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Abstract

Why do so few rural households in developing economies migrate to high-wage urban areas? I build a
dynamic general equilibrium model to quantify the role of risk as a barrier to rural-urban migration. Mi-
gration is risky in two ways. First, households may not know their initial urban income before they move.
Second, households in the urban sector are more exposed to persistent income shocks. I discipline the
model using South African panel data and find that these risks together hold the urban population share
roughly twenty percentage points below where it would otherwise be. Providing information about ini-
tial urban outcomes closes more than half of the gap, encouraging migration among high-income rural
households, who have the most to lose from a low draw. Insurance raises migration by a similar amount,
but instead draws in the rural poor, who are particularly exposed to urban income shocks after migra-
tion. Wealth is no substitute for insurance. While wealth reduces urban consumption risk, it also lowers
the share of labor income in consumption and, with it, the gains from moving to a higher-wage location.
A model that ignores initial uncertainty and persistent income shocks overstates the residual migration
wedge by a factor of two.
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1 Introduction

A striking regularity across developing economies is the large income gap between rural and urban house-
holds. These gaps raise a natural question: would rural households gain frommoving to the urban sector?
A common view is that the gains are limited because observed wage gaps largely reflect efficient sorting
across sectors. This view is usually based on settings where households have perfect information about
their long-run urban productivity. In this paper, I study permanent rural-urbanmigration as an inherently
dynamic and risky decision in the absence of complete insurance markets. As a result, equilibrium alloca-
tions may be inefficient, shaped by migrants’ risk exposure.

I emphasize two distinct sources of risk. First, households may face uncertainty regarding their initial
urban earnings if they migrate. This is especially relevant for the case of permanent rural-urban migra-
tion usually involving a move from agricultural to non-agricultural work. Second, permanent migration
remains risky even when households know their initial urban income because persistent shocks after mi-
gration affect long-run income trajectories. Both types of risk are crucial to match the data and tease out
the risky nature of rural-urban migration in the South African context, which forms the main application.

Two main lessons emerge. The first is that both sources of risk retard rural-urban structural change
substantially. Removing both raises the urban share from 65 to 84 percent. An immediate implication is
that models that ignore initial uncertainty and persistent shocks substantially overstate the residual migra-
tion wedge. This wedge has been found to be large in the literature, and my framework suggests that it is
overstated by a factor of two, once risk is properly accounted for.

The second lesson is that how risk is removed matters for who moves. Risk needs three ingredients—
outcomes that differ, uncertainty about them, and the absence of complete insurance markets—and each
can be taken away separately to undo the risky nature of migration. Information removes the uncertainty,
while insurance removes the consequence of heterogeneous outcomes. Both raise migration by compara-
ble amounts, yet the two strategies draw in opposite ends of the rural income distribution. Providing infor-
mation encouragesmigration amongst higher-income rural households, whowere deterred by the possibil-
ity of a low urban draw. Providing insurance encouragesmigration amongst low-income rural households,
who have no bufferstock savings to absorb urban income shocks that follow arrival.

Paradoxically, wealth is no substitute for insurance even though the impact of income risk on consump-
tion volatility does decline in wealth. With standard preferences, incentives to migrate are proportional to
the relative increase in household income. This relative increase is falling in household wealth simply be-
cause asset income becomes the dominant source of household income. While wealth allows rural house-
holds to cope with urban labor market risk, it simultaneously reduces the gains frommigration. Insurance
escapes this paradox: it makes labor income safe without making it unimportant.

My analysis proceeds in three steps. I start out by building a theoretical framework that embeds an
endogenous migration choice into an incomplete market model where households have access to a risk-
free bond, andmake forward-looking consumption-saving choices in the presence of income risk. I depart
from the previous literature, in particular Lagakos,Mobarak, andWaugh (2023) (henceforth LMW), in three
crucial ways.

First, I develop a model with household birth and death dynamics. This frees the analysis of two lim-
itations inherent to the commonly used infinite horizon frameworks: the setup allows me to incorporate
fully persistent income shocks, which is ruled out by construction in stationary infinite horizon economies.
Moreover, death and birth dynamics allow for the possibility that newborn rural households are not nec-
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essarily in the sector where they are most productive.1 I go on to show that both features have important
quantitative implications by consideringmodel variants that shut downpermanent shockswheremigration
is driven by low transitory shock realizations, as in Kleemans (2015).

The second key innovation is to tractably allow for different degrees of prior knowledge about initial
urban labor market outcomes when migration opportunities arise. I achieve this by incorporating an in-
formation friction that nests two limiting cases: a full and partial-information case. In the full-information
case, households observe their urban outcome before migrating. In the partial-information case, house-
holds do not observe their urban outcome ex ante, and therefore have to form expectations based on the
statistical relationship between rural and urban income. The partial-information case constitutes a de-
parture from standard Roy models with perfect information, which is especially relevant for the case of
permanent rural-urbanmigration where households enter a new economic environment for the first time.

The third departure from previous work is to propose a more tractable model of selection into migra-
tion. I assume that whenevermigration opportunities arrive, households receive an urban draw that can be
arbitrarily correlated with their rural type. This approach sidesteps the curse of dimensionality in stochas-
tic dynamic Roy models, while still matching arbitrary selection patterns into migration. I leverage this
tractability by embedding my migration model into a general equilibrium setup with endogenous rural-
urban wage gap.2

In the second step, I quantify the model using household-level panel data on income and consumption
from South Africa. I use themodel tomotivate a novel set of easily computable empirical moments that are
informative about the riskiness of migration.

A first set ofmoments concerns the nature of income risk within each sector, which requires estimating
sector-specific income processes. I follow Crawley, Holm, and Tretvoll (2022), which proposes a tractable
incomeprocess that generalizes the canonical persistent-transitorymodel to include imperfectly transitory
“passing shocks”. These are lumpy shocks that eventually mean-revert. While this generalization matters
little for urban households in my sample, it is important for the rural sector where imperfectly transitory
shocks are the dominant source of income volatility. In contrast, fully persistent shocks aremore important
in the urban sector so long-term urban earnings potential is uncertain, even in the case where a household
has full information about their initial urban persistent productivity draw. This insight requires allowing
for fully persistent shocks, and I explore how the usual AR(1) income process employed in infinite horizon
settings leads to an understatement of urban risk and an overstatement of rural risk.

I complement this finding by studying sectoral income dynamics in other developing countries, which
are consistent with the findings from South Africa. Income risk fundamentally differs across sectors in
developing economies, which represents a standalone empirical contribution that should be of interest to
a growing literature that uses heterogeneous agent models to study households in developing economies.

A second set of moments concerns the uncertainty associated with rural-urban migration around the
time ofmigration. Intuitively,migrantsmay not knowwhether they land a high or lowpaying first job in the
urban sector, reminiscent of the role of urban unemployment in Harris and Todaro (1970). To discipline the
information structure that governswhat fraction ofmigrants have advance information, Imeasure how fre-
quently rural-urban migrants experience income losses after moving. Intuitively, frequent post-migration
income losses indicate limited ex-ante information. Such losses are possible evenwhenmigration is highly

1Contrast this with infinite horizon frameworks that feature a fixed long-term urban productivity. Since households live forever,
they already have selected into whichever sector is best for them, and, ironically, the only migration ever observed in the steady state
is done by agents that are largely indifferent between residing in either sector.

2I also develop a new technique to solve continuous-time incompletemarketmodels on a non-linear grid that is particularly helpful
for models with non-convexities, like fixed cost of migration, which my framework features as well. See appendix B.
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profitable on average.
Using these empirical moments, I estimate the structural parameters of the model. Only 20% of po-

tential migrants have full information about their initial persistent urban income type, which is the key
determinant of success in the urban sector. This large degree of uncertainty generates negative selection
on rural income, consistent with the South African data. Intuitively, if the initial urban income draw is un-
known at the time of themigration decision, high-income rural households havemuch to lose despite large
expected income gains, whereas for low-income rural householdsmigration largely represents upside risk.

These findings contrast with previous work, especially Young (2013), which suggests rural-urban mi-
grants are positively selected relative to rural stayers. While the model is flexible and can, in principle,
accommodate positive selection, both the data and theory point in the opposite direction.

I also explore the implications of the model for consumption risk, since income risk only deters migra-
tion when it translates into consumption risk. I find a seemingly high degree of consumption insurance in
rural South Africa, indicated by a low passthrough from income shocks to consumption, consistent with
prior literature and the seminal work of Townsend (1994). Surprisingly, model-simulated passthrough co-
efficients match these low empirical estimates very well, even though the model contains no insurance
beyond bufferstock savings. The reason is that passthrough estimates are extremely sensitive to the in-
come process: when shocks are mean-reverting, as they are for rural households, bufferstock savings in-
sure effectively. This simple insight is quantitatively important, and moot unless a dynamic model that
differentiates between persistent and imperfectly transitory shocks is employed.

The framework is thus consistent with a worsening of insurance when households move from the rural
to the urban sector, which has been an influential theme in the literature (Munshi and Rosenzweig, 2016).
Yet, my framework suggests an important twist: the loss of insurance does not require diminished access
to informal rural insurance schemes, and is simply the consequence of sectoral differences in the nature
of income risk. In the model persistent shocks pass through to consumption almost fully in both sectors.
Yet, rural households appear better insured against income shocks simply because they are less exposed to
persistent shocks.

In the final step I use the model to quantify how risk impacts rural-urban migration. I start by inves-
tigating the complex interaction between risk and migration. Recall that risk requires heterogeneity, un-
certainty, and market incompleteness all switched on. Shutting down any one of them eliminates risk,
but their micro and macro implications differ substantially, i.e., who selects into migration, what are their
welfare implications, and by howmuch does the aggregate urban population share increase.

First, consider providing information about initial urban persistent type to all potential rural-urban
migrants. This raises migration rates, lifting the urban population share from 0.65 to 0.76 in general equi-
librium, while substantially improving selection intomigration. The intuition is that low rural types largely
face upside risk, so they always switch sectors when given the opportunity. Informing a household in the
middle or top of the distribution of a high urban draw, on the other hand, makes themwant tomove, which
would have been too risky in the absence of information, given the possibility of a low urban draw.

Providing insuranceworks differently. Households receive an actuarially-fair safe urban income stream
after migration, but learn nothing about their initial urban type, so only the income shocks that follow
arrival are insured. This raises aggregate migration rates by a similar amount as full information about
initial earnings. But it draws in different households: insurance induces more negative selection relative to
the baseline. The reason is that wealthier rural households can already absorb urban income shocks with
bufferstock savings, whereas low-income households cannot.
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Whenever households accumulate large amounts of wealth that would allow them to cope with urban
income risk effectively, the gains from migration become small. The reason is that migration gains are
based on labor income gains, and the importance of labor income for household consumption is falling
in household wealth. This is a straightforward explanation for the negative link between wealth and mi-
gration. LMW interpret this negative link as evidence against the role of risk in deterring migration. In
contrast, my model reproduces it even though risk is a quantitatively important barrier.

Lastly, I use the model to quantify how much the literature overstates the residual migration wedge by
ignoring the risky nature of rural-urbanmigration. At this point, the answer is unsurprising: by a lot. A re-
searcher using the standard full-information, complete-markets model would have to inflate themigration
wedge by 112.24 % to match observed migration flows. A large share of the residual cost of moving is the
risk of moving.

A second, complementary approach reaches the same conclusion. Using a more standard model with-
out initial uncertainty or persistent shocks and re-estimating inflates the migration wedge by 42.32 %.
Contribution to the Literature. The paper relates to a large literature at the intersection of macroeco-
nomics and development. The classic references are Lewis (1954)’s theory of rural surplus labor, andHarris
and Todaro (1970)’s two-sector model of urban unemployment.

The paper is most closely related to the influential work of LMW, which constructs a heterogeneous
agent model with endogenous migration to understand the impact of migration subsidies on consumption
gains in the RCT of Bryan, Chowdhury, and Mobarak (2014). In contrast to LMW, where rural income risk
leads to toomuchmigration, I find that urban income risk reduces rural-urbanmigration. The findings are
easily reconciled. In their setting, migration is mostly temporary and constitutes a coping strategy after
a negative income shock; In my setting, migration is permanent, and uncertainty about long-run urban
outcomes deters the move.3

The link between rural and urban productivity plays an important role in understanding agricultural
productivity gaps, see Lagakos andWaugh (2013) and Alvarez-Cuadrado, Amodio, and Poschke (2023). This
link is usuallymodeled in full-information environments. I stress how risk shapes selection intomigration,
and quantify its effect on the distribution of unobserved human capital across sectors using a dynamic
equilibrium model.4 I find that migrants are negatively selected, even compared to rural stayers. This
contrasts with the influential work of Young (2013), which interprets the rural-urban wage gap as a product
of positive sorting on unobserved skill.5

The role of risk in rural-urbanmigration has also been addressed inMunshi and Rosenzweig (2016) and
Morten (2019), which focus on the interaction ofmigration and informal insurance usingmodels of limited
commitment, building on Ligon, Thomas, and Worrall (2002). I find that a simple model with bufferstock
savings goes a long way in matching low passthrough estimates after allowing for more realistic income
processes.6 This is extremely desirable because models of limited commitment are difficult to solve and

3Treating permanent and temporary migration separately is justified by previous work: the RCT of Bryan, Chowdhury, and Mo-
barak (2014) raised temporary rural-urban migration in Bangladesh but had no impact on permanent migration, see Mobarak and
Reimão (2020). Section 4.2 develops the reconciliation.

4Imperfect information as a barrier to migration is also studied in Porcher, Morales, and Fujiwara (2024) and Porcher (2025), who
recover information frictions from revealed preference in a quantitative spatial framework. Other relevant static Roy models that
explicitly deal with selection into migration are Borjas (1987) and Borjas, Kauppinen, and Poutvaara (2019). Bertoli (2010) argues that
imperfect information can lead tomore negative selection in the context of internationalmigration. Bryan andMorten (2019) quantify
how migration costs suppress aggregate productivity.

5See also the large empirical literature on rural-urban wage gaps. Beegle, De Weerdt, and Dercon (2011), Hamory et al. (2020),
Alvarez (2020), Pulido and Swiecki (2018), and Lagakos et al. (2020) formicro-economic estimates of rural-urbanwage gaps. See Caselli
(2005), Restuccia, Yang, and Zhu (2008), and Gollin, Lagakos, andWaugh (2014) for the role of rural-urban wage gaps and agricultural
vs. non-agricultural productivity gaps in accounting for cross-country income differences.

6A large empirical literature has studied the degree of informal insurance in developing economies. See Alderman and Paxson
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hard to implement, while benchmark heterogeneous agent models remain tractable even in general equi-
librium.

Empirically, I build on a large literature in macroeconomics and labor economics to estimate persis-
tent and transitory income shocks, especially Blundell, Pistaferri, and Preston (2008) (henceforth BPP).7

I focus on income and consumption dynamics in developing economies, a relatively unexplored aspect
with notable exceptions in De Magalhaes and Santaeulalia-Llopis (2018), De Magalhaes, Martorell, and
Santaeulalia-Llopis (2024) and Carli et al. (2025). I contribute to this literature by showing that the nature
of income risk systematically differs across sectors.

Experimental work by Baseler (2023), Barnett-Howell et al. (2025) and Miner (2025) studies whether in-
formation and insurance interventions induce rural-urban migration. In contemporaneous work, Baseler
and Gordeev (2026) build a rich structural model of Kenyan rural-urban migration designed to reproduce
these empirical studies in a unified framework. They use their model to rankmigration frictions including
urbanunemployment, an information friction in the formof a systematic understatement of urban income,
and a migration wedge. Notably, they find that urban unemployment and biased expectations about urban
income account for relatively little, while the residual migration wedge dominates. My paper unpacks this
residual wedge, and shows thatmuch of it can be accounted for by risk, once a richer information structure
and fully persistent income shocks are incorporated, consistent with the data but naturally ruled out by in-
finite horizon models. I show that ignoring these risks overstates the migration wedge by between 42.32 %
and 112.24 %.8

Another important difference from this experimental literature is my focus on permanent rural-urban
migration, which is less likely to respond to experimental intervention: both the gains and the costs at
stake are large relative to the incentives usually provided through experimental variation. Consistent with
this view is that the RCT of Bryan, Chowdhury, and Mobarak (2014) raised short-term migration but did
not induce permanent rural-urban migration, see Mobarak and Reimão (2020). Lastly, I complement the
experimental literature by studying the role of general-equilibrium feedback effects, which turn out to be
quantitatively important and ensure that rising rural-urban migration rates translate to income gains for
rural stayers. This arises because land is a factor in fixed supply so that land abundance caused by out-
migration lifts wages for non-migrants, consistent with recent empirical work by Madhok et al. (2025).

The rest of the paper proceeds as follows. Section 2 develops the model. Section 3 quantifies the model
using South African panel data. Section 4 studies the role of risk as a barrier to structural change and
explores additional counterfactuals. A final section concludes.

2 Theory

I next develop a model of risky permanent rural-urban migration. Additional details, derivations, and
proofs are deferred to appendix C.

(1994), Udry (1994), Morduch (1995), Ligon (1998), Angelucci and De Giorgi (2009), Mazzocco and Saini (2012), Kinnan and Townsend
(2012), Chiappori et al. (2014), Jack and Suri (2014), Samphantharak and Townsend (2018), Santaeulalia-Llopis and Zheng (2018), At-
tanasio et al. (2022), Meghir et al. (2022), and Ligon (2025).

7See MaCurdy (1982), Abowd and Card (1989), Gottschalk et al. (1994), Deaton and Paxson (1994), Storesletten, Telmer, and Yaron
(2004), Kaplan and Violante (2010), Guvenen (2009), Low, Meghir, and Pistaferri (2010), Huggett, Ventura, and Yaron (2011), Guvenen
and Smith (2014), Guvenen et al. (2021) and Braxton et al. (2021), and especially Crawley, Holm, and Tretvoll (2022) on which I build
most directly.

8Note that information frictions differ starkly: Baseler and Gordeev (2026) assume a common bias in the level of expected urban
income, whereas I introduce idiosyncratic uncertainty about a household’s own urban type affecting only a subset of households. See
also Porcher (2025) for recent work endogenizing the information set of migrants using a model of rational inattention.
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2.1 Environment

Time is continuous and markets are competitive. I consider a small open economy setup where the only
tradable asset is a risk-free bond with exogenous interest rate r. A unit-mass of households indexed by
i ∈ [0, 1] make consumption-saving choices, and supply their labor inelastically. Households are either
rural (R) or urban (U), and rural households additionally face a choice to migrate to the urban sector.

I consider stationary equilibria, which require reverse urban-rural flows. I detail how to embed reverse
migration flows tractably into my framework at the end of this section. One unit of time equals one year. I
omit time subscripts, and use ẋ as shorthand for dx

dt and ∂bv as shorthand for ∂v
∂b .

Income Risk. Household labor income within each sector j ∈ {R,U} equals

Wi (p, ϵ) = wj(i)e
pi+ϵi , (1)

wherewj is the sectoral efficiencywage, and the randomvariables pi and ϵi are idiosyncratic state variables.
These state variables follow persistent and transitory stochastic processes reflecting sector-specific income
risk.

