
Climate migration projections across disciplines: a
model inter-comparison for the US

Tom Bearpark∗†1, 2, Jordan Rosenthal-Kay*3, Nic Choquette-Levy4, Tingyin
Xiao5, and Michael Oppenheimer5

1University of Exeter
2Grantham Research Institute on Climate Change and the Environment, LSE

3Federal Reserve Bank of San Francisco
4Pennsylvania State University

5Princeton University

August 9, 2026

Abstract

How will climate change reshape migration patterns? Different disciplines approach this
question with models that vary in their assumptions and find divergent results. Here, we
present the first systematic intercomparison of four approaches to modelling the climate
migration relationship: causal inference, agent-based, gravity, and general equilibrium. We
introduce a unified conceptual framework designed to compare their outputs at a common
scale, and illustrate the framework by projecting temperature-driven internal migration across
U.S. states, estimating over one hundred models per approach. Despite their structural differ-
ences, the approaches agree on the pattern and magnitude of warming-driven redistribution.
Climate change causes cold regions to gain population and hot regions to lose it by under one
percent of the population over a 25-year future horizon (representing less than three percent
of the overall projected migration during that period). The disagreement that remains is
dominated by researchers’ implementation choices. These contribute as much to variance in
results as the choice of approach itself and roughly twice as much as statistical uncertainty,
the only source of uncertainty studies conventionally report. More broadly, our framework
offers a transparent, reproducible way to identify the characteristics of climate migration that
are robust across modelling traditions. Like the intercomparison efforts that transformed
climate and crop science, it can be extended to other regions, to hazards beyond heat, and to
new modelling frameworks.

∗These authors contributed equally to this work. The views in this paper do not necessarily reflect the views of
the Federal Reserve Bank of San Francisco or the Federal Reserve System.
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1 Introduction1

Migration is a crucial mechanism through which individuals and communities can adapt to2

a changing climate (Black et al., 2011). However, mobility barriers may foreclose this option3

for the most vulnerable (Benveniste et al., 2022), and migration may strain receiving regions’4

resources and heighten the risk of conflict (Abel et al., 2019). These complexities have drawn the5

attention of institutions such as the Intergovernmental Panel on Climate Change (IPCC, 2022),6

the Food and Agriculture Organization (FAO, 2018), and the World Bank (Rigaud et al., 2018;7

Clement et al., 2021). As global temperatures continue to rise, anticipating the impact on future8

migration patterns is essential to develop strategies for adaptation, resilience, and international9

cooperation.10

This policy imperative has spurred a large, interdisciplinary literature to develop quantitative11

models of the climate-migration relationship. Environmental economists employ causal inference12

tools to isolate the effects of climate variables on migration decisions. Geographers, environ-13

mental scientists, and demographers use agent-based models to simulate individual migration14

behaviour in response to climate stressors. Statisticians use gravity models to predict migration15

flows based on bilateral factors. Meanwhile, spatial economists use general equilibriummodels16

to capture feedbacks between individual behaviours and market outcomes, and their effect on17

geographic distributions of populations. However, despite their common goal of understanding18

climate-driven migration, these approaches have largely developed in isolation, making direct19

comparisons across approaches challenging.20

Existingmeta-analyses (Cattaneo et al., 2019; Beine and Jeusette, 2021; Hoffmann et al., 2020, 2021;21

Šedová et al., 2021; Moore and Wesselbaum, 2022; Schewel et al., 2024) document substantial22

heterogeneity in estimates of climate-induced migration. The studies underlying these reviews23

differ widely in the magnitude of estimated effects (Moore and Wesselbaum, 2022), and can24

even reach qualitatively different conclusions about the direction of climatic impacts (Beyer25

et al., 2023). However, interpreting these differences is difficult because they reflect variation26

not only in study contexts, datasets, definitions of migration and climate exposure, but also in27

broad disciplinary traditions, which bundle modelling approaches with specific methodological28

choices. Published estimates are typically accompanied only by statistical uncertainty; the29

sensitivity of each estimate to the implementation choices behind it is rarely quantified or30

reported. Therefore, despite growing interest, we know little about how alternative quantitative31

approaches compare when applied to the same research question under common assumptions32

and inputs. This fragmentation limits our ability to extract clear, cross-disciplinary insights for33

policy and research.34

Here, we bridge this gap by developing and implementing a framework that allows us to perform35
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the first systematic comparison across widely used quantitative climate-migration models.1 We36

consider four widely used approaches to modelling climate migration: causal inference, agent-37

based, gravity, and general equilibrium.2 We apply our framework to a real-world case study:38

estimating and projecting inter-state migration caused by temperature changes in the United39

States. In total, across two warming scenarios, and four approaches, we estimate more than40

500 distinct models to decompose projection uncertainty into that driven by approach versus41

modelling choices. For each approach, we select a “preferred model” which we further bootstrap42

across parameter estimates to capture statistical uncertainty. This lets us synthesize results43

and decompose uncertainty in the climate-migration relationship into contributions from the44

modelling approach, implementation choices, and statistical estimation.45

2 A framework for climate migration model intercomparison46

Since our study is the first systematic intercomparison of key approaches tomodelling the impacts47

of climate onmigration, a central part of our contribution is that we develop a clear framework for48

future intercomparison. Figure 1 displays a broad outline of our analysis, illustrating five steps49

involved in developing a generic quantitative model for projecting climate-induced migration.50

Each step in this process introduces points of divergence between existing studies, which differ51

according to (1) the output they aim to produce, (2) the modelling approach they use, (3) the52

choices made in implementation, (4) the methods used for estimating model parameters, and53

(5) the way they present their results.54

Step 1: A common target output55

The four modelling traditions we consider are built to answer different questions and estimate56

different quantities, often at different scales and in different units. Thus, their findings may not57

be comparable, and any disagreement among them can not be cleanly attributed to modelling58

choice. A meaningful comparison must therefore begin by specifying a common output in which59

these diverse models can be cleanly compared (Fig. 1, Step 1).60

We outline a common mathematical language that nests the four approaches (Methods), that61

allows us to precisely define a common target output: the change in the spatial distribution of62

population caused by warming, measured at a fixed future horizon (Fig. 2a). Concretely, it is the63

1While qualitative research has significantly advanced our understanding of the climate migration relationship (see,
e.g., Ford et al., 2010; Tebboth et al., 2019; Ou-Salah and Van Praag, 2025), in this paper we restrict our analysis to
quantitative models, for the purposes of structured intercomparison.

2We define an approach as a broad category of models characterised by shared disciplinary conventions (e.g., causal
inference, gravity, general equilibrium, and agent-based models), while a model refers to a specific implementation
within one of these approaches.
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Step 1 Step 2 Step 3 Step 4 Step 5

Define a
target output

Specify
approach

Make imple-
mentation
choices

Estimate
parameters
using data

Use the model
to compute the
target output

Standard
practice

Approach
uncertainty

Choice
uncertainty

Statistical
uncertainty

Unify con-
cepts, target,
and setting

Use models
from four
approaches

Enumerate
implementation
choices within
each approach

Estimate
all models

Compare
estimates and
uncertainty

Inter-
comparison

Figure 1: A common framework for comparing climate-migration models.
The top row shows standard practice, in which a researcher commits to a single approach. The bottom
row shows our intercomparison. Differences introduced at successive steps correspond to approach,
choice, and statistical uncertainty.

difference between a prediction of where people will live by a given year under a given warming64

scenario, and where they would have lived by that same year had the climate instead been held at65

its baseline.66

Because only one of these two worlds is ever realised, the target is an inherently causal, unob-67

served quantity that no dataset can report directly. For the same reason, the target cannot be68

validated by simply comparing fit on historic data: reproducing observed migration demon-69

strates nothing about where people would have lived under a counterfactual climate. Estimating70

the target therefore requires modelling assumptions, and it is these assumptions that the four71

approaches supply differently. This is what gives intercomparison its purpose: were the target72

directly observable, model disagreement could be resolved by selecting the best performer. How-73

ever, models that fit the observed history equally well can imply very different counterfactuals;74

agreement across models and approaches suggests that the projection robust to alternative75

modelling decisions.76

The choice of this particular target also has two practical virtues. First, fixing the time horizon77

and warming scenario, all four approaches can be adapted to estimate it (see details in Fig. 2 and78

Supplementary Section B.2), so disagreement among them does not merely reflect differences in79

what is measured. Second, our target describes how climate change will reshape demands on80

housing, infrastructure, and public services, and is therefore essential for developing climate81

adaptation and resilience policy.82

Step 2: Choice of approach83

In reality, agents (which could be individuals, households, or even whole communities) choose84

where to live by selecting the location that best serves their needs, subject to the constraints85
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that they face (see formalisation of this in Methods). Thus, the migration rate between two86

locations depends on how agents value the features of the origins and destinations available to87

potential movers, and what forces impede or facilitate migration between locations. We encode88

this dependence in a generic mapping, from local conditions (including weather) to migration89

rates, which we call the migration-rate generating function. This function aggregates the individual90

location choices described above, averaged over the many idiosyncratic factors that differ across91

agents, and summarises the propagation of migration flows across time and space.92

