hypothetical
choice surveys for identification is that our identification exploits variation within each location
between scenarios for each individual and not within scenarios which imposes stronger assumptions
on unobservable location-specific heterogeneity. Specifically, we ask individuals to assume that
given a location, any unobserved factor remains the same across scenarios. Thus, we can allow for
unobserved differences across the locations which are held constant across scenarios. This is weaker
than assuming that everything else between the locations within each scenario is held fixed, thereby
instructing the respondents to make choices based on the differences in the observed characteristics

of the locations. Additionally, by allowing for unobserved differences across locations, we reduce
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the cognitive load on respondents, and make the identification strategy more robust to variations
in unobserved factors. For completeness, we are able to do this because the choice sets involve
MSAs which are well-defined unlike other surveys that use hypothetical choice experiments to elicit
preferences for objects in choice-sets which can have varied definitions and thus can be more difficult
to define and compare, for example hypothetical jobs.*

We also differ in the way we induce experimental variation in our survey. Instead of providing
quasi-randomly drawn incomes, we draw shocks following the distribution in income documented
in Blundell et al. (2008) and use those shocks to exogenously vary their expected location-specific
income across different scenarios. To exogenously vary the expected presence of family and friends
we quasi-randomly draw zeros and ones for each of the four locations.” The advantage of this
approach is that the exogenously shocked incomes are specific to the individual-location pair and

are thus more realistic than the quasi-randomly drawn incomes for each of the four locations.

4.2 Key variables and scenario design

For each respondent i, the survey elicits an individualized choice set (menu) of four metropolitan
areas, M; = {jl(i), J2(i) J3(3)» j4(i)} consisting of the respondent’s hometown and three additional
destinations. The survey then collects (i) stated location choice probabilities under a baseline sce-
nario and eight experimentally varied scenarios, and (ii) within-person marginal-utility comparisons

under the same scenarios.

4.2.1 Baseline variables

For each i and each location j € M;, the baseline module records:

1. Expected household income five years ahead, w;jo.

2. An indicator for whether family or close friends would be present, fi;o € {0,1}.

3. Stated choice probabilities over the menu, {p;jo};jcm,, with Zje/\/li pijo = 1.

4. Subjective rankings of each location by expensiveness, fun / hobbies fit, and support from

family /friends.

4.2.2 Scenario variation

Respondents then complete eight additional scenarios indexed by k£ = 1,...,8 (with £k = 0
denoting the baseline). In each scenario, we present modified values of income and family /friends

presence for each j € M,,
Wik fije € {0, 1},

4For example Wiswall and Zafar (2018) use hypothetical choice experiments to identify preferences over hypotheti-
cal job attributes, Alam et al. (2021) embed information experiments within hypothetical choice surveys to separately
identify beliefs on gender gaps in manager quality, and Andrew and Adams (2025) identify beliefs on future marriage
market matches.

5Note that the variations we induce are quasi-random and not completely random. This is done to avoid draws
in scenarios which can lead to choices being strictly dominant in all attributes thereby rendering variations in those
scenarios to be ineffective following Wiswall and Zafar (2018) and Alam et al. (2021).
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and instruct respondents to hold all other aspects of each location fixed relative to baseline. Re-
spondents report updated choice probabilities {p;ji}jerm, under each scenario. The scenario vari-
ation in w;j; is generated by applying multiplicative income shocks to each individual-location
baseline value, and the variation in f;;; is generated by quasi-randomly toggling the presence of

family /friends across locations and scenarios.

4.2.3 Marginal-utility elicitation and constructed objects

In each scenario k = 0,1,...,8, respondents answer two marginal-utility questions. First, they
indicate the location in which an unexpected and permanent $5,000 increase in household income
would be most valuable, conditional on having chosen to live in that location. Second, for each of
the other three locations, they report the permanent income increase that would deliver the same
change in well-being as the $5,000 increase in the chosen location. Let b;;;, denote this compensating
differential for location j in scenario k (with b;j; = 5,000 for the chosen location by construction).
We define .

mucijk = ?’
ijk

which is proportional to the respondent’s marginal utility of income in location j in scenario k, up to

a respondent—scenario-specific scale factor. Our empirical specifications exploit within-respondent

comparisons across locations and within-respondent variation across scenarios to eliminate these

scale factors.

4.3 External data sources for validation tests

We supplement our survey data with three other external data sources for validation checks
and to construct location-specific covariates used in various analyses. The first source is the 2022
American Community Survey (ACS), providing demographic and economic indicators including
median house prices, wage indices, and housing cost measures. The amenity indices developed by
Diamond (2016), which quantify location-specific amenity indices including school quality, retail
access, crime rates, congestion measures, environmental quality, and non-wage job attributes, are
the second source. The third source is the Zillow Home Value Index (ZHVI), which provides
monthly data on median home prices for each MSA.

Using these additional sources of data we conduct multiple validation tests in Section 5.2.1 to
check the internal consistency of our survey responses. We first check whether the expected location-
specific income reported by respondents is positively correlated with a skill adjusted location-
specific wage index that we construct from the ACS. We also examine the correspondence between
subjective rankings of location ”expensiveness” and median house prices, and subjective rankings

of location ”fun-ness” and the amenity indices.

5We use quasi-random assignment rules to avoid scenarios with strictly dominated options, following the stated-
preference design literature. Appendix C provides the full details of scenario construction and randomization.
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5 Survey validation and location-demand estimates

5.1 Analysis sample and representativeness

Our survey design elicits information about location preferences and the marginal utility of
income across different locations. We collected responses from 2,193 individuals with non-missing
data on key questions, combining data from our second pilot and final data collection.

Table 2 compares the composition of our analysis sample to the American Community Survey
(ACS) along several core dimensions. The survey sample is broadly similar to the ACS along
Census divisions and age bins, with modest differences in gender and race shares. The most
notable differences are in education, where the survey sample has a higher share of four-year college
graduates and a lower share in “some college,” as well as a smaller share in the lowest education
category. These comparisons are meant to be a transparent diagnostic of representativeness rather
than a requirement for identification, since our key estimates exploit within-respondent variation
across experimentally varied scenarios. Applying survey weights that balance the joint distribution
of our sample to the ACS benchmark has negligible effects on our estimated location-choice elasticity

and on our survey-based measures of marginal utility differences across locations.

5.1.1 Spatial distribution of respondents and their future potential locations
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®
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Figure 1: Location of Respondents

The geographic distribution of respondents covers a wide range of metropolitan areas across the
United States as shown in Figure 1. Respondents listed a diverse set of potential future metropolitan
areas in Figure 2 with darker shaded MSAs indicating locations that were chosen more than those
shaded lighter. The spatial distribution of these destinations reflects both the geographic dispersion
of our sample shown in the previous figure and their intended migration patterns. Major coastal
metropolitan areas feature prominently, though respondents also identify a substantial number of
interior MSAs.
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Table 2: Sample composition relative to the ACS

ACS Survey
Census division
Pacific Division 0.159 0.136
Mountain Division 0.076 0.051
West South Central Div. 0.122 0.121
East South Central Div. 0.058 0.057
South Atlantic Division 0.206 0.196
West North Central Div. 0.064 0.066
East North Central Div. 0.141 0.172
Middle Atlantic Division 0.127 0.158
New England Division 0.047 0.043
Education
Doctoral Degree 0.015 0.022
Professional Degree (JD, MD, MBA) 0.021  0.018
Master’s Degree 0.092 0.075
4-year College Degree 0.207  0.281
2-year College Degree 0.085  0.072
Some College 0.205 0.147
High School degree / GED 0.271 0.264
Some High School 0.060 0.112
Primary education or less 0.043  0.008
Gender
Male 0.510 0.433
Female 0.490 0.562
Hispanic origin
Hispanic 0.176 0.156
Not Hispanic 0.824 0.844
Race
Other 0.069 0.036
Mixed race 0.111 0.024
Native American 0.010 0.019
Asian / Pacific Islander 0.064  0.057
Black 0.118 0.146
White 0.629 0.719
Age
65+ years old 0.226 0.209
55-64 years old 0.159 0.192
45-54 years old 0.154 0.187
3544 years old 0.171 0.191
25-34 years old 0.173 0.113
18-24 years old 0.116 0.107

Notes: Entries report shares. The ACS column reports shares from the American Community Survey. The MUC
column reports shares in the survey analysis sample used for the marginal-utility and location-demand estimates.
Shares within each block sum to 1.
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Figure 2: Potential Future Locations

5.2 Patterns in our Survey Data
5.2.1 Validation of survey responses

We conduct several validation exercises to confirm that respondents provided substantively
meaningful information.

First, we examine the relationship between reported location-specific expected income and
metro-level wage index. Specifically, using respondents’ baseline responses on their location-specific

expected income, we estimate
In(ExpIncj) = ag + ayCensusWagelndex; + p; + e

where p; is a respondent fixed effect and the Census wage index is the skill-adjusted hourly wage

index for the location j that we estimate from the American Community Survey (ACS).”

"To construct a location-specific wage index adjusted for skill, we first regress log hourly wages on demographic
characteristics (age, education, race, sex, and marital status) and metropolitan area fixed effects using the 2022 ACS
5-year sample, restricting to full-time workers (working more than 35 hours per week). The resulting metropolitan
area fixed effects represent skill-adjusted average hourly wages that account for demographic composition differences
across locations, providing a measure of location-specific wage premiums.
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Dependent Variable:

Log(expected household income)

Variable Coefficient
Census Wage index (ACS) 0.421
(0.017)
Constant 4.330
(0.001)
Observations 64,503
R? 0.842
Individual FEs Yes

Robust standard errors in parentheses.

Our estimates reveal a statistically significant positive relationship between expected income and
skill-adjusted metro hourly-wages. Indeed, respondents anticipate higher incomes in metropolitan
areas with higher wage indices. This indicates that respondents anticipate systematic income dif-
ferentials across metropolitan areas in patterns that align with observed wage variation, suggesting
that income expectations align with regional labor market conditions.

Next, we show that reported probabilities of any move in the next five years strongly align with
established life-cycle patterns, with moving probabilities declining monotonically with age shown
in the binned scatterplot of Figure 3. Young adults (18-24) report approximately 60% probability
of moving within five years, declining systematically to approximately 20% for respondents over
65. This pattern is consistent with existing literature on migration patterns, confirming that our
survey captures expected life-cycle dynamics in location choice.

Respondents’ rankings of metropolitan area characteristics also show strong correlation with
objective measures. Binned scatterplots in Figure 4 reveal that when respondents rank candidate
locations by ”expensiveness,” these rankings show a strong positive correlation with median house
prices from ACS data, with median house prices monotonically decreasing from the most to least
expensive ranked locations.® Similarly, binned scatterplots of rankings of metropolitan ”fun-ness”
in Figure 5 demonstrate positive association with objective measures of amenities, such as environ-
mental quality indices that incorporate per-capita park spending and air quality measures obtained
from Diamond (2016).” These same ”fun-ness” rankings correlate negatively with metropolitan
crime indices obtained from Diamond (2016) and shown in Figure 6, indicating that respondents

perceive locations with lower crime rates as more enjoyable.

8We ask “Given the sorts of goods and services you like to buy and given the kind of housing unit you wish to
live in, which locations do you think would be most expensive for you?” and then ask the respondent to rank the
likely future locations from 1 (most expensive) to 4 (least).

9We ask “Thinking about your hobbies and things you like to do for entertainment, where do you think you will
have the most fun?” and then ask the respondent to rank the likely future locations from 1 (most fun) to 4 (least).
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5.3 Elasticities of location choice

The experimental variation we induce over multiple scenarios in our survey allows us to iden-
tify the elasticity of location choice with respect to income. Specifically, our instructions in the
survey guide respondents to hold location specific unobservable constant across scenarios, while we
exogenously vary the expected income and the presence of family and friends in each of the four
locations across eight scenarios. Thus, conditional on an individual-location fixed effect and an
individual-scenario fixed effect, variation in expected income and the presence of family and friends
across scenarios allows us to identify the elasticity of location choice with respect to income and
the presence of family and friends.