The persistent and transitory processes are as follows:

dp = σp,j dZ, (2)

dϵ = (ϵ′ − ϵ) dJj , ϵ′ ∼ N (0, σϵ,j) , (3)

where dZ is a Wiener process,9 and dJj is a Poisson counter with arrival rate λϵ,j . In words, the transitory
process consists of i.i.d. draws from a mean zero normal distribution that arrive at rate λϵ,j . These shocks
are sometimes described as “passing shocks” as outcomes eventually revert back. The setup builds directly
on Crawley, Holm, and Tretvoll (2022), and nests the canonical persistent-transitory model of MaCurdy
(1982) when λϵ,j becomes large.10

Households die at Poisson rate ϕ and are replaced by a newborn that inherits their assets. Newborns
draw their persistent type from a normal distribution p ∼ N (c0,j , σ0,j), and their transitory type from a
mean zero normal distribution ϵ′ ∼ N (0, σϵ,j). This perpetual youth structure (Yaari, 1965; Blanchard, 1985)
offers two benefits relative to infinite-horizon models. First, it allows for a random walk in income while
preserving the stationarity of the income distribution. Second, newborns need not start in the sector where
they are most productive so there is potential for observed migration based on comparative advantage,
whereas infinitely lived households have already sorted in steady state and so never actually migrate.11

Urban Household Problem. Urban households discount the future at rate ρ, and have CRRA preferences
with coefficient of risk aversion γ. Urban households solve the following dynamic consumption-saving
problem

9The absence of a drift term is consistent with the empirical application later on where drift terms are partialled out in a first-stage
regression procedure.

10The implied autocovariance structure is identical to that of an Ornstein–Uhlenbeck (continuous-time AR(1)) process; however, the
passing shocks better reflect the jump-like nature of observed income dynamics.

11The structure also reduces the computational burden, and provides a more appropriate benchmark in rural settings where an
explicit life-cycle framework is less compelling due to widespread intergenerational co-residence.
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VU (b, p, ϵ) = max
{cs}

Et

[∫ ∞

t

e−(ρ+ϕ)(s−t) c
1−γ
s

1− γ
ds

]
(4)

s.t. ḃ = rb+WU (p, ϵ)− c, b ≥ 0,

subject to a standard intertemporal budget constraint where c is household consumption and b is a risk-free
bond paying return r. Moreover, households face a zero-borrowing constraint.
Rural Household Problem. The rural household problem is identical to the urban household problem
except for an additional migration choice.
Migration. Rural-Urban migration works as follows.

• Rural households receive migration opportunities at Poisson rate λm, and move when the expected
value of moving to the urban sector exceeds staying put.

• Migration entails a one-time monetary cost fRU ≥ 0 paid in rural labor such that urban assets after
migration equal bU = bR − fRUwR.

• Migration includes an idiosyncratic taste shock φ, and a disutility wedge τRU > 0, following a growing
literature in dynamic spatial economics (Kennan and Walker, 2011; Caliendo, Dvorkin, and Parro,
2019). There is no disutility of staying in rural, τRR = 1.

• Taste shocks φj are i.i.d., and drawn from a Frechet distribution with scale parameter µ and shape
parameter s.

Both the taste shocks and the location-specific disutility are raised to the power 1−γ, which provides the ap-
propriate rescaling under household risk aversion so that the resulting utility wedge admits a consumption-
equivalent interpretation.12 Because the wedge admits this consumption-equivalent interpretation, the
analysis is robust to mis-measured price gaps across sectors.13

A rural household thus solves the following discrete choice problem upon receiving a migration oppor-
tunity

Vm = max
R,U

{
E [VU (bU, pU, ϵU) |pR, ϵR] ·

(
φU
τRU

)1−γ

, VR (bR, pR, ϵR) · φ1−γ
R

}
, (5)

where Vm denotes the value of themigration opportunity, and the expectation in (5) is takenwith respect to
persistent and transitory urban type (pU, ϵU). The conditional expectation in (5) captures the first of the two
sources of risk, uncertainty about the initial urban draw. Howmuch risk it carries depends crucially on (i)
the stochastic relationship between rural and urban income, and (ii) the information structure governing
which variables are observed at the timeofmigration. These elements are introduced through the following
two modeling choices.

First, the relationship between rural and urban persistent type follows a draw from a normal distribu-
tion

pU|pR ∼ N (ρRU · pR + cRU, σRU) , (6)
12The issue here is that when γ > 1, the value function is negative. Since the shocks are multiplicative, care must be taken in how

to normalize the raw shocks.
13That is to say, suppose prices are higher in the urban sector, then the wedge τRU would partly reflect a price wedge, but the

analysis would remain otherwise unchanged, and risk plays the same role as before. See Gollin, Kirchberger, and Lagakos (2017),
which document surprisingly small price gaps across sectors.
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where the parameter ρRU > 0 induces a positive correlation between rural and urban type, σRU is the stan-
dard deviation around the conditional mean, and cRU ≤ 0 captures skill downgrading,14 where F (.|pR)
denotes the CDF associated with (6).

In contrast, I assume that transitory types are independent across sectors, ϵU ⊥ ϵR, so ϵR disappears from
the conditional expectation in (5). This is a relatively unimportant assumption relaxed at a later point.

The second, and crucial, modeling choice is whether the household learns their persistent urban type
before decidingwhether tomigrate. I consider two limiting cases, one of partial and one of full information
regarding pU.

With probability ζ, households have partial information (pi) and use (6) to compute the expected value
of migration

E [VU (bU, pU, ϵU) |pR] =
∫
ϵ′

∫
pU

VU (bU, pU, ϵ
′) dF (pU|pR) dGU (ϵ

′) := V̄ pi
U (bR, pR) . (partial information)

This partial information case serves as a natural lower bound, and an econometrician with panel data can,
in principle, recover the information necessary to compute this expectation.

At the same time, households may have superior information sets relative to an econometrician with
access to panel data. I assume that with probability 1−ζ, potentialmigrants have full information (fi) about
their urban persistent type around the time ofmigration so the only unknown around the time ofmigration
is the urban transitory component,

E [VU (bU, pU, ϵU) |pR] =
∫
ϵ′

VU (bU, pU, ϵ
′) dGU (ϵ

′) := V̄ fi
U (bR, pU) . (full information)

Even though the urban persistent type always evolves stochastically, its realization is revealed right
around the time of migration in the full information case, while it is uncertain in the partial information
case, and hence a source of risk. Consequently, the expected value in the full information case, V̄ fi

U , de-
pends on urban persistent type and assets, while the partial information case depends on rural persistent
type and assets.

To be clear, even in the full information case, migration may be risky due to shocks that continue to
arrive after the household has moved. The setup thus cleanly separates two distinct margins related to
initial uncertainty around the time of migration, and continued risk exposure thereafter.

Before deriving the usual discrete-choice migration probability formulas, I make one adjustment to
skill-downgrading that allows me to match the overlap of rural and urban earnings of the least well-off
households. I assume that migrants’ urban earnings are scaled by a factor Λ ≤ 1, so a rural-urban migrant
with urban type pU earns wUΛe

pU+ϵ, and total downgrading in log efficiency units is c+RU = cRU + log Λ. The
difference is that cRU only operates on the p-space and thus represents skill-downgrading, which doesn’t
impact the least-skilled households sitting on the lowest possible realization denoted by p. In contrast, the
factor Λ shifts expected earnings of high and low-skilled households by the same amount.15

Migration Choice Probabilities. The probability of migrating for the imperfect and full information case
14This reflects an imperfect overlap between skills rewarded in rural vs. urban production. While I don’t model occupations explic-

itly, this assumption is consistent with the large literature of occupational downgrading of migrants from poorer to richer locations,
see the discussion in Hendricks and Schoellman (2018).

15Section 3 disciplinesΛ tomatch theworst urban outcome for households at the bottomof the rural income distribution. Appendix
B offers additional details on this issue and how it informs the grid-space in the quantitative model.
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takes the convenient logit form (McFadden, 1974)

πI
RU (bR, pU, pR, ϵR) =

τ−s
RU
(
−V̄ I

U
(
bR, pj(I)

))− s
γ−1

(−VR (bR, pR, ϵR))
− s

γ−1 + τ−s
RU
(
−V̄ I

U
(
bR, pj(I)

))− s
γ−1

for I ∈ {pi, fi}, (7)

where the minus term accounts for the fact that the value function is negative for γ > 1, and pj(I) = pU in
the full information case and pR otherwise.16

A useful property of the Fr?chet distribution is that the expected value of the migration opportunity
admits a closed-form expression

E
[
V pi
m |bR, pR, ϵR

]
= −

[
τ−s
RU

(
−V̄ pi

U (bR, pR)
)− s

γ−1

+ (−VR (bR, pR, ϵR))
− s

γ−1

]− γ−1
s

:= Ṽ pi
m (bR, pR, ϵR) , (8)

where the tildenotation Ṽ pi
m makes clear that this is anunconditional expectation for thepartial information

case. In the full information case, I have

E
[
V fi
m |pU,bR, pR, ϵR

]
= −

[
τ−s
RU

(
−V̄ fi

U (bR, pU)
)− s

γ−1

+ (−VR (bR, pR, ϵR))
− s

γ−1

]− γ−1
s

:= V̄ fi
m (pU,bR, pR, ϵR) ,

(9)

where a meaningful distinction can be drawn between conditional, V̄ fi
m , and unconditional expected value

given by

Ṽ fi
m (bR, pR, ϵR) =

∫
pU

V̄ fi
m (pU,bR, pR, ϵR) dF (pU|pR) . (10)

Since the expected value of migration in the full information case represents a convex combination of ran-
dom outcomes in pU, one can use Jensen’s inequality to show that the full information case dominates the
imperfect information case, Ṽ fi

m > Ṽ pi
m . This is intuitive: households get to decide whether they want to

migrate or not after they see their urban persistent type, which makes them better off compared to house-
holds that have to commit to migration before they know their urban persistent type with certainty.
Urban-Rural ReverseMigration. Since I focus on stationary equilibria, I need reverse urban-rural migra-
tion to balance rural outflows. I assume that a fraction δUR of newborn urban dynasties are forced to the
rural sector, where they draw their persistent and transitory type from the distributions p ∼ N (c0,R, σ0,R),
and ϵ ∼ N (0, σϵ,j), and enter with zero assets.

Modeling reverse flows this way is helpful as the urban household problem can be solved without any
reference to the rural household problem, and rural equilibrium outcomes such asmigration and the rural
wage. Obtaining such a block-recursive structure is particularly desirable in the presence of an endogenous
rural-urban wage gap, which raises the computational burden by adding a non-linear fixed point problem.
17

16I also impose the normalization on the Frechet scale parameter µ = Γ
(
1 + γ−1

s

) 1
γ−1 to purge the continuation value from the

mean effect induced by the randomness of the taste shocks. This normalization ensures that the value function in amodelwith infinite
migration costs coincides with the value function of the same model but without migration (λm = 0). In general, this would not be
the case because the taste shock would shift the continuation value of staying in the rural sector relative to amodel withoutmigration.

17Alternatively, one could generalize the framework and allow for two-waymigration using the samemachinery. My view is that the
reasons for the less common urban-rural migration are different, for instance tied to retirement decisions or family planning. This
would require an altogether different model beyond the scope of the paper. In appendix A, I confirm this conjecture by documenting
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Aggregates and Production. I define the share of urban households byM , and collapse the state variables
into the triplet x = (b, p, ϵ). After adding up migration probabilities for partial and full information case,
the aggregate rural-urban migration rate ΠRU follows

ΠRU = λm

∫
πRU (x) dGR (x) , πRU (x) := ζπ̃pi

RU (x) + (1− ζ) π̃fi
RU (x) ,

whereGR (x) represents the stationary rural distribution. In the full information case, there is ameaningful
distinction between the probability of migrating conditional on the urban type draw (which is known),
and the unconditional probability, given by π̃fi

RU (bR, pR, ϵR) =
∫
πfi
RU (bR, pU, pR, ϵR) dF (pU|pR). In the partial

information case, there are only unconditional probabilities as realized urban productivity pU is unknown
before migration so π̃pi

RU (bR, pR, ϵR) = πpi
RU (bR, pR, ϵR).

The total number of rural-urban migrants thus equals ΠRU (1−M). The law of motion for the mass of
households in the urban sector reads

Ṁ = ΠRU (1−M)− ϕδURM, (11)

which depends on endogenous rural-urban migration, as well as the reverse flow ϕδURM . These reverse
flows combine the death shock ϕ with the exogenous probability of migrating δUR to the rural sector at
birth.

Rural production combines land T , which is in fixed supply and normalized to unity, with total labor
HR =

∫
i∈R e

pi+ϵidi and reproducible capitalKR using a constant-returns-to-scale Cobb-Douglas production
function

YR = (T )
χ
(KR)

ν
(HR)

1−χ−ν
, (12)

where χ and ν represent the land and physical capital share in production. Physical capital depreciates at
rate δk in both sectors.

Urban production also follows a constant-returns-to-scale Cobb-Douglas production function but with
zero land (χ = 0) and an additional labor-augmenting productivity term AU,

YU = (KU)
θ
(AUHU)

1−θ
. (13)

Summary of the Model. I conclude the description of the economic environment with a short discussion
of the rural household problem using a standard HJB equation that highlights the information structure
and reveals what makes the model so tractable. The recursive formulation reads

(ρ+ ϕ)VR (bR, pR, ϵR) = max
c

c1−γ

1− γ
+ (∂bVR) ḃ+AyVR + λm

(
ζṼ pi

m + (1− ζ) Ṽ fi
m − VR

)
, (14)

whereAy is the infinitesimal generator of the income process, and ζṼ pi
m +(1− ζ) Ṽ fi

m is the expected value
of a migration opportunity, which intuitively depends on the share ζ of partial information households.

The HJB equation in (14) also shows why my approach is so tractable: the persistent urban productivity
type does not enter rural households’ state space. Urban outcomes matter, but they are subsumed in the
expectations defined in (8) and (10), which collapse into functions of rural productivity alone given the
statistical link postulated in (6). Standard dynamic Roy models instead carry each sector’s productivity as

how urban-rural migrants differ systematically from rural-urban ones in terms of income, assets, age, and education.
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a separate state variable, which quickly becomes intractable. My framework accommodates an arbitrary
number of sectors, since households only ever track the permanent and transitory type of their current
sector, while still allowing for arbitrary selection into migration including sectoral comparative advantage.
This is particularly true for fully-informed households, who select intomigration based on rural and urban
productivity draws.18

The cost of this approach is thatwhenevermigrationopportunities arise, households obtain anewurban
draw,whichmust be independent of previous draws so that urbanoutcomes stay out of the rural state space.
I view this as a sensible assumption whenever sectoral switches can be represented as rare opportunities,
which appears to be the case in the context of rural-urban migration.

2.2 Equilibrium

I focus on a stationary equilibrium with constant rural-urban share.

Definition 1. A stationary equilibrium consists of aggregate output, capital, factor prices, consumption and
migration policy functions within each sector, and an exogenous interest rate r such that

• households maximize utility subject to constraints and transversality condition;

• final goods firms maximize profits, taking factor prices as given;

• labor markets clear within each sector;

• a stationary distribution g over household income and wealth obtains respecting aggregation con-
straints;

• with constant population shares in each sector.

I next explore some equilibrium properties of the model, which highlight the dependence of rural-urban
migration on the rural-urban wage gap, and lead to a convenient solution algorithm detailed in appendix
B.
Rural-Urban Wage Gap. The urban-rural wage gap defined as ω := wU

wR
is the key equilibrium object that

governs the flow ofmigrants, which becomes apparent after studying themigration problem in normalized
form using value functions that are re-scaled by sectoral wages.

Lemma 1. Conditional on a fixed rural-urban wage gap ω, the value function in both sectors admits a normalized
representation vj

(
b
wj

, p, ϵ
)
=

Vj(b,p,ϵ)

(wj)
1−γ .

The lemma applies to any household whose labor income is proportional to a constant scale factor. A
rural-urban migrant earns wUΛe

p+ϵ, so the relevant scale factor is the effective urban wage wUΛ rather
than wU. Using the normalized value function in the migration probability is helpful as it shows that the
migration probability is homogeneous of degree zero in wages and assets, which leads to a convenient
computational algorithm for the migration block that depends only on the relative wage.19 Unsurprisingly,
rural-urban migration is increasing in the rural-urban wage gap summarized in the following proposition.

18The full-information case can then also be interpreted as an environment where returning to the rural sector is costless right
around the time of migration, without explicitly modeling computationally costly two-way migration. A common criticism raised
toward models with income risk in the urban sector is that unsuccessful migrants could simply migrate back undermining the role
of such risk. If this was the case, then the structural model would infer that the full information case is an appropriate description of
the environment.

19This intuitive result, that renders the computational algorithmmore tractable, would not be true in the case of two-waymigration.
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Proposition 1. Using Lemma 1 together with the conditional migration probabilities in (7) delivers

πI
RU =

(ωΛ)
s · τ−s

RU
(
−v̄IU

)− s
γ−1

(−vR)
− s

γ−1 + (ωΛ)
s · τ−s

RU
(
−v̄IU

)− s
γ−1

for I ∈ {pi, fi},

which is strictly increasing in the rural-urban wage gap ω for any πI
RU. This relationship carries over to the uncon-

ditional probabilities π̃I .20

The steady-state urban population share follows from setting Ṁ in (11) to zero,

M =
ΠRU

ΠRU + ϕδUR
. (15)

Equation (15) establishes a positive link between the rural-urban wage gap and the share of the urban pop-
ulation as a larger wage gap induces more migration.

In contrast, a negative link between the rural population share and the rural-urban wage gap can be
derived from labor demand in each sector

wR = (1− χ− ν)

(
ν

r + δk

) ν
1−ν (

(1−M) h̃R

)− χ
1−ν (16)

wU = (1− θ)

(
θ

r + δk

) θ
1−θ

AU, (17)

where h̃R =
∫
hR (x) dGR (x) is the average human capital level in rural.

Combining (16) and (17), it becomes clear that the rural-urban wage gap implied by labor demand from
the production side is falling in the urban population. The reason is that land becomes relatively more
abundant when there is more rural-urban migration, driving up rural wages. This gives rise to a unique
equilibrium depicted in 1.

Figure 1. Equilibrium Rural-Urban Wage Gap

M

ω

∝
(
(1−M) h̃R

) χ
1−ν

Π
Π+ϕδUR

Equilibrium

I defer the computational algorithm to solve the model to appendix B, and turn to the household-level
panel data to discipline the model next.

20In a slight abuse of notation, let v̄piU =ṽpiU , since there are only unconditional expectations in the partial information case.
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3 Quantification

The quantitative section is split into three subsections. The first subsection discusses the raw data and
measurement context, estimates income processes, and computes additional empirical moments relevant
for model estimation. The second subsection discusses how the model is identified and uses a minimum
distance routine to find the set of structural parameters that best fit the data. The final subsection explores
the model fit with an eye toward selection into migration and consumption volatility.