If this function were known, projecting the effect of warming would be straightforward. We93

could alter the temperature inputs and directly calculate the resulting migration flows and94

population distribution. In practice, however, the function is unknown, and estimating features95

of it that can be used to estimate the target output requires a sequence of modelling decisions96

(Fig. 2b, Methods).97

The first decision is whether to model the underlying behavioural processes explicitly at all.98

Causal inference models do not. Instead, they exploit random year-to-year weather variation99

to identify the local slope of the migration-rate generating function and then extrapolate these100

estimates to future climates. This slope directly encodes how migration rates respond to a101

marginal change in temperature, and is usually assumed to be a parametric non-linear function102

in local weather conditions. The appeal is that this locally identified effect requires limited103

assumptions about how agents behave. The cost is that turning it into a projection requires104

strong assumptions elsewhere: that the estimated causal effect of temperature on migration rates105

is not biased by spillovers, and that the response to short-run weather is informative about the106

response to long-run climate change.3107

Each of the other three approaches models the behavioural process in full (Methods). The108

next modelling choice concerns the degree of heterogeneity to allow among agents. Agent-109

based models retain the greatest degree of heterogeneity. They can incorporate arbitrarily110

rich behavioural mechanisms that vary along a wide range of agent characteristics. They can111

also account for social networks and interactions between small sets of agents. Because these112

mechanisms are difficult (or impossible) to represent analytically, agent-based models simulate113

large numbers of individual agents directly. This flexibility allows them to represent behavioural114

processes that other approaches cannot, but makes them difficult to calibrate tightly to observed115

data. Moreover, projections may be path-dependent and have multiple equilibria.116

The remaining two approaches sacrifice some heterogeneity in exchange for tractability, working117

with aggregate migration flows rather than individual-level simulations. The distinction between118

them concerns the importance assigned to equilibrium feedbacks—that is, the extent to which119

3Frontier implementations sometimes seek to relax these assumptions, e.g. by controlling for spatial lags of the
treatment variables to admit local spillovers, or estimating long differences to bring the identifying variation closer
to climate.
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Figure 2: The target output, and the four approaches as different ways of estimating it.
(a) The target for a single state: two projected population trajectories share the observed baseline popula-
tion L0 and then diverge due to different climates: one holding the climate (denoted T) at its baseline
(L�t(T0), dashed), one under warming (L�t(T), solid). The target output is the gap between them at the
horizon �t, �Li;�t = Li;�t(T) � Li;�t(T0) (Methods, Equation 3). The illustration shows a state that gains
population due to climate change. (b) The object that generates these trajectories: in each year t, state
i receives migrants from every other state at ratesmjit (blue) and sends migrants to them at ratesmijt

(red). Collected over all pairs of states, these bilateral rates form the migration matrix mt = (mijt).
Populations evolve by repeated application of mt, so warming produces the divergence in (a) by per-
turbingmt (Methods). (c) Estimating the target requires the migration-rate generating function (MRGF),
mij = f(T;X; �; �), which maps local conditions (T and non-climate covariatesX) to migration rates
(mij) (Methods, Equation 2); � collects migration costs and � a vector of unknown parameters. The four
modelling approaches differ in howmuch of f they specify. Full specifications are given in Supplementary
Sections B.5–B.8.

the population distribution itself changes the conditions that shape future migration decisions.120

Gravity models abstract from such feedbacks. Like the causal-inference approach, they are121

flow models: they work directly with the number of people moving between each pair of states.122

Gravity models assume a specific behavioural model under which each bilateral flow depends123

only on observable characteristics of the origin, the destination, and the pair. This is sometimes124

motivated by the empirical regularity that larger and closer places exchange more migrants;125

an analogy to Newtonian gravity gives the approach its name. Because gravity models treat126

the state-level characteristics as exogenous, the modeller can concentrate on representing the127

migration-rate generating function in empirical detail, using rich covariate sets, flexible functional128

forms, and machine-learning methods. The cost is that migration cannot alter the conditions that129
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shape later migration: in a gravity model, an influx into a cool state does not bid up its housing130

costs or depress its wages, and so can neither deter further arrivals nor induce a reverse flow.131

Gravity models are therefore not equipped to capture endogenous adjustment to large-scale132

climate change.133

General equilibrium models place these feedbacks at the centre of the analysis. In these models,134

constantly re-equilibrating markets endogenously shape wages, housing costs, amenities, and135

other local conditions, which in turn influence migration decisions. Population distributions136

emerge from an equilibrium in which individual choices and local conditions are mutually137

consistent. This framework captures adjustment mechanisms that the other approaches omit, but138

requires strong structural and parameter assumptions that cannot generally be identified from139

migration data alone. To remain tractable, general equilibrium models also typically restrict the140

set of factors influencing migration decisions.141

Step 3: Implementation choices142

We define a model as a unique estimator of a given target output, so specifying an approach is143

not enough to pin down a model. Within each approach there is a rich literature of competing144

variants, and once an approach is chosen many consequential researcher degrees of freedom145

remain (Fig. 1, Step 3). For example, researchers still must decide on the choice of covariates,146

functional forms, estimation strategies, and so on.147

Comparing the approaches fairly imposes two competing demands on the implementation148

choices that we make in our analysis. On one hand, each approach must be represented by149

models that are genuine examples of their tradition. They should be close to the research150

frontier and faithful to disciplinary conventions. On the other, the models must be mutually151

comparable: built in our common framework, capable of estimating the common target output,152

computationally feasible, and estimable from a single shared dataset. The models we implement153

in this paper are designed to sit at the intersection of these two demands. Meeting both at154

once required a number of methodological innovations in how each approach is specified and155

estimated, which we introduce alongside the models themselves in the Methods (Fig. 6).156

For each approach we first specify a preferred model: a single implementation we judge to be157

defensible and representative of its approach. Around it we then enumerate a structured set158

of alternative implementation choices, each a reasonable perturbation of the preferred model159

(Methods, Fig 6). Comparing across this set lets us diagnose how projections vary both across160

approaches and across the implementation choices within them.161

Importantly, the choice uncertaintywe report here is a conservativemeasure of the true variability162

across models that could be run for a given approach. The space of models one might bring163
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to this question is far larger, and structurally far more varied, than the grids we enumerate.164

There are plausible alternatives which embed altogether di�erent mechanisms, or entirely165

di�erent estimation strategies than we consider here. In this �rst intercomparison attempt, we166

vary only modest perturbations of each approach's preferred model, limiting the scope of our167

intercomparison. 4
168

Step 4: Estimation169

Projecting the target for any model requires estimating a set of unknown parameters using data170

from a speci�c setting (Fig. 1, Step 4). In this paper, we focus on internal migration within the171

United States. The US provides rich data on migration �ows and local economic conditions,172

allowing all four modelling approaches to be implemented on a common empirical footing.173

At the same time, relatively little work has examined the e�ects of gradual climate change on174

migration in high-income countries. 5 Much of the existing literature instead focuses on rapid-175

onset climate shocks in lower-income, agriculturally dependent settings (Cattaneo et al., 2019).176

Thus, our analysis here aims to contribute to our empirical understanding of the relationships in177

this setting, as well as the intercomparison of the approaches.178

We assemble a panel of bilateral state-to-state migration �ows and state characteristics from 1991-179

2010 (see full details in Methods). Migration �ows come from the IRS Statistics of Income data.180

These data record changes in tax-�ling locations and the associated number of tax exemptions,181

which provides a proxy for the number of individuals moving between states. We combine these182

data with population-weighted annual mean temperatures derived from ERA5 reanalysis, real183

gross state product, bilateral distances between states, interstate trade �ows, and measures of184

interstate social connectedness derived from Facebook's Social Connectedness Index. For future185

climate conditions, we use state-level population-weighted temperature projections from the186

Climate Impact Lab. We consider two warming scenarios, one with moderate warming, and one187

with extreme warming (Supplementary Fig. A1). We calibrate each model to a historical baseline188

using observed migration patterns and then use the estimated models to project migration189

responses over the subsequent 25 years. The full set of datasets, and which approach uses190

4An example of where this restriction binds is on the implementation choices used when estimating the climate-
damage functions that force the agent-based and general equilibrium models. Our historical data only weakly
identify the impacts of climate on productivity, and hence reasonable perturbations of the estimation strategy can
lead to �ipped damage function estimates in which climate change increasesproductivity, and wildly di�erent
projections. In this study, we con�ne ourselves to forms that �nd results consistent with the established empirical
literature (e.g., Burke et al., 2015) that increased temperatures reduce productivity for hot regions. Our choice
uncertainty is therefore a conservative lower bound on the disagreement a fuller exploration of the model space
would reveal.