We note that choice probabilities are typically responded in multiples of five and thus have
measurement error associated with them; we use a least absolute deviation estimator (Blass et al.,

2010).'0 Specifically, we consider the following reduced form specification:

log (piji) = vilog (wijk) + vofijk + G + dij + wijk (5)

10The estimator is not sensitive to small perturbations of extreme probabilities of 0 and 1.
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where p;ji, is the location choice probability of household 7 in location j in scenario k, log income is
log (wijk)), fijk is an indicator variable for the presence of family and friends, ¢;;, are person-scenario
fixed effects and ¢;; are person-location fixed effects.

Taking into account measurement error in reported choice probabilities, and using experimental
variation of our survey allows identification through the assumption of Ml [uijk | Wijk, fijk, Gik, bij]l =
0. However, since the conditional median independence assumption conditions on fixed effects as
well, we estimate the above equation using a two-step quantile regression approach following Canay
(2011). In the first step we estimate the fixed effects ¢;, and ¢;; using a simple fixed effect estimator
for equation (5), and residualize the estimates &k and <Z,~j from the log choice probabilities log (i)
In the second step we estimate the quantile regression of the residualized log choice probabilities
on the experimentally induced variation in income and the presence of family and friends. The key
assumption in this two-step estimator is that the fixed effects are simply shifters of all quantiles
by the same amount. Then as the number of scenarios approaches infinity, the quantile regression
of the residualized log choice probabilities on the experimentally varied income and the presence
of family and friends yields consistent estimates of the elasticities of location choice with respect
to income and the presence of family and friends. We block bootstrap the standard errors at the
individual level.

We estimate an average location choice elasticity with respect to income (vq) of 1.69 (SE =
0.004), indicating substantial responsiveness of location decisions to income differences.!! Our
estimate is squarely in line with existing estimates from the literature, which typically range in
between 1.2 and 3.1 depending on context and methodology as shown below.

To estimate the empirical distribution of the elasticities across respondents, we run the above
estimation routine separately for each individual i. As scenarios for each individual approach
infinity, the individual location choice elasticities are identified. However, since estimation uses
8 scenarios which gives us 24 linearly independent observations for each individual, the standard
errors will be very high. Thus, to estimate the distribution of location choice elasticity we implement
a parametric empirical Bayes (also known as a shrinkage estimator) approach which shrinks the
individual estimates towards the mean of the distribution based on estimated signal-to-noise ratio.
We explain the details of shrinkage procedure with the two-step estimator described above in
Appendix D.'? The graph below plots the shrinked distribution of location choice elasticities after
implementing the empirical Bayes approach. The distribution is centered around 1.73, with a

standard deviation of 0.55 which yields a standard error for the mean equal to 0.011.

"Our estimate of the location elasticity with respect to the presence of family and friends is v» = 0.20 with a
standard error of 0.007, quantifying the non-monetary value of social connections in location choice.

12 Also see Walters (2024) for a comprehensive review on parameteric and non-parametric empirical Bayes methods
and application in labor economics.
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Figure 7: Comparison of our estimate to the literature estimates

Bound and Holzer(2000) [ 1 1.20
Suarez Serrato and Zidar (2015) [BartikIV] [ ] 1.23

Suarez Serrato and Wingender (2014) [red. form] | | 1.44

Alam, Davis, and Gregory (2025) NG 1.69
Literature average [N 1.91

Suarez Serrato and Wingender (2014) [model] | ] 1.94
Suarez Serrato and Zidar (2015) [business tax IV] | ] 2.06
Notowidigdo (2020) | | 2.44
Diamond (2015) | | 3.10
0.00 1.00 2.00 3.00 4.00

Notes: The estimates documented in the literature synthesized in Fajgelbaum et al. (2019) are from Bound and
Holzer (2000), Serrato and Wingender (2014), Serrato and Zidar (2015), Notowidigdo (2011), and Diamond (2016)
and highlighted in light blue. Their average is highlighted in dark blue. Our estimate is highlighted in red.
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Figure 8: Distribution of location choice elasticity estimates
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6 Empirical Patterns in the Marginal Utility of Income

In order to explain the patterns in the marginal utility of income across locations, we first
show how the survey elicits data that can be mapped to the MUC within the context of a generic
choice model. Hence, before we describe the empirical patterns in the location-specific MUC, we
first provide a micro-foundation for construction of variables which can be used as measures of
location-specific MUC.

6.1 Variable construction to utilize MUC

For the purposes of this section, abstract from the presence of family and friends. Denote the

utility for household 4 from location j as
Uij (Cij, Xj, €5)

where Cj; is consumption, X; are amenities of the location common to all people, and ¢;; are

person-specific amenities.'? The marginal utility of income is

dUij (Cij» X5, €ij)

MU;;
J dCij

When asked about location where MUC is highest, we envision respondents comparing expected

MUCSs conditional on choice:

(4] 7;47X'a i
E[MU;j | j chosen] = E dUy; (Cij, X, €ij)

€ij dC;; | Ujj = max {uij'}

The average of the marginal utility of income depends on the (a) the level of consumption Cj;, (b)
the complementary of consumption with X; and with €;;, and (c) the mix of €;; for which j is the
chosen location. The correlation between the average of the marginal utility of income and the
level of consumption in any given location can therefore be positive or negative.

When respondents answer this question:

In which location would you benefit the most from an unexpected and permanent increase

of $5,000 in household income, had you chosen to live there?

we assume the respondent is making comparisons of the expected marginal utility of incom, condi-

tional on choice. In other words, we assume the answer (j*) satisfies this condition:

dUij+ (Cij=, X+, €i5+)
dCZ'j*

dU;; (Cij, X, €ij)

E
dCij

| j = argmax| Vj # j*

| j* = argmax} > F [

Then, when respondents answer this question,

13The presence of X allows the marginal utility of income to vary across locations that offer the same consumption.
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Now ... indicate the size of the jump in household income that they would need living
in those locations 5 years from now such that their change in happiness after receiving
this jump in household income is the same as the change in happiness from the $5,000

Jump in household income ... in [location of previous answer].

we assume the response for each location j # j*, which we denote as bj;, satisfies the following

condition:
AU (Cio X 6 AU (Ciie. Xoin . €500
E ij ( dZJC:ZJ ],623) |j= argmaxj| by = E |: ij ( Clle;j* J*s €ij ) | j* = argmax:| $5,000
For each household 4, for all j = 1,...,4, and for any given scenario k = 0,...,8 (where k = 0 is

the baseline) this enables us to compute for each j

1
bijk

dU;; (Cij, X, €ij)
dCij

= (i E [ | j = argmax] (6)
where (i is a person- and scenario-specific constant. In other words, for each person and for each
scenario, we can identify the marginal utility of income in three of the likely locations relative
to the fourth. This implies that if we define muc;j, = 1/b;ji, then if we regress log (muc;ji,) on
person-by-scenario fixed effects, we can uncover how the marginal utility of consumption varies by

location and directly estimate how income and other factors correlate with the variation.

6.2 Cross-Sectional Analysis of Marginal Utility at Baseline Wages

To estimate the variation in marginal utility of income (MUC) across locations, we implement
two complementary approaches using our cross-sectional baseline data. The first approach non-
parametrically estimates metropolitan-specific MUC values in an AKM framework Abowd et al.
(1999), while the second examines systematic relationships between MUC and observable location
characteristics using data from Diamond (2016) and the American Community Survey (ACS).

For our non-parametric estimation, we specify:
In(MUij) = 0; + Ometro + €ij (7)

where In(muc;;) represents the log of the inverse required income boost in location j (relative to the
highest-MUC location) for respondent i, 6; captures individual fixed effects, and 6,,¢tro represents
metropolitan area fixed effects that constitute our parameters of interest. This approach, analogous
to the AKM (Abowd, Kramarz, and Margolis 1999), allows us to obtain metropolitan-specific MUC
estimates while controlling for respondent heterogeneity. Using estimates of 0,,ctr0, We regress them
on skill adjusted average hourly wage indices from the ACS described above to obtain a measure
of the marginal utility of income in each metropolitan area.

Our second approach examines the relationship between MUC and observable metropolitan
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characteristics:
log(MUjj) = X368+ i + €45, (8)

where Z j' represents a vector of metropolitan characteristics. This specification enables us to analyze

systematic patterns in how MUC varies with location attributes.

6.3 Within-person association between marginal utility and metro characteris-
tics

We study how marginal utility varies across locations within individuals. Specifically, for each

individual 7 and location j in their choice set, we estimate the following within-person specification:
log(MUij) = X[; 8+ i + €ij, 9)

where MU;; denotes the elicited marginal utility of income in location j, X;; is a vector of location
characteristics evaluated at baseline, and ~; is an individual fixed effect.

Table 3 reports the results. MU is weakly but positively correlated with location specific income.
Specifically, all else equal, a 0.1 increase in log expected shocked income, corresponding to roughly
a 10 percent increase in income is associated with an increase in marginal utility by a factor of
exp(0.1 x 0.053) ~ 1.0053 implying a 0.5 percent increase in marginal utility. Similarly, marginal
utility is negatively correlated with local housing costs. Holding other characteristics fixed, a 0.1
increase in the log house price index is associated with a reduction in marginal utility by a factor of
exp(0.1 x (—0.142)) ~ 0.986, corresponding to a 1.4 percent lower marginal utility. Social proximity
is also strongly associated with marginal utility. All else equal, the presence of family or friends in a
location is associated with an increase in marginal utility by a factor of exp(0.134) ~ 1.143, implying
approximately a 14 percent higher marginal utility relative to otherwise comparable locations.

We also find locations ranked as less “fun”—based on respondents’ hobbies and interests are
associated with lower marginal utility relative to those locations which rank the highest. We also
find that locations ranked as less “fun”—Dbased on respondents’ stated hobbies and interests—are
associated with lower marginal utility relative to locations in the highest-ranked category. Relative
to fun rank 1, locations in fun rank 2 are associated with marginal utility lower by a factor of
exp(—0.173) ~ 0.84. This gradient steepens monotonically across categories: fun rank 3 locations
are associated with marginal utility lower by a factor of exp(—0.251) ~ 0.78, while fun rank 4
locations are associated with marginal utility lower by a factor of exp(—0.327) ~ 0.72. It is
important to highlight that the non-wage location specific aspects are substantially correlated with
marginal utility.

As a complementary specification, we also estimate a two-way fixed effects model with metro

fixed effects to characterize geographic variation in marginal utility:

W(MUg) = 6+ fmemg +eis, (10)
In(1/b;5) Individual FE = Metro FE

29



Table 3: Within-person association between marginal

utility and metro characteristics

Log(MU)
Log(Expected shocked income)  0.053*
(0.023)
Log(House price index) -0.142%**
(0.019)
Presence of family/friends 0.134***
(0.018)
log-Distance from hometown -0.016***
(0.003)
Fun rank: 1 (omitted)
Fun rank: 2 -0.173%**
(0.019)
Fun rank: 3 -0.251%**
(0.018)
Fun rank: 4 -0.327**
(0.018)
Constant -7.482%**
(0.251)
Observations 8,350
Individual fixed effects Yes

Notes: The table reports coefficients from a within-person regression of log marginal utility on metro

characteristics. Individual fixed effects absorb time-invariant heterogeneity. Standard errors in parentheses.

p < 0.05, ** p < 0.01, *** p < 0.001.
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which isolates persistent location-specific components of marginal utility net of individual-level
heterogeneity.

Our non-parametric estimates reveal substantial heterogeneity in average MUC across metropoli-
tan areas. We show the geographic variation in the estimated metropolitan fixed effects 0petr0 in

Figure 9 below.