3.1 Empirics

3.1.1 Data Sources andMeasurement

South African Panel Data. I use data from the National Income Dynamics Study (NIDS), a household-level
panel dataset in South Africa, run by the Southern Africa Labour and Development Research Unit based at
the University of Cape Town’s School of Economics. The data appear in biennial fashion, and comprise in-
formation on income, consumption expenditure, and demographics on a monthly level from 2008 to 2018.
Income and consumption are deflated using the CPI from the South African Statistical Office.
Household Income & Household Consumption. I measure income and consumption on the household
level. Focusing on the household as organizing unit is sensible since individual labor income is often not
well defined in rural areas, especially in agriculture where the entire family shares the burden of and in-
come from farm work. Consumption expenditure includes food and non-food items but excludes large
durable purchases like cars.21

I define labor income as net human capital income broadly construed, including business profits, own
consumption of agricultural output evaluated at market prices, and government transfers. I exclude asset
income and remittances so that measured fluctuations primarily reflect household-specific income risk.22

Migration. Table 1 reports rural-urban migration rates where households fall into one of five mutually ex-
clusive categories: rural stayers, urban stayers, rural-urban movers, urban-rural movers, and households
that move multiple times, which I call two-way movers. These categories are fixed over time, i.e., a house-
hold is always a rural-urbanmover if it moves at some point in the future. The table shows that rural-urban
migration is much larger than urban-rural one, and two-way migration is rare, justifying the focus of the
paper on permanent migration.23

21I drop several additional expenditure classes such as spending on jewelry or wedding and funeral related expenses from the
baseline consumption measure, which would lead to spikes in household expenditure beyond the scope of the model. My preferred
measure is relatively generous towards semi-durable consumption goods in the sense that educational spending, healthcare spending,
clothing, and smaller kitchen items are included. Restricting consumption expenditure to only feature narrowly defined non-durables
such as food leads to artificially low consumption inequality. This is unsurprising since food is a necessary good with income elas-
ticity below unity. See Ligon (2025) for recent work on how non-homothetic preferences impact the measurement of risk-sharing
arrangements.

22Table 38 in the appendix summarizes themean share of remittances and government income in rural (3.7% and 26.4%) and urban
(2.4% and 10.3%), highlighting that remittances constitute a negligible share of income, while income provided by the government
plays a more sizable role in rural South Africa. This latter point has been emphasized as a major achievement of successive post-
apartheid governments in South Africa (see World Bank (2021)).

23I have explored whether permanent rural-urban migrants may be mis-classified in the sense that these migrants are seasonal
migrants found repeatedly in the urban sector. This is unlikely to be the case for two reasons. First, the overall migration rates line
up nicely with the decline of the rural share, which drops by about 6% in the aggregate data, see figure 13 in the appendix. Stable
seasonalmigration would not deliver this decline. Furthermore, it is not the case that households classified as permanent rural-urban
migrants are more likely to be observed in the urban sector during months associated with the lean season.

13



Table 1. Rural-Urban migration flows in South Africa

(1)
Share

Rural stayer 0.238
Urban stayer 0.611
Rural-Urban mover 0.086
Urban-Rural mover 0.037
Two-way mover 0.027
Observations 26245

The other key takeaway is that annualized migration rates are small, about 2%, which follow approxi-
mately from dividing the share of rural-urban migrants by the length of the time interval. An implication
is that the migrant sample is too small for inference on income dynamics, so I focus on stayers within each
sector to estimate income processes.

3.1.2 Income Risk

To estimate income processes across sectors, I follow the approach in Blundell, Pistaferri, and Preston
(2008) and study residualized income and consumption dynamics with a focus on stable households at-
tached to the labor market. I restrict the sample to households with heads between the age of 27 and 62. I
drop economically inactive household heads, and households with ultra-low monthly income below 30 US
Dollars. I drop households experiencing splits, which could happen for example when a child marries and
starts their own family inducing income and consumption dynamics beyond the scope of the model, and
households with large swings in the number of adults. Following Daly, Hryshko, and Manovskii (2022), I
also drop households that appear irregularly in the sample. Lastly, I drop the lowest 5% of income observa-
tions for each sector-wave, which turns out to be only a few observations once I condition on the previous
sample selection criteria. Table 21 in the appendix contains a detailed breakup of sample selection by sec-
tor, and table 22 reports summary statistics for both the raw sample and the selected sample.

I first residualize the data to take out predictable life-cycle trends and other features absent from my
model (sex, age, race, marriage, household size, time effects, and years of schooling) estimated for each
sector separately. Details are in appendix A.3.

Adding classical measurement error xi,t, leads to observed residual log labor income

y∗i,t = pi,t + ϵi,t + xi,t, (18)

The autocovariance moments implied by (18), and conditional on household survival, equal

E
[
y∗t1y

∗
t2

]
= σ2

int + σ2
p · t1 + e−(t2−t1)λϵσ2

ϵ + 1{t1=t2}σ
2
x,t1 (19)

where 1 is an indicator function accounting for classical measurement error that appears only on diagonal
entries of the covariance matrix, and t1 ≤ t2 are time indices relative to an initial period normalized to
zero. The autocovariances are fully determined by the set of parameters θ = {σ2

int, σ
2
p, λϵ, σ

2
ϵ , {σ2

x,t}}.24

24The focus on level moments, in contrast to first differenced income growth rates as in BPP, offers three benefits. First, level
moments are more robust according to Crawley, Holm, and Tretvoll (2022) in the presence of model misspecification. Second, there
aremore level moments than differencemoments, whichmatters for the short sample I have to work with. Third, they identify initial
dispersion for entering cohorts needed for the calibration.
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Figure 2 plots this autocovariance against the time gap k = t2 − t1, and shows how each parameter is
separately identified. Persistent shocks set the level. Because the random walk has no mean reversion,
σ2
p raises the covariance between two waves regardless of how far apart they are, and therefore pins down
the level the profile approaches at long gaps. This can be seen in how the covariance asymptotes to the
dashed black line. Passing shocks account for the decline in the covariance: they contribute e−kλϵσ2

ϵ , so
their dispersion σ2

ϵ fixes how far above that level the profile starts at short gaps, while λϵ fixes how fast it
falls back toward it. Classical measurement error appears only on the diagonal, t1 = t2, and shows up as a
vertical drop between k = 0 and k > 0 that leaves the rest of the profile untouched.

Figure 2. Identification of Income Process
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Before turning to the results, one caveat needs to be addressed. When estimating income risk, I focus on
households that do notmove across sectors, based on the idea that different economic environments entail
different economic risks. Focusing on a sample of stayers, however, could lead to selection bias. It turns
out that because migration is rare, endogenous selection induces a negligible bias regarding the last four
parameters {σ2

p, λϵ, σ
2
ϵ , {σ2

x,t}}, in the sense that simulated autocovariance moments based on the model
with endogenous selection intomigration differ by less than 1% from the simple GMMprocedure used here
that ignores this issue of selection. In contrast, selection is quantitatively important when decomposing
initial inequality at the beginning of the sample, σ2

int, into inequality at birth (σ2
0) vs. income shocks as

households age (σ2
p · age).25 This is why inequalities at birth, {σ0,R, σ0,U}, have to be inferred from the

25If there was no migration, persistent inequality at the beginning of the sample would simply be a linear function of inequality at
birth and average age of the population (ãge) times the volatility of persistent shocks,

σ2
int = σ2

0 + σ2
p · ãge.

However, this simple decomposition is no longer true in the presence of rural-urbanmigration. Note that by construction, rural-urban
migrants are older than urban newborns, andwhen they draw their urban type they obtain a draw from a distribution that differs from
the newborn urban distribution. Dropping migrants from the sample does not solve this problem because some urban households,
that appear to be stayers, might have migrated to the urban sector before the sample starts in 2008.
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minimum distance estimator that uses the full equilibriummodel in the next section.
Using household level panel data on income, I compute the data counterpart

V̂ = Êi

[
y∗
i y

∗
i
′]

where y∗
i = [y∗i,0 y

∗
i,2 ... y

∗
i,T ]

′ is a column vector representing log household income in different periods,
and the mean term is omitted since all means are zero after controlling for time-sector fixed effects.

Empirical Autocovariances andGMM. Turning to the results, table 2 reports the empirical autocovari-
ance matrices. Reading down a column increases the time gap between the two waves; moving down a
sub-diagonal holds the gap fixed and shifts both waves later in time. The two directions identify the two
shocks separately.

First, reading down a column of the left rural panel, the autocovariances decline as log income is mea-
sured further apart in time. This decay is the signature of passing shocks: its magnitude identifies σ2

ϵ and
its speed identifies λϵ. Glancing at the right panel, the same decline is much weaker in urban, indicating a
larger role for imperfectly transitory shocks in the rural sector.

Second, persistent shocks lead to a fanning out of inequality over time, since the covariance between
two waves a fixed distance apart grows the later the pair is observed. Moving down the first sub-diagonal
of the urban matrix, the autocovariances rise, while the same sequence in the rural matrix is flat. This
fanning out identifies σ2

p, and suggests that persistent income shocks are more important in urban than in
rural South Africa.

Table 2. Income Covariance Matrix – South Africa

(a) Rural

yt yt+2 yt+4 yt+6 yt+8

yt 0.52
yt+2 0.27 0.55
yt+4 0.23 0.27 0.49
yt+6 0.22 0.18 0.25 0.48
yt+8 0.18 0.16 0.23 0.34 0.57

(b) Urban

yt yt+2 yt+4 yt+6 yt+8

yt 0.52
yt+2 0.27 0.63
yt+4 0.24 0.26 0.58
yt+6 0.26 0.25 0.32 0.53
yt+8 0.23 0.26 0.32 0.34 0.56

Log household income is total earned labor income broadly defined plus net government transfers, i.e., welfare payments minus
taxes. This measure includes income from own consumption in subsistence agriculture as well as profits but excludes investment,
rental income, and remittances. Income is residualized using a first-stage regression controlling for age, education, sex, race, and
household size as well as time effects, separately for urban and rural households. Panel weights are applied.

The GMM routine infers the parameters of the income process byminimizing the distance between the
empirical covariance matrices and the theoretical moments from (19). To implement the GMM routine, I
use an optimal weighting scheme, and select relevant moments from the covariance matrix that are below
the diagonal entries since the diagonal entries are confounded by time-varying measurement error.26

The point estimate of the variance of the randomwalk component in the rural sector is small and equals
0.003 . In contrast, the urban sector exhibits a volatility of around 0.0117 , comparable to estimates for the
US, see Crawley, Holm, and Tretvoll (2022), and roughly four times as large as in rural South Africa.

In contrast, passing shocks aremore important for rural households. A large varianceof aroundσ2
ϵ = .26

26Income is measured on a monthly basis for the South African sample so the error induced by time aggregation is negligible. The
code also allows for time-aggregated data relevant whenever income or consumption are averaged over an entire year.
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together with strong persistence of λϵ = .5,27 imply that imperfectly transitory shocks are an important
source of income volatility in rural South Africa. The role of imperfectly transitory shocks in the urban
sample ismuch smaller, as indicated by the low variance of these shocks. More generally, the urban sample
doesnot havemuchpower to tell apart a highλϵ froma lowvariance of shocksσ2

ϵ since in either casepassing
shocks don’t matter.

Lastly, I infer measurement error as a residual from the diagonal of the covariance matrix given esti-
mates for the parameters of the income process, which appears overall large, and I stress that fully tran-
sitory shocks and measurement error are not separately identified (Friedman, 1957). Measurement error
will be important later on when computing passthroughs from income shocks to consumption, which are
sensitive to the degree of measurement error.

Table 3. Income Risk in South Africa

Rural Urban
Estimate SE Estimate SE

σ2
p 0.003 0.0065 0.0117 0.0045

λϵ 0.4987 0.2611 0.3333 0.7473
σ2
ϵ 0.2602 0.0987 0.05 0.0415

σ2
int 0.1795 0.0306 0.18 0.0365

Results are based on a gmm routine where the simulations account for time aggregation in income. Asymptotic standard errors are
clustered on the household level. After estimating the key parameters, I infer the measurement error on the diagonal as a residual
with {σ2

x,0, σ
2
x,2, σ

2
x,4, σ

2
x,6, σ

2
x,8}R = { 0.1088 , 0.1213 , 0.0515 , 0.0482 , 0.1161 }, and {σ2

x,0, σ
2
x,2, σ

2
x,4, σ

2
x,6, σ

2
x,8}U = {0.1678 , 0.2583 ,

0.17 , 0.0902 , 0.0962 }.

The difference in permanent volatility across the two sectors is an important input into the quantifica-
tion, and I thereforedonotwant to rest it on relativelynoisy estimates alone. First, I build on the approachof
Deaton and Paxson (1994), which leverages the insight that persistent shocks generate a systematic increase
in within-cohort inequality over the life cycle. The strength of this approach is that it can be implemented
using cross-sectional data alone. Consistent with the panel evidence, I find that inequality within cohorts
fans out at a higher rate in the urban sector in several other emerging economies, including Mali and Côte
d’Ivoire, see appendix A.4. Second, I have explored additional panel evidence from another large emerging
market, China, which yields very similar results to the South African case.28

A key assumption throughout is that income risk is a property of the sector, and not of the individual
household. The smallmigrant samplemakes it infeasible to estimate an incomeprocess formigrants alone,
whichwould address the question directly. Two pieces of indirect evidence speak in its favor. First, the esti-
mated income process for urban South Africa looks very similar to the one estimated for the United States,
even though the share of recent rural-urban migrants is far larger in urban South Africa than it is in the
US. If formerly rural households brought a different income process with them, wewould expect the two to
look quite different. Second, recent migrants in South Africa do not experience faster income growth than
households that have always resided in the urban sector, so the two groups appear to be on similar mean
income trajectories.
Summary. Rural income shocks are large but mean-reverting, while urban shocks are smaller but perma-
nent. A natural interpretation is that urban earnings depend more heavily on differentiated skills, whose
accumulation and depreciation generate persistence in income over time, whereas rural incomes depend
on agriculture and are exposed to idiosyncratic weather shocks that pass.

27This degree of persistence corresponds to a coefficient of autocorrelation of about .6 = e−.5.
28Results available upon request.
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Read this way, the classic dual-sector perspective of Lewis (1954) extends naturally to risk: the two sec-
tors differ not only in the level of income they offer, but in the kind of risk that comes with it. And because
that difference is a feature of the sector rather than of the household, a household that moves to the city
takes on the urban income process along with the urban wage.

The analysis so far has only focused on income dynamics among households that remain in the same
sector. I next turn to rural-urban migration and rural-urban income gaps, which provide additional key
moments for the quantification.

3.1.3 Rural-UrbanWage Gaps and Selection intoMigration

I first report rural-urban wage gaps, before I analyze how migrants are selected relative to rural stayers. I
now use less strict sample restrictions to keep the sample size large given relatively fewmigration events.29

Rural-UrbanWage Gaps. Table 4 reports the cross-sectional rural-urban wage gaps. The raw rural-urban
wage gap, which is omitted from the table, is around 70 log points. After controlling for observables, the
wage gap falls to around 45 log points.30 Sincemymodel does not feature an endogenous schooling choice,
this residual wage gap is the relevant object to target. The second row reports results based on a regression
with household fixed effects, which further reduces the gap to about 30 log points, in line with the previous
literature, see Lagakos et al. (2020).31

Table 4. Rural-Urban Wage Gaps

Estimate (SE) Description
0.45 ( 0.04 ) Log wage gap (cross-section)
0.34 ( 0.09 ) Log wage gap (fixed effects)

An important theme of the paper is that average wage gaps do not contain sufficient information to
understand the gains and costs associated with rural-urban migration. Figure 3 plots the entire empirical
income distribution in each sector after controlling for age and education, and makes the following point:
the two distributions overlap a great deal, so many rural households earn more than their urban counter-
parts. Migrants could therefore conceivably end up with an urban income below what they earned in the
rural sector, despite the positive mean gap.
Selection intoMigration. I explore how rural-urban migrants are selected relative to rural stayers by run-
ning a simple cross-sectional regression amongst all households in the rural sector

yi,t = α+ βD (i ∈ RU) + γ′xi,t + ui,t

where D (i ∈ RU) is a dummy variable that takes a value of one if the household migrates permanently to
29I focus on households aged 23-64 with attachment to the labor market. Moreover, I trim the sample dropping the lowest 3% and

highest 1% of log income and log consumption for each sector. Overall, cross-sectional moments are not sensitive to which sample
restrictions are applied.

30A natural question is to what extent nominal wage differences reflect real wage differences, i.e., how sensitive are the results if I
deflate wages using spatial price indices. Young (2013) sidesteps this issue by using direct measures of consumption, and finds gaps
that, if anything, are larger than the income gaps reported here. As discussed in Section 2, any remaining price wedge is absorbed
into τRU and leaves the role of risk unchanged.

31See also Hamory et al. (2020), Alvarez (2020), and Pulido and Swiecki (2018), which find even larger differences between the cross-
sectional and the fixed effects estimates. Note that my fixed effects estimate is relatively large because I control for household size and
focus only on rural-urban migration. Both are purposeful choices. Household size often falls around migration as some household
members are left behind for some time, understating the gains when not controlling for size. In addition, the gains for rural-urban
movers tend to be larger than the losses for urban-rural movers, so pooling the two directions attenuates the estimate; one more
reason to treat the two kinds of migrants separately.
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Figure 3. Income distribution rural vs urban
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This figure plots the distribution of residual log income in rural and urban areas. The sample is restricted to households with income
within the 3rd–99th percentile of the income distribution and to individuals of working age (23–64). Income is residualized on age and
age squared, education, household size, gender, and year fixed effects; Both the rural and urban distributions are evaluated against
the same set of coefficients and only the location-specific level is left to differ. Cross-sectional survey weights are applied.

the urban sector at some point in the future and zero otherwise, and xi,t is a vector of controls. The re-
gression model thus compares stayers with future migrants when both groups are still in the rural sector.
Table 5 reports the results, and shows that selection into migration is negative in the sense that income of
future migrants is 30% lower than the income of stayers when both groups are present in the rural sector.
After controlling for observables, the coefficient remains large at around -15%. Using log consumption in-
stead of log income leads to extremely similar results, suggesting an important role for permanent income
differences.

Table 5. Selection into Migration

Estimate (SE) Description
-0.28 ( 0.08 ) log income gap (raw)
-0.14 ( 0.06 ) log income gap (controls)

Control variables include a second order polynomial in age, years of schooling, household size, and fixed effects for race, gender, year,
and marital status. Standard errors are clustered on the household level.

Figure 4 illustrates how the likelihood of migration falls in household income when split into deciles.

Figure 4. Migration Probability amongst Rural Households
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This figure plots the share of rural households that eventually move to the urban sector, by decile of their rural income. The sample
is restricted to heads of working age (23–64) with income within the 3rd–99th percentile of the income distribution. Income is resid-
ualized on household size, education, age and age squared, gender, and year fixed effects. Cross-sectional weights are applied. The
slope of a bivariate regression of migration probability on decile equals -0.0075 .

The negative selection of permanent rural-urban migrants contrasts with the influential argument in
Young (2013), suggesting that rural-urban wage gaps are explained by the sorting alone. A key piece of evi-
dence in Young (2013) is that migrants are more educated than rural stayers. I replicate a virtually identical
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educational gap in the South African data: movers have roughly two more years of schooling than stayers.
However, the gap is a cohort effect. Migrants are young, and younger South African cohorts are far better
educated than older ones. The schooling difference between movers and stayers disappears fully once age
is controlled for, see table 22b in the appendix. Conditional on age, rural-urban migrants are no more ed-
ucated than rural stayers, yet they remain negatively selected on both income and consumption.
Rural-Urban Income Correlation. If urban income is partly unknown, the correlation between rural and
urban income among movers becomes an important empirical object to discipline the model. I estimate
the reduced-form link between rural and urban income using a simple linear regression of urban income
on lagged rural income,

yi,U,t = α+ βyi,R,t−2 + ui,t. (20)

Since measurement error and transitory shocks induce a downward bias, I estimate equation (20) using an
IV approach with lagged income in yi,t−4 as an instrument for yi,t−2. Table 6 reports the results for both
OLS and IV. The IV estimate is around .6, and twice as large as the OLS estimate. This points toward the
sizable role ofmeasurement error, and highlights the importance of differentiating between transitory and
persistent shocks. The structural model will go further and show that even the IV estimate does not have
a clean structural interpretation, i.e., is not exactly equal to ρRU. The IV, however, is essential to purge the
empirics from time-varying measurement error.