5Existing studies that examine climate driven migration in the US include reduced form studies (Feng et al., 2012;
Leduc and Wilson, 2023; Baylis et al., 2025) and structural studies (Fan et al., 2018; Sinha et al., 2018; Bilal and
Rossi-Hansberg, 2023). In addition, recent large scale studies have incorporated US internal migration data
(Benveniste et al., 2025).
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each, is given in Supplementary Table A1. Variable construction and sources are detailed in191

Supplementary Section B.1, with summary statistics in Supplementary Table A3.192

As every approach requires estimating unknown parameters, each projection inherits statistical193

uncertainty from the data used to �t it. We quantify this uncertainty across approaches using a194

bootstrap, re-estimating the target output from repeated draws of each model's �tted parameters,195

so that every approach carries a comparable measure of statistical error (Methods).196

Step 5: Comparing results197

The �nal step collects estimates of the target output across models and approaches, so their198

projections can be cleanly compared (Fig. 1, Step 5). Our analysis produces a large ensemble of199

projections. Across the four approaches we estimate 520 models in total � 128 causal-inference,200

120 agent-based, 144 gravity and 128 general-equilibrium speci�cations (Fig. 6b). The preferred201

model within each approach additionally carries a parametric bootstrap on the key estimation202

step of how temperature a�ects migration rate that allows us to quantify statistical uncertainty203

(Methods). Each computation projects the change in population attributable to warming for204

every state, under a baseline in which the climate is held �xed, and our two climate change205

temperature trajectories. Because every projection shares a common target, dataset, and scenario,206

comparison proceeds on common terms. The spread across projections can be decomposed207

into the variance contributed by the choice of approach, by implementation choices within an208

approach, and by statistical estimation, while the qualitative conclusions of each approach can209

be synthesised into a single ensemble view.210

Our four implementations211

We instantiate this framework with one preferred model from each tradition, chosen to be212

representative of its literature while estimating the common target on the shared US dataset213

(Methods).214

The causal inferencemodel is a �xed-e�ects panel regression that reads the temperature-migration215

slope o� conditionally random year-to-year weather variation, similar to Baylis et al. (2025).216

Our implementation choices span the estimator used (Poisson vs. ordinary least squares), the217

structure of the time controls, population weights, and assumed lag structure of the impacts218

(Supplementary Section B.5). Building from a recent literature that shows migrants tend to219

move to locations with similar climates to their origin (Obolensky et al., 2024), we consider220

heterogeneity according to the degree of climate similarity between the origin and destination221

(Methods, Supplementary Section B.5).222
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The agent-basedmodel (ABM) simulates 100;000�individuals� who choose where to live each223

period. They are pulled by each destination's �amenities�, which are in�uenced by climate.224

Agents also value the locations of their social ties, on a network anchored to Facebook's Social225

Connectedness Index which evolves as agents move, linking our approach to agent-based models226

that account for social networks when modelling climate migration (Kniveton et al., 2012;227

Entwisle et al., 2016; Bell et al., 2019; Choquette-Levy et al., 2021). A key methodological228

innovation is how we calibrate it: a gravity approximation of the ABM's underlying decision229

rule provides an initial estimate of coe�cients (e.g., how much agents weigh amenities and230

social network factors in their location decisions). Then, we iteratively simulate the ABM231

and compare results to observed migration �ows, rescaling coe�cient values until simulated232

�ows match observed data (a one-dimensional root-�nding exercise with only one period of233

simulation). This �ts the ABM e�ciently, transparently, and stably, whereas unbounded search234

over the parameter space is extremely computationally costly and can be unstable when the235

model allows for multiple equilibria. 6 Our implementation choices span how damages and236

social preferences are estimated, and how agents' social networks are constructed (e.g., whether237

anchored networks are random or small-world, à la Watts and Strogatz 1998) and how they238

evolve over time (Supplementary Section B.6).239

The gravity model is a two-stage bilateral-�ow regression (Supplementary Section B.7), in the240

tradition of gravity models that capture complex interdependencies with frontier statistical tools241

(e.g., Xiao et al., 2022). A key methodological innovation is the division of labour between242

the two stages: a Poisson (PPML) gravity equation provides a stable, interpretable average243

response, while a machine-learning layer searches �exibly for heterogeneity, letting the tem-244

perature response vary with the other covariates in ways a �xed parametric form would miss245

(similar in spirit to Benveniste et al. (2025), who use a cross validation exercise to select a model246

for heterogeneity). Unlike for the other approaches, machine learning is a natural tool here:247

gravity is the sole approach whose estimation task is direct prediction, seeking the best empir-248

ical representation of the migration-rate generating function itself, whereas causal inference249

requires identi�cation rather than �t, and the ABM and GE approaches require parameters with250

behavioural meaning. Our implementation choices span how temperature, controls, and �xed251

e�ects enter the �rst stage, and which machine learners are used in the second.252

The general equilibrium(GE) model is a quantitative spatial model with interstate trade and253

migration, taken from the menu of models in Redding and Rossi-Hansberg (2017) with dam-254

ages similar to Cruz and Rossi-Hansberg (2024). In the model, warming damages both local255

productivity and amenities and the population distribution emerges endogenously as a market256

6Importantly, this borrowing does not tie the two approaches together: the gravity approximation only initialises the
search, and the �nal parameters are those under which the ABM's own simulated �ows reproduce the observed
data. The projections are then generated by mechanisms the gravity model lacks (evolving networks and interacting
agents) and indeed the two approaches' headline projections di�er roughly threefold (Fig. 4a).
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equilibrium. The damage functions are estimated with reduced-form panel data regressions.257

Our model includes a variety of market forces: interstate trade, agglomeration, local housing258

markets, and roundabout production. The strength of these forces, the calibration method for259

the trade and migration costs, and structure of the damage function are implementation choices260

(Supplementary Section B.8).261

Full speci�cations, including the choice grids, are given in the Methods and Supplementary262

Information (see graphical outline in Fig. 6).263

3 The impact of temperature changes on US internal migration264

Projected population redistribution265

The four approaches broadly agree on the geography of warming-driven redistribution (Fig. 3a).266

Relative to a world without climate change, each preferred model projects that cold states gain267

population and hot states lose it (Fig. 3b, c). They agree less on its precisemagnitude. For example,268

climate change is projected to cause North Dakota's population to grow between 0.3% (causal269

inference) and 4% (gravity) over a 25 year horizon, while a hot state, Arizona, is projected to270

lose between roughly 1.4% and 6% of its population. This redistribution is concentrated: across271

the choice grid, the few most-a�ected states account for a large portion of all population moved272

(Supplementary Fig. A2).273

Fig. 3a maps the state-to-state corridors that each approach predicts will have the highest number274

of climate migrants. The identity of these top corridors is governed by two forces: the pre-existing275

migration network, which sets which state pairs carry enough movers for warming to redirect276

many of them, and an approach-speci�c climate response, which sets how strongly each pair is277

reshaped. Under causal inference, projected corridor changes are close to a uniform rescaling278

of observed baseline �ows, which explain 83% of the variation across its growing corridors.279

The gravity and general equilibrium models produce similar corridor maps (rank correlation280

0.87): in each, the change in �ows primarily depends on the origin and destination climate281

response and the distance between them; neither the general equilibrium model's trade linkages282

and endogeneity nor the gravity models' �exible learner reorganize the broad pattern. The283

agent-based corridors are only loosely correlated with those of the other approaches (all rank284

correlations below 0.1) and roughly twenty times more dispersed relative to baseline �ows.285

They emerge from the simulated social network and its rewiring rather than from any observed286

bilateral covariate. Only the Arizona to California corridor ranks among the �ve largest under287

every approach (Fig. 3a). Supplementary Fig. A3 contrasts these net corridors with gross �ow288

increases and decreases, all of which reveal the importance of displacement e�ects: e.g., that289

11



increased migration from Arizona to California can lead some California residents to move290

towards Colorado.291

These central estimates carry substantial uncertainty, from both implementation choices and292

statistical estimation, which we decompose in the next section. The uncertainty is large at the293

state level: for example, under the gravity approach, Florida's projected population loss ranges294

from 2% to 10% once we account for statistical error, and that range widens further across295

implementation choices (Supplementary Fig. A4).296

To assess the overall net-migration impact of climate change, we aggregate state-level estimates297

into a single migration share for each approach (Equation 4, which measures the total number298

of climate migrants as a share of US population), under our 1 � C and 2� C warming scenarios299

(Fig. 3d). We �nd broad agreement on the rough magnitude. Across the choice grids, all300

four approaches project that warming generally relocates under one percent of the population301

over the period. The preferred causal inference, agent-based, and general equilibrium models302

clustere near a quarter of a percent, while the gravity model reports a share about threefold303

larger. For context, the models project that roughly 1.4�1.8% of the population moves state304

each yearin the baseline, so climate-induced migration amounts to under three percent of the305

movement projected to occur anyway over the horizon. The migration share scales approximately306

linearly with total warming, so each approach's moderate-warming projection is close to half307

its extreme-warming one (Supplementary Fig. A5). A multi-model ensemble view is shown in308