-

oo

Figure 9: Estimated metropolitan fixed effects 0,,¢tr0 from AKM model

Coastal metros and parts of California show low MU. Many metros in the south and southeast,
parts of the Midwest have high MU with Florida and Texas being substantially heterogeneous
having both high and low MU metros.

6.4 Constructing Comparable Marginal Utilities for Aggregation

Our survey elicits within-person comparisons of marginal utility across locations, but optimal
policy requires a metro-level object p; that is comparable across respondents and incorporates
the planner’s Pareto weights. Two issues arise. First, within a respondent and scenario, our
compensating-differential answers identify marginal utility only up to a respondent—scenario-specific
scale factor. Second, respondents report different menus of feasible locations, so aggregation must
account for the fact that the within-person comparisons are made over different choice sets.

We address these issues in two steps. Step 1 uses a within-respondent normalization that
removes the respondent-specific scale. Step 2 uses the AKM metro effects to attach a common
(cross-respondent) level scale to each respondent’s menu, and then applies Pareto weights when

aggregating to metros.
Step 1: Within-person normalization (removing the respondent-specific scale). Let

M denote respondent i’s menu. Let p;;o denote respondent ¢’s baseline stated choice probability

for location j € Mj;, and let b;jo denote the corresponding baseline compensating differential (so
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1/bijo is proportional to marginal utility in j for respondent i). We define the within-person

normalized marginal utility as

. 1/bi;
MU%}'Lthzn_ /]0 (1]_)

 Ysewm, Pieo (1/bio)
By construction, this normalization sets the choice-probability-weighted mean within respondent ¢
to one:

Z pieOMUZgithin - 1.

leM;
Intuitively, M U;}’“hm captures how high marginal utility is in location j relative to the other

locations in i’s menu, holding fixed the respondent-specific scale.

Step 2: Putting respondents on a common level scale using AKM metro effects. The
normalization above delivers only relative marginal utilities within a menu. To aggregate across
respondents with different menus, we attach a level scale to each respondent by using the AKM
metro effects from (10). Let 67" denote the estimated metro fixed effect, and define the implied

metro-level marginal-utility index in levels as
MU, = exp (67¢'°) .

We then define a respondent-specific menu-level scale factor as the baseline choice-probability-

weighted average of these metro indices:

MU = 3" piuo MUy. (12)
eM;

This object captures the average level of marginal utility faced by respondent ¢ across the locations

they consider, on a common scale anchored by the estimated metro effects.

Metro-level aggregation with Pareto weights. Let II;;) denote the planner’s Pareto weight
for respondent i’s type g(i) (e.g., skill group). The planner-relevant marginal utility for respondent

1 in location j is proportional to
Iy x MUZ™ ™ 5 MU/,

Finally, the metro-level average marginal utility entering the optimal tax formula is constructed as

the p;jo-weighted average across respondents:

S pigo () x MUBI"  MU)
= .
’ > Pijo
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This aggregation uses p;jo as the weight because the planner-relevant p; is an average marginal
utility among residents of metro j, and in our stated-preference framework p;jo is the analogue of

the probability that respondent ¢ resides in j under baseline conditions.

7 Geographic Substitution Patterns

Understanding how individuals substitute across locations in response to economic shocks is
fundamental to designing optimal place-based policies. Traditional approaches to identifying sub-
stitution patterns rely on observational variation in wages or amenities, which are often confounded
by unobserved factors that simultaneously affect multiple locations. Our survey design overcomes
this challenge by creating exogenous within-person variation in location-specific attributes, allowing
us to trace out the full matrix of substitution elasticities across metros. In this section, we first
develop the theoretical framework that links our experimental design to substitution parameters,
then present empirical estimates of these patterns, and finally examine specific geographic case

studies that reveal how social attachments and cultural similarity shape migration responses.

7.1 Substitution Patterns from Menu-Based Scenarios

Our survey design allows us to identify substitution patterns through within-person variation in
location-specific shocks. By varying income and social attachments across the respondent’s feasible
choice set, we observe how choice probabilities respond to location-specific changes. This approach
addresses a fundamental identification challenge: in observational data, shocks to one location’s
attractiveness are often correlated with shocks to other locations through common factors such
as regional business cycles, industry trends, or policy changes. Our experimental variation breaks
these correlations by independently manipulating attributes across locations within each scenario.

The key innovation in our approach is the use of restricted choice sets or "menus” that vary
across individuals. Each respondent evaluates scenarios involving their current location (or home-
town if not currently residing there) and three alternative metros that represent their most likely
relocation destinations based on demographic and geographic factors. This menu restriction serves
two crucial purposes. First, it dramatically reduces the cognitive burden on respondents, who need
only evaluate four locations rather than hundreds. Second, and more importantly for identification,

it generates variation in which locations are treated as potential substitutes for each origin.

7.2 Computing Cross-Location Substitution Elasticities

A key contribution of our survey design is the ability to compute cross-location substitution
elasticities using the individual-level choice probabilities and elasticities we recover from the exper-

imental scenarios given the menu design which allows for different choice sets across individuals.

Menus and zero-probability convention. FEach respondent i reports a menu of feasible loca-

tions M; C {1,...,J} and a vector of stated choice probabilities {p;;};jer,; over that menu. For
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notational convenience, we extend {p;;} to the full set of metros by defining
Dij = 0 for allj §§ MZ

With this convention, sums/integrals can be taken over all j € {1,...,J} without explicitly re-
stricting to subgroups based on M;.

Let the aggregate population share in metro j be

Pj = /pij di.

where p;; denotes individual i’s baseline probability of choosing location j from their menu M;.
When wages in metro j' change, the effect on metro j’s population depends on both direct effects (for
individuals who have both j and j” in their menu) and the individual-specific migration elasticities.

To connect the individual-level elasticities we estimate in the scenarios to the aggregate cross-
metro responses, we use the standard logit-style approximation that, for a given individual 7, the
effect of raising income in location j’ on the probability of choosing j is proportional to p;;p;;. In

particular, under a constant-elasticity-in-income approximation,

Opij Bi .

Bw?’/ R —Dij Pij' ﬁ7 i# 7, (14)
ij i

where ; is individual 4’s (semi-)elasticity of location choice with respect to log income. Under the

zero-probability convention (p;; = 0 for j ¢ M;), this derivative is automatically zero whenever j'

is not on i’s menu. Consequently, the share of metro j’s population changes approximately by:

dP; Bi .

dwj/ g’

where £3; is individual i’s location choice elasticity and w;j is the wage individual i expects in loca-
tion j' and M; represents individual i’s menu of locations. Under the zero-probability convention
(pij = 0 for j ¢ M;), individuals who do not consider j/ automatically drop out of the integral
because p;;; = 0.

The cross-location substitution shown in Equation (15) depends on three factors: (1) the base-
line probability of choosing the destination j, (2) the baseline probability of choosing the origin j/,
and (3) the individual’s responsiveness to wage changes as captured by f3;. Importantly, if location
J' is not in individual 7’s menu, then p;j = 0 and that individual contributes nothing to the cross-
derivative, reflecting the fact that shocks to locations outside one’s consideration set have no effect
on choices.

To build intuition, consider a special case in which wages are uniform within metros (w;j = w;),

individuals share a common wage sensitivity (5; = [3), but baseline choice probabilities vary due to
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heterogeneous attachments 6;;. In this case, equation (15) simplifies to

j::;/ ~ — [Pij/ + cov(pij,pij/)] fj/, (16)
The terms P; and Pj are the average probabilities of choosing locations j and j" respectively, and
the term P; Pj, captures the cross-elasticity that would arise if individual location probabilities
were common across individuals (as in a non-mixed logit model), or, weaker, independent across
individuals. The second term, cov(p;;, p;j»), captures the additional substitution that arises from
preferences for j and j' being correlated across individuals (a given person tends to either have a
high preference for both or a low preference for both).

Our menu approach combined with the experimental scenarios provides all the inputs needed to
compute these elasticities. From the baseline survey responses, we obtain each individual’s choice
probabilities p;; for all locations in their menu. From the experimental scenarios that vary wages
and family/friend presence, we estimate individual-specific elasticities. Together, these allow us to
construct the full matrix of cross-location substitution elasticities using equation (15).

Menus play a crucial role. By eliciting individual-specific choice sets, our design captures the
heterogeneity in which locations are considered substitutes. Locations that rarely appear together
in menus will have near-zero cross-elasticities, not because we assume they are poor substitutes, but
because the data shows that few individuals consider both locations simultaneously. By limiting
each individual to four locations, we also reduce computational burden while also generating realistic
substitution patterns.

To illustrate how these cross-location elasticities vary geographically, Figure 10 presents the
substitution patterns when Louisiana metros face a wage decrease (or equivalently, a tax increase).
The map shows which states would receive marginal movers from Louisiana, with darker shading

indicating higher substitution elasticities calculated using our formula from equation (15) and cal-
dpstate’/dwstate

_dpstate/dwstate
in substitution. Texas, Mississippi, and Florida receive the bulk of potential out-migrants, while

culated as where state = Louisiana. The pattern reveals strong regional clustering

there is minimal substitution to Northern or Western states except New York and California.

8 Computing Optimal Place-Based Transfers

The previous sections have established two key empirical findings: first, that the average
marginal utility of income is positively correlated with metro income levels; and second, that

substitution patterns across metros vary substantially. In this section, we show how to use these

1YWhen this covariance is positive, the metros are stronger substitutes than their average choice probabilities
{pj,p;} would suggest. In generic discrete choice product demand, this can occur when goods (here, locations) share
common characteristics that appeal to similar types of people, such as cultural amenities, industry specializations,
or social networks. In location demand, proximity to one’s birthplace, college, or extended family is another “char-
acteristic” that pairs of metros that are close together either both possess or both do not, which will tend cause
geographically close-together metros to be closer substitutes.
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Figure 10: Substitution Patterns from Louisiana Metros
Notes: Shading indicates the share of marginal movers from Louisiana metros that would relocate to each
destination state following a hypothetical tax increase. Darker shading represents higher substitution elasticities.

The pattern shows strong regional clustering in the South, with Texas, Mississippi, and Alabama receiving the bulk
dPstater /dwstate

of out-migrants. Calculated as: ————~———
& 7d7)state/dwstate

where state = Louisiana.

sufficient statistics to feasibly compute the optimal place-based transfers at scale for all 623 metros

in our sample. Recall, from Proposition 2.1 that optimal taxes solve

0P

J . _
s L
= P 9P [
Zj’#j 07; 7
—_——
Avg. metro tax faced MU deviation

by those leaving j scaled by mobility

The optimal tax in metro j consists of two components. The first term is the weighted average
tax faced by metros that would receive migrants if metro j raised its tax, capturing the fiscal
externality of migration. The second term adjusts for differences in marginal utility: metros with
above-average marginal utility receive subsidies (negative taxes), while those with below-average
marginal utility face positive taxes. The adjustment is scaled by the elasticity of location choice,

which governs the efficiency cost of redistribution.

8.1 Iterative Solution Method

While equation (3) characterizes the optimal taxes implicitly, solving for the tax vector 7 =
(71, ...,77) requires accounting for the interdependence across metros. Each metro’s optimal tax
depends on the taxes of potential substitute metros, which in turn depend on the original metro’s

tax. We develop an iterative algorithm that efficiently computes the fixed point of this system.
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The system of first-order conditions can be written in matrix form as:

A(T)T=Db (17)

where the elements of matrix A depend on the migration elasticities evaluated at the current tax
vector, and vector b contains the MUC adjustments.

Specifically, the diagonal elements of A are:

Z 0Py
ktj o7

Ajj =1+ P, (18)
o7,
and the off-diagonal elements are:
0P
ot .
Ajp = — 8;2_ for k # j (19)
ot

The vector b has elements:

L opj—n
bj = 5p; 7 (20)
ar,
Our iterative algorithm proceeds as follows:

Algorithm: Iterative Computation of Optimal Taxes
e Initialize: Set k =0 and 7(©) = 0.
¢ Repeat until convergence:

— Compute after-tax incomes yj(.k) = wj — T;k) .