Table 6. Rural-Urban Wage Gaps

Estimate (SE) Description
0.28 (0.052) OLS
0.58 (0.186) IV

Table 28 in the appendix reports additional details, and implements a placebo test for stayers. The IV estimate for stayers is
substantially higher, at around .8.

IncomeGains, Losses, andVolatility. I next document how likely it is that migrants improve their income
after moving, and I compute the related moment of income volatility around the time of migration. While
these moments are rarely reported, they are central to tease out how risky migration is together with the
structural model.

Figure 5 compares household income and consumption pre and post migration, and only migrants on
top of the 45-degree line have improved their income. Two findings stand out. First, not all households gain
from migration: while most observations lie above the 45-degree line, a non-trivial share of migrants ex-
perience income and consumption losses after migration. Second, there is substantial dispersion in urban
outcomes for rural households with initially similar income or consumption, as can be gauged by the low
predictive power of initial income.

To explore the probability of income gains and losses more systematically that controls for time effects
and family composition, I estimate a linear probability model for the likelihood that household income per
adult exceeds its previous level,

Di,t (yi,t > yi,t−2) = α+ βDi,t (U) + γ′xi,t + ui,t,

whereDi,t (U) indicates the first period in which the household is observed in the urban sector, and xi,t is
a set of control variables. The first row in table 7 reports the result: the probability of income gains is about
20% higher at the time of moving. Taken together with the baseline rate of improving your income with

20



Figure 5. Migration and Income/Consumption Gain
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This figure plots pre- versus post-migration log income for rural-to-urban migrants and rural stayers, restricted to households with
income within the 3rd–99th percentile of the income distribution and to heads of working age (23–64). For each household I compute
the average log incomewhile in rural and urban separately; households are included only if both a rural- and an urban-period average
is observed. Cross-sectional panel weights are applied. Same restrictions apply to the consumption plot with trimming based on
consumption.

a probability of 55%, this still leaves a substantial share of around 25% of households who don’t improve
their income upon migration.

Tightly related to the possibility of income losses is the overall increase in volatility associated with
migration relative to rural stayers. To put this volatility into perspective, I compare it to annualized income
growth associated with migration, using the following two regression models

∆yi,t = α+ βDi,t (U) + γ′xi,t + ui,t,(
∆̃yi,t

)2
= α+ βDi,t (U) + γ′xi,t + ui,t,

where the first row estimates income growth around migration. The second row computes the variance
of income growth after residualizing the data appropriately so that the variance isolates dispersion around
each group’s mean income growth. The final two columns in table 7 report the results on income growth
and volatility. Reassuringly, mean growth is positive, consistent with the sizable urban income premium
estimated earlier.

Table 7. Income Gains and Income Volatility

Baseline (SE) Migration Dummy (SE) Description
0.56 (0.017) 0.21 (0.042) Probability of income improvement
0.03 (0.009) 0.32 (0.044) Income growth
0.12 (0.007) 0.048 (0.025) Income volatility

Table 29 and 31 in the appendix reports additional results and details, including consumption and specifications without controls. In
terms of growth and volatility, consumption the migration dummy is slightly lower. I will return to the consumption moments later
on, and use them to see how well the model performs for non-targeted moments.

Income volatility also spikes around the time ofmigration, consistent with risky rural-urbanmigration.
At the same time, income volatility is large even for rural households who do not migrate (SD =

√
0.12 ≈

.35). Importantly, income volatility for stayers ismostly driven by passing shocks, whichwill bemore easily
insured using bufferstock savings.32 This is precisely why the level of volatility is not by itself informative

32The volatility of stayers closely matches the volatility implied by the stochastic process estimated earlier. To see this, use the
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about risk exposure. Whether the spike around migration is different in kind depends on whether it re-
flects persistent shocks. Table 31 in the appendix reports differences in mean consumption and consump-
tion volatility across groups. Consumption volatility increases by a similar magnitude as income volatility
around migration, which is what one would expect if the underlying shocks are persistent. I will return
to the model’s ability to match rural and urban consumption patterns in section 3.3, and use the model to
decompose the increase in volatility into transitory and persistent shocks.

3.2 Model Calibration and Estimation

I discipline the model with a blend of calibration and indirect inference. A small set of parameters is fixed
using external evidence or accounting normalizations. The remaining primitives are estimated by simu-
lated method of moments (SMM). Below I list the parameters taken from external sources and the normal-
izations, describe the set of parameters estimated internally, and summarize which empirical moments
most directly identify each parameter.

3.2.1 Calibrated and Externally Estimated Parameters

Preferences and Production. The interest rate of the risk-free bond is set to be r = 2.7%.33 The discount
factor equals ρ =0.0200 , and the coefficient of relative risk aversion is set to γ =2.0000 , consistent with
recent evidence in Choukhmane and Silva (2022).

In a stationary environment, rural outflows balance rural inflows. For a value of ϕ chosen below, the
value of δUR consistent with a stationary equilibrium thus equals δUR = ΠRU

ϕ

(
1−M
M

)
, which only depends on

known parameters or directly observable objects such as the aggregate rural-urbanmigration rate,ΠRU, as
well as the rural-urban population ratio. Given a migration rate of about 2% together with an urban share
of .65 implies δUR =0.3500 .

Urban production follows the standard neoclassical model with a reproducible capital share of 40%,
a labor share of 60% and a depreciation rate of δk = 5%. Rural production follows Hansen and Prescott
(2002) with land, capital, and labor share equal to 30%, 10%, and 60%, respectively. This calibration lines
up well with Gollin (2002), which documents that the labor share is roughly stable across the development
spectrum.
Income Process. I pick the parameters governing the income process consistent with the estimates from
the empirical section. I chose a death shock ϕ =0.0300 consistent with an average career of 33 years as in
Gabaix et al. (2016).34 Further, I set average human capital amongst urban newborns equal to c0,U = −.4.
This generates a realistic urban income distribution, appearing log-normal over most of its domain but
with a thick right tail. Choosing c0,U externally does not materially affect the analysis as the key parameter
governing unobserved human capital differences across sectors is the gap between urban and rural initial
average log human capital, c0,U − cR,0. This gap is inferred in the structural estimation because cR,0 is al-

stochastic process to derive volatility of the growth rate, and plug in numbers close to the earlier estimates to illustrate that the im-
plied income volatility estimate is surprisingly close, given differences in selection criteria and a simpler residualization procedure:
V (∆y/2) = σ2

p/2 +
(
1− e−2λϵ

)
σ2
ϵ /2 + σ2

x/2 ≈ 0 +
(
1− e−1

)
∗ 0.26/2 + .1/2 ≈ .13.

33Interest rates are important because they shape to what extent endogenous wealth inequality impacts consumption inequality. In
related work I consider a general equilibrium version of the theory where land-intensive production sustains high interest rate, and
explore their implications for consumption inequality and intergenerational mobility, see Trouvain (2025a).

34This stabilizes the income distribution and implies a tail-coefficient of log permanent income of
√

2ϕ
σ2
p
. While not targeted, the

model-based tail coefficient is consistent with its empirical counterpart, in particular a thicker income tail in the urban sector, see
table 37 in the appendix.
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lowed to vary freely. Aside from this, the rural and urban income processes are disciplined by the estimates
reported in the previous section.
Migration Arrival Rate and Fixed Cost of Migration. In general, the migration wedge τRU and the arrival
rate λm are not separately identified as a higher disamenity or fewer migration opportunities can rational-
ize the same steady-state migration flow.35 I calibrate these two parameters as follows. First, I choose an
arrival rate of migration of λm = 0.2000 . This means that households obtain opportunities to permanently
migrate every five years, on average. Given λm, I can then infer τRU to match moments in the data.

Regarding thefixed cost ofmigration, I choose a value consistentwith experimental evidence onpoverty
traps in Banerjee, Duflo, and Sharma (2021).36 The authors show that a large one-time transfer to ultra-poor
households in rural India, amounting to roughly 80% of annual household income, generates substantial
and persistent labor income gains driven by rural-urban migration to higher-wage destinations. A fixed
cost consistent with such poverty traps must be somewhat close to the size of the transfer, which leads to a
value of fRU = 0.0460 in my quantification. If the fixed cost is much higher, the transfer would not impact
rural-urban migration relative to a control group. Similarly, if the fixed cost was much lower, non-treated
households would also be able to migrate and again there would be no measurable gap between treatment
and control group. Later on, I will use the model to study how important micro-level poverty traps are for
aggregate rural-urban structural change.

Table 8 summarizes the calibrated parameters.

Table 8. Calibrated or Externally Estimated Parameters

Parameters Value Reference

Preferences
ρ 0.0200 standard value
ϕ 0.0300 avg. length of work life
γ 2.0000 Choukhmane and Silva (2022)

Technology
r 2.7% see text
δUR 0.3500 see text
χ 0.3000 Hansen and Prescott (2002)
ν 0.1000 Hansen and Prescott (2002)
θ 0.4000 Gollin (2002)
λm 0.2000 see text
fRU 0.0460 see text

Income Process
σ2
p,R 0.0030 own estimation

λϵ,R 0.4987 own estimation
σ2
ϵ,R 0.2602 own estimation

σ2
p,U 0.0100 own estimation

λϵ,U 0.3333 own estimation
σ2
ϵ,U 0.0500 own estimation

c0,U -0.40 urban income distribution

35The fact that the arrival rate of migration opportunities and migration disutility wedges are not separately identified is more
generally true in discrete choice models of migration, see the appendix of Caliendo, Dvorkin, and Parro (2019).

36See also Bryan, Chowdhury, and Mobarak (2014) and Balboni et al. (2022).

23



3.2.2 Internally Estimated Parameters

I next select several empirical moments guided by the theoretical framework to estimate the remaining
parameters using the simulated method of moments (SMM). Even though all parameters

Θ = {c0,R, cRU,Λ, ρRU, σRU, ζ, s, τRU, σR,0, σU,0}

are jointly identified in the SMM routine, certain moments are especially informative about particular pa-
rameters. I highlight those links to provide intuition andmotivate the inclusion of the respectivemoments.

The cross-sectional rural-urban wage gap helps identify a newborn rural cohorts’ average permanent
type at entry, c0,R < 0. Intuitively, differences in average human capital are sensitive to newborn rural
cohorts’ average permanent type at entry.37 The rural-urbanwage gap, after controlling for household fixed
effects, is particularly sensitive to the migration wedge τRU. A higher wedge requires higher real wage gain
so households are willing to move, which implies a higher fixed effects estimator. Skill-downgrading cRU

is intimately linked to negative selection into migration, as skill-downgrading does not impact the least-
skilled rural households due to a natural lower bound on the persistent productivity draw. That is, a higher
skill loss upon migration only impacts sufficiently skilled migrants.

In contrast, the parameter Λ is identified by the worst urban outcome facing the lowest-income rural
households. This is a moment I impose rather than measure: I require that such a household loses 5% of
income upon moving. An adjustment of this kind is necessary because the rural-urban wage gap satisfies
ω > 1, so that without it even the worst possible urban drawwould leave the poorest rural household better
off than staying, and migration would be a guaranteed gain. Estimating this number directly is difficult,
since extreme outliers are dropped from the analysis to begin with, so it is best read as a normalization that
keeps some downside risk present at the bottom of the rural distribution.

Relative to the previous literature, there are three novel parameters: the average link between rural
and urban productivity, ρRU, the extent to which this average is informative about actual urban outcomes
parameterized by the volatility, σRU, and finally, the share of households that do not know their urban per-
sistent draw ex-ante, ζ. To identify ρRU, I use the reduced-form link between rural and urban income based
on the IV estimates of about .6. To identify the volatility of urban draws relative to the mean, I match the
difference in income volatility of stayers relative to movers of about .04. And finally, to identify the share of
households without ex-ante information of urban persistent type, I match the share of households that im-
prove their income around the time of migration. Intuitively, if more households had ex-ante information,
the share of households doing worse in the urban sector would fall.

Figure 6 confirms this logic by plotting the link between simulated moment and respective parameters
while holding all other parameters fixed at their optimal value. At the same time, all parameter estimates
are interrelated. For example, changes in volatility also impact the share of households that experience
income losses in the urban sector in the sense that an increase in σRU makes good and bad tail outcomes
more likely.

37One interpretation for c0,R < c0,U is the superior quality of schooling in urban, recall I condition on total years of schooling.
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Figure 6. Identification of ρRU, σRU and ζ

The plots hold all other structural parameters used to solve the model fixed, and vary the parameter in question by up to 20%.

The remaining parameters concern preference heterogeneity s, and initial inequality {σ0,R, σ0,U}. To
identify the degree of preference heterogeneity, note that for extreme levels of taste heterogeneity (s →
0), migration choices would be unrelated to expected income gains, and identical across households that
can afford the fixed cost. Conversely, for s → ∞, migration choice probabilities feature strong selection
and migration probabilities become polar in the sense that households of a certain type x always or never
migrate, i.e., π (x) ∈ {0, 1}. A helpful moment to estimate the degree of preference heterogeneity is thus
the rate at whichmigration rates decline in income as parameterized by the decline from lowest to highest
income decile, which is about .0075. Intuitively, this slope asymptotes to zero when taste shocks become
large. Lastly, initial inequality is inferred by finding an initial degree of dispersion that is consistent with
measured inequality in each sector. This moment is quite sensitive to selection into migration, which is
why it is included in the structural estimation routine.

Finally, I minimize the loss function in terms of absolute percent deviations

L (θ) = min
θ∈Θ

∑
k

|modelk − datak|
1
2 (|modelk|+ |datak|)

(21)

across all k ∈ K moments. Appendix B.4 contains details on the exact simulation procedure used to com-
pute simulated moments and minimize the loss function.

3.3 Model Fit

Table 9 collects all empirical moments, and compares them to the simulated model-based moments. The
model replicates salient features of rural-urbanmigration in South Africa, and in particular novelmoments
related to the correlation of rural and urban income, and the likelihood of an income loss uponmigration.

Table 10 shows the estimated parameter values that minimize the loss function.
Three parameters are of particular importance to understand the risky nature of migration, namely the

statistical link between rural and urban income captured in ρRU and σRU, as well as the share of households
that migrate without prior knowledge of their persistent urban type parameterized by the share ζ.

Turning to the statistical link between rural and urban income, ρRU, note that the parameter estimate
is substantially higher than the reduced form coefficient from the IV regression. This follows from three
aspects of the environment. First, mean-reverting passing shocks induce a downward-bias in the estimator
similar to classic measurement error. Second, note that the effect of skill-downgrading, cRU, is inherently
asymmetric in its impact along the income distribution. Skill-downgrading represents a shift downward on
the income grid for higher-income rural-urbanmigrants. This downward shift, however, disappears for the
least fortunate households as they are already at the very bottom of the distribution. For these households,
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Table 9. Moments Targeted in the Estimation

Moments data SA model SA
Log rural-urban wage gap (cross-section) 0.45 0.45
Log rural-urban wage gap (fixed effects) 0.34 0.35
Autocorrelation urban-rural income (IV) 0.58 0.61
Volatility of log income around migration rel. to no migration 0.04 0.04
Log(migrant income in rural/stayer income in rural) -0.14 -0.16
Slope migration rate on income decile -0.0075 -0.0075
Probability of income around migration rel. to no migration 0.21 0.18
Initial inequality rural 0.18 0.17
Initial inequality urban 0.18 0.21

The routine is solved such that migration rates exactly agree with the urban population share of 0.65. Initial inequality is the degree
of inequality in the simulated data in the first wave for each sector net of measurement error and transitory shock. I further enforce
that the worst outcome in urban leaves the lowest income rural-urban migrant 5% worse off, which pins down Λ.

Table 10. Internally Estimated Parameters

Parameter c0,R cRU Λ ρRU σRU ζ s τRU σR,0 σU,0
Estimate -0.92 -0.14 0.90 0.84 0.51 0.78 8.62 1.08 0.14 0.0100

The urban TFP shifterAU =0.64 is uniquely pinned down as a residual to ensure urban labor demand is consistent with urban labor
supply. I thus don’t have to estimate this parameter directly and simply infer it by combining the rural wage and the endogenous
rural-urban wage gap. This convenient simplification works because both rural and urban value function are homogeneous of degree
1− γ in the sectoral wage.

migration largely represents upside risk, which weakens the link between rural and urban income. Third,
a fraction of households 1 − ζ knows their urban type ex-ante. The ensuing selection weakens the link
between rural and urban income as only households that actually have received a relatively high urban
draw move to the urban sector.

The standard deviation around expected urban persistent type, σRU, is large and about .5. This repre-
sents substantial risk for households that don’t observe their urban persistent type ex-ante. This finding
may be surprising in light of the seemingly small interaction term of migration and volatility of only .04 in
table 7 in the empirical subsection.

In the absence of a structural model, this would have been easily misinterpreted asmigration being not
particularly risky. The key to this result is the distinction between imperfectly transitory and persistent
shocks. Imperfectly transitory shocks are larger in the rural sector, which, ceteris paribus, would lead to a
fall in income volatility amongstmovers. At the same time, a large increase in the volatility of the persistent
income component raises volatility. Together, this leads to an increase in volatility of around .04. When I
use the model to simulate the volatility of the persistent type p alone, it ends up substantially higher and
equal to 0.06 . This number lines up nicely with the standard deviation of .5 since volatility is computed as
variance in annualized form over two years, i.e., V (∆p/2) = .52/4 = 0.0625.38

Regarding information about initial urban persistent type, I estimate ζ =0.78 , so roughly four in five
potential migrants move without knowing their long-run urban productivity. This is a large degree of un-
certainty but consistent with the large number of households that end up not improving their income. In
addition, note that rural-urban migrants that improve their income by less than 10% would have preferred

38This result is robust to allowing for a correlation structure between rural and urban transitory type. In fact, if rural and urban
transitory type were perfectly correlated, then the share of income volatility which is due to transitory shocks amongst rural-urban
moverswould be even lower. This follows fromnoting that if the transitory type remains the same, it contributes nothing to the overall
volatility based on first-differences. Consequently, an even higher share of the empirically measured volatility would have to accrue
to the persistent component, making migration more risky.
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to stay in the rural sector, since the migration wedge τRU is estimated to be about 10%, which further raises
the share of households that wouldn’t have moved had they had full information. In sum, sizable income
gains of migration of 35% are consistent with large risks that manifest themselves in disparate outcomes
leaving a substantial share of migrant households worse off.