Supplementary Fig. A6.309

Explaining variance in the results310

Our projection of the aggregate migration share caused by climate change is sensitive to imple-311

mentation choices. For each approach, the spread of the migration share across its choice grid is312

wide. Gravity, for example, ranges from below 0.1% to about 3% of the population depending313

only on which speci�cation is used (Fig. 4a; both warming scenarios are shown in Supplementary314

Fig. A7). For every approach, the choice spread is as wide as, or wider than, the statistical 95%315

con�dence band around the preferred model's target output (grey bars in Fig. 4a) � the band316

that studies conventionally report.317

Implementation choices reshape not only the headline magnitudes but also the geography of318

the projected redistribution. Comparing each speci�cation's map of state-level changes to that319

of the preferred model (Fig. 4b), the general-equilibrium map is essentially choice-invariant320

and the gravity map is fairly stable, but the causal-inference and agent-based maps reorganise321

substantially across the grid, with some causal-inference speci�cations even reversing the rank322

order which states gain vs lose population. The agent-based model is distinctive in where this323
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Figure 3: The projected redistribution of the US population under warming.
Each panel compares the four modelling approaches for the high-warming scenario (Supplementary
Fig. A1). All changes are relative to a no-climate-change baseline. (a) State-level change in population
caused by climate change (%) under each approach's preferred model (shading); arrows show each
approach's �ve largest warming-induced net migration corridors, the change in �ow between two states
net of the change in the reverse direction (Supplementary Fig. A3 contrasts net corridors with gross
�ow increases and decreases). Per-state uncertainty is in Supplementary Fig. A4. (b) For each state,
how many of the four approaches' preferred models agree on the directionof the projected change. (c)
Baseline annual mean temperature against the preferred-model population change due to climate change
(points) and a cubic �t per approach (lines). (d) Cumulative climate-induced migration as a proportion
of US population (the common target, Fig. 2a; aggregated in Equation 4) over the 25-year horizon. Thin
grey lines trace the implementation-choice grid for each approach (Fig. 6). At the horizon, box plots
show statisticaluncertainty (coloured) and choiceuncertainty (grey). Boxes show the IQR, whiskers the
2.5�97.5% interval, the central line the median.
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Figure 4: Which implementation choices drive the disagreement.
All panels use the extreme-warming scenario (Supplementary Fig. A1) and the headline migration share,
i.e., the percentage of the population that relocates due to of warming, relative to the no-climate change
baseline (Equation 4); outcomes for each approach are shown on independent horizontal scales. (a)
Spread of the migration share across each approach's implementation-choice grid (Fig. 6). The grey bar
beneath each shows thestatistical95% interval of the preferred model and the diamond ( � ) its point
estimate. (b) How implementation choices reshape geography: the rank correlation (Spearman � ) of
each speci�cation's state-level changes with those of the preferred model ( � , � = 1 by construction).
Values near 1 mean the map is insensitive to the choice; lower values mean it reorganises. (c) For each
implementation choice, the range of the migration share as that single choice is varied with all others
held at the preferred model ( � = preferred), ordered by range.

variance falls: dynamic social networks make its spatial pattern intrinsically choice-sensitive,324

so no single speci�cation's map is representative of the others (the lowest cross-speci�cation325

map agreement of the four approaches; Fig. 4b), even as the aggregate migration share stays326

comparatively stable.327

A few implementation choices tend to drive the majority of the variance in projections across328

choices within each approach (Fig. 4c; the full per-axis distributions are in Supplementary329

Fig. A8). For causal inference, it is the polynomial degree of the temperature response; for330

the agent-based model, the amenity speci�cation together with the structure of the social net-331

work; for gravity, the stage-2 machine-learning learner and the stage-1 feature set. For general332

equilibrium, the wide range of the target output is driven by the cost calibration choice and333

damage-function estimator, while the structural elasticities most debated in that literature � the334
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trade and migration elasticities � barely move it. The choices that dominate the spread are335

therefore the ones where better empirical evidence would most sharpen projections, and our336

decomposition points to them approach-by-approach.337

Figure 5: What the approaches agree on, and where their disagreement comes from.
All panels use the extreme-warming scenario (Supplementary Fig. A1). (a) Within each approach, the
share of the variance in the migration share attributable to statistical estimation versus implementation
choice. The split is each component's variance as a share of their sum: implementation variance is taken
across the choice grid at the parameter point estimates, statistical variance across the preferred model's
bootstrap draws. (b) Decomposition of the total variance in the migration share across all approaches
into three sources: the choice of approach, implementation choice within an approach, and statistical
estimation. The approach component is the variance of the four preferred models' migration shares;
the implementation and statistical components are the averages across approaches of the two variances
de�ned in (a); each source's share of total variance is its component divided by the sum of the three. (c)
Cross-approach agreement on the geography of the projected change, pooled with equal weight on the
four approaches. The two left-hand maps measure agreement on the directionof each state's change; the
two right-hand maps, agreement on whether it exceeds � 2% in magnitude. Within each pair the �rst map
varies the implementation choice (across the choice grid) and the second varies the preferred model's
statistical draw.

Decomposing the variance con�rms that implementation choice is a �rst-order source of dis-338

agreement. Within approaches (Fig. 5a), choice uncertainty dominates statistical uncertainty for339

all approaches (causal inference, 58% vs 42%; agent-based, 66% vs 34%; gravity, 72% vs 28%;340

and general equilibrium, 71% vs 29%). Aggregating across all approaches (Fig. 5b), implemen-341

tation choice and the choice of approach contribute almost equally, while statistical estimation342

accounts for just 18% of the cross-model variance in the projected migration share. In other343

words, the implementation choices researchers make within an approach explain as much of the344

overall disagreement as the choice of approach itself, and more than twice as much as statistical345
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uncertainty, the only source of uncertainty studies conventionally report.346

Beneath this disagreement over magnitudes is a robust qualitative consensus. Pooling across347

approaches, implementation choices and statistical draws, the ensemble agrees on thedirectionof348

each state's change � cold states gain, hot states lose � and this agreement is largely insensitive349

to both implementation choices and statistical error. The geography of where each source of350

uncertainty dominates is mapped in Supplementary Fig. A4.351

Robust conclusions352

Our case study highlights key areas of agreement and divergence among di�erent modelling ap-353

proaches regarding climate-induced migration patterns. The evaluation of qualitative statements354

across multiple modelling approaches is a key advantage of our approach intercomparison. To355

illustrate this, we qualitatively consider the extent to which our model results are consistent with356

four policy-relevant statements (summary in Supplementary Table A2).357

First, there is strong consensus across every speci�cation in our ensemble that 1�2 � C of warm-358

ing alone is unlikely to drive extreme population redistribution in the United States: all four359

approaches project that a maximum of a few percent of the population is displaced by warming360

over the 25-year horizon. As noted above, this is under three percent of the baseline interstate361

migration projected to occur anyway over the period. This does not mean that non-climatic362

drivers can be neglected when estimating climate-induced migration � our target nets them363

out by construction, as the di�erence between two worlds that share all drivers except the cli-364

mate. Rather, it means the mid-century population map in the US will be shaped primarily by365

non-climatic forces, with warming acting as a relatively small but persistent and directional pull.366

Second, the approaches agree on the direction of redistribution (colder regions gain population367

and hotter regions lose it) and on the character of the dominant corridors, which mostly run368

from hot origins to cold destinations, although the speci�c top corridors di�er across approaches369

(Fig. 3a, Supplementary Fig. A3).370

We then consider the scope of uncertainty both within and across approaches. Accounting for371

both statistical and choice uncertainty, every approach admits substantially larger relocation372

than its central estimate (by a factor of roughly two to �ve) even though such outcomes remain373

unlikely. Finally, the balance of these two uncertainties is roughly consistent across approaches,374

despite each approach's choice grid enumerating a distinct set of implementation choices.375
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4 Discussion376

We have brought together four approaches to modelling the climate-migration relationship377

that have until now largely been deployed in isolation. By recasting each as a di�erent way of378

handling a common migration-rate generating function, we made each model estimate the same379

target output so that their disagreements become measurable. The resulting ensemble of more380

than 500 model speci�cations, each projected under two warming scenarios, produces internally381

consistent, state-level projections. This lets us decompose the uncertainty in a climate-migration382

projection into three sources: the choice of approach, the implementation choices made within383

it, and statistical estimation.384

Our �rst result is that there is substantial agreement across the four approaches. Despite resting385

on di�erent theories of behaviour and di�erent computational machinery, our preferred models386

converge on a common picture. Warming over the coming decades redistributes a modest share387

of the US population; climate change causes states like Florida, Texas, and Arizona shrink, while388

Utah, Colorado, and Wyoming grow. That these distinct approaches agree on both the spatial389

pattern and the rough magnitude is a strong robustness check, and suggests that the broad390

climate-migration signal we recover is a property of the data rather than of a single modelling391

assumption. Part of this agreement may re�ect common structure. The four approaches estimate392

the same migration-rate generating function from the same data, and in special cases collapse393

into one another (e.g., the GE model without market forces collapses into a gravity model, as394

does the ABM without network e�ects), so some directional agreement is unsurprising.395