— Compute location choice probabilities 731»(? and population shares L§~k) => 732(;6)
— Evaluate migration elasticities gi:‘r(k)
— Update taxes by solving A (7*))7*+1) = b using Gauss-Seidel:
1
A = (b= 3 e - 3 A
33

m<j m>j
— Set k+ k+1.
e Stop when |7 — 7D < ¢
Several implementation details ensure the algorithm’s stability and economic interpretability.
First, we impose income floors to prevent implausible poverty traps: pre-tax income must exceed
$30,000 for non-college graduates and $60,000 for college graduates, while post-tax income must

exceed $10,000 for all individuals. These ensure that the optimal taxes do not generate extreme

hardship while maintaining sufficient variation for meaningful redistribution.
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9 Optimal Tax Results

9.1 Distribution of Optimal Metro Tax across Metros

Figure 11 presents the distribution of optimal metro-specific taxes across the 301 metropolitan
areas in our sample. The distribution exhibits substantial dispersion, with a standard deviation of
approximately $17,200. Optimal taxes range from subsidies of approximately $30,000 to positive
taxes exceeding $40,000.

Figure 11: Distribution of Optimal Taxes
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A notable feature of the distribution is its bimodality. One mode appears in the range of modest
subsidies (approximately —$25,000 to —$10,000), while a second, more prominent mode emerges
in the range of positive taxes (approximately $10,000 to $25,000). This bimodal structure suggests
that location specific MU patterns and individual menus are such that there are broad groups of
high and low MU metros, with relatively fewer metros near the break-even point of zero. To see
this recall that the optimal tax for metro j can be expressed as:

P

-7 . —
DY N A W .
J > P,/ oP; i
J'#j Ot ot
—_——
Avg. metro tax faced MU deviatio.n.
by those leaving j scaled by mobility

The observed dispersion and bimodality therefore arise from two sources: (i) variation in the average
marginal utility of income (;) across metros relative to the population-weighted mean (f), and
(ii) variation in the taxes levied on substitute locations, weighted by migration responses. In the
subsections that follow, we decompose this variation by examining how optimal taxes correlate with
metro-level marginal utility, demographic composition, geographic location, and the characteristics
of substitute metros. As we demonstrate, the variation and the bimodal structure can be largely

attributed to systematic differences in marginal utility across metros—driven in part by differences
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in population composition by education—and the spatial clustering of similar metros that generates

correlation between own taxes and the taxes of close substitutes.

9.2 Geographic variation in optimal taxes

Figure 12 maps the geographic distribution of optimal metro-level taxes across the continental
United States.

Figure 12: Geographical variation in optimal taxes
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Notes: The color scheme distinguishes metros receiving subsidies (dark red: $[—50, —12] thousand; light red:
$(—12, 7] thousand) from those facing positive taxes (light green: $(7, 16] thousand; dark green: $(16, 41]

thousand). White areas indicate metros for which we lack sufficient survey coverage to compute optimal taxes.

The map reveals different geographic patterns that correspond to the bimodal distribution
reported in Figure 11. Coastal metropolitan areas, particularly along the Eastern Seaboard from
Washington, D.C. through New England, as well as parts of California and the Pacific Northwest,
tend to face higher optimal taxes (green shading). In contrast, many metros throughout the South,
parts coastal Southeast, portions of the Midwest, warrant subsidies (red shading). Florida and
Texas exhibits heterogeneity, with both subsidized and taxed metros in close geographic proximity.

Importantly, this geographic pattern does not simply mirror the spatial distribution of wages
or population density. Several large, high-wage metros in the South receive subsidies, while some
smaller metros in the Northeast face positive taxes. This divergence from a naive “tax the rich
cities” prescription reflects the primary contribution of our approach: optimal place-based transfers
depend on measured marginal utility of income conditional on location choice, not merely on income
levels. As documented in Section 6.2, marginal utility varies with local amenities, cost of living,
and the presence of family and friends, individual perceived entertainment index—factors that need
not move in lockstep with wages.

The spatial clustering visible in the map—whereby neighboring metros tend to exhibit sim-
ilar tax assignments—foreshadows an important mechanism in our optimal tax formula. As we

demonstrate in Section 7, metros that serve as close substitutes for one another tend to have cor-
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related optimal taxes, generating the regional patterns observed here. The following subsections
systematically decompose the sources of geographic variation by examining how optimal taxes re-
late to metro-level marginal utility, demographic composition, and the characteristics of substitute

locations.

9.3 Optimal Metro Tax and (AKM) “Metro Effect” for MU

Figure 13 displays the relationship between optimal metro taxes and the metro fixed effects
estimated from our two-way fixed effects specification: In(MU;;) = 6; + 9;“'3“0 + ej; where 6;
captures individual-specific factors affecting marginal utility and 9;-“6”0 isolates the location-specific
component—the contribution of metro j to log marginal utility, holding individual characteristics

constant.

Figure 13: Log-MU Index and Optimal Taxes
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The scatter plot reveals a negative relationship between MU and optimal taxes. Metros with
higher marginal utility effects receive lower optimal taxes, while metros with lower marginal utility
effects face higher taxes. This pattern reflects the relative strength of the second term in our

optimal tax formula:

Z 873]~/ B
e Mz ME I el
= P, 9P i
Zj'?éj ot ot
—_———— —_——
Avg. tax of substitutes MU deviation term
Since a—f? < 0 (raising taxes in a metro reduces its population share), the second term is negative
J

when p; > i and positive when p; < fi. Thus, the MU deviation term pushes optimal taxes below
the average tax of substitutes for high-MU metros and above the average tax of substitutes for
low-MU metros. Whether a metro ultimately receives a subsidy or faces a positive tax depends on

both its marginal utility deviation and the taxes levied on its substitute locations.
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The negative slope reflects the redistributive intuition of optimal place-based policy. Holding
individual characteristics constant, locations where residents derive greater marginal utility from
additional income, represent opportunities for welfare-improving transfers. The AKM metro effects,
by isolating location-specific contributions to marginal utility after controlling for individual unob-
served heterogeneity through our survey design, thus serve as a key sufficient statistic for optimal
spatial redistribution.

This relationship also helps explain the bimodal distribution documented in Figure 11 and the
geographic clustering observed in Figure 12. In our data, we have high-MU locations (warranting
subsidies) and low-MU locations (warranting taxes), with the strength of this separation generat-
ing the two modes. The geographic patterns arise because the determinants of marginal utility,
including local amenities, cost of living, and access to family, exhibit spatial correlation.

The scatter plot also displays residual variation around the fitted line. This variation indicates
that metro-level MU is not the sole determinant of optimal taxes. The first term of the formula
i.e., the average tax faced by substitute metros also contributes. We now turn to examining this

linkage across metros enabled by the menu-design of our survey which captures metro substitutes.

9.4 Optimal Metro Tax and Average Tax of Substitute Metros

Figure 14 plots the relationship between a metro’s optimal tax and the average tax faced by its
substitute locations. The average substitute tax is the first term in the optimal tax formula. It is
the migration-weighted mean of taxes across all other metros, where the weights obtained from our
full substitution matrix reflect how individuals leaving metro j would reallocate across alternative

destinations based on their estimated substitution patterns from our survey.

Figure 14: Own optimal tax and Average tax of substitute metros
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A key question for understanding the role of this term is whether the migration-weighted average
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Figure 15: Optimal Metro Tax and College Share
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tax faced by the marginal outflow varies substantially across origin metros. Under a benchmark non-
mixed logit model, marginal movers from any origin substitute toward destinations in proportion
to aggregate market shares. In that case, the “average tax of substitute metros” would be (nearly)
the same for every origin, and this component would explain essentially none of the cross-metro
variation in optimal taxes. In contrast, our menu-based design reveals strong geographic clustering
in substitution patterns, so the implied destination mix differs sharply across origins, generating
substantial dispersion in the average tax faced by movers leaving different metros.

Consistent with the optimal-tax formula, Figure 14 shows that a metro’s optimal tax comoves
with the migration-weighted average tax of its substitutes. The positive relationship is therefore not
itself the main empirical takeaway; rather, the fact that the average tax of substitute metros varies
meaningfully across metros implies that fiscal externalities through migration are an important
source of cross-metro differences in optimal taxes.

The scatter also displays considerable variation around the fitted line, reflecting the independent
contribution of the MU deviation term. Metros lying above the fitted line have lower marginal utility
than the national average (relative to their substitute-tax baseline) and thus face higher taxes than
the substitute-weighted average would imply. Metros below the line have higher marginal utility and
receive lower taxes. Together, these patterns illustrate how the two components of the formula—
the substitute-tax baseline and the MU-based adjustment—jointly determine each metro’s optimal

tax.

9.5 Optimal Metro Tax and College Share

Figure 15 plots optimal metro taxes against the share of residents holding a college degree. We
find that metros with higher college shares face higher optimal taxes, while those with lower college
shares tend to receive subsidies. This relationship reflects the interaction between demographic

composition and the planner’s redistributive objectives. Recall that the average marginal utility in
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metro j is given by:

NPy (1) >
i = ; (with = L)
] Zt th; JH]

where II? denotes the Pareto weight assigned to type ¢ and /‘5’ is the average marginal utility of
income for type t individuals who choose metro j. In our baseline specification, we assign a Pareto
weight of 2 to non-college workers relative to college workers.

Under this weighting scheme, metros populated predominantly by college-educated workers
have lower Pareto-weighted average marginal utility, pushing the MU deviation term in the positive
direction and raising optimal taxes. Conversely, metros with higher shares of non-college workers—
who receive greater weight in the planner’s objective—exhibit higher weighted marginal utility
and thus warrant more favorable tax treatment. The positive slope in Figure 15 captures this
compositional effect.

The college-share geographical variation also contributes to the geographic patterns documented
in Figure 12. Coastal metros and major knowledge-economy hubs—which tend to have high con-
centrations of college-educated workers—face higher optimal taxes, while metros in regions with

lower college attainment rates receive subsidies.

9.5.1 Sensitivity to Non-College Pareto Weights

Table 4: Sensitivity to Pareto Weights

(1) (2) (3)
Pareto Wgt = 2 Pareto Wgt =4 Pareto Wgt = 8

MU “Metro Effect” (AKM) -34.08*** -24.91%** -22.00***
(3.747) (3.938) (4.193)
College Share 16.43*** 24.36*** 29.12%**
(3.360) (3.685) (4.023)
Avg. Tax of Substitutes 0.803*** 0.852*** 0.867***
(0.0725) (0.0765) (0.0769)
Constant -5.573*** -8.782%** -10.89***
(1.514) (1.665) (1.818)
Observations 301 301 301
R? 0.599 0.579 0.581

Standard errors in parentheses

* p < 0.05, ** p<0.01, ™ p<0.001
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Table 4 examines the sensitivity of optimal taxes to the planner’s redistributive preferences by
varying the Pareto weight assigned to non-college workers. We re-solve optimal taxes under three
specifications: Pareto weights of 2, 4, and 8 for non-college relative to college workers (columns 1
through 3, respectively). Optimal taxes is a non-linear function of a bunch of things, so to get a
sense of the relative importance of the channels through which redistributive preferences operate,
we regress optimal taxes on the MU metro effect, college share, and the average tax of substitutes.'®

Several patterns emerge as the weight on non-college workers increases. First, and most directly
connected to the preceding discussion, the coefficient on college share rises monotonically—from
16.43 at weight 2 to 24.36 at weight 4 to 29.12 at weight 8. This steepening confirms that the
positive relationship between college share and optimal taxes documented in Figure 15 is amplified
by redistributive preferences favoring non-college workers. As the planner places greater weight on
the welfare of less-educated individuals, the penalty on metros with college-educated populations
increases. Second, observe that this increase in no way removes the importance of location-specific
MU. The coefficient on the MU metro effect attenuates in absolute value, falling from —34.08 to
—24.91 to —22.00 as the Pareto weight increases. This pattern reflects a shift in the composition of
the planner’s objective. Under stronger redistributive preferences, the planner prioritizes transfers
toward metros with high concentrations of non-college workers, even if measured location-specific
marginal utility (the AKM metro effect) is not especially high in those locations. In other words,
cross-type redistribution partially crowds out the within-type, cross-location redistribution that the
MU metro effect captures. Third, the coefficient on average substitute tax remains stable, rising
only slightly from 0.80 to 0.87.