The estimation also pins down the taste dispersion parameter s at around 8.6. This is larger than what is
commonly found in spatial models, but consistent with the estimates in LMW. To match the strong degree
of negative selection into migration, a low degree of preference heterogeneity is necessary, which maps
into a large shape parameter s. Initial inequality at birth in rural equals 0.14 , which is sensible and lines
up with the empirical estimate. In the urban sector, initial inequality at birth is estimated to be very low at
0.0100 . This low estimate is due to the impact of endogenous rural-urban migration on urban inequality.
Since migration is risky and induces uneven outcomes, measured inequality in the urban sector is inflated
bymigration. Consequently, tomatch observed urban inequality, initial inequality at birth needs to be very
low. Appendix B.3 offers more detail on this point. There I plot the simulated autocovariance matrices,
which line up nicely with the empirical ones, and illustrate the confounding impact of migration on initial
inequality across sectors.

3.4 Selection intoMigration

Income. While the model matches negative selection on income by design, it can be used to ask whether
that selection operates through the persistent or the transitory type. Figure 7 plots the migration choice
probabilities πRU as a function of the persistent and the transitory income type separately, i.e.,

πRU (p) :=

∫
ϵ

∫
b
πRU (b, p, ϵ) dGR (b, p, ϵ)∫

ϵ

∫
b
dGR (b, p, ϵ)

,

which is the average migration probability among rural households of persistent type p, and analogously
for ϵ.

The left panel illustrates a steep negative migration gradient in the persistent component p. This neg-
ative selection in p is a natural implication of the lottery-like aspect of rural-urban migration, where low-
income rural households have relatively more to gain than high-income rural households. It is this simple
yet quantitatively powerful channel that generates the negative selection patterns found in the data.

The right panel plots the link between migration and transitory income states, which is also negative.
Intuitively, since transitory shocks are uncorrelated across sectors, a household with a low rural transitory
type has a higher incentive to move. At the same time, we see that the gradient at which migration prob-
abilities fall in transitory income is much less steep compared to the persistent type. The reason is that a
low transitory draw fades relatively quickly, in contrast with a low persistent type. Persistent shocks are the
key determinant of long-run consumption, and hence the far more important driver of migration.
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Figure 7. Selection into Migration – Income

I compute unconditional migration probabilities using πRU (p) =
∫
ϵ

∫
b πRU (x) dGR(b, ϵ), which gives the unconditional probability

that a household of type p seizes the migration opportunity.

Taking account of the negative selection into migration is important to understand the human-capital
gap across sectors. Figure 8 plots the average persistent and transitory type of rural households, rural-
urban migrants while still in rural, and urban households. The plot illustrates that the cross-sectional gap
between rural and urban households, i.e., the gap between the left and right bar, understates the gap in
human capital between newborn rural and newborn urban households, c0,U− c0,R. This discrepancy is due
to negative selection intomigration, whichmakes the rural sector appearmore productive, while relatively
low-income migrants pull down average human capital in the urban sector. Adding the sectoral wage gap
to the corrected human-capital gap gives the expected income difference between a newborn urban and a
newborn rural household,

c0,U − c0,R + logω = 0.58.

This gap is well above the measured cross-sectional wage gap of 0.45 and the fixed-effects gap of 0.35 .
Consequently, my framework suggests that being born in the rural sector imposes an even larger burden
than implied by simple regression-based approaches, which are confounded by endogenous migration.
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Figure 8. Unobserved log human capital

To compute the average amongst migrants, note that the distribution of rural-urban migrants follows from Bayes’ law dGRU (x) =
dGR (x)πRU (x) /

∫
πRU (x) dGR (x). Averages of rural and urban are computed against the stationary rural and urban distribution.

The gap in human capital is smaller than the income gap due to a positive wage premium, log (ω) > 0.

Wealth. Turning to the link between wealth and migration, the red dashed line in the left panel in fig-
ure 9 represents the unconditional migration probability that a household with a certain amount of assets
chooses tomigrate, given the opportunity. We see a jump in themigrationprobability as soon as households
are able to cover the fixed cost. From then on, the link betweenwealth andmigration is non-monotone. The
dynamics are somewhat hard to grasp as income types are changing with assets, so I compute migration
probabilities in assets, holding the distribution of income fixed in the solid blue line. Again, an initial jump
is followed by non-monotone patterns that are somewhat surprising, and point to a confluence of factors.
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Figure 9. Selection into Migration – Wealth

I compute unconditional migration probabilities using πRU (b) =
∫
p

∫
ϵ πRU (x) dGR (p, ϵ), which gives the unconditional probability

that a household with assets b seizes the migration opportunity. One issue that makes interpretation hard is that the share of high
and low income types shifts with assets. The blue line deals with this issue by holding the population type fixed using the marginal
distribution over p and ϵ, and then studies how migration probabilities change as assets increase. The right panel computes the
distribution of rural-urban migrants using Bayes’ rule, i.e., gRU (x) = πRU (x) gR (x) /

∫
πRU (x) dGR (x) .

The non-monotonic link between wealth and migration reflects three channels. Two of them raise mi-
gration. First, wealth allows households to afford the fixed migration cost. Second, and consistent with
the logic in Bryan, Chowdhury, and Mobarak (2014), migration is risky, and wealth reduces the impact of
migration risk on consumption volatility. Appendix B.7 shows in closed form, using first and second-order
approximations, how migration risk falls as wealth increases.

The third channel works the other way, especially so for households with low levels of labor income.
The reason is that as wealth increases, the share of labor income falls mechanically. Yet, the gains from
rural-urban migration are tied to increases in labor income. If labor income becomes an unimportant
source of income, rural-urbanmigration becomes unattractive. The left panel of figure 10 is a case in point,
and shows the migration probabilities of the lowest-income rural households as a function of wealth. The
migration probability spikes once the household can cover the fixed cost, and then declines monotonically
thereafter.

This labor-income-share channel depends on two assumptions. First, preferences are CRRA. Under
CRRA,migration decisions depend on proportional changes in lifetime consumption. As wealth increases,
a given wage gain represents a progressively smaller proportional improvement in consumption, reduc-
ing the incentive to migrate.39 Second, the migration wedge appears as an urban consumption disutility.
This cost affects consumption financed by labor or asset income equally, yet the gains from migration for
high wealth households are much smaller. Together, this explains the negative link betweenmigration and
wealth for rural households with low labor income.

39Contrast this with constant absolute risk aversion (CARA) preferences, as in Dvorkin and Greaney (2025). In that case, migration
decisions depend on the level of the consumption gain, and are thus largely invariant to a household’s wealth.
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Figure 10. Migration and Wealth

LMW read the negative selection ofmigrants onwealth as evidence that risk is not an important barrier.
This requires wealth to work only through risk-bearing ability. Yet, wealth also lowers the share of labor
income in household consumption, and thus shrinks the gains from migration. The two channels pull in
opposite directions, so the sign of the wealth gradient is uninformative about the importance of risk. In
fact, I will show that risk is a first-order barrier to migration in my model. This is in spite of the negative
link between wealth and migration, which the model reproduces, see the right panel of figure 9: there is
substantially more mass in the left tail of the migrant wealth distribution than in that of stayers.40

The model also predicts that the effect of an unconditional transfer is non-monotone in initial wealth
for low-income households: positive for households just below the fixed cost, negative for those above it.
Estimates that average across the wealth distribution will therefore vary with the sample. See, Bazzi (2017)
or Gazeaud, Mvukiyehe, and Sterck (2023), for examples of a large literature documenting disparate effects
of wealth on international migration, consistent with the many different channels through which wealth
impacts migration: covering fixed costs, reducing risk, and reducing the labor share.

3.5 Consumption Insurance

I next turn to consumption risk. Income riskmatters onlywhen it translates into consumption risk. Whether
risk deters migration therefore depends on households’ ability to self-insure.

Oneapproach, pioneeredbyTownsend (1994), computes thepassthroughof idiosyncratic incomeshocks
on household consumption, which is commonly used to infer the degree of consumption insurance. A re-
lated but more structural approach is pursued in BPP, which isolates the passthrough of persistent income
shocks on consumption. The estimators are defined as follows

βTc_y =
Cov(ci,t, yi,t|αi, γt, xit)

V (yi,t|αi, γt, xit)
, (Townsend)

βBPPc_p =
Cov (∆ci,t,∆yi,t−2 +∆yi,t +∆yi,t+2)

Cov (∆yi,t,∆yi,t−2 +∆yi,t +∆yi,t+2)
, (BPP)

where c and y are log consumption and log income. The Townsend approach uses a simple linear regres-
sion, controlling for individual and time effects and other time-varying observables (αi, γt, xit). The BPP

40The data suggest a negative link as well, the empirical density of wealth across rural-urban migrants and rural-urban stayers in
appendix A exhibits negative selection on wealth. The wealth module of the South African data is less detailed, which is why I don’t
lean heavily on it.
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approach instead derives a moment restriction from a forward-looking consumption-saving problem and
a standard persistent-transitory income process, adjusted to biennial data.

Table 11 reports the empirical passthrough coefficients for rural and urban SouthAfrica. The Townsend-
style passthrough regression suggests a lowpassthroughof income shocks to consumption inboth rural and
urban of around 0.15 and 0.20 . TheBPP estimator reveals a large gapbetween the rural andurban estimated
passthrough of persistent shocks of 0.22 in rural versus 0.62 in urban. The low passthrough from income
shocks to consumption for rural households is in line with the large empirical literature,41 while the urban
estimate lines up well with results for US households from BPP.

Table 11. Empirical passthrough estimates

South Africa
Rural Urban

β̂Tc_y 0.15 0.20
β̂BPPc_p 0.22 0.62

The Townsend-passthrough regression is run on the entire sample, and includes standard controls such as age, education, house-
hold size, and individual as well as sector-year-month fixed effects. The BPP passthrough is based on the selected sample and same
residualization procedure as the income process. The standard errors of the rural and urban estimates are 0.26 and 0.32 respectively.

I next compute the same passthrough coefficients on model-simulated data, reported in table 12. The
model replicates the low passthrough from income shocks to consumption in the rural sector surprisingly
well, even though there is no informal insurance at all. It also reproduces the large rural-urban gap in
the BPP coefficient, and matches the urban estimate almost exactly. The reason the model can capture

Table 12. Simulations

South Africa
Rural Urban

βTc_y 0.19 0.13
βBPPc_p 0.31 0.61
βc_p 0.80 0.89

The first two rows are the simulated counterparts of the estimators reported in table 11. The third row, βc_p, is the true passthrough
of persistent shocks to consumption, which is only observable in the model.

the low passthrough from income shocks to consumption for rural households is that I entertain a richer
income process. First, and most obviously, classical measurement error (or fully transitory shocks with
bufferstock savings) induces a downward bias in Townsend-style regression. This pedestrian point turns
out to be quantitatively important because measurement error appears large in surveys, particularly so in
developing economies.

Second, allowing for both persistent and imperfectly transitory shocks leads to a large downward bias in
the BPP estimator in the rural sector where imperfectly transitory shocks are important. The BPP estimator
essentially conflates transitory and persistent shocks, overstating the latter, which leads to a downward bias
in the passthrough coefficient as the shock variance appears in the denominator.

To see the bias more easily, consider the following approximation of the log of consumption as a simple
41Both Townsend-style and BPP regressions consistently produce very low passthrough coefficients in rural environments in devel-

oping economies. See De Magalhaes and Santaeulalia-Llopis (2018), Santaeulalia-Llopis and Zheng (2018), Morten (2019), Attanasio
et al. (2022), Meghir et al. (2022), and Ligon (2025) for recent work.
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linear function of permanent and transitory log income

dc = βpdp+ βϵdϵ, (22)

with βp > βϵ as the passthrough from permanent shocks is larger than from transitory shocks. In this case,
the BPP estimator using (22) yields an estimate between βp and βϵ given by

βBPPc_p =
σ2
p

σ2
p + σ2

ϵ e
−2λϵ (1− e−2λϵ)

βp +
σ2
ϵ e

−2λϵ
(
1− e−2λϵ

)
σ2
p + σ2

ϵ e
−2λϵ (1− e−2λϵ)

βϵ. (23)

Since βϵ < βp, the passthrough coefficient βBPPc_p is downward-biased, and the strength of the bias depends
on the ratio of transitory to persistent shocks.42 The sense in which the naive BPP estimator overstates
the volatility of persistent shocks is that it is meant to isolate the volatility of the persistent term, but with
imperfectly transitory shocks, instead, one gets σ2

p +σ2
ϵ e

−2λϵ
(
1− e−2λϵ

)
, which is strictly larger, and quan-

titatively important in the rural sector where σ2
ϵ is large and λϵ is relatively small.

BPP are, of course, aware that their estimator fails when the income process is misspecified relative
to the canonical persistent-transitory model. What is interesting here is that the misspecification is only
severe in the rural sector. Failing to account for this leads one to wrongly conclude that informal insurance
must be important when simple bufferstock savings are, in fact, sufficient to sustain smooth consumption
in an environment where income is volatile but mean-reverting.

The higher measured passthrough in the urban sector is consistent with the worsening of insurance
documented by Munshi and Rosenzweig (2016). In my framework, however, no informal insurance is lost
upon migration. Bufferstock savings insure mean-reverting shocks well and persistent shocks poorly, and
persistent shocks are simply more common in the urban sector. Indeed, the true passthrough of persistent
shocks is nearly the same in both sectors, 0.80 against 0.89 , in contrast to the large gap in themeasured co-
efficients.43 In other words, migration is risky not because access to informal insurance is lost, but because
more persistent income shocks are difficult to insure.

4 Risk and Rural-Urban Structural Change

This section quantifies by how much risk retards rural-urban structural change. Recall that risk needs
three ingredients: outcomes that differ across households, initial uncertainty, and the absence of complete
insurance markets. Shutting down any one of them eliminates risk, yet the analysis shows that who selects
into migration and who gains differ sharply.

Section 4.1 studies the impact of risk on aggregate rural-urban structural change andwelfare. Section 4.2
investigates the implication for selection into migration. Finally, section 4.3 shows what a model without
risk must wrongly attribute to the migration disamenity τRU.

42The bias here is distinct from the ones explored in Kaplan and Violante (2010), and in particular the case where the unit root in
the income process is swapped for an AR(1) process with high persistence. This would be the case when σp → 0. In that case the
BPP coefficient in (23) does agree with the structural coefficient βϵ. The issue here is that there is both an AR(1) component and a
random walk, in which case a severe bias emerges whenever passing shocks are important, which hinges on the arrival rate λϵ and
high variance σ2

ϵ .
43These are standard estimates that common bufferstock models deliver, see Blundell, Low, and Preston (2013) and Kaplan and

Violante (2010). Interestingly, in the rural-urban context, the urban coefficient is additionally pushed up bymigration. Manymigrants
enter the urban sector with little wealth, and low-wealth hand-to-mouth households bias the BPP passthrough estimator upward.
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4.1 Aggregate Impact of Risk

Welfare and Insurance Definition. Before studying the implications of risk for rural-urban structural
change and welfare, I first need to define my notion of welfare and insurance.

Tomeasure welfare, I follow the consumption-equivalent variation of Lucas (1987): the uniform propor-
tional change in baseline consumption that makes a household indifferent between the baseline (bl) and
counterfactual (cf) economies. Welfare effects differ across households, so I have to take a stand on how
to aggregate them. This requires computing rural welfare as the expectation of the value function against
some distribution, Ṽ n :=

∫
V (x) dGn (x). The consumption-equivalent welfare change is then

λn
W :=

(
Ṽ n
cf

Ṽ n
bl

) 1
1−γ

− 1.

The choice ofGn (x) is key. In themain text, I lead with the simplest one: the distribution of newborn rural
types, evaluated at zero assets. Because this distribution is unaffected by any counterfactual, the statistic
is free of confounding compositional effects and answers a simple question: howmuch better off a wealth-
poor household would be if it were born into the counterfactual economy.

Lastly, I define insurance as follows. An efficient financial sector pays migrants the present-discounted
value of expected labor income. The present value of that stream,H (p, ϵ), solves the linear system

rH = (wUΛ) e
p+ϵ +AH, (24)

where A is the infinitesimal generator of the urban income process. Equation (24) can readily be solved
using the Feynman-Kac formula. OnceH is pinned down, urban consumption, which is no longer risky and
admits the usual closed-form solution as linear function of total wealth, b+H, given by c = mpc · (b+H)

with the marginal propensity to consume equals mpc = (ρ̃ + r (γ − 1))/γ. The value function inherits the
closed form V = mpc−γ (b+H)

1−γ
/ (1− γ).

Insuring post-migration income shocks, i.e., insuring against adverse evolutions of persistent and tran-
sitory type after their initial realization, still leaves the initial draw uncertain. That is, rural households do
not know whichH they receive. I label this economy ni, for no income risk. Insuring both, which I denote
nm-ni, additionally pays the uninformed households the conditional expectation Hm (pR) = E [HU|pR] be-
fore the draw is realized: the ni economy removes income risk after arrival, and nm additionally removes
the risk in the migration draw itself.44 The insured household still pays the fixed cost fRU out of financial
wealth, and I contrast the impact of insurance with that of providing liquidity alone by swapping the zero-
borrowing constraint with a natural borrowing constraint as detailed below.

Two features of this construction are deliberate. First, the insurance is asymmetric: it covers urban
income and leaves rural income risky. That isolates the object of interest, which is how risky migration is.
Second, it is an accounting device and not a policy proposal. It answers how important risk is in deterring
migration, and what models that ignore risk are missing. It is thus a necessary building block toward a

44Insurance and information about the initial draw are rivals rather than complements: Hm is payable only to households that
contract before learning pU. If the draw is publicly revealed before contracting, the ex-ante insurance opportunity disappears, see
Hirshleifer (1971); if households privately learn it, insurance is subject to adverse selection and unravels, seeHendren (2013). Note also
that the insurance leaves the taste draw untouched. Households continue to move partly for idiosyncratic reasons, and the exercise
does not provide insurance for these idiosyncratic taste shocks, see Donald, Fukui, and Miyauchi (2023) for recent work exploring
these issues. Appendix B.5 contains additional details.
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richer optimal policy exercise.45

Results. The first counterfactual removes all uncertainty about the initial urban draw by setting the share
of imperfectly informed households to zero, i.e., ζ = 0. Recall that in the baseline model the estimated
ζ =0.78 means that roughly four in five potential migrants move without knowing their long-run urban
productivity, and the estimated σRU =0.51 means that they are exposed to large risks.

The second counterfactual studies the impact of insuring urban income risk. I distinguish between
insuring income shocks after arrival in the urban sector, which means that initial types (pU, ϵU) have mate-
rialized. Conditional on these types, households are offered the present discounted value of their expected
labor income so that an artificial financial intermediarywould break even if it were to underwrite such con-
tracts. Recall that this insurance is labeled ni. A third exercise combines it with full information (ζ = 0). I
can go one step further and also insure the initial urban draw for households with imperfect information
using the baseline share ζ =0.78 , which is labeled nm-ni.46

Table 13 reports the impact of each scenario on the aggregate urban population share, distinguishing
partial from general equilibrium results, the latter letting the rural wage adjust to its market-clearing level.