Agreement on the overall magnitude and pattern of climate migration masks how implementa-396

tion and statistical uncertainty vary across the approaches. Residual uncertainty is dominated397

not by statistical estimation but rather by within-approach implementation choices: the often-398

unreported decisions about functional forms, covariates, and estimators.399

These results have implications for how climate-migration evidence should inform policy. The400

robust conclusions are the kind decision-makers can build on, since they hold across methods401

rather than resting on a single contestable estimate. The precise magnitudes are less certain.402

For a given hot state, population losses due to climate change reach roughly 6% of baseline403

population in the most a�ected states, while the coldest states grow by up to roughly 6%, across404

the four approaches' preferred models, and the full uncertainty range admits movements two to405

�ve times the central estimate. Thus, policy design should be robust across this range rather406

than optimised to a single estimate: the directional �ndings identify which states should plan407

for additional arrivals or departures due to climate change, while housing, infrastructure, and408

service commitments can be scaled as realised �ows are observed.409

More broadly, our framework aims to provide the climate-migration �eld the infrastructure that410
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reshaped climate and crop science: a common target and a transparent, reproducible ensemble411

into which any model can be placed and compared. Intercomparison projects such as CMIP for412

climate models (Eyring et al., 2016) and AgMIP for agricultural models (AgMIP, 2023) converted413

fragmented, hard-to-reconcile literatures into cumulative, policy-relevant science, and the same414

opportunity is now open here. 7 Seizing it will require the community to treat implementation415

choice as a key object of analysis, which is studied and documented rather than implicit, and416

to standardise targets and benchmark data so that new models are compared, and not merely417

accumulated.418

One immediate dividend of the infrastructure we have built here is the �eld's �rst multi-model419

ensemble product: averaging the four preferred models yields an ensemble-mean map of pro-420

jected redistribution, with the pooled spread across all 520 speci�cations as its accompanying421

uncertainty (Supplementary Fig. A6), the analogy of a CMIP ensemble mean. Our results also422

identify the key drivers of implementation-choice uncertainty within each approach (Fig. 4c),423

and the states where the approaches disagree most, directing future methodological work to-424

ward the choices, and the cases, that matter most. Future work could evaluate hybrid models425

against a common target, asking whether projections using combinations of approaches (e.g.426

reduced-form estimates disciplining structural models) can reduce implementation sensitivity.427

Several limitations of our study are worth highlighting. We isolate the e�ect of annual mean428

temperature, yet other hazards (such as drought, windspeed, and �ooding) also shape mobility429

and would broaden the relevant uncertainties. We examine internal migration in a high-income430

country with exceptional data; repeating the comparison in lower-income, agriculturally de-431

pendent settings, where climate-migration links are believed strongest (Cai et al., 2016), is an432

important direction for future research. 8 Because the framework holds the models and the target433

�xed, the same design extends directly to other settings, and replications elsewhere would test434

whether these �ndings are properties of the methods or of this application.435

A further limitation is heterogeneity. The drivers of climate migration di�er by occupation, age,436

and income (Benveniste et al., 2025), yet all four of our implementations capture heterogeneity437

only through aggregate state characteristics that we �x at baseline, not through the demographic438

composition of movers: the general equilibrium model distinguishes agents only through id-439

iosyncratic location tastes, and the agent-based model's heterogeneity lies in social network440

position rather than demographics. Similarly, boundedly rational mechanisms common in the441

agent-based literature, such as memory, information sharing, and place attachment (Thober et442

al., 2018; Groeneveld et al., 2017; Schwarz et al., 2020), enter our implementation only implic-443

7https://environmenthalfcentury.princeton.edu/research/2024/researchers-around-world-attend-cli
mate-migration-workshop-princeton-0

8A �rst check on temporal stability is available within our own panel: we re-estimate each approach's preferred
model independently on the two halves of the sample, and �nd that this leaves the direction of redistribution and
the sub-one-percent magnitudes intact (Supplementary Fig. A9).
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itly through the idiosyncratic shocks, and so cannot be varied systematically. Extending the444

intercomparison to richer, more �exible models is a priority for future work.445

Several well-documented drivers of migration do not enter our approaches explicitly. These446

include cultural and social factors such as family ties and place attachment, political and insti-447

tutional barriers, and demographic structure such as the concentration of moves in particular448

life stages. Because all four models are calibrated to observed data, the average in�uence of449

these factors is absorbed into the �tted baseline, so their imprint on who moves where today450

is retained. What our framework does not do is vary them. It is built to trace how one driver,451

temperature, reshapes migration. It is not designed to evaluate how migration would respond452

to climate and also simultaneous changes in, say, immigration policy or an ageing population.453

Extending the common target to other drivers is a natural direction for future intercomparison.454

Further, our estimates of choice and approach uncertainty are themselves conservative. The grid455

of implementations we enumerate here is necessarily incomplete. The speci�cations within it are456

structurally similar perturbations of a common preferred model. The true spread of defensible457

models is wider than the choice uncertainty we report. Comparisons of choice uncertainty458

across approaches should also be treated with caution: we cannot verify that the four grids span459

comparably representative ranges of reasonable speci�cations, so di�erences in choice bands460

partly re�ect di�erences in grid construction. Similar reasoning applies to statistical uncertainty:461

because sampling error is evaluated only at each approach's preferred model, the statistical462

bands are conditional on those same implementation choices, and may understate sampling463

error elsewhere in the grid (see Methods).464

Across four disciplines and hundreds of model runs, the results here agree on the shape of465

climate migration in the United States. The largest remaining source of disagreement about is466

driven by the implementation choices researchers make and seldom disclose. Bringing those467

choices into the open, and comparing models on common terms, is the route to developing468

climate-migration projections that policymakers can trust.469
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Methods470

Our comparison is organised around a framework that allows to consistently describe the four471

modelling traditions, so that each is adapted to report one common summary output, and they472

di�er in their stated assumptions (Fig. 1). Here, we �rst set out that framework and the target473

quantity, then the data, then the four approaches and the implementation choices within each,474

and �nally how we quantify and decompose uncertainty.475

A common framework476

Agents, indexed by a, live in locations i 2 f 1; : : : ; Ni g and in each period t 2 f 1; : : : ; Ntg decide477

whether to stay or move. The measure of agents residing in i at t is L it . Agents choose the478

location that maximises utility, with the chosen location j �
ait determined by479

j �
ait = argmaxj Uaijt (T jt ; X jt ; � ijt ; � ajt ) (1a)

X jt = X jt (T ; L ) (1b)

L jt =
X

a

1(j �
ait = j ) (1c)

� ajt � g(�): (1d)

Four kinds of variable enter the location decision (1a) . Weather T (here temperature) a�ects480

utility directly. A vector of non-weather variables X (economic and social conditions) a�ects it481

too, and may itself depend on weather and on the population distribution (1b) , allowing for482

spatial linkages, dynamic feedback and adaptation. Migration costs � ijt capture the tangible483

and intangible costs of moving i ! j , and an idiosyncratic shock component � ajt � g(�), which484

captures factors speci�c to the agent, such as personal preferences, life-course events, and social485

or cultural ties not represented elsewhere in the model. The remaining two equations make486

the system dynamic and self-contained: the accounting identity (1c) sums individual choices487

into the location populations L � the object whose warming-induced change � L is our target �488

while the shock distribution g (1d) converts the deterministic argmax(1a) into smooth migration489

probabilities, the bridge to the migration-rate generating function below. Because X depends on490

L (1b) , aggregation feeds back: today's moves reshape the conditions that drive tomorrow's.491

Climate forcing thus acts both directly, through T , and indirectly, through X .492
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The target output and the migration-rate generating function493

Because� ajt is random, the probability that an agent moves i ! j in period t can be written as494

mijt = P
�

Uaijt � max
k

Uaikt

�
= f (T ; X ; � ; � ); (2)

where f is the migration-rate generating function(MRGF), � := f � ijt g collects migration costs, and495

� is a vector of unknown parameters. 9 We write mijt (T ) = f (T ; X ; � ; � ) for the migration rate496

under climate T , leaving the other arguments implicit. The function f is generic and unknown.497

Each approach is a di�erent way of modelling, estimating, and projecting it (Fig. 2).498

Collecting the rates into the (column-stochastic) matrix m t (T ) = [ mijt (T )]ji (column i holds499

the rates out of i ) and letting L t (T ) be the population vector under climate T with L 0(T ) =500

L 0 observed at baseline, the population distribution evolves as L t (T ) = m t (T ) L t � 1(T ). Our501

common targetis the warming-induced change in the population distribution at a �xed horizon502

�t,503

� L �t (T ) = L �t (T ) � L �t (T 0) =

 �tY

t=1

m t (T ) �
�tY

t=1

m t (T 0)

!