9.6 Decomposition by Tax Formula Components

Table 5 presents regression decompositions that formalize the relationships documented in the
preceding subsections. By regressing optimal taxes on the key components of our formula, we
quantify the relative contributions of metro-level marginal utility, demographic composition, and
substitute metro taxes to the cross-sectional variation in optimal place-based transfers.

Column (1) regresses optimal taxes on three variables: the AKM metro effect for marginal
utility, metro college share, and the average tax faced by substitute metros. All three regressors are
highly significant and carry the expected signs. A one-unit increase in the log marginal utility metro
effect reduces optimal taxes by approximately $34,000. This large magnitude reflects the central
role of marginal utility in determining optimal spatial transfers. Metros with a 10 percentage point
higher college share face roughly $1,600 higher optimal taxes, reflecting the lower Pareto weight
assigned to college workers in our baseline specification. Own taxes move approximately 80 cents
for every dollar increase in the migration-weighted average tax of substitutes.

Column (2) replaces the average substitute tax with its underlying determinants—the average
MU metro effect and average college share of the substitute metros. This specification examines

whether the substitute tax effect operates through the same channels that determine own taxes.

151f we are fully flexible, then these three components will fully explain the variation in optimal taxes.
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Table 5: Optimal tax decomposition

(1) (2)
Optimal Tax Optimal Tax
MU “Metro Effect” (AKM) -34.08*** -43.91%**
(3.75) (4.51)
College Share 16.43*** 17.37***
(3.36) (4.44)
Avg. Tax of Substitutes 0.80***
(0.07)
Avg. MU “Metro Effect” of Substitutes -19.97*
(9.01)
Avg. College Share of Substitutes 36.44***
(10.49)
Constant -5.57*** -21.66***
(1.51) (3.48)
Observations 301 301
R? 0.599 0.474

Standard errors in parentheses

* p < 0.05, ** p<0.01, *** p < 0.001
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Metros whose substitutes have higher marginal utility (and thus receive subsidies) themselves face
lower optimal taxes. Metros whose substitutes have more college-educated populations face higher
optimal taxes. Both align with the logic of the optimal tax formula where a metro’s tax is pulled to-
ward the taxes of its substitutes, and those substitute taxes are themselves determined by marginal
utility and demographic composition.

The high R? indicates that these three components, own MU, own college share, and substitute
taxes, explain the majority of cross-metro variation in optimal taxes.!® Together, these decompo-
sitions confirm that the optimal taxes generated by our algorithm adhere closely to the theoretical

structure of the optimal tax formula.

9.7 Sensitivity to Migration Elasticities

In this counterfactual exercise, we examine what happens to the distribution of optimal taxes

when we make individuals more elastic, holding location-specific marginal utility of incomes fixed.

I Baseline
Location Elast. x2

B Std. Dev. = $17.2k
CER Std. Dev. = $12.8k
| ‘
- — Irll |III II '_l_'-_- _

100 75 50 25
Optimal Location Tax ($OOOS)

Figure 16: Sensitivity to Migration Elasticities

Figure 16 compares the distribution of optimal metro taxes under our baseline migration elas-
ticities (blue) with the distribution obtained when all location choice elasticities are doubled (red).
We find that this leads to a compression of the optimal tax distribution where the standard devia-
tion falls by nearly 25.5% from $17,200 under baseline elasticities to $12,800 when elasticities are
doubled.

This compression reflects the trade-off in optimal spatial taxation that emerges directly from

our formula. Recall that the MU deviation term is scaled by the inverse of the own-tax migration

5The somewhat lower R? of 0.47 in column (2) relative to 0.599 in column (1) reflects the fact that average
substitute tax is a sufficient statistic that aggregates information beyond just the mean MU and college share of
substitutes, since it also depends on the average tax of the substitutes of these substitute metros.
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Since % < 0, higher migration elasticities reduce the magnitude of the second term. Intuitively,
J

when individuals are more responsive to tax differentials, a larger share of the population leaves
taxed metros, shrinking the local tax base. Raising an additional dollar for redistribution therefore
requires imposing a greater burden on the remaining residents, increasing the marginal cost of
redistribution. Facing these higher costs, the planner optimally compresses the tax distribution,
accepting smaller redistributive gains to avoid the fiscal burden that arises when taxes fall on an
increasingly narrow base.

In this counterfactual exercise, since elasticities only double but do not change in sign, the
compression is approximately symmetric around the center of the distribution. This symmetry
follows from the structure of our formula which indicates that higher elasticities scale down the
MU deviation term proportionally for all metros, regardless of whether that term is positive or
negative. Metros that warranted large subsidies under baseline elasticities still receive subsidies, but
of smaller magnitude; likewise for metros facing large taxes. Consequently, the bimodal structure
of the distribution persists under higher elasticities, with the two modes shifting closer together.
This persistence indicates that the qualitative pattern of optimal policy where high-MU metros are
subsidized and low-MU metros are taxed remains even when behavioral responses are substantially
larger.

The resulting substantial optimal tax differentials represent a middle ground between the ex-
tremes of no spatial redistribution which one would obtain under perfect mobility and unconstrained

transfers which one would obtain if workers were immobile.

9.8 Decomposition of the Across-Metro Redistribution Motive

The optimal tax formula highlights that spatial redistribution is driven by deviations of metro-
level marginal utility from the population-weighted mean, p; — fi. This term captures the welfare
gains from tilting transfers toward locations where marginal utility is high. In this section, we
discuss what accounts for the variation in this motive across locations.

Let MU;; = Iy x M U;jithi” x M Uiloc denote the Pareto-weighted marginal utility of individual
i in location j. Denote by MU; = > ;pijMUi; the expected marginal utility for individual ¢ across
their candidate locations, and by MU ;) the average expected marginal utility among individuals

of type g(i). We decompose the redistribution motive as:

i — = Zpij (MUU - Wz) +Zpij (mz - Wg(z)) + Zpij (WQ(Z) o ﬂ) (21)

Within-person Across-person, within-type Across-type
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The first term captures within-person variation: holding the individual fixed, for individuals
who choose metro j with positive probability, how much does marginal utility provided by metro
7 compare to the marginal utility provided by other metros that individual might choose? The
second term captures across-person, within-type variation: among individuals of the same type
(e.g., non-college workers), compared to average households of their type, do households who choose
metro j consider menus of locations with higher or lower than average marginal utility? The third
term captures across-type variation: how much does the type composition of metro j differ from
the national average, and how does this compositional difference translate into marginal utility
differences given the Pareto weights?

Table 6 presents a decomposition of the cross-metro variance in optimal tax rates into four com-
ponents: (A) the within-person redistribution motive (within-respondent differences in marginal
utility across locations), (B) the within-type redistribution motive (sorting across metros within a
skill group), (C) the across-type redistribution motive (differences in the skill composition of metros,
interacted with Pareto weights), and (D) the “neighbors” term that captures the fiscal-externality
channel through the average tax of substitute metros.

For our purposes, the key takeaway is that the redistributive motive in the tax formula is not
driven solely by cross-type differences. Treating location solely as a tag for type would obtain
any redistributive motive entirely from component (C). In contrast, we find that components (A)
and (B) together account for a non-negligible share of the redistribution motive, and these are
precisely the components that require our survey to identify. In other words, within-person and
within-type channels provide additional justification for place-based redistribution beyond cross-
type redistribution alone. Even holding fixed the planner’s Pareto weights across skill groups, the
survey uncovers systematic within-type differences in where marginal utility is high, and these
differences imply a distinct geographic pattern of desired transfers. Absent the survey, the planner
could at best implement redistribution that follows type composition, or else rely on assumptions
about how within-type marginal-utility differences relate to observable location attributes.

A final takeaway concerns the role of substitution patterns in shaping the fiscal-externality term
in the optimal-tax formula. Under a simple non-mixed logit benchmark, the marginal outflow from
any metro would reallocate across all other metros in proportion to their aggregate population
shares. In that case, the “average tax of substitutes” faced by movers leaving a given metro would
be approximately the same for every origin metro—essentially a common, market-share-weighted
average of taxes elsewhere—and would therefore explain little (or none) of the cross-metro variation
in optimal taxes. In our data, however, substitution patterns are far from proportional to national
market shares. Because respondents consider and substitute disproportionately among a limited
set of geographically and economically related metros, the migration-weighted average tax faced by
the marginal outflow varies substantially across origin metros. This dispersion in the average tax

of substitutes is a key contributor to the cross-metro variation in optimal tax rates.
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Table 6: Variance decomposition
Share of Share within

Component

total A+B+C
A. Within-person 0.032 0.088
B. Within-type (across people) 0.154 0.425
C. Across-type 0.176 0.487

D. Neighbors / substitute-tax term  0.638 —

Notes: Column 2 reports each component’s share of total cross-metro variation. Column 3 re-normalizes
A—C so that A+B+C=1 and decomposes the redistribution motive only.

10 Panel Analysis of Marginal Utility

The cross-sectional results above describe how average marginal utility varies across locations
at baseline expectations. In this section we use the panel structure of the survey to study how
marginal utility within a given location changes when that location becomes more or less attractive
due to experimentally induced changes in net income offers (and family/friends), holding all other
location attributes fixed. These experimental shocks shift both (i) the level of resources available
in a location and (ii) the set of individuals who would choose that location, allowing us to separate
within-location changes in marginal utility from composition effects due to sorting.

To organize the interpretation of these panel responses, we begin with a decomposition of how
the average marginal utility in a location changes with a location-specific income shock into a direct
effect and a selection (sorting) effect.

Denote by MUC); the marginal utility of income in location j, and consider the average marginal
utility of income conditional on choosing j. The derivative with respect to the wage in location j

can be decomposed into a direct and a selection effect:

%E[MUCij chosen] = / aju(jwj’e )f(ei|j chosen)de; +/MUCj (wy, ;) fe ’(‘;jj osen) de;
Direczreffect Selecti?;l effect
(22)

Furthermore, the selection effect can be re-written as:

1
Pj(w;)

/£Pr(Uj > Uy | ei) [MUCj(wj,ei) —E(MUCj | j chosen)} f(ej) de;
]

The direct effect captures how marginal utility changes for a fixed individual in a fixed location
when income in that location changes. The selection effect captures how the composition of residents
changes as the location becomes more attractive and marginal movers enter or exit, which in turn
changes the average marginal utility among those who choose the location. This decomposition
clarifies why, in our setting, within-location average marginal utility can increase with income even

though standard separable models imply only a direct (typically negative) effect. Note that this
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form of selection effect is not present in a model with separable shocks.

Our sufficient-statistics policy calculations use baseline estimates of {y;} as inputs, abstracting
from how policy changes might alter these marginal utilities through sorting. The structural model
in the next section relaxes this abstraction by allowing p; to change endogenously with policy-
induced changes in net incomes and the composition of residents. We estimate the structural
model to match these panel responses, which trace how respondents’ marginal-utility measures
move as we experimentally vary location-specific net incomes within their menus. This allows the

data to discipline how marginal utility changes as policy changes and induces sorting.

10.1 Experimental Design and Estimation

To identify causal relationships between income and marginal utility of incom, we leverage
our experimental design where respondents evaluated multiple hypothetical scenarios with varying
income levels and presence of family /friends across locations. The exogenous variation we induce
in our survey removes selection based concerns. Additionally, the panel structure enables us to
include multiple fixed effects that additionally account for unobserved heterogeneity.