Table 13. Risk and the Urban Population Share

Urban population share
GE PE ∆logwR

Baseline 0.65 0.65 .
Information (ζ = 0) 0.76 0.80 0.1373
Insurance, income risk (ni) 0.78 0.85 0.1585
Information and insurance (ζ = 0, ni) 0.84 0.87 0.2615
Insurance, both (nm-ni) 0.84 0.90 0.2572

GE lets the rural-urban wage gap adjust, with urban productivity pinned at its baseline value throughout; PE holds the wage gap at its
baseline value. The last column reports the rise in the log rural wage relative to baseline. Because urban wages are fixed, the increase
in the rural wage coincides exactly with the fall in the rural-urban wage gap ω. The last two rows remove both margins of migration
risk, but differ in how the initial draw is neutralized: in (ζ = 0, ni) it is revealed before the decision, in nm-ni it is insured. The
nm-ni row reports the scenario in which insurance against the initial draw is offered only to households without ex-ante information;
providing it to all households changes little (appendix B.5).

First, removing uncertainty around the initial persistent draw raises the urban share by eleven percent-
age points; insuringpost-migration income raises the urban share by thirteenpercentagepoints. Removing
both raises it by nineteen percentage points, so each source on its own closes more than half of the gap.
Both sources of risk thus represent a quantitatively important barrier to migration.

Second, comparing the first two rows with the third and fourth shows that resolving uncertainty about
the initial draw is worth eleven percentage points when post-migration income is risky and only six when
it is insured. The intuition is that both frictions operate through the same channel – each depresses the
certainty equivalent of the urban option – so fixing one lowers the return to fixing the other. This has a
direct implication for the experimental literature on information and insurance interventions: the effects
of such interventions are not additive, and a bundled intervention will deliver less than the sum of its parts.

Third, rows four and five deliver identical impacts on aggregate rural-urban structural change, even
though one scenario provides informationwhile the other provides full insurance including the initial type.
I will return to this fact and highlight that their welfare implications and who selects into migration differ

45Solving the planner problem is a very different exercise that hinges on three elements beyond risk. First, a planner would in-
ternalize the effect of a household’s migration choice on their offspring. Second and related, a planner would have to take a stance
on how to trade off utility across cohorts. Third, a planner would internalize pecuniary externalities, which matter here because the
rural wage depends on the rural-urban migration rate.

46An alternative approach would be to lower income shocks. I pursue this in the appendix where I set σp,U to the lower rural value.
The reason this is not my baseline is that this simultaneously reduces average outcomes since I don’t have a drift term correction.
These results, together with additional robustness exercises and welfare decompositions, are relegated to appendix B.5.
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drastically even though they lead to the same aggregate outcome.
Fourth, general equilibrium feedback is quantitatively important, reducing the migration response by

roughly one-third, as can be seen by comparing the first two columns. The difference is accounted for by
the endogenous rural wage response shown in the third column. How large this feedback is depends on
the importance of land in rural production, which I turn to at the end of this section.

Table 14 reports the welfare effects associated with each counterfactual, focusing on newborn rural
households. These households would give up between 17.80 % and 45.19 % of consumption for the removal
of migration risk once the rural wage response is taken into account.

The average and the poorest rural household tell the same story as newborn households. The first av-
erages over the stationary rural distribution, the second places a Dirac mass on the lowest-income, lowest-
wealth household. In either case, welfare effects are sizable.

Comparing the ordering of low vs. average households in terms of welfare gains across the different
policies is instructive: under information provision, the average household gains relatively more than the
poorest household, while under insurance provision it is the other way around. I will deconstruct these
differences below when I analyze the different migration patterns each policy produces.

Table 14. Welfare Effects, Rural Households

Newborn Average Poorest
GE PE GE GE

Information (ζ = 0) 17.80 6.85 16.91 15.41
Insurance, income risk (ni) 27.11 15.42 22.49 24.80
Information and insurance (ζ = 0, ni) 45.19 22.36 42.07 38.38
Insurance, both (nm-ni) 40.92 21.44 36.17 37.06

Consumption-equivalent welfare changes for rural households, in percent. GE lets the rural-urban wage gap adjust; PE holds it at its
baseline value. Rows correspond to the economies of table 13. The newborn columns evaluate the counterfactual value function at
zero assets against the fixed distribution of newborn rural types and therefore contain no composition effect. The average and poorest
rural household are not composition-free, sincewho remains rural differs across economies; they are reported forwhat their ordering
reveals about incidence rather than for their levels. I report welfare for rural households throughout, since they are the population
whose migration decisions drive structural transformation.

The general equilibriumwelfare effects are roughly twice as large as the partial equilibrium effects. The
reason is that while most households do not migrate, they share in the welfare gains through rural wage
increases. These wage increases originate from increasing land abundance when out-migration picks up,
consistent with recent empirical evidence in Madhok et al. (2025).
The role of land. The strength of this general-equilibrium channel is governed by the land share χ. The

rural wage is inversely related to the rural population, wR ∝
(
(1−M)h̃R

)− χ
1−ν . Holding the rural-urban

wage gap ω and average rural skill h̃R fixed,47 a link between urban productivity growth gAU and rural-urban
structural change emerges,

d log (1−M)

dt
= −1− ν

χ
gAU ,

which is reminiscent of Lucas (2004). A smaller land share therefore implies faster structural change: when
land is less important, rural wages respond less tomigrant outflows, somore householdsmust leave to keep
pace with urban productivity growth.

Thismechanism disciplines the calibration of χ. I set the land share to approximately one-third, follow-
ing Hansen and Prescott (2002).48 The resulting pace of structural change is consistent with the historical

47In current work in progress, I study a richer model with transition dynamics where urban productivity growth endogenously
generates a constant rural-urban wage gap and a constant average rural type h̃R alongside a steadily declining rural population share.

48This is larger than the land share of approximately ten percent implied by the village-level estimates of Akram, Chowdhury, and
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experience of advanced economies and with the cross-country relationship between productivity growth
and rural population decline; see, for example, Trouvain (2025b).

4.2 Selection intoMigration: Information vs. Insurance

Selection intoMigration. I next analyze themicroeconomic implications of each counterfactual, stressing
that information provision draws in very different migrants than insurance provision.

Figure 11. Selection into Migration – Counterfactuals

Migration probability, conditional on having a migration opportunity and by rural income decile. Income deciles are based on sim-
ulated income in the first wave inclusive of measurement error. The dashed line with diamond-shaped markers uses average rural
income across all waves before migration instead, which produces the U-shape discussed in the text.

Figure 11 plots migration rates by income deciles, where income is measured in the first wave of the
simulated sample.49 The baseline selection pattern is given by the black dashed line. Providing informa-
tion, the purple line, raises migration rates substantially. Moreover, it rotates the income-migration profile
counter-clockwise – migration rises most at the top. The intuition is that a household with a high rural per-
sistent type has much to lose from a low urban draw. In contrast, for the lowest-income rural households,
uncertainty about the initial persistent urban income type only represents upside risk so they migrate ei-
ther way.

In contrast, post-migration income risk especially deters the rural poor, and insuring such risk leads to
a strongmigration response of low-income rural households as can be seen in the red line in the plot, which

Mobarak (2017). These estimates exploit village-level variation and need not identify the aggregate general-equilibrium elasticity
relevant for a two-sector model; see LMW for the mapping from their estimates to the land share. Extrapolating this estimate to the
aggregate economy would imply a much faster decline in the rural population than is observed over the long run.

49It turns out that mean-reversion induced by imperfectly-transitory shocks leads to non-monotone migration patterns when in-
come deciles are based on average rural income before migration. While migration rates are always monotonically falling in p and
ϵ, see 7, averaging across different periods can confound that monotone relationship. The dashed line with diamond-shaped mark-
ers illustrates this U-shape. Using first-wave income instead leads to well-behaved monotonically declining migration rates along the
income distribution, consistent with the underlying migration motive.
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is shifted up and clock-wise relative to the baseline, indicative of more negative selection into migration.
Insurance of post-migration income shocks is particularly important for low-income rural households who
tend to be asset poor and are thus more vulnerable to income shocks.
Rural-UrbanWage Gaps. Table 15 explores the implications more formally for common statistics related
to rural-urban wage gaps and how negatively migrants are selected on income, complementing figure 11.

The first thing to note is that providing information helps little to close the cross-sectional rural-urban
wage gap, and, to the contrary, increases the measured gap, despite the fact that the rural-urban efficiency
wage gap falls substantially, see row two in table 13. The fixed effects wage gap increases even more by
about 20 log points. Both are consequences of the more positive selection into migration visible in figure
11, where the negative link between rural income and migration flattens substantially. As households with
high urban draws leave the rural sector, selection into rural-urbanmigration improves, raising the average
urban type. At the same time, it reduces the average rural type since urban and rural type are correlated.
This leads to a widening cross-sectional wage gap. The fixed-effects estimator increases even more since
information provision means households with a low urban draw decide to stay, while households with a
high draw move, amplifying the wage gains frommigration.

Table 15. Risk and Selection into Migration

log rural-urban wage gap
cross-section fixed effects log(migrant/stayer income)

Baseline 0.45 0.35 -0.16
Information (ζ = 0) 0.46 0.55 -0.11
Insurance, income risk (ni) 0.24 0.09 -0.19
Information and insurance (ζ = 0, ni) 0.30 0.32 -0.10
Insurance, both (nm-ni) 0.12 -0.08 -0.19

All moments are simulated counterparts of the empirical moments reported in section 3, computed in general equilibrium.

The opposite is true when providing insurance, see row three and five. Selection becomes substantially
more negative as low-income low-wealth rural households were held back by urban income risk. In the
scenario with insurance only for after-migration income shocks (ni), the cross-sectional wage gap is cut in
half, and thewithin-householdwage gap drops to only 9 log points. Riskwas amajor deterrent tomigration,
which is gone, so rising migration of both low and high types reduces the rural-urban wage gap.
Liquidity and Poverty Traps. Note that the insurance counterfactual simultaneously eases liquidity con-
straints as households implicitly borrow against future labor income, so one could be concerned that what
matters is liquidity, and not insurance per se. To separate the two mechanisms, I solve a third counterfac-
tual where the urban borrowing constraint is relaxed to the natural borrowing limit,

bU ≥ −wUe
p+ϵ

r
,

with income risk fully intact. Moreover, I allow rural households to pay the fixed cost of migration by
borrowing from their urban borrowing limit. At this point, even the lowest-income rural households can
pay the fixed cost of migration, so the mechanism usually described as a poverty trap is switched off.

The green line again plots migration rates against income in the counterfactual economy where the
urban borrowing limit is equal to the natural borrowing limit, and migrants can borrow against it while
still rural to pay the fixed cost. Perhaps surprisingly, the impact of liquidity is quantitatively small. As one
would expect, there is some response among the lowest-income rural households, but overall the impact
appears small relative to any other counterfactual I consider.
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The main reason is that a more generous borrowing constraint is not an effective tool to cope with per-
sistent shocks. At the same time, liquidity matters for the poorest who are actually constrained: relaxing
the borrowing limit raises welfare for such households by 16.60 %. This is a large number, but it perhaps
doesn’t seemas transformative as onemight think, especially compared to providing insurance. The reason
is that rural income is dominated by passing shocks that arrive at rate λϵ,R =0.4987 . A rural household thus
redraws its income every two years so few households remain ultra-poor for very long. The welfare gains
are already much smaller for newborn rural households, at 7.73 %. These households also do not have any
assets, yet they can finance the migration fixed cost relatively quickly so that the borrowing limit matters
little. The gains for the average household are smaller yet, at 1.07 % consistent with the small aggregate
effect on migration rates relative to baseline.

I make this point more directly by replicating the experiment of Banerjee, Duflo, and Sharma (2021) in
mymodel. The fixed cost fRU is calibrated in section 3 to be consistent with their setting, where a one-time
transfer of roughly this size generated large and persistent income gains through rural-urban migration.
Giving the same transfer to the poorest rural households in my economy raises labor income by only 0.01 ,
0.02 and 0.01 log points after two, six and ten years. The share who havemoved after ten years rises by 0.03
, from a base of 0.15 among the untreated. The reason the results are so small is that the untreated catch
up on their own.

The same experiment in an economy with less mean-reverting income looks completely different. I
halve the arrival rate of passing shocks, holding the variance of rural income fixed, so that a low income
state lasts about four years instead of two. Labor income now rises by 0.25 log points after six years, and the
share who have moved after ten years rises by 0.31 , from a base of 0.13 among the untreated. The welfare
gain for the poorest rural household rises accordingly, from 16.60 % to 28.69 %. The low-churn economy
is strikingly close to the empirical estimates in Banerjee, Duflo, and Sharma (2021), who find labor income
gains of 27% after seven years. My model can generate their result when income at the bottom is less
mean-reverting. The general insight here is that the strength of poverty traps is largely a question about
the income process, and less so about whether fixed costs exist or not.

The fact that risk plays a much more important role for aggregate development than liquidity echoes
the findings of Karlan et al. (2014), who show that risk constrains agricultural investment by more than
liquidity. In the context of rural-urbanmigration, insurance is only one way to tackle risk, and information
provision represents a different strategy. While they generate a similar aggregate migration response, who
selects into migration and who gains the most differs drastically. While optimal (and real world) policy is
beyond the scope of the paper, any such policy consideration will have to take account of the endogenous
migration responses studied here.

In a final exercise, I study what share of the usually large migration wedge inferred in models with
migration frictions,50 is accounted for by risk. Again, this directly bears on follow-up policy questions. One
common response to large migration wedges is a call for infrastructure investment to most literally lower
the cost of migration. This would be ineffective if much of the wedge is due to risk.

4.3 MigrationWedges and Risk

Common approaches to modeling rural-urbanmigration ignore risk, both in terms of what is known about
urban persistent income types before migration, and exposure to persistent income shocks after migra-

50See for instance Bryan and Morten (2019), Lagakos et al. (2020), LMW, or Baseler and Gordeev, 2026.
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tion. Of course, given the many degrees of freedom, and in particular the migration wedge τRU, all of these
alternative models proposed in the literature still match rural-urban migration rates.

I next quantify how much imperfect information and uninsurable income shocks are soaked up in the
residualmigrationwedge, if ignored. I pursue thiswith two complementary approaches. Thefirst approach
treats my framework as ground truth, and asks by howmuch themigration wedge has to increase to match
the baseline urban share of 65% if initial information was perfect, or income shocks after migration were
insured, or both. This iswhat a researcherwould infer about themigrationwedge if they knew all structural
parameters of the environment except for τRU, and treated urban income as known or insured.

At the same time, a researcher that ignores migration risk may also infer other structural parameters.
This asks for a second approach where I simply shut down persistent risk around and after migration, and
reestimate themodel. Both approaches lead to the same conclusion: ignoring risk overstates themigration
wedge substantially.
The Migration Wedge: Model as Ground Truth. Table 16 reports the results where I treat my model as
ground truth, and ask: by how much does the migration wedge have to increase to match an urban popu-
lation share of 65% in any of the counterfactual economies where I shut down risk. The bottom line is that
the migration wedge has to be inflated substantially, up to a factor of 2, to match the baseline urban share.

A researcher who assumes households know their initial urban productivity beforemovingmust inflate
the wedge by 43.78 % to rationalize observed flows. A researcher who assumes that only expected income
matters must inflate the wedge by 42.72 %. One who assumes both, initial information and safe income
– must inflate it by 112.24 %. This scenario is even more extreme than the final counterfactual where in-
surance is extended to the initial draw among uninformed households. The reason is that it is extremely
difficult to deter a household frommoving to the urban sectorwhen they know they have a high draw,which
is what requires the large wedge in column three. The results are consistent with the findings in Porcher,
Morales, and Fujiwara (2024), which also shows that ignoring information frictions overstates migration
wedges, although they arrive at this result in a very different context and without bufferstock savings and
fixed migration costs.

Table 16. Risk and the Inferred Migration Wedge

baseline ζ = 0 ni ζ = 0, ni nm-ni
∆τRU (%) 0.0 43.78 42.72 112.24 69.94

The table reports the percentage increase in the migration wedge τRU required to reproduce the baseline urban share of 65% in each
counterfactual economy. Each column corresponds to a row of table 13: the ζ = 0 column is the full-information economy, the ni
column the economy with complete markets in the urban sector, and the (ζ = 0, ni) column the economy that imposes both. The
nm-ni column also removes both margins, but it insures the initial draw for uninformed households instead of revealing it.

MigrationWedge andWelfare. A corollary of the relatively small migration wedge I inferred in the base-
linemodel is that welfare differences across sectors aremuch smaller than wage gaps. To see the centrality
of the migration wedge for welfare gaps, consider a static model without heterogeneity in income types or
preferences, where the migration wedge would be identical to the wage gap, i.e., logω = log τRU, and thus
identical to the consumption-equivalent welfare gap.

In table 17, I report the welfare gap across average rural and urban households, using the stationary
distribution. Column one row one reports the consumption-equivalent welfare gap, which is only 12.30 %.
This lines up well with the small migration wedge in the baseline model.

The table also highlights that in a richer model with income risk, assets, and preference shocks, the
simple wage gap is no longer proportional to the welfare gap, which can be seen when comparing the first
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and second column, which report actual and naive wage-based welfare gap. Interestingly, the welfare gap
is closer to the simple wage gap when focusing on newborn households, especially those without assets,
see the second and third column. This is again explained by selection: newborn households tend to have
much lower income than average rural households, as households with a successful rural career stay, while
less successful households try to migrate to the urban sector. The difference between the last two rows is
explained by the option to migrate and the ability to insure against income shocks, both of which require
bufferstock savings.51 In other words, while average cross-sectional wage gaps grossly overstate the welfare
gap, they provide a reasonable approximation for the most vulnerable rural households, who can neither
migrate nor insure against large income shocks.

Table 17. Income and Welfare Gaps

actual gap (%) naive prediction (%)
Average household 12.30 56.65
Newborn, stationary assets 46.71 76.63
Newborn, no assets 61.76 76.63

All three rows are the baseline economy and differ only in which households are compared. The first uses each sector’s stationary
distribution over types and assets. The second holds types at the newborn draw and gives each sector its stationary distribution of
assets. The third is the newborn draw at zero assets. The naive prediction is what the income gapwould beworth if consumptionwere
simply labor income. Mean log income differs across sectors by∆ = logω + (p̄U + ϵ̄U) − (p̄R + ϵ̄R), where bars denote means over
the relevant distribution, so a household with c = y would need e∆ − 1more consumption in the rural sector to be as well off as in
the urban sector. It depends only on the type draw, ignoring assets altogether, so the last two rows of the second column are equal by
construction. The actual gap is the consumption-equivalent difference computed from the value functions, which incorporates risk,
savings, and the option to migrate.

TheMigrationWedge: Reestimating theModel. In this exercise, I no longer treat mymodel as the ground
truth. Instead, I use a more standard model where I shut down initial uncertainty and persistent shocks to
report what migration wedge would be implied in this setup.52

I implement this as follows. I shut down persistent shocks in either sector, σp,j = 0, j ∈ {R, U}, and ask
the imperfectly transitory shock to match the variance of the change in log income and its first-order auto-
correlation.53 I do this using income data net of measurement error. If measurement error was included,
mean reversion would be even stronger and risk would be even less relevant, amplifying the result.

I set ρRU = 1, rid migratoin of uncertainty about urban persistent type by setting the variance to zero,
σRU = 0, and impose cRU = log Λ = 0 so there is no skill downgrading. Consequently, the rural persistent
type is perfectly predictive of the urban type. Note that rural-urban migrants still have a lower persistent
type than urban natives as long as c0,R < c0,U. Moreover, I restrict heterogeneity in persistent type amongst
households born in the rural sector to zero, i.e., σ2

0,R = 0, while still allowing for differences in persistent
urban productivity amongst urban natives, i.e., σ2

0,U > 0, just as in LMW. Crucially, I hold fRU and λm

fixed across the different model variants, which is necessary to compare the implied migration wedge τRU
sensibly across models, see footnote 35.