L 0 (3)

the di�erence between where people are projected to live under warming and where they would504

have lived under a baseline climate, with the annual transition matrices applied in chronological505

order, the most recent on the left (see a conceptual illustration in Fig. 2a).506

The national migration shareaggregates these state-level changes. Because the population is507

closed (no births, deaths, or international migration), total population is conserved, so aggregate508

gains equal aggregate losses, so summing absolute state-level changes counts each move twice;509

we report half the summed absolute change as a percentage of the baseline national population,510

migration share =
100
2

P
i j� L i; �t jP

i L i; 0
; (4)

where � L i; �t is the state-i component of � L �t and L i; 0 its baseline population. This migration511

share is the headline metric reported in Figs. 3d, 4 and 5.512

Data and setting513

We estimate the target for internal migration between the 48 contiguous US states. Bilateral514

state-to-state �ows are derived from IRS Statistics of Income data, which record changes in515

tax-�ling location and the associated exemption counts (a proxy for individuals); the IRS panel516

9The parameter vector � is not primitive: it is induced by the structure of the decision problem in (1a) , so specifying
the utility model determines both the functional form of f and the content of � .
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covers above 95% of the tax-�ling universe (Hauer and Byars, 2019). We restrict to 1990�2010,517

before a documented change in data quality (DeWaard et al., 2022), and combine the �ows518

with population-weighted annual mean temperatures from ERA5 reanalysis, real gross state519

product, bilateral distances, interstate trade �ows, and Facebook's Social Connectedness Index.520

Future temperatures come from Climate Impact Lab projections under the SSP3-7.0 scenario,521

considered at two warming scalings (moderate, � +1 � C, and extreme, � +2 � C, at the horizon;522

Supplementary Fig. A1 and Section B.3). All four approaches project from a common launch523

point: an observed baseline cross-section of populations, with the warming anomaly phased524

in linearly over the 25 years to the horizon (Section B.3). Estimated parameters and exogenous525

non-climate inputs are held at their baseline values, while model-internal responses (equilibrium526

wages and prices in the general-equilibrium model, network evolution in the ABM) update527

endogenously; each approach applies its own annual update rule, chronologically from the528

baseline.529

The full set of datasets, and which approach uses each, is documented in Table A1. Variable530

construction and sources are detailed in Supplementary Methods Section B.1, with summary531

statistics in Table A3.532

We de�ne the migration rate as M ijt = L ijt =
P

k L ki;t � 1. Here L ijt counts the agents who move533

from i to j in year t, and the denominator
P

k L ki;t � 1 is the population resident in i at t � 1;534

the sum over prior locations k includes k = i , so stayers are counted. For example, takingi as535

Arizona and j as California, M ijt is the number of tax �lers moving from Arizona to California536

in year t as a share of Arizona's �ler population in year t � 1. This de�nition matches the timing537

of our model: M ijt is a random variable with E(M ijt ) = mijt , providing a basis for estimating �538

in any approach (Supplementary Methods, Section B.2). As M ijt is non-negative, the model also539

permits working with log migration �ows, under which the heavily skewed empirical rates are540

roughly normal.541

The four approaches542

Although all four approaches estimate the same target output, they di�er in how they identify it.543

Causal inference and gravity are reduced-form: they identify the net response of the population544

distribution to warming, without attributing it to underlying channels. The agent-based and545

general equilibrium models are structural: they separately identify how warming alters the546

relative attractiveness of each location � through amenities, and, in the general-equilibrium547

case, wages � from the mobility parameters governing how readily agents respond to it. The548

approaches di�er, �nally, in whether warming in one location is permitted to a�ect migration549

elsewhere: only the general-equilibrium and agent based models admit such cross-state spillovers,550
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through market and network linkages. Supplementary Section B.4 formalises these distinctions.551

Figure 6 sets out each approach as a staged pipeline and explains the modelling choices that552

branch o� each stage. Here, we brie�y describe each approach in turn, deferring the full553

speci�cations to the Supplementary Information.554

Causal inference555

Causal-inference (CI) models do not model behaviour explicitly; they use random year-to-year556

weather variation to identify the local slope of f with respect to temperature and then extrapolate.557

We estimate558

logE(M ijt ) = h(T it ; � CI ) + 
 CI � W it ; 8 i 6= j; (5)

where h is a polynomial in (lagged) origin temperature and W it collects �xed e�ects (including559

the always-included origin�destination pair e�ect), origin- and destination-speci�c trends, and560

a quadratic precipitation control, which together render the remaining temperature variation as561

good as randomly assigned. The OLS variant of the choice grid instead models the rate M ijt in562

levels. Identi�cation is local, in the sense that the recovered d logf=dT estimates the in-sample,563

direct, causale�ect of a temperature shock on migration. To use this estimate to project the564

target output requires the assumption that conditional on the �xed e�ects and time controls, one565

origin's out-migration is una�ected by other locations' temperatures (a stable-unit-treatment-566

value assumption) and that the in-sample slope applies to counterfactual climate regimes. We567

project by anchoring on the in-sample average rate and applying a �rst-order temperature568

adjustment, bmijt = �mij [ 1 + h(T it ; �̂
CI

) � h( �T i ; �̂
CI

) ], where �mij is the in-sample average rate569

and �T i the in-sample average origin temperature, with negative o�-diagonal rates �oored at zero570

and the diagonal �xed by the column-sum constraint (the OLS variant updates additively). The571

full form is in Section B.5, with the estimated response in Fig. A10). Six choices make up the CI572

grid (Table A4, choices 1�6 in Fig. 6b): regression type (OLS or Poisson), the �xed-e�ect/trend573

block, regression weights, the polynomial degree, the temperature lag structure, and directional574

heterogeneity (a separate temperature response by whether the destination is colder than, similar575

to, or hotter than the origin).576

Agent-based577

Our agent-based model (ABM) retains the most agent-level heterogeneity and endogenises578

agents' social networks. It is an amenity-only multinomial-logit model in which climate en-579

ters only through a destination-temperature amenity. This focuses the experiment on a single580

behavioural channel and distinguishes the ABM from the GE model, which also damages produc-581
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a
Inputs / assumptions Specify & estimate Project to� L

common target � L
net people each state gains

/ loses under warming

Causal
inference

Data
bilateral migration panel

+ origin temperature

Temperature regression
polynomial in origin
temp. + �xed e�ects

F K =500 coef. bootstrap

Project � L
anchor on mean

rate, apply slope to
� T ; roll forward

single estimation stage

1 2 3 4 5 6

Agent-
based

Data
migration panel, SCI net-
work, 2005 populations

Amenity regression
Poisson PPML temper-
ature amenity A j (T )
F 51 amenity draws

Build social network
ties drawn from SCI;

dynamic rewiring

Calibrate (pinned)
Berry � j ! 2005

pop; � ! move rate

Simulate ! � L
105 agents, base-
line + warming

1 2 3 4 5

Gravity
Data

bilateral migration
panel + covariates

Stage 1: PPML gravity
log �ows on O/D

terms, distance + FE
F K =500 Dirich-

let bootstrap

Stage 2: ML layer
temp.� covariate

interactions on residuals

Project � L
evaluate at warm-

ing, covariates
�xed; roll forward

1 2 3 4 5

General
equilib.

Assume elasticities
+ data panel
& trade �ows

Estimate costs (pinned)
trade � , migration
� from gravity or
Head-Ries indices

Invert (exact)
recover amenities
A , productivity Z

Damage functions
temperature ! A; Z

F K =500 damage draws

Solve ! � L
GE equilibrium,

baseline + warming

1 2 3 4 5 6

n circled number n: where choice n enters (listed in the table) F step generating the statistical band grey: pinned or solved exactly

b
Causal inference (= 128 models)

No. Choice What it controls Options (preferredbold)

1 Regression type functional form for �ows;
treatment of zero �ows

OLS
Poisson PPML

2 Fixed e�ects &
trends ( W it )

which confounding variation is
absorbed (identi�cation)

pair + year
+ origin- & dest.-speci�c
trends

3 Temperature
polynomial

curvature of the temperature
response

1 2 3 4

4 Regression
weights

whether populous states
dominate the �t

unweighted
population-weighted

5 Temperature
lags

delayed response to past
temperature

contemporaneous
+ one-year lag

6 Direction-of-
move
interaction

whether the response depends
on destination climate

none
climate-similarity buckets

Agent-based (= 120 models)

No. Choice What it controls Options (preferredbold)

1 Amenity
speci�cation

how the climate signal
(temperature amenity) is
estimated

pop.-weighted Poisson
amenity
unweighted Poisson
pop.-weighted +
destination trend

2 Network type structure of social ties that
guide moves

small-world (Facebook
SCI)
random

3 Friends per
agent

density of each agent's social
network

10 25

4 Within-state
smoothing

how strongly friend locations
are smoothed

0.01 0.10

5 Network-
rewiring regime

whether ties evolve as agents
move (ampli�es the signal)

static
dynamic (� 0 ; � ): (:3; :5),
(:3; 1:5), (:5; :5), (:5; 1:5)

Gravity (= 144 models)

No. Choice What it controls Options (preferredbold)