As described earlier, for each respondent i in each scenario k, we construct log(MUCj;) =
log(1/b;j1) for each location j, where b;j, represents the income boost required in location j to
match the utility gain from a $5,000 income boost in the highest-MUC location. Our estimating

equation is:

log(MUC;j1) = Bilogwiji + B2 fijk + Oix + 0i5 + eiji (23)

where 0;;, and 0;; represent individual-by-scenario and individual-by-location fixed effects, respec-
tively. Our experimental variation allows us to use this specification to isolate the causal effect
of income changes (and changes in presence of family and friends) on marginal utility of income
conditional on individual-location and individual-scenario fixed effects.

Next, we analyze the underlying distribution of the elasticity of MU with respect to expected
income in two steps. First, we exploit the within respondent design of our survey to estimate

respondent-specific elasticities and estimate:

log(MUCjj1) = Bir log wiji + Bia fijk + O + 0i5 + eiji (24)

Second, we implement an empirical Bayes shrinkage procedure to adjust for sampling variance,
shrinking individual-specific estimates toward the sample mean based on the estimated signal-to-

noise ratio.

10.2 Panel Results

Our panel analysis yields an estimated elasticity of MUC with respect to expected income (1)
of 0.45 (SE = 0.01), larger than our cross-sectional estimates. This difference likely reflects our ex-

perimental design’s ability to isolate causal effects from confounding factors. The presence of family
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and friends (f2) increases MUC by approximately 4% (SE = 0.00), indicating a complementarity
between social connections and the marginal utility of income.

The distribution of these estimates from the empirical Bayes procedure reveals substantial
heterogeneity in how respondents’ marginal utility responds to income changes across locations,
as shown in Figure 17. The mean elasticity is 0.43 with a standard deviation of 0.16 yielding a

standard error of 0.003, indicating considerable variation in the strength of this relationship.

Shrinked Distribution of MUC Elasticity
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Figure 17: Distribution of Estimates of MUC Elasticity

The panel estimates inform the theoretical relationship between income and MU conditional on
location choice described above. The positive overall elasticity of 0.45 indicates that the selection
effects dominate the direct effects, with the latter typically negative in standard models. This
pattern suggests that marginal entrants to higher-income locations have systematically higher MU
than inframarginal residents. In standard linearly separable models the selection effect by construc-
tion is zero thereby not allowing any heterogeneity between inframarginal and marginal individuals.
These findings have significant implications for optimal redistribution policies across locations, as
they demonstrate that the standard approach of simply redistributing from high-income to low-
income locations may not align with welfare maximization when accounting for heterogeneity in

marginal utility of income.

10.3 Rejection of separable model

Several of our main empirical results findings are difficult or impossible to rationalize with dis-
crete location choice model that specifies consumption utility as additively separable from location-
specific shocks or attachment draws, such as log (wji) + €;; where wj;, represents income in city j
for skill group k, and ¢;;;, are location specific attachment draws that captures individual-specific
location preferences. This model places strong restrictions on how MUC varies across locations
(on average) and across individuals within a location. First, MUC is a (decreasing) function of the

consumption level (wage). As a result, high wage cities must have lower average MUCs, and within

51



a city individuals with the same wage will have the same MUC regardless of the strength of their
attachment to the city. These model predictions do not change when the utility specification is
augmented to allow non-wage factors to affect location choice by including additive linear terms in
observable location characteristics or including an additive composite location amenity parameter.

Our empirical findings reject these restrictions implied by the additively separable model.
Specifically, the standard additively separable model cannot rationalize the findings that the av-
erage MUC of each location conditional on the location being chosen is positively correlated with
the location’s wage level, but variation in wage levels across locations explains a small fraction of
the overall variation in average MUC across locations. Within individual, the expected MUC in a
location conditional on that location being chosen is increasing the location’s wage.

The selection effect ([ MUCj(wj, ei)%@mmdei) in the separable model is zero by construc-
tion. We introduce an alternative utility function that allows for substitutability between income
and person-specific amenities, which generates these patterns in equilibrium allowing for selection

effects.

11 Model

Next, to investigate what underlying preferences and distributions of location attachment are
consistent with our main empirical results, and to study their implications for optimal redistributive
policy, we develop and estimate a simple structural model. In this preliminary draft, we study a
stylized model of a homogeneous population (and thus a choice problem represented by a single
random utility specification) that we estimate by targeting key average elasticities and sample

moments.

11.1 Non-separable Structural Model

Each individual ¢ has a feasible menu of locations M; C {1,...,J}. For each location j €
M;, individual ¢ earns wage w;; and draws an idiosyncratic shock €;;, where €;; ~ pareto(1, 1).
Individual ¢ chooses a location j € M; to maximize expected utility.

Locations are grouped into a finite number of types. Location j belongs to a discrete type 7(j) €
{1,...,T}. For each individual-location pair, rank(i, ) denotes the rank that individual i assigns
to location j € M;. The model includes amenity parameters {AT(j),amnk(m),BT(j),bmnk(i,j)}
capturing type-specific and rank-specific components. Preferences over consumption and amenities

are represented by

1-0

)

{ (Br) brank(iy wig)" + (A Ar(j) Grankig) %’)p}

1—0

Uij =

The parameter set is

9 - {07 )\7P7 {At7 Bt}thlv {CLT, bT}’rRzl} )

52



where R = |[M;]| =4 and T = 4.

11.2 Identification

We normalize A} = By = a; = by = 1. Table tab:identification describes the mapping of specific

moments in the data to identify the parameters of the model.

Table 7: Mapping of Moments to Model Parameters

Parameter Targeted Moment

A Elasticity of location choice with respect to wage
p Elasticity of EMUC with respect to wage
o Within-location MU curvature (CRRA = 1; imposed)
Aj; + B; Choice probability for city type j V j # 1
a; +b; Impact of rank of j on choice probability relative to rank of 1 (holding types fixed) V j # 1
A;:‘erj Average MUC in city type j relative to MUC in city 1 (holding ranks fixed) V j # 1
asz Impact of rank of j on EMUC relative to rank of 1V j # 1
J J

11.3 Estimation

Estimation of our non-separable model follows in two-steps. First, to reduce dimensionality, we
conduct a k-means clustering to classify cities into 4 discrete types. Second, after discretizations

we estimate the model using Indirect Inference (Gourieroux et al., 1993).
6 = argmin (5(0) - 9)'(3(©) - 7).

where 7 denotes the vector of auxiliary estimates in the data and 4(0) the same vector computed
from simulated data given parameter vector ©. The auxilliary models that we estimate using

baseline data:
ID(P,']‘) =0, + Z BjTypej + Z oszankj + l/JU)ij + U
#1 i#1
ln(MUCij) =0, + Z 'ijypej + Z 5jRankj + ’lb’wij + eij
i#1 i#1
For j = 2,3,4, 8; identifies (4; + Bj), a; identifies (a; + b;), v; identifies A;/(A; + Bj), 6;

identifies a;/(a; + bj).

11.4 Parameter estimates

We report the estimates of our structural model in Table 8
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Table 8: Estimated Model Parameters

Parameter Typel Type?2 Typed Typed

A 1.000 0.952 0.942 0.835
B 1.000 1.351 1.174 1.832
a 1.000 0.294 0.160 0.069
b 1.000 1.245 1.208 1.201
P 0.892

o 2.956

A 185.738

11.5 Fit of non-targeted moments
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12 Welfare comparison of other policies with optimal taxes ob-

tained for sufficient statistics

In progress.

13 Conclusion

This paper develops and implements a new approach to measuring a central input to optimal
place-based policy: how the marginal utility of income varies across locations. We show that this
object is not identified from location choice data alone without strong assumptions on preference
separability, and the implied methods are practically infeasible to implement. We find that these
assumptions are not consistent with our data. Our solution is to measure marginal utilities di-
rectly through a survey that elicits within-person comparisons of the value of additional income
across locations where each respondent could plausibly live. Combined with experimentally varied
scenarios that shift location-specific incomes and contextual factors, our survey also recovers the
full matrix of substitution elasticities across locations needed to characterize the efficiency costs of
spatial redistribution. Our survey thus measures the two key inputs required to fully characterize
optimal spatial transfers in absence of agglomeration externalities.

Our main empirical findings can be summarized as follows. First, the marginal utility of income
exhibits substantial geographic variation that cannot be explained by income differences alone.
Controlling for expected income, marginal utility is lower in high housing cost locations and higher
in locations with better schools, stronger labor markets, and lower crime. Second, substitution
patterns across locations display strong regional clustering: when a metro becomes less attractive,
nearby and culturally similar metros absorb the bulk of outflows. Third, optimal metro-specific
taxes vary widely, and exhibits a bimodal distribution. The bimodality and geographic clustering
arise because metros that serve as close substitutes tend to share similar characteristics, generating
groups of metros that are taxed or subsidized together. Each metro’s optimal tax equals the
migration-weighted average tax of its substitutes, adjusted for the metro’s deviation of marginal
utility from the national mean. The metro-level marginal utility effect, local college share, and
average substitute tax together explain sixty percent of the variation. Notably, we document that
optimal policy is not the same as a transfer from high wage locations to low wage ones, since
marginal utility differences are not solely explained by income differences.

A key finding concerns the sources of the redistribution motive. We decompose the variation in
metro-level marginal utility into three components: within-person variation (how marginal utility
differs across locations for the same individual), across-person within-type variation (how individ-
uals of the same type who sort into different metros differ in their expected marginal utility), and
across-type variation (how the type composition of metros differs). Within-person variation and
across-person within-type variation accounts for half of the variation in marginal utility differences.

Our results also highlight the sensitivity of optimal policy to key parameters. Increasing the
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Pareto weight on non-college workers steepens the gradient between optimal taxes and college
share, while attenuating the role of location-specific marginal utility effects. Doubling migration
elasticities compresses the optimal tax distribution by approximately 25 percent, as higher mobility
raises the fiscal cost of tax differentials. The qualitative patterns of optimal taxation persist across
specifications, but magnitudes depend on both normative choices about redistribution and empirical
estimates of behavioral responses.

Our analysis abstracts from agglomeration externalities and productivity spillovers, focusing
exclusively on the redistribution motive for place-based transfers. Future research could extend our

work by integrating both efficiency and equity considerations.
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A Appendix: Derivation of Proposition 2.1

This appendix derives the sufficient—statistics condition in Proposition 2.1.

A.1 First—-order conditions

The planner chooses 7 to maximize
T
W(r) =Y INUi(r)
t=1
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subject to Z}']ﬂ 7;L;i(17) = G, where L;(1) = >, NtPf(T). Let A denote the multiplier on the

budget constraint. The Lagrangian is

J
L(1,A) = Z ILNU(T) + A ( Z 7 L;(T) — G) .
t j=1

A marginal increase in 7; reduces consumption one—for-one for individuals who choose metro
J, 80
% - t(T) Mt'
oT;j J 7

where uz- is the expected marginal utility of income for type ¢t among those who choose j. The FOC

for 7; is therefore
J

ZHtNtPt T+ ALy (7) + A T
j'=1

8[@/(7’)
orj

Define the Pareto—weighted average marginal utility among residents of metro j as

= > TN PH(T) 14
T Lj(T)
Dividing the FOC by L;(7) yields
Hj —
. 2
A ZTJ afj (25)

A.2 Identifying A

Let 0 denote a common marginal increase in all metro head taxes, so 7; becomes 7; + ¢ for
all j. Under the assumption that a common tax change shifts all location utilities by the same
amount, location choice probabilities and hence the vector L(7) are unchanged locally. The budget
constraint implies

> (i +0)Lj(r) =G +5,
J
so dG/do = 1. Welfare changes by

Z HtNt Z UNews, e = PH(r)uj
J

Define it = ), II; Nyp1s. Since dG/dé = 1, this implies dW/dG = —[.
On the other hand, 0L/0G = —A, so at the optimum dW/dG = —A. Hence A = [i.
Substituting A = {1 into (25) delivers Proposition 2.1.