This leaves me with four parameters Θ = {c0,R, σ2
0,U, τRU, s}, which I identify using the following four

moments: the cross-sectional and the fixed effects rural-urban wage gap, selection into migration, and
overall urban inequality. The system is exactly identified. Urban productivity AU again adjusts so that the
urban population share matches its baseline value.

51I verified that this is not primarily driven by differences in initial dispersion. Rural newborns draw their persistent type from a
much more dispersed distribution than urban ones, σ2

0,R =0.14 against 0.0100 . Giving urban newborns the rural dispersion lowers
the urban value, but only modestly, leaving a gap of 41.19 %.

52The exercise is meant to bring the model closer to LMW or Kleemans (2015).
53This requires two moments for two parameters. Because the persistent type is assumed to be fixed, it drops out of any within-

household difference.
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Table 18 reports the parameters implied by the restricted incomeprocesswithout persistent shocks. The
rural income process changes relatively little, consistent with the fact that persistent shocks were unimpor-
tant to beginwith. In contrast, the urban incomeprocess changesmore dramatically, with a doubling of the
variance of the transitory shock. Intuitively, the omission of permanent shocks forces the restricted income
process to attribute more variance and more persistence to the imperfectly transitory shock process.

Table 18. The Income Process Under the Restriction

Rural Urban
Baseline Restricted Baseline Restricted

σ2
p 0.003 0 0.010 0

λϵ 0.4987 0.453 0.3333 0.216
σ2
ϵ 0.2602 0.320 0.0500 0.100

Permanent shocks are switched off in both sectors by construction, so the mean-reverting shock is the only source of income risk
that survives. It is recalibrated on the variance of the change in log income and its first-order autocorrelation. The rural process
barely moves, since rural risk was mean-reverting to begin with. The urban process changes sharply: the mean-reverting shock has
to become both more persistent and considerably more volatile to stand in for the permanent shocks that have been switched off.

Table 19 reports the fit of the model, and 20 reports the implied parameter values.

Table 19. Moments Targeted, Restricted Model

Moments data SA model SA
Log rural-urban wage gap (cross-section) 0.45 0.44
Log rural-urban wage gap (fixed effects) 0.34 0.35
Log(migrant income in rural/stayer income in rural) -0.14 -0.13
Initial inequality urban 0.18 0.152

The fourmoments targeted in the restrictedmodel, against the samedata counterparts used in table 9. The system is exactly identified,
so these four are the entire target vector. As in the baseline, the urban population share is matched by construction rather than
targeted, since AU adjusts to clear the urban labor market. The remaining moments of table 9 are not targeted here: the arrival rate
and variance of the mean-reverting shock are calibrated outside the estimation, and the moments that discipline ρRU, σRU and ζ have
no counterpart once those parameters are imposed.

Table 20. Estimated Parameters, Restricted Model

Parameter c0,R σU,0 s τRU
Estimate -0.73 0.17 7.03 1.53

The remaining parameters of the full model are imposed by the restriction rather than estimated, as described above. Urban produc-
tivity adjusts to AU =0.73 so that the urban population share matches its baseline value, and the implied rural-urban wage ratio is
ω =1.26 .

The newmodel variant matches rural-urban wage gaps, both cross-sectional and within-households. In
contrast to the richermodel, the within-household wage gains are temporary, and rural-urbanmigration is
a strategy to escape a negative rural income shock: future migrants earn -0.13 log points less than stayers
before moving, due to negative temporary shocks. On arrival in the urban sector, they draw a new urban
shock. The measured gain from migrating is therefore the equilibrium wage ratio, ω =1.26 , plus mean
reversion.5455

54This mechanism is exactly consistent with the large IV estimates in Bryan, Chowdhury, and Mobarak (2014), and explained in
more detail in LMW.

55In this restricted economy, I can also ask: howmuchmoremigration do we get if we insure urban income shocks aftermigration.
This raises the urban share from 0.65 to 0.71 , which is substantially lower than in the baseline economy with persistent shocks. This
highlights that the strong response in the baseline economy isn’t trivially implied, but depends on the large risk due to persistent
shocks.
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The migration wedge is substantially larger, rising by 42.32 % relative to baseline (1.08 vs 1.53 ). Re-
call that the migration wedge in my framework has a consumption-equivalent interpretation: the wedge
acts as if a migrant’s urban consumption stream was scaled down by 1/τRU. In the baseline model net of
preference shocks, a migrant would need eight percent more urban consumption to be indifferent. After
ignoring initial uncertainty and persistent shocks, that number rises to 53 percent. The large discrepancy
is a consequence of the sizable risk that permanent rural-urban migrants face.

Two complementary approaches thus arrive at the same conclusion: much of the large residual migra-
tion wedge is accounted for by risk.

5 Conclusion

Rural-urban income gaps are large, and a common interpretation is that they represent efficient sorting.
This paper takes a different view. Permanent migration is a dynamic decision that is extremely risky for
most households, due to initial uncertainty about where a household lands on the urban income distribu-
tion and persistent income shocks thereafter.

Risk constitutes a quantitatively important barrier to rural-urban structural change. Removing risk
raises the urban population share by about 20 percentage points in the South African context. A researcher
who ignores risk overstates the residual migration wedge by a factor of two.

Risk arises from the interplay of heterogeneous outcomes, uncertainty, and the absence of insurance
markets. Removing any one of these elements eliminates risk. However, information and insurance gener-
ate fundamentally different selection intomigration andwelfare implications, whichmatters for any policy
aimed at the market failures caused by the risky nature of rural-urban migration.

Wealth is not an effective tool for raising rural-urban migration, even though it enables households to
cope with urban risk. The reason is that the gains frommigration are tied to labor income, and these gains
become ever smaller in relative terms as households get wealthier, rendering migration unattractive.

This paper is only a first step, and many open issues remain. For instance, how could insurance be
effectively provided in the presence of moral hazard, which I have abstracted from throughout? Similarly,
is it possible to providemore information, perhaps by improving search andmatching in the labormarket?
Lastly, how do these results generalize along a transition path, and what would such amodel of necessarily
unbalanced growth reveal about the process of long-run development?

Despite these open issues, I want to establish one point. Moving to the urban sector is risky from a
rural household’s point of view, because initial urban human capital is uncertain, and subject to persistent
shocks. This ought to matter for the process of rural-urban structural change.
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A Data Appendix

A.1 Sample Selection andWeighting

All regressions in this sectiondrawon three sample-selection indicators, constructedonce at thehousehold-
wave level and then combined as needed for each specific analysis:

• pp_in: household income within the 3rd–99th percentile of the income distribution, computed sepa-
rately by urban/rural sector and survey wave. This screens out implausible income levels (e.g. mis-
reported near-zero or extreme values) without imposing a single economy-wide cutoff that would
conflate sector- or period-specific differences in the income distribution with genuine outliers.

• pp_in_con: the analogous 3rd–99th percentile trim applied to household consumption, computed in-
dependently ofpp_in (a household can fail one trim without failing the other) so that income-based
and consumption-based analyses are not needlessly restricted by each other’s outliers.

• elig: an eligibility indicator equal to one for individuals ofworking age (23–64)with active employment
status, dropping labor-market inactive individuals and survey refusals. Employment status is used
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only as a sample restriction, never as a regression control, since it is itself an outcomeof themigration
decision under study.

For analyses that compare a household across two waves (e.g. growth in income or consumption around
a migration event), bothpp_in/pp_in_con andelig are required to hold inboth the earlier and later wave — a
trim on the current wave alone would not screen out a problematic lagged observation.

Weights. Two survey weights are used, matched to whether the analysis treats each wave as an inde-
pendent cross-section or exploits within-household variation over time:

• cs_weight, a cross-sectional surveyweight, is used for analyses comparing rural and urban households
(or observations) within a single wave or pooled across waves without following individuals over time
— e.g. the rural-urban income/consumption gap in levels, the selection-into-migration comparisons,
and the income/consumption distribution histograms.

• pn_weight, a panelweight, is usedwherever the specification follows the samehousehold acrosswaves
— e.g. the growth-and-volatility regressions, the better/worse off regressions, and the fixed-effects
version of the rural-urban gap.

The sample restriction and weight applied in each analysis are summarized below:

• Descriptive summary statistics: full sample (unrestricted);cs_weight.

• Migration-flow shares: full sample (unrestricted);cs_weight.

• Mover characteristics (age/education/assets vs. migrant status):elig;pp_in/pp_in_con added only for
the income/consumption outcome;cs_weight.

• "Better/worseoff" (income or consumption up vs. down, wavet vs.t−1):pp_in/pp_in_con andelig, both
waves;pn_weight.

• Growth and volatility aroundmigration:pp_in/pp_in_con andelig, both waves; growth annualized by
years since the previous interview (NIDS wave spacing is uneven);pn_weight.

• Migration probability by pre-move income decile: rural pre-move sample,elig,pp_in; further re-
stricted to households present in the survey’s first (2008) wave, so the cross-sectional weight is drawn
fromoneunambiguous snapshot even though income itself is averagedover all pre-movewaves;cs_weight
(2008 wave).

• Income/consumption distribution histograms:pp_in/pp_in_con andelig; residual (net of age, educa-
tion, household size, gender, and year) additionally trimmed at its own 1st/99th percentile, symmet-
rically, since residualizing can introduce tail values that a level-based trim cannot catch;cs_weight.

• Selection intomigration (pre-move income/consumptiongap, rural stayers vs. futuremigrants):elig,pp_in/pp_in_con;cs_weight.

• Variance of income/consumption residuals,movers vs. stayers:pp_in/pp_in_con,elig;cs_weight.

• Rural-urban gap, cross-section:pp_in/pp_in_con,elig; age, education, and gender controls, butnot
household size, which is a plausible mediator of urban living rather than a pre-determined con-
founder;cs_weight.

• Rural-urban gap, household fixed effects:pp_in/pp_in_con,elig;pn_weight.

49



A.2 NIDS South Africa

The NIDS is a representative panel data set that collects information on income, consumption, wealth, and
demographics for South African households and individuals roughly at biennial frequency from 2008 to
2017. A detailed codebook is available, which can be found clicking this link , downloaded in August 2023.
Households. While the dataset is a panel dataset, there are no household identifiers that are valid across
time. The only way to build a household panel is to combine different household units across waves by
following specific individuals, which can be consistently tracked over time.

The researcher thus has to develop a method that defines a household head, which then is used to add
different household survey together. I propose the following method.

• Drop top-up sample (for wave 5) and all TSMs.

• Calculate individual labor income.

• Calculate the cumulative individual labor income of the current and all later waves. (For example, if
the current wave is wave 1, then take the sum of individual labor income of wave 1-5).

• Choose the highest earner among all members for each household.

• If there is no one chosen in the household, choose the eldest male member aged 15 to 64.

• If there are more than two chosen in the household, choose the elder male member. If there are still
more than two, choose the member with smaller pid (personal id) to break the tie.

• Assume that household heads in wave X are still household heads in wave X+1. If the previous house-
hold heads are not present in later waves, apply the above procedure again.

• Only keep individuals identified as the household head for all waves. We use them to link households
across different waves.

• Apply the same procedure to adult women if there is no male household head.

Because I have to define households heads without having an a-priori defined mapping from household
units across time, there is a valid concern whether this procedure biases the composition towards having
more urban households, and less households in small-scale farming. A reason could be that an individuals
income is not wellmeasured, or notmeasured at all, in subsistence agriculture. To investigate this concern,
I analyze the composition of the full sample, and the composition of the selected sample with household
observations that I could connect across waves.56 The upshot of the analysis is that there appears to be no
major compositional shift.

Income. This variable ismeasured on amonthly basis, net of taxes, and includes imputed rental income
from owner-occupied housing. Several imputation and correction procedures are applied to improve the
quality of the data. Earned income or labor income includes wages, profits, and business income but drops
other sources, especially government income, asset income, and other rental income including owner-
occupied housing rent imputations.

I define labor income consistent with this variable, but instead of taking it directly, I use the imputed in-
comemeasure hhincome, and I subtract individual income components. The imputationmakes the whole

56See the stata code “empirics/code/clean_data/south_africa/14_linking_sanity_check.do" written by Qingyu Chen in the replication
package.
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thing a little bit more reliable so building on that variable and subtracting categories is preferable. If I get
negative entries anywhere, I treat them as zeros.
Consumption. The baseline consumption expenditure measure includes food and non-food items mea-
sured over a month (30 days) including (imputed) rental expenditure.

I drop the following categories from the baseline consumption expenditure measure with the number
of the category as outlined in the code book in parentheses: Jewelry (6) , wedding ceremonies and funerals
(13),57 furniture bought with cash (31), lobola, which refers to a bride price (53), and income tax payments,
which are already taken out of the household income measure and thus should not be included in con-
sumption expenditure (54). I then use the baseline consumption expenditure measure, which includes
some imputations, and subtract these specific categories from it to arrive at my consumption measure.
This final measure is still highly correlated with the baseline consumptionmeasure on the household level
with a correlation coefficient of around .98 when measured in logs.

I also experimented with a more narrow measure of non-durable consumption. If one drops too many
categories, there is hardly any consumption inequality in rural left, which makes sense. As more elastic
consumption categories are dropped, subsistence requirements in basic items lead to very little variation
across households. This observation has been made before, see especially BPP where food expenditure
is used to impute overall non-durable expenditure to account for the low income elasticity in food, which
otherwise generates artificially low passthrough coefficients.
Pricedeflators. I use the consumerprice index from theSouthAfricanStatistical office todeflate all income
and expenditure variables in 2017-Rand.
Rural-UrbanStatus. A rural-urban status is provided, where rural includes both “traditional communities”
as well as farming communities. I perform a robustness exercise later on to disentangle the role of artificial
rural-urban reclassification without actual spatial moves.

A.2.1 Micro andMacro Data

I next assess the quality of the dataset by aggregating up income, and comparing it to aggregate statistics
from the world bank.

57Funerals are important events for rural communities that can cost several monthly wages for low-income rural households in
South Africa, see Collins et al. (2009).
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Figure 12. Micro and Macro Income Data – South Africa
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Figure 12 plots normalized log real income, i.e., I first compute sample averages, then divide each average by its value
in the first year so I end up with an index of real income, and finally take the log. The real GDP measure comes again
from the world bank measured at constant local currency units. Cross-sectional survey weights are used to compute
the average, see the appendix for details.

Figure 13. Micro and Agg. Urban Share – South Africa
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Figure 13 plots the share of urban households as reported by the World Bank Development Indicators, and as found
in the micro data. I compute a weighted and an unweighted average using cross sectional weights as detailed in the
appendix.

A.2.2 Sample Selection & ProbabilityWeights

Sample selection. I select the sample aggressively to create a high-quality sub sample. I explain each
restriction in detail, with a summary of how many observations are lost in each step provided in table 21.

I drop households that move across sectors. I use them to estimate rural-urban wage gaps and other
parameters relevant to the model, but it is cleaner to estimate the income process for stayers only. I drop
households where the month is missing.s58 Next, I impose an age limit 27 ≤ age ≤ 62. The limit is slightly

58This matters because I need to know the month because it tells me how far apart observations are in time, and I also control for
aggregate shocks on the monthly level in the first stage regression, which seems important for agricultural households.
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more generous compared to the Chinese application the reason being that I have difficulty to keep the sam-
ple size sufficient large. I drop households that are likely to split off, although I do not directly observe
split-offs because there is no consistent household identifier over time. I drop households where the num-
ber of adults changes bymore than 2, and I drophouseholds that havemore than 12members. I nowcontrol
for divorce in the fist stage regression instead of dropping to keep the sample size higher. I restrict the sam-
ple to households with strong attachment to the labor market, which means I drop students, retirees, and
heads that are out of the labor force. I do keep unemployed households. I drop ultra poor households that
earn less than a dollar a day, which might be more reflective of measurement error.59 I also drop the low-
est 5% in each sector-year unit, but this turns out to have almost no bite because of the other restrictions.
Lastly, I impose that income is missing at most once per household over the sample, based on advice from
Daly, Hryshko, and Manovskii (2022).

Table 21. Sample Selection in South Africa

(a) Rural

Restrictions Households Observations
All 2644 12597
No movers 2093 10002
Missing month 1722 8369
Ages 27 to 62 1283 6200
Household splits 1179 5592
Labor market attachment 884 4196
Income outliers 778 3671
Max one missing 331 1661

(b) Urban

Restrictions Households Observations
All 3665 17340
No movers 3165 14904
Missing month 2421 11444
Ages 27 to 62 1893 8881
Household splits 1765 8376
Labor market attachment 1537 7316
Income outliers 1321 6357
Max one missing 612 3051

NIDS from 2008 to 2017.

Probability weights. Every statistic is weighted by inverse probability weights. For cross-sectional ob-
jects, I use the weights wgt. For panel moments I use the weights pweight. I follow the advice in the code-
book and trim the first wave of the panel weights at the 1st and 99th percentile.
Descriptive Statistics. Table 22 contains descriptive statistics for both the raw data, and the selected sam-
ple.

59Because I take logs, low income realization can have an outsized influence on sample statistics.
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Table 22. Summary statistics South Africa

(a) Full Sample

Rural Urban
mean sd mean sd

r_hhincome_lab_gov 4105.557 6285.731 8030.53 15066.41
Real expenditure 3642.57 5770.78 7728.415 12780.33
Years of schooling 8.856127 4.364013 10.72278 3.522302
Age 37.42919 14.55792 38.55696 13.18948
Male share .5601422 .4963913 .6000816 .4898979
Household size 4.726216 3.173566 3.64497 2.358767
Observations 11531 14703

(b) Selected Sample

Rural Urban
mean sd mean sd

r_hhincome_lab_gov 6835.937 8847.935 12318.69 19693.29
Real expenditure 4858.238 6779.317 9605.623 13432.56
Years of schooling 9.121613 4.582276 11.2527 3.197754
Age 42.15352 7.917871 42.72599 7.934546
Male share .5586996 .4966919 .5798099 .4936702
Household size 3.798314 2.242986 3.581449 1.931491
Observations 1661 3051

Variables refer to household head’s demographics. In table 22a I do not select the sample other than dropping observations without urban-rural status.
In table 22a I apply the same selection criteria defined earlier.

A.2.3 Residualizing the Data

I follow BPP and run a first-stage regression to purge the data frompredictable life-cycle components. I run
a standard OLS regression with the relevant log household income on the left hand side, and the following
right hand side variables for each sector separately

• years of schooling

• age, age_sqare

• log household size, log number adults

• race, gender, marital status dummies

• urban-year fixed effects

• urban-month fixed effects.

This is a relatively parsimonious first stage regression similar to Aguiar, Bils, and Boar (2024). I run a re-
gression of the form

yi,t = α+ γ′
txi,t + ui,t

and then work with the residuals as incomemeasure when computing autocovariances in the main part of
the paper.

A.2.4 Additional Statistics

In this section I report additional details on rural-urban migration and rural-urban wage gaps. I impose
less stringent sample selection criteria compared to when I estimate income risk. I consider households
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between 24 and 64 years of age, and I drop households that are out of the labor force (i.e., households that
do not want to work), and I drop the lowest 3% of observations for each wave-sector pair since the log
transformation is sensitive to very small income levels.