1 Stage-1 �xed
e�ects

which confounding variation is
absorbed

full FE
drop-origin FE
drop-origin + state
trends

2 Stage-1 feature
set

which covariates the �ow
model uses

base
+ inequality &
precipitation
+ SCI & log-population

3 Temperature
polynomial

curvature of the temperature
response

quadratic cubic

4 Temperature
lags

delayed response to past
temperature

1 2

5 Stage-2 ML
layer

richness of nonlinear
temp.� covariate e�ects

none
lasso
neural network
gradient boosting

General equilibrium (= 128 models)

No. Choice What it controls Options (preferredbold)

1 Migration
elasticity ( " )

how readily people relocate for
a given gain

1 3

2 Trade elasticity
( � � 1)

substitutability of goods across
states

4 8

3 Externalities
( �; � )

agglomeration / congestion
feedbacks

o� (0; 0)
on (0:3; 0:05)

4 Roundabout
share (
 )

input�output linkages that
amplify shocks

0 0.5

5 Cost calibration
(f � g; f � g)

the size and pattern of trade
and migration costs

smoothed (estimated on
distance)
Exactly �t (Head-Ries
indices)

6 Damage-
function spec.

how temperature maps to
productivity & amenity damage

quadratic,
levels-with-lag
quadratic �rst-di�erence
cubic levels-with-lag
quadratic pop.-weighted

Figure 6: The four modelling approaches and the implementation choices within each.
(a) Each approach runs left to right, converging on the shared target output. Circled numbers mark the
step at which each implementation choices enter; F marks the step whose resampling generates that
approach's statistical-uncertainty band. (b) For each approach a singlepreferredmodel (values in bold) is
varied across a grid of alternatives. Each numbered choice matches the identically numbered step in (a).
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tivity. Here `amenity' is a reduced-form measure of a location's desirability: it absorbs income,582

wages, cost of living and other attributes that make a place attractive, all of which are pinned583

down in the baseline calibration.584

Each agent maximises585

Uaijt = 
 ABM logGaj;t � 1+ A jt (� ABM ; T jt )+ � ABM
j � � ABM (dij )+ � ABM � aijt � aijt � Gumbel(0; 1);

(6)

where Gaj;t � 1 is the smoothed share of the agent's social ties resident in j (the smoothing weight586

is a swept implementation choice), � ABM the amenity coe�cients common across states, A jt a587

temperature amenity, � ABM
j a location e�ect absorbing j 's time-invariant attractiveness, such588

as its labour market, cost of living, and non-climate amenities and � ABM (dij ) a distance cost589

(the full speci�cation is in Section B.6). The behavioural parameters are estimated outsidethe590

simulation by a Poisson amenity regression; the location e�ects � ABM
j are then re-�t by way of591

a �Berry inversion� (Berry et al., 1995) so the model reproduces observed 2005 populations,592

and the logit scale � ABM is calibrated to the observed year-1 move rate (Section B.6.4, Fig. A12).593

Networks are dynamic: ties are re-sampled as agents move, with a rich-get-richer rule. We then594

simulate a population of 100;000agents forward under baseline and warming temperatures,595

averaging outcomes over 10 independent simulation runs. Five choices make up the ABM596

grid (Table A5): the amenity speci�cation, the network type, the number of ties per agent, a597

within-state smoothing parameter, and the network-rewiring regime (Fig. 6b). The network598

rewiring introduces path-dependence, suggesting that without conditioning on a sequence of599

shocks, the model may not have a unique steady-state.600

Gravity601

Our gravity model treats migration �ows as a function of observable origin, destination, and602

bilateral characteristics. While it abstracts from equilibrium feedback, it pairs a standard estimator603

with a machine-learning layer to allow for �exible nonparametric heterogeneity. A Type-I extreme-604

value assumption on � ajt delivers a multinomial-logit migration probability whose ratio to the605

stay probability gives the estimating equation606

E(M ijt )
E(M iit )

= exp
�


 Gr;d X jt + h(T jt ; � Gr;d ) �
�

 Gr;o X it + h(T it ; � Gr;o )

�
� D(dij ; � Gr )

�
; (7)

where D(dij ; � Gr ) proxies moving costs. We �t this in two stages: �rst, we estimate a Poisson607

pseudo-maximum-likelihood (PPML) regression equation that is log-linear in time-varying608

origin and destination covariates, distance, and origin �xed e�ects (Stage 1). In Stage 2, we �t609

a regularised machine learner by way of cross-validation, treating the Stage-1 �t as an o�set.610
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This procedure allows the estimated temperature response to interact �exibly with the other611

features. The machine learning step introduces no new variables; its purpose is only to introduce612

data-driven �exibility in the response function.613

We use machine learning in the gravity approach because prediction is that tradition's estimation614

objective. In causal inference, a regularised prediction layer would change the estimand 10,615

while the agent-based and general equilibrium approaches require parameters with behavioural616

interpretations. 11 What learner we use is one of our implementation choices, so its contribution617

to uncertainty is measured as choice uncertainty within the gravity approach. All learners share618

the same training panel and a single year-blocked �ve-fold partition for cross-validation so619

implementation choice variation re�ects the learners rather than the data splits. 12
620

Projection in the gravity approach plugs counterfactual temperatures into the �tted model,621

holding non-climate covariates �xed (full speci�cation in Section B.7, with the pipeline in622

Fig. A15). Five choices make up the gravity choice grid (Table A6): the Stage-1 �xed-e�ect block,623

the Stage-1 feature set, the temperature polynomial degree, the temperature lag structure, and624

the Stage-2 learner (none, lasso, neural net, or gradient boosting; Fig. 6b).625

General equilibrium626

Our general equilibrium (GE) model places market feedback at the centre: it is a dynamic627

quantitative spatial model with bilateral migration costs (Desmet and Rossi-Hansberg, 2024;628

Bryan and Morten, 2019). Agents choose locations on real wageswj =Pj and amenities A jt with629

Fréchet-distributed idiosyncratic shocks; goods are produced from local productivity Z jt and630

population, and traded subject to iceberg shipping costs � GE
ij ; and productivities and amenities631

respond to temperature through damage functions, so the population distribution emerges632

from an equilibrium in which choices and local conditions are mutually consistent. Absent633

input-output linkages, the equilibrium of our model is guaranteed to be unique following the634

theorems of Allen and Donaldson (2020). Five structural parameters are not identi�ed from635

migration data and must be assumed: the migration elasticity "GE , the elasticity of substitution636

� GE (whose value less one is the trade elasticity), the congestion ( � GE ) and agglomeration637

( � GE ) externalities, and the roundabout intermediate-input share 
 GE . Conditional on these, we638

recover migration and trade costs from either structural gravity regressions (which project costs639

on distance, our preferred speci�cation) or exact identi�cation of the costs from the migration640

10Although it is possible to use ML tools to search for heterogeneity in the response function; see Benveniste et al.
(2025).

11In is possible to use machine learning to calibrate migration and trade costs in the general equilibrium setting; see
Dingel and Tintelnot (2026).

12The lasso and gradient-boosted trees are cross-validated over the �xed data partitions, while the neural network
trains on the �rst four blocks and uses the �nal block for early stopping.
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and trade �ows alone (using Head and Ries 2001 indices, which assume no measurement error641

in �ows), invert the model for amenities and productivities (exactly, hence without statistical642

uncertainty), and estimate temperature damage functions; we then re-solve the equilibrium643

each period under baseline and warming temperatures (full speci�cation in Section B.8, with644

the estimation pipeline in Fig. A16 and the estimated damage functions in Fig. A17). Six choices645

make up the GE grid (Table A7): "GE , � GE , the externality regime (� GE ; � GE ) (varied jointly, o�646

or on), the roundabout share 
 GE , the damage-function speci�cation, and the choice of how647

costs are calibrated, a known source of implementation uncertainty (Dingel and Tintelnot, 2026);648

see Fig. 6b.649

Preferred models and the choice grid650

Specifying an approach does not pin down a unique model: within each there remain many651

defensible implementation choices � covariates, functional forms, estimators � and these are652

not innocuous. For each approach we therefore de�ne a single preferred model, chosen to be653

representative of its tradition, and enumerate a structured grid of reasonable alternatives around654

it (a total of 520 models across the four approaches; Fig. 6 and Section B.3). The preferred655

model is designed to satisfy two competing sets of objectives. On the one hand, it must �t with656

intercomparisonobjectives, in that it must �t in the common framework, estimate the common657

target, be computationally feasible, and be estimable from the shared dataset. On the other,658

it must satisfy model-speci�cobjectives that keep it faithful to its own literature's norms. Our659

preferred model is subjectively chosen to satisfy both of these criteria. Varying the model across660

the grid, while holding the target, data and scenario �xed, isolates how much projections move661

with implementation choice.662

Uncertainty663

For every approach we report three kinds of uncertainty, de�ned identically across the four so664

they are comparable (Section B.3). None is the preferred model's point estimate. Statistical665

uncertainty re�ects sampling error in the �tted parameters: we draw repeatedly from the666

sampling distribution of the preferred model only. We run K = 500 draws for causal inference,667

gravity and general equilibrium; 51for the ABM where a single draw incorporates 10 runs using668

di�erent draws of the shock and network parameters. The draws are taken using parametric669

bootstrap of the regression coe�cients (CI), a Dirichlet bootstrap of the two-stage �t (gravity),670

draws from the damage-function coe�cient covariance (GE), or draws of the amenity coe�cients671

evaluated on the run-averaged population vector (ABM) � and re-estimate the target for each672

draw. Choice uncertainty re�ects implementation choice: we re-estimate the target across the673
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full grid (Fig. 6) at the parameter point estimate.674