Algebraic manipulation provides optimal taxes for city j is a sum of average tax of substitute
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metros and deviation of MU of metro j from the average as:

OP:

I . _
o L 1y — i
i P oP; fi
24 5, o7,

—_——

Average tax of substitute metros ~MU-based adjustment

A.3 Two—city derivation

This appendix derives equation (4) in the two—metro special case.

Consider two locations, indexed by j = 1,2, and a single individual type. The government
provides a head transfer b to everyone in metro 1 and finances it with a head tax ¢ on everyone in
metro 2, subject to a balanced budget.

Let W7 and W5 denote pre—tax incomes. Under the policy, consumption is W; + b in metro 1
and Wy — ¢ in metro 2. Individuals draw idiosyncratic shocks (ej,€2) and choose the metro that

maximizes utility, so expected indirect utility is
V(b,t) = E, ¢, [max{u(W7 + b, 1), u(Wa —t,€2)}].

Let Li(b) denote the equilibrium share of the population in metro 1 as a function of the transfer,

with 1 — Lq(b) living in metro 2. The balanced budget constraint implies

Ly(b)b = [1 — L1(b)] t(b), SO t(b) = Ly (b)

11— Ly1(b) b.

We can write welfare as a function of the single instrument b:
V(b) = V (b, t(b)).

Differentiating, ~

AV _oV. oV L oV

db ob  db Ot db 0Ly
The final term is zero by the envelope theorem: households who are marginal and switch metros
in response to a small change in (b,¢) are indifferent between the two metros at the margin, so
changes in the equilibrium cutoff (and hence L;) do not contribute to first order. Therefore the

optimal transfer satisfies
ov  dtoV
Let p; and po denote the expected marginal utilities of income for households who choose

metros 1 and 2, respectively, under the policy (b,¢(b)). Then

ov v

S =h®m, == L) e,
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Differentiating the balanced—budget expression t(b) = 1flL(1b()b)b yields

at Ly N b dly
db 1—L;  (1—1L1)% db~

Substituting these expressions into (26) gives

Ly b dLy
=L —[1-L
0 1M1+ 1- L, + (I—L2 db ( [ 1]#2)

b dLy

= Lip; — Lipg — —.

1H1 1H2 — M2 1= L, db
Rearranging,
b dLy

Li(py — p2) = pig ————+
1= o) = g2 %

and dividing both sides by Ljusg yields equation (4):

p—pp 1 (dLl b)

p  1—Ly \ db Ly

A.4 Computation details
For completeness, we briefly summarize the iterative algorithm that implements equation (17):
1. Initialization. Start from an initial guess 7(°) for metro-level taxes.

2. Compute after—tax incomes and choice probabilities. Using 7¥), compute after—
tax incomes in each metro for each individual, and obtain choice probabilities P; (7)) and

aggregate shares L;(7(*)).

3. Construct the derivative matrix. Using the constant elasticity specification and the

observed probabilities, convert to derivatives OL; (7)) /0r; and form the matrix A(7(*)).

4. Update taxes. Construct the right-hand side vector b*) from the current metro-level

marginal utilities {12;(7®))}, and solve
A(T(k)) Fk+1) _ (k)
using a Gauss—Seidel iterative linear solver.
5. Iterate. Repeat steps 2—4 until the tax vector converges.

This algorithm implements the sufficient—statistics characterization using only the estimated
marginal utilities by metro and the substitution matrix across metros that we recover from the

survey, and it delivers the optimal place-based head tax (or subsidy) for each metro.
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B Appendix: Canonical models with Gumbel or Fréchet shocks

A key question for optimal spatial policy is whether marginal utilities of consumption can be
recovered from observed location choices. In this section, we examine two canonical models—an
additive separable model with Type 1 Extreme Value (logit) shocks and a multiplicative model
with Fréchet shocks—and show that both yield the same identification formula linking ratios of

cross-location elasticities to marginal utility ratios.

B.1 Model 1: Additive Separable with Logit Shocks

Consider a standard discrete choice model where utility for individual ¢ in location j is additively
separable:
U’ij = U(WJ) +a; + o€y (27)

where u(Wj) is utility from wages, a; captures location amenities common to all individuals, and
€;j is drawn iid Type 1 Extreme Value (Gumbel) and o is scale parameter. The marginal utility of
income in location j is MU; = «/(W;). With T1EV shocks, the choice probability takes the logit

form:
exp (%[u(Wj) + aj])

P, =
T Y pexp (2[u(Cr) + ax))
The cross-price effect is:
OP; 1
——J — __.p..P (W
awk pu j kU ( k)

The negative sign indicates substitution: raising wages in k draws people away from j. The
magnitude depends on the baseline shares P; and P, and critically, on the marginal utility of

income in k.

B.2 Model 2: Multiplicative with Fréchet Shocks

An alternative specification, common in the quantitative spatial economics literature, specifies
utility as multiplicative:
Uij = U}? . Aj . eij (28)

where w; is the wage in location j, A; captures location amenities, and ¢;; is drawn iid Fréchet
with shape parameter 6, so that F(¢) = exp(—e~?).
With Fréchet shocks, the choice probability is:

w®A;)?
pj — (370[5)9 (29)
>k (wiiAy)
Taking logs, this can be rewritten as:
P, — exp (Alalnw; +In A;]) (30)

Yo exp (flalnwy + In Ay))

61



which similar to Model 1 has a logit functional form.
The cross-price effect in the Fréchet model is:
oF,

1
=)~ _ga-P; P, — 31
8wk o J k Wi ( )

C Appendix: Survey design

C.1 Details on design choices

Definition of a location: A location in our survey is defined as a metropolitan statistical
area (MSA). We obtain the list of all states and MSAs within each state from the U.S. Census
Bureau. We provide a drop-down menu of states followed by a drop-down menu of MSAs within
the chosen state. At the beginning of the survey, we define a location as a metropolitan area: Note:
A metropolitan area is a large region comprising one or more counties, which includes a city with a
significant population and its surrounding areas that are economically interconnected. It is defined
by factors such as population size and the extent of linkage among nearby communities in terms of
jobs, commuting, and transportation.

Additionally, the three locations other than the respondent’s hometown are required to be
unique and different from the current location of the respondent and the location where they grew
up.

Choice of language: We administered the survey in English and in Spanish. The Spanish
translation was done by experts at the Rutgers Survey Center. We also conducted a pilot survey
and a focus group discussion with a small sample of Spanish-speaking individuals to ensure that
the translation was accurate and that the survey was understandable.

Displaying the exogenous location-specific attributes: We color coded the direction of
the shocks to highlight the incomes to reduce cognitive load on the respondents. This decision was
based on tests of whether the color coding had any effect on the responses in two simultaneous
rounds of pilot data collection where we found no difference in the responses between the color-
coded and non-color-coded versions of the pilot survey, except for shorter times to completion in
the color-coded version. Thus, we decided to use the color-coded version in the final survey to
reduce the cognitive load on the respondents. In order to avoid the possibility of any parallel being
drawn with political affiliation, we specifically avoided using the colors blue and red. To represent
increment (reduction) in income we used green (yellow). We did not color code the presence or
absence of family and friends. We could have used the same color coding for the presence of family
and friends, but we decided against it to avoid assuming whether the presence of family and friends
increases or decreases utility, which in the case of income is more straightforward. In the same
spirit of minimizing cognitive load, we showed respondent the shocked income instead of showing
both the percentage change and the new income.

Ordering: Since we are identified within individuals, we are not concerned about the order of

the locations. However, we randomized the order of the scenarios to avoid any ordering effects.
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Facilitating ease in responses: We made several choices in order to facilitate ease in re-

sponding to the survey. Here we some of the most important ones:

e We provided a slider for the respondents to report their expected income and the compensat-
ing differential. This also avoids the possibility of different respondents using different units

of income.

e In each exogenously varied scenario, respondents were shown their baseline probabilities and

compensating differentials to facilitate comparison.

e In order to emphasize that their response in the compensating differential questions is only
conditional on that location being their choice in 5 years, each option of location was followed

with the phrase ”had I chosen to live there in 5 years”

C.2 Background

The Survey Research Center at Rutgers University has helped us design and implement the
survey. Our survey was administered in the July and November of 2024 to a nationally represen-
tative sample of adults. The survey was available in English and Spanish, and participants that
completed the survey were given small payments in line with typical compensation given to on-
line survey participants. The survey respondents themselves were anonymous, and no personally
identifiable data was collected.

The survey started with a small pilot in April of 2024. Based on responses and feedback from
the pilot, we adjusted survey questions and then administered the survey to a larger sample as a
second pilot (July). Once we reviewed the results from that pilot and decided not to implement

any changes, we then launched the full survey in November.!”

C.3 Locations and Income

We start the survey by asking basic questions about current and previous location and current

and expected future incomes.

e We first ask the state, metropolitan area or nearest city, and zip code that the respondent
considers his or her home town, and then the same data for where the respondent currently

lives.

e We next ask the respondent their total pre-tax income over the previous 12 months. If the
respondent lives with one or more adults, the respondent is asked to only report income from

his or her job.

e Then we ask the respondent to report his or her expected individual annual income 5 years

from now.

17The second pilot tested whether responses varied depending on whether certain phrases were highlighted or not.
The responses did not seem to depend on highlighting. For the full survey, we used the highlighted version.
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e Then we ask the respondent their current total annual household income. Respondents are
instructed to report income from all sources and include incomes from all adults in the
household.

C.4 Baseline Data

The survey next asks respondents to choose the three most likely state and metropolitan areas
where they may live 5 years from now. The first question is the most likely, the second is the
second-most likely, and the third is the least likely.

To help fix ideas, going forward we will consider an example where the most likely location
is Atlanta, GA, the second most likely location is Austin, TX, the third most likely location is
Seattle, WA. In this example, the respondent’s hometown is Madison, WI and current location is
Washington, DC.

After the respondent reports the three places he or she is most likely to live, the respondent is
asked to report the probabilities he or she will be “living in these locations 5 years from now.” The
set of locations includes the respondent’s hometown, and the respondent is asked to make sure the

probabilities sum to 100 percent. A sample response is below.

Madison, W1 10 %
Atlanta-Sandy Springs-Alpharetta, GA 20 %
Austin-Round Rock-Georgetown, TX 40 %
Seattle-Tacoma-Bellevue, WA 30 %
Total 100 %

We will call the collection of the three most likely locations respondents expect to live 5 years from
now and the home town as the respondent’s “likely future locations.”

The respondent is then asked to report his or her expected annual total income in 5 years in
each of the likely future locations. The respondent answers these questions by moving a slider,

shown below.
Thousands of dollars

Madison, WI
@ 250
0 250
Atlanta-Sandy Springs-Alpharetta, GA
9 226
0 250
Austin-Round Rock-Georgetown, TX
® 24
0 250
Seattle-Tacoma-Bellevue, WA
9o . 207
0 250

64



The next questions ask about the presence of savings and friends and family in each of the likely

future locations as well as expected future costs of living.

o We first ask respondents if they have enough cash on hand to “cover expenses for a few months
in the event of a job loss or a relatively small event causing some unanticipated expenses.”

A sample response is shown below.

Definitely not Probably not Probably Definitely
Madison, Wi O O ° O
Atlanta-Sandy Springs-
Alpharetta, GA O O O °
Austin-Round Rock-
Georgetown, TX O O O °
\S;\;e:ttle-Tacoma»Bellevue, O O o O

o We next ask if respondents have a social network of family or friends in each of the likely

future locations. In each location, the answer is restricted to be “yes” or “no.”

e The respondent is then asked, In the future, if your life circumstances become very difficult,
in which location(s) do you expect to get the most support from your social network of family
and friends? The respondent is asked to rank the likely future locations from 1 (most likely

to get support) to 4 (least likely).

e Next, the respondent is asked, Thinking about your hobbies and things you like to do for
entertainment, where do you think you will have the most fun? The respondent is asked to

rank the likely future locations from 1 (most fun) to 4 (least fun).

e Finally, the respondent is asked, Given the sorts of goods and services you like to buy and
given the kind of housing unit you wish to live in, which locations do you think would be most
expensive for you? The respondent is asked to rank the likely future locations from 1 (most

expensive) to 4 (least expensive).