Table 23. Migration and cross-sectional differences in South Africa (standardized)

(a) Rural stayers vs. rural movers

(1)
Rural-Urban Migrant

age -0.150∗∗∗
gender 0.075∗∗
years of schooling 0.045
l_r_hhincome_lab_gov_yr_pa -0.090∗∗∗
children 0.034
N 5666
Standardized beta coefficients
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

(b) Urban stayers vs. urban movers

(1)
Urban-Rural Migrant

age 0.005
gender 0.015
years of schooling -0.071∗∗
log hh income -0.013
children -0.028
N 11248
Standardized beta coefficients
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

This table refers to the full sample but focuses on cross-sectional differences in household observables before migration. Table 23a is based only on
rural stayers and rural-urban movers, while table 23b is based only on urban stayers and urban-rural movers. Standard errors are clustered at the
household level and cross-sectional weights are applied. These tables report standardized beta coefficients from amultivariate linear probability model.

Rural-UrbanWage Gaps. Table 24 reports the cross-sectional wage gap.

Table 24. Cross-sectional rural-urban wage gap in South Africa

urban 0.727∗∗∗ 0.724∗∗∗ 0.450∗∗∗
(0.0428) (0.0421) (0.0367)

controls No No Yes

time effects No Yes Yes
N 15853 15853 15815
R2 0.089 0.100 0.299

The outcome variable is log household labor income per adult broadly defined. Controls include age, years of school, sex, log household size, and
year-sector fixed effects. Standard errors in parentheses are clustered at the household level. The second column includes only households who start in
rural, and if migrated, never returned to rural. Standard errors in parentheses are clustered on the household level, * p<0.10, ** p<0.05, *** p<0.01.

Table 25. Within household rural-urban wage gap in South Africa

all movers rural-urban movers urban-rural movers
urban 0.216∗∗∗ 0.340∗∗∗ 0.213∗

(0.0606) (0.0830) (0.113)
N 13142 6081 8041
R2 0.806 0.751 0.800

The outcome variable is log household labor income per adult broadly defined. The second column includes only households who start in rural, and if
migrated, never returned to rural. Standard errors in parentheses are clustered on the household level, * p<0.10, ** p<0.05, *** p<0.01. Controls include
year, and month fixed effects.

Consistent with the prior literature, the unadjusted wage gap is very large, and over 100%. After control-
ling for observables including age, education, and gender, the wage gap shrinks but remains substantial at
around 30 log points.60

60The cross-sectional rural-urban wage gap in South Africa is somewhat smaller than reported in Lagakos et al. (2020). The discrep-
ancy is entirely accounted for by the fact that I include race as a control variable.
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Selection intoMigration. Table 26 shows how rural-urban and urban-rural migrants are selected rela-
tive to the relevant population of stayers by running a simple bivariate linear regression before migration
happens. Consistent with his findings, rural-urbanmovers tend to bemore skilled. Somewhat surprisingly,
selection on income is actually negative, and rural-urban migrants are much younger than rural stayers.
This type of selection contrasts with urban-rural migrants, that are substantially older, and are negatively
selected on assets but not on income. Themassive age gaps reveals a potentially differentmigrationmotive
across the twomover types, where retirement motives may loom larger for urban-rural migrants. Income-
based migration stories appear more appropriate for young rural-urban migrants. This perspective is con-
sistent with larger wage gains upon migration, and justifies the focus on rural-urban migration pursued in
this paper.

Table 26. Selection into Migration in South Africa

Age Years of education Log total net assets Log income
Rural-Urban mover dummy -6.025∗∗∗ 0.973∗∗∗ -0.167 -0.276∗∗∗

(0.642) (0.322) (0.302) (0.0774)

Rural stayers baseline 38.76∗∗∗ 9.519∗∗∗ 10.71∗∗∗ 9.880∗∗∗
(0.308) (0.144) (0.0753) (0.0337)

N 6410 6409 1233 5667
R2 0.034 0.005 0.000 0.007

(a) Rural stayers vs. rural movers

Age Years of education Log total net assets Log income
Urban-Rural mover dummy -0.523 -1.437∗∗∗ -1.274∗∗∗ -0.102

(1.708) (0.413) (0.478) (0.131)

Urban stayers baseline 40.33∗∗∗ 11.48∗∗∗ 11.69∗∗∗ 10.52∗∗∗
(0.373) (0.102) (0.0898) (0.0400)

N 12922 12923 2961 11256
R2 0.000 0.006 0.004 0.000

(b) Urban stayers vs. urban movers
This table refers to the full sample but focuses on cross-sectional differences in household observables before migration. Table 27a is based only on
rural stayers and rural-urban movers, while table 27b is based only on urban stayers and urban-rural movers. Standard errors are clustered at the
household level and cross-sectional weights are applied.

To further investigate the role of selection, I run a similar linear regression but now controlling for age
for rural-urban migrants, which varies drastically across groups. Table reports the results 27. Strikingly,
the positive link between education and migration completely disappears, while the negative selection on
income remains large and highly statistically significant. The point here is that sorting is clearly important
but casts doubt on the preconception that permanent rural-urban migration is predominantly driven by
migration of more skilled individuals into the skill-intensive sectors, as argued in Young (2013).

Table 27. Selection into Migration in South Africa with Age Controls

Years of education Log total net assets Log income
Rural-Urban mover dummy 0.115 -0.0770 -0.248∗∗∗

(0.310) (0.301) (0.0795)
N 6409 1233 5667
R2 0.120 0.006 0.010

This table refers to the full sample but focuses on cross-sectional differences in household observables before migration. Table 27 is based only on rural
stayers and rural-urban movers. I include age as a linear control variable. Standard errors are clustered at the household level and cross-sectional
weights are applied.

LinkbetweenRural andUrban IncomeamongMigrants. Table 28 reports the results of a regression of
urban on rural income among rural-urban movers. The first two columns report the estimates for movers,
the two final columns report the estimates for rural stayers as placebo test. Consistent with the model, the
IV estimate for movers of .58 is higher than the OLS estimate. This estimate is still substantially smaller
than the IV estimate for stayers, which is around .82. It appears that income for households that stay in the
same sector is more persistent than income for movers, and the IV strategy rules out simple measurement
error as explanation.61

61Note that even the IV estimator for stayers is expected to be smaller than one due to imperfectly transitory shocks.
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Table 28. Correlation across rural and urban income in South Africa

OLS (movers) IV (movers) OLS (stayers) IV (stayers)
rural labor income 0.279∗∗∗ 0.583∗∗∗ 0.414∗∗∗ 0.817∗∗∗

(0.0517) (0.186) (0.0301) (0.0626)
N 268 170 3011 2026
R2 0.429 0.424 0.425 0.338

I regress income after the move on income before the move in column 1 and 2, where the second column uses lagged income as instrument. Column 3
and 4 run the same regression for stayers as placebo test. I implement the regression on the raw data to keep the sample size up, and control for the
same observables used when residualizing the income data. Cross-sectional weights are applied, and standard errors in parentheses are clustered on
the household level, * p<0.10, ** p<0.05, *** p<0.01.

Income Gains, Consumption Gains, and Volatility. Without controls, the probability of increasing one’s
income is about 50% after taking out time effects. The probability of an income gain increases substantially
around the time of migration by 25%. Controlling for observables leads to an estimate whereby migration
increases the probability of an income gain by about 20%. Similar results hold for consumption, see table
30. Thus, while rural-urban migration raises income on average, a substantial fraction of households –
roughly 30%– experience income losses after migrating.

Table 29. Migration and Income Drop

better better
rural-urban move 0.254∗∗∗ 0.208∗∗∗

(0.0398) (0.0419)

constant 0.574∗∗∗ 0.563∗∗∗
(0.0121) (0.0169)

Time FE Yes Yes
Age controls No Yes
HH size No Yes
Observations 3480 3480
r2 0.0172 0.0314

This table reports results from a linear probability model where the left hand side variable takes a value of one if households are better off, i.e., they
improved their total per adult income relative to the last period. Standard errors are clustered on the household level, and cross-sectional panel weights
are applied.

Table 30. Migration and Consumption Drop

better_con better_con
rural-urban move 0.302∗∗∗ 0.237∗∗∗

(0.0351) (0.0373)

constant 0.533∗∗∗ 0.525∗∗∗
(0.00998) (0.0124)

Time FE No Yes
Age controls No Yes
HH size No Yes
Observations 4084 4084
r2 0.0339 0.0593

This table reports results from a linear probability model where the left hand side variable takes a value of one if households are better off, i.e., they
improved their total per adult consumption expenditure relative to the last period. Standard errors are clustered on the household level, and
cross-sectional panel weights are applied.

The first two columns in table 31 report the results on income growth and volatility. Reassuringly, mean
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growth is positive, consistentwith the sizable urban incomepremiumestimated earlier.62 Crucially, income
volatility also spikes around the time of migration, consistent with risky rural-urban migration. The stan-
dard deviation of income growth relative to themean is overall larger (SD =

√
0.165 ≈ .4 vsmean ≈ 0.3). At

the same time, income volatility is large even for rural households who don’t migrate ((SD =
√
0.12 ≈ .35).

Importantly, the structural model will go beyond simple volatility measures and decompose volatility into
different kinds of risk, i.e., transitory vs. persistent shocks. Transitory shocks, consistent with earlier re-
sults, are key drivers of the overall high degree of volatility. In the case of permanent rural-urbanmigration,
persistent shocks will be the quantitatively dominant force that generates the differences in overall volatil-
ity. Consistent with this are differences in mean consumption and consumption volatility across groups,
which are of a similar magnitude and a tell-tale sign of persistent shocks, see column 3 and 4 of 31.

Table 31. Migration and Income Volatility

Income growth Income volatility Consumption growth Consumption volatility
rural-urban move 0.323∗∗∗ 0.0478∗ 0.278∗∗∗ 0.0349

(0.0437) (0.0246) (0.0390) (0.0224)

constant 0.0314∗∗∗ 0.120∗∗∗ 0.00934 0.125∗∗∗
(0.00901) (0.00681) (0.00883) (0.00651)

Observations 3480 3480 4084 4084
R-squared 0.0751 0.0260 0.0983 0.0442

This table reports annualized log income and consumption growth regressed on a dummy for rural-urban migration, together with
the analogous regressions using the squared residual from the growth regression as the dependent variable — a demeaned measure
of growth volatility that isolates dispersion around each group’s own mean from the mean-shift effect itself. All columns control for
household size and a quadratic in age (both mean-centered) and include year fixed effects. Standard errors are clustered at the
household level, and panel weights are applied. Table 36 in the appendix reports moments without controls, which are slightly
larger. Estimates are annualized, i.e., I use (yt+2 − yt) /2 to compute annualized mean and volatility.

Rural-Urban Reclassification. Lastly, I condition on households moving into different counties. There is
a concern to what extent the rural-urban differences are confounded by artificial reclassification. I now
tackle this issue by reconsidering who is a rural-urban mover based on whether i) their rural-urban status
is changing, and ii) whether the county of their household is changing. If only i) is the case but not ii), I
assume that this household is misclassified and assume that the previous urban-rural status continues to
apply.63

62Annualized income growth using first-differences and a dummy that equals one only around the time ofmigration implies a larger
urban premium than what the standard fixed effects estimator suggested, which wasn’t annualized. This is consistent with negative
selection on transitory shocks, which provides a boost around the time of migration that vanishes when households income gaps are
based on long-term averages in each sector as done with the fixed effects estimator. Similarly, the volatility of stayers closely matches
the volatility implied by the stochastic process estimated earlier. To see this, use the stochastic process to derive volatility of the growth
rate, and plug in numbers close to the earlier estimates to illustrate that the implied income volatility estimate is surprisingly close,
given differences in selection criteria and a simpler residualization procedure: V (∆y/2) = σ2

p/2 +
(
1− e−2λϵ

)
σ2
ϵ /2 + σ2

x/2 ≈
0 +

(
1− e−1

)
∗ 0.26/2 + .1/2 ≈ .13.

63Note that the county identifier is useful but unfortunately does not map one for one into rural-urban status in that there are many
counties that have households classified as both urban and rural.
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Table 32. County-to-county rural-urban migration flows in South Africa

(a) Full Sample

(1)
Share

Rural stayer 0.264
Urban stayer 0.626
Rural-Urban mover 0.067
Urban-Rural mover 0.026
Two-way mover 0.018
Observations 26245

(b) Selected Sample

(1)
Share

Rural stayer 0.242
Urban stayer 0.758
Rural-Urban mover 0.000
Urban-Rural mover 0.000
Two-way mover 0.000
Observations 4712

In table 32a I do not select the sample other than dropping observations without urban-rural status. In table 32b I
apply the same selection criteria defined earlier.

Table 33. County-to-county migration and cross-sectional differences in South Africa

(a) Rural stayers vs. rural movers
Age Years of education Log total net assets Log income Log asset-income ratio

Rural-Urban mover dummy -13.74∗∗∗ 2.112∗∗∗ -0.0311 -0.648∗∗∗ 0.315
(0.635) (0.223) (0.250) (0.0598) (0.268)

Rural stayers baseline 38.27∗∗∗ 9.107∗∗∗ 10.69∗∗∗ 9.617∗∗∗ -0.316∗∗∗
(0.347) (0.120) (0.0628) (0.0305) (0.0573)

N 10932 10932 1856 9658 1856
R2 0.101 0.025 0.000 0.028 0.001

(b) Urban stayers vs. urban movers
Age Years of education Log total net assets Log income Log asset-income ratio

Urban-Rural mover dummy 0.812 -1.614∗∗∗ -1.682∗∗ -0.100 -1.525∗∗
(2.082) (0.449) (0.780) (0.170) (0.727)

Urban stayers baseline 40.27∗∗∗ 11.47∗∗∗ 11.68∗∗∗ 10.51∗∗∗ -0.167∗∗
(0.369) (0.101) (0.0892) (0.0395) (0.0667)

N 13001 13002 2975 11329 2975
R2 0.000 0.005 0.003 0.000 0.004

This table refers to the full sample but only considers households the first time they appear in the sample to zoom in
on cross-sectional differences before migration. Table 33a is based only on rural stayers and rural-urban movers,
while table 33b is based only on urban stayers and urban-rural movers.

Table 34. County-to-county migration and cross-sectional differences in South Africa (standardized)

(a) Rural stayers vs. rural movers

(1)
Rural-Urban Migrant

age -0.249∗∗∗
gender 0.059∗∗
years of schooling 0.052∗∗
log hh income -0.130∗∗∗
children 0.050∗∗
N 9656
Standardized beta coefficients
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

(b) Urban stayers vs. urban movers

(1)
Urban-Rural Migrant

age 0.025
gender 0.008
years of schooling -0.079∗∗
log hh income 0.016
children -0.023
N 11321
Standardized beta coefficients
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

This table refers to the full sample but focuses on cross-sectional differences in household observables before
migration. Table 34a is based only on rural stayers and rural-urban movers, while table 34b is based only on urban
stayers and urban-rural movers. Standard errors are clustered at the household level and cross-sectional weights are
applied. These tables report standardized beta coefficients from a multivariate linear probability model.

Table 35 uses household fixed effects with and without additional controls in line with the previous
specification. Note that the size of the coefficient increases.

59



Table 35. County-to-county within household rural-urban wage gap in South Africa

all movers rural-urban movers urban-rural movers
urban 0.342∗∗∗ 0.421∗∗∗ 0.320∗∗

(0.0609) (0.0815) (0.133)

controls Yes Yes Yes
N 22216 10719 11108
R2 0.759 0.673 0.771

These results consider a household a mover only if their rural-urban switch coincides with a switch of the household’s district council. The outcome
variable is log household labor income broadly defined. The second column includes only households who start in rural, and if migrated, never
returned to rural. Standard errors in parentheses are clustered on the household level, * p<0.10, ** p<0.05, *** p<0.01. Controls include year, and month
fixed effects. In the appendix I report estimates controlling for a richer set of covariates including household size and age, leading to larger wage gaps.

Income and Consumption Volatility of Migrants without Controls. Table 36 reports income and con-
sumption mean gains and volatility (as annualized variance) without controls, which complements the re-
sults in the main body of the paper.

Table 36. Migration and Income Volatility (no controls)

Income growth Income volatility Consumption growth Consumption volatility
rural-urban move 0.367∗∗∗ 0.0694∗∗∗ 0.337∗∗∗ 0.0491∗∗

(0.0460) (0.0265) (0.0373) (0.0243)

constant 0.0469∗∗∗ 0.129∗∗∗ 0.0202∗∗∗ 0.130∗∗∗
(0.00687) (0.00565) (0.00676) (0.00545)

Observations 3480 3480 4084 4084
R-squared 0.0534 0.0235 0.0644 0.0410

This table reports annualized log income and consumption growth regressed on a dummy for rural-urban migration, together with the analogous
regressions using the squared residual from the growth regression as the dependent variable — a demeaned measure of growth volatility that isolates
dispersion around each group’s own mean from the mean-shift effect itself. All columns control for year fixed effects. Standard errors are clustered at
the household level, and panel weights are applied.

Tails of the income distribution. The income process gives rise to a fat-tailed stationary income distribu-
tion where persistent shocks lead to a fanning out of the distribution while death shocks stabilize it. The
tail-coefficient of the persistent income component p equals

√
2ϕ
σ2
p
. To explore the fit of the model in this

dimension, I plot the density of the average log residualized household income for rural and urban in figure
14.
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Figure 14. Density of avg. log residualized household income South Africa
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It is easy to see that the tail of the distribution of log income of urban households is fatter than the one
of rural households, consistent with differences estimated in the volatility of persistent shocks.

I explore this more formally by running a regression of the log of the complementary CDF, which is a
log linear function of income according to Y −ζ where ζ is the tail coefficient. Table 37 reports the results
of a regression that allows for intercept and slope coefficient to vary across sectors.

Table 37. Tail Coefficients

South Africa
Estimate SE

ζR -3.60 0.115
ζU -2.80 0.072

The income measure uses residualized log labor income broadly defined and averaged over different years. The bivariate regression is run separately
for rural and urban stayers after dropping observations below the 80th percentile of income to only capture the right tail of the distribution.

The theory implied tail-coefficients that follow from the formula ζ =
√

2ϕ
σ2
p
are largely in line with the

results and consistent with the fatter tail in the urban sector, which is an untargeted moment.
WealthandMigration. Before I study thenexus betweenwealth andmigration, I stress that the data quality
is somewhatweaker. Wealth is onlymeasured irregularly, andat times in coarse intervals. Overall, the share
of households with zero wealth seems inflated, also compared to other household level data in developing
economies, see De Magalhaes and Santaeulalia-Llopis (2018) for relevant comparison.

Figure 15 plots a kernel density estimate of the asset distribution amongst households with non-zero
assets. It focuses on rural households and compares rural stayers with future rural-urbanmovers. The plot
shows that migrants have more mass on relatively low asset levels, consistent with the negative selection
on wealth in the model.
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Figure 15. Density of log assets in South Africa of rural stayers and migrants
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When computing this Kernel density, I use average household assets across different waves, and use cross-
sectional weights to obtain this average.

AdditionalEmpiricalResults. Perhapsunsurprisingly, earned income