In each case the bootstrap targets the single step that estimates how temperature enters the675

model. This step varies by approach, it is the migration-rate response (causal inference, gravity),676

the destination-temperature amenity (agent-based), or the productivity and amenity damage677

functions (general equilibrium). Parameters that are calibrated or estimated outside this step,678

such as the trade and migration elasticities of the general equilibrium model, are held �xed679

across draws.680

Two caveats apply to this decomposition. First, because statistical uncertainty is evaluated only681

at the preferred model, and sampling error varies across the grid, the reported statistical bands682

may understate statistical uncertainty elsewhere in the grid. Second, the boundary between683

statistical and choice uncertainty is itself a classi�cation judgement: a setting such as the agent-684

based model's friends-per-agent count could be viewed either as an implementation choice685

or as an approximation to a quantity that better data would pin down. The decomposition686

should therefore be read as conditional on the de�nitions used here (see full model details in687

Supplementary Section B).688

28



Acknowledgements689

We thank Andrew Bell, Hélène Benveniste, Emile Esmaili, Filiz Garip, Peter Howard, Ishan690

Nath, Guglielmo Zappalà, the workshop participants at Princeton University's Center for Policy691

Research on Energy and the Environment (C-PREE), the Climate Migration Modeling Inter-692

comparison Workshop, the Eastern Economics Association conference, the Managed Retreat693

conference, the Scenarios Forum, and the World Congress of Environmental and Resource694

Economists for their comments, suggestions and advice.695

T.B gratefully acknowledges funding from C-PREE and the Dragon Capital chair at the University696

of Exeter.697

Declarations698

The authors declare no con�icts of interest relevant to this study.699

Disclaimer700

The views in this paper do not necessarily re�ect the views of the Federal Reserve Bank of San701

Francisco or the Federal Reserve System.702

Author contribution statement703

M.O and N.C.L conceived of the study. All authors re�ned the study concept. T.B, J.R.K, N.C.L704

and T.X designed an initial version of the models and framework. T.B. and J.R.K re�ned and705

implemented the models and framework, and wrote the �rst draft. All authors contributed to706

revising the draft.707

Data and code availability708

All data used in this study is compiled from publicly available data sources. A full replication709

package that generates all �gures and results used in the paper is available at https://zenodo710

.org/records/21840473 . This also contains documentation on the source of all data used.711

29



AI declaration712

The authors used Claude to assist with writing code, and for help checking the draft and re�ning713

language. The authors take full responsibility for all content.714

30



Supplementary Materials715

Contents716

A Supplementary Tables and Figures 32717

A.1 Supplementary Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32718

A.2 Supplementary Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34719

B Supplementary Methods 43720

B.1 Data and forcing construction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44721

B.2 Linking observed migration rates to migration probability . . . . . . . . . . . . . 47722

B.3 Common structure of the four implementations . . . . . . . . . . . . . . . . . . . 49723

B.4 What each approach identi�es . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50724

B.5 Causal inference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52725

B.6 Agent-based . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60726

B.7 Gravity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70727

B.8 General equilibrium . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78728

31



A Supplementary Tables and Figures729

A.1 Supplementary Tables730

Used by

Dataset Source / provider Variable(s) and role CI ABM Grav. GE

IRS Statistics of Income
migration

US IRS (via Hauer
and Byars, 2019 repli-
cation)

Bilateral state-to-state migration �ows;
tax-exemption counts as the popula-
tion/agent base (1990�2010)

� � � �

ERA5 / ERA5-Land re-
analysis

ECMWF / Coperni-
cus (Hersbach et al.,
2020; Muñoz-Sabater
et al., 2021)

Population-weighted annual mean tem-
perature (and precipitation) by state-
year

� � � �

Climate Impact Lab US
projections

Climate Impact Lab
(SSP3-7.0)

Projected state temperature under
warming; the future-climate forcing

� � � �

State economic activity Mohaddes et al.
(2023) replication
package

Real gross state product � �

Social Connectedness In-
dex

Meta / Facebook
Data for Good (Oct.
2021)

State-pair social connectedness; an-
chors the friend network / network co-
variate

� �

Centers of Population
2010

US Census Bureau State population centroids ! bilat-
eral great-circle distance (moving-cost
proxy)

� � �

Commodity Flow Survey
2012 (PUMF)

US Census Bureau Interstate trade �ows ! trade costs � ij �

State inequality / income
shares

Frank et al. (2015) Inequality covariates (relative mean de-
viation)

�

Table A1: Datasets used in the analysis by approach.
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CI ABM Gravity GE Ensemble

What the models imply about climate-driven migration

Moderate warming ( +1 � C) alone relocates
more than 3% of the population

Low Low Low Low Low

Warming raises the populations of cold states
and lowers those of hot states

High High High High High

Accounting for the full uncertainty, relocation
could be at least double the central estimate

Medium Medium High High Medium

Where the disagreement comes from

Implementation choices contribute as much
uncertainty as statistical estimation

Medium Medium High High High

Table A2: Synthesis: strength of evidence for policy-relevant statements, by approach and pooled.
Each cell reports the strength of evidence (Low / Medium / High) that the statement holds, evaluated
over that approach's full ensemble of implementation choices (Fig. 6) and the preferred-model bootstrap.
The Ensemble column pools across approaches. The �rst row is evaluated at the � 1 scaling (� 1 � C); all
others at � 2, A1). Levels are computed directly from the model ensemble: for the �rst two statements,
the share of speci�cations supporting it (Low < 1=3, Medium < 2=3, High otherwise); for the third, the
factor by which the full uncertainty range (choice grid or preferred-model bootstrap, 97.5th percentile)
exceeds the central estimate (Low < 1:5� , Medium < 2:5� , High otherwise); for the fourth, the share of
within-approach variance attributable to implementation choice rather than statistical estimation.
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A.2 Supplementary Figures731

Figure A1: Temperature forcing used in the projections.
(a) Projected annual mean temperature at four representative states (North Dakota, New York, California,
Florida) under the SSP3-7.0 scenario, at warming scalings of � 1 ( � +1 � C) and � 2 ( � +2 � C) by the
projection horizon, shown against the observed series and the historical baseline mean. (b) Baseline
state level annual mean temperature against the projected temperature change at the horizon, under both
warming scenarios.
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Figure A2: Geographic concentration of the redistribution.
Each point is one speci�cation (extreme-warming scenario): the share of all population moved that is
accounted for by the �ve most-a�ected states (horizontal) against the aggregate migration share (vertical);
open circle = preferred. Concentration is measured in absolute people moved, so small states with large
percentage swings do not dominate; an even split across 48 states would place� 10% in any �ve. The
redistribution is robustly concentrated in a handful of states across the entire choice grid.
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Figure A3: Corridors of climate-induced migration, by approach.
For each approach's preferred model under the extreme scenario ( � 2;� C at the 25-year horizon), the three
rows contrast three de�nitions of the top migration corridors. Top row: the �ve largest net migration
corridors (the warming-induced change in cumulative migration �ow from one state to another, net
of the change in the reverse direction), as in Fig. 3a. Middle row: the �ve largest increases in gross
directional migration �ows. Bottom row: the �ve largest gross increases (green) together with the �ve
largest gross decreases (magenta); decrease arrows are drawn along the diminishing origin-to-destination
�ow. Arrows summarise state-to-state �ows. States are shaded by the projected population change as in
Fig. 3. As the shading integrates over all corridors, a state can receive a top corridor yet lose population
on net (e.g., California).
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Figure A4: State-level statistical versus choice uncertainty in the projected population change, by
approach.
Both panels use the extreme-warming scenario (� +2 � C at the 25-year horizon) and the four approaches
(causal inference, agent-based, gravity, general equilibrium). (a) Projected change in each state's popu-
lation (%), with two adjacent error bars per state: statisticaluncertainty (approach colour, left) for the
preferred model, and choiceuncertainty (grey, right) across the implementation grid. For each bar the thick
segment is the interquartile range and the thin segment the 95% interval (2.5�97.5%); the point marks the
median. States are ordered along the horizontal axis by baseline temperature (cold to hot), equally spaced
and in the same order in every panel. The vertical axis is clipped to � 10%and bars extending beyond the
axis are �agged with a triangle (chie�y under the gravity model, whose state-level responses are largest).
(b) The share of the per-state variance in the population change that is statistical (preferred-model
bootstrap) rather than implementation choice across approaches,varstat =(varstat + var choice). This is not
directly comparable to the aggregate choice-versus-statistical split in Fig. 5a as it is at the state level and
variance shares are not easily aggregable.
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