C.5 Experimental Variation in Hypothetical Scenarios

The next two blocks of questions are key for estimating the marginal utility of consumption.
First, we ask how probabilities over location chioces change as assumptions about income and the

presence of family and friends vary. Instructions leading up to this block of questions are as follows:

FEarlier you told us four places you could imagine living 5 years from now. You also gave
us your best guess about what your annual income would be in each location, whether

family would be present, and your probability of living in each place.

Now we are interested in how the probability of living in these locations would be affected

if your anticipated income or family ties were changed, holding all other aspects of the

location the same.
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For your convenience, we will also show your reported expectation of income and pres-

ence or not of family/friends in parenthesis below the changed income and family ties.

Respondents are shown new values of income and family and friends in each location, with the
baseline values shown in parentheses. We select the new values quasi-randomly to span a large
support of possible variation. The variation in incomes and presence of family and friends for each

MSA, by scenario, is shown below

Table 9: Survey-induced exogenous variation across scenarios

Option shown to respondent

Scenario  Hometown  Alt. 1 Alt. 2 Alt. 3

Panel A: Income growth factor (multiplicative)

1.2520 0.9162 1.3590 0.8913
0.7849 1.1480 0.8662  1.2660
1.2090 0.8617 0.6198  1.1050
0.8848 1.4440 1.2390 0.7793
0.7254 0.7256  1.3950 1.1870
1.0650 1.2130 0.9453 0.7797
0.8673 0.8899  0.7091  1.4020
1.4440 0.9491  1.1100  1.2090

O N O Ot = W N

Panel B: Family and friends indicator
0 1 1

0 N O U R W NN =
O O = == eEO
= O = O O O =
_ = O O O O =
R O O~ ~ Rk O O

Notes: Each row is a scenario used in the survey. Columns correspond to the respondent’s hometown option and
three alternative locations. Panel A reports the randomized income growth multipliers applied to each option.
Panel B reports the randomized presence of family and friends in each option (binary indicator).

Continuing with our example, in a first scenario respondents are shown the following:
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Please report your revised chances of living in each location if, in 5 years, your
expected household income in these locations and presence or not of family/friends
are different than what you expected as shown below, while holding all other aspects
of the locations the same.

Futur [Famil
e yl
Incom [Frien
e ds
313k | No
(was |(was
250K) | Yes)
Atlanta-Sandy 206k | Yes
Springs-Alpharetta, | (was |(was

Location

Madison,
Wi

GA 226k) | No)
Austin-Round Rock- | 332k | Yes
Georgetown, (was |(was
X 244K) | Yes)
Seattle-Tacoma- |184k | No
Bellevue, (was |(was

WA 207k) | No)

Given the new assumptions, respondents are asked to recompute the probabilities they live in each

of the likely future locations in 5 years:'®

Your reported % chances of living in each location is indicated in parentheses.
Please make sure that your new % chances sum to 100.

(I\:e(x)(:/is)on, wi New% 15
(Aztga:;;a-Sandy Springs-Alpharetta, GA New% 15
auos;:)]-Round Rock-Georgetown, TX New% 45
ée;t/:;e-Tacoma-Bellevue, WA New% 25
Total New% 100

Respondents are shown 9 scenarios in total: baseline plus 8. Call this entire set of 9 scenarios as
the “probability scenarios” which help us identify the elasticity of location choice with respect to
expected income and the presence of friends and family.

The next block of questions allows for estimation of the marginal utility of consumption in
each of the likely future locations, as we show later. Instructions for this block of questions are as

follows:

The following questions explore a circumstance in which your income unexpectedly and
permanently jumps after you have chosen your future location. We will then ask the
same two questions under a number of different scenarios where your expected household

income and presence or not of family/friends might differ from your stated expectations.

18Note the probabilities at the baseline assumptions are shown in parentheses.
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1. The first question will ask you to choose the location in which you would benefit

most from the permanent jump in income, had you chosen to live in that location. Call

the benefit arising from this permanent jump in income in the location you choose your
“change in happiness.” Notes that this location may not necessarily be the one where
you are most likely to move. Simply think of where the permanent jump in income would

be most helpful had you chosen to live there.

2. Next, we will ask you to imagine living in the other locations 5 years from now, and
how much of a jump in income would be needed for your change in happiness at each

place to be equal to the change in happiness at the location in the first question.

Respondents will be asked the same two questions nine times. The first time, they will be
shown a scenario corresponding to their baseline assumptions. The next eight times, they will be
shown scenarios that are the same as the scenarios shown in the probability questions. In each of
these nine scenarios, respondents will be instructed to hold all factors other than income and the

presence of family and friends the same.

e The first question is as follows: Fast forward 5 years. Out of many possible future versions
of yourself, think about 4 versions A, B, C, and D each of whom has chosen to live in one of
the locations you have specified and with the incomes and presence of family/friends as given

below.

In the first scenario, respondents are shown baseline assumptions

Futu [Fami
Location re ly.l
Inco | Frie
me |nds
Madison,
Wi 250k| Yes
|Atlanta-Sandy Springs-
Alpharetta, 226k| No
GA
Austin-Round Rock-
Georgetown, 244k | Yes
X
Seattle-Tacoma-
Bellevue, 207k| No
WA

The question continues: Fuast forward 5 years and imagine yourself in each of the locations
below. In which location would you benefit the most from an unexpected and permanent
increase of $5,000 in household income, had you chosen to live there? Note that this location
may not necessarily be the one where you are most likely to move. Call the benefit arising
from this permanent jump in income in the location you choose your “change in happiness.”

Respondents choose a location from the list of likely future locations:

O Madison, W1, had | chosen to live there in 5 years
Q Atlanta-Sandy Springs-Alpharetta, GA , had | chosen to live there in 5 years
O Austin-Round Rock-Georgetown, TX , had | chosen to live there in 5 years

O Seattle-Tacoma-Bellevue, WA , had | chosen to live there in 5 years
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e The second question is: Now, for each of the other versions living in the other locations,
indicate the size of the jump in household income that they would need living in those locations
5 years from now such that their change in happiness after receiving this jump in household
income 1s the same as the change in happiness from the $5,000 jump in household income
given to the version living in [Atlanta-Sandy Springs-Alpharetta, GAJ.' Respondents then
adjust a slider for each of the other three likely future locations to answer that question:

Please use the sliders to indicate the dollar amounts below.
Madison, W1, had | chosen to live there in 5 years

ﬁ . . - . 7582
5000 30000
Austin-Round Rock-Georgetown, TX , had | chosen to live there in 5 years
9 . . . 12237
5000 30000

Seattle-Tacoma-Bellevue, WA , had | chosen to live there in 5 years

_‘ . . - . 8404

5000 30000

The respondents then answer the same 2 questions 8 more times, but with the assumptions

about income and friends and family in each location changed, for example:

Futur [Famil|

Location © ¥I
Incom |Frien

e ds

813k | No

Madison,

wi (was |(was

250K) | Yes)
Atlanta-Sandy 206k | Yes
Springs-Alpharetta, | (was |(was

GA 226Kk) | No)
Austin-Round Rock- | 332k | Yes
Georgetown, (was |(was
> 244K) | Yes)
Seattle-Tacoma- |184k [ No
Bellevue, (was |(was
WA 207K) | No)

C.5.1 Economic Policy and Political Leanings

After we ask these 18 questions (2 questions under 9 sets of assumptions), we then ask a block
of 7 questions about economic policy and political leanings that we borrow from Kuziemko et al.
(2015). We are interested in whether political preferences on views on redistribution across agents
are correlated with expected variation in their own marginal utility of income across potential likely

future places. We list these questions below in italics:

e On economic policy matters, where do you see yourself on the liberal-conservative spectrum?.
Respondents choose from “Very Liberal,” “Liberal,” “Moderate,” “Conservative,” and “Very

Conservative.”

e In general, how important do you think it is to stay informed about economic policy?” Re-
spondents choose from “Very important,” “Somewhat important,” “Not very important,”

and “Not Important at all.”

9Note that the location in brackets will be the location chosen as the answer to the previous question.
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What would you say are the main reasons why you wish to be well informed about economic
policy? Respondents choose one of the following responses “Affects personal finances,” “Af-
fects business or profession,” “Relevant to stock market and investments,” “Economic issues
are important politically and might affect my vote,” and “To be a responsible citizen, I like

to keep informed.”

o How knowledgeable do you consider yourself on economic policies and issues? Respondents
choose one of the following responses “Highly knowledgeable,” “Somewhat knowledgeable,”

“Not very knowledgeable,” and “Not knowledgable at all”

o Do you agree that the government should assist people in response to temporary crises, for
example cash transfers to people that lost their job during a recession or households that lost
their house and possessions due to hurricane, fire, tornado, or flood? Respondents choose

one of the following response, “Definitely,” Probably,” “Probably not,” and “Definitely not.”

e Do you agree that the government should implement welfare programs using tax dollars?
Respondents choose one of the following response, “Definitely,” Probably,” “Probably not,”
and “Definitely not.”

o Your responses show that a little extra money in certain scenarios is useful. Do you believe
that the government should help individuals with some cash assistance in such scenarios.
Respondents choose one of the following responses, “Definitely,” Probably,” “Probably not,”
and “Definitely not.”

C.5.2 Demographic Questions

In the final 9 questions of the survey, we ask each respondent to list (1) his or her age (restricted
to one of 7 intervals), (2) gender (male, female, or other), (3) if the respondent is of Hispanic, Latino,
or Spanish origin (yes/no), (4) ethnicity or race (one of six labels including “Other,”), (5) current
marital status, (6) number of adults in the household, (7) children under 18 in the household, (8)
highest level of education (one of nine categories), and (6) employment status over the past 12

months (one of seven categories).
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D Empirical Bayes Algorithm

Consider a collection of n parameter estimates {6;}"_, with associated standard errors {d;}7_,.

The hierarchical model is specified as:

Truth:  6; ~ N(u, 72 (Prior)
0:16; ~ N (6;,6%) (Sampling)

where:

e 4 is the population mean, 72 is the prior variance

e 0; represents the true parameter value for observation 7

e 52 is the estimated sampling variance. To estimate this, we:

1. Estimate 6; for each i separately using Canay (2011)

2. Obtain residual vector for each ¢

3. Stack residuals and estimate its variance to obtain &2

Given the specified model, we employ an empirical Bayes approach where 0; ~ N (, 5% +72).
This framework allows us to optimally combine individual estimates with information from the
entire sample to reduce estimation error.

The log likelihood function for this specification can be expressed as:

n
2. 04 22y _ 1 n ~2 2 1 A 2
Up, 775 4{0;,07}) = —§log(27r) - Elog(a +77) = W ;(91 — W)
Since the weights are all equal in our homoskedastic case, the estimate of the prior mean reduces
to a simple average: i = %Z?:l 0;. Conditioning on this estimated mean, the likelihood function

for 72 becomes:

A n n . 1 <
0% {1, 05, 6°}) = —5 log(2m) — Elog(a2 +77) - 262112 (6; — f1)?
=1

(2

To estimate the variance component 72, we derive the first-order condition:

Z(éi — f1)* — & (32)



7:2
62472

The resulting empirical Bayes estimate for each observation is a weighted average: 0; = (1=X\)pa+

This approach produces identical shrinkage factors for all observations, where \; = A =

/\éi, reflecting the balance between individual estimates and the sample-wide mean in proportion to

the estimated signal-to-noise ratio. The overall signal-to-noise ratio, identical for each observation
6i—p)? _ 1

~2
. T _ 1 n
i, can be expressed as T3 = ;. > i1 53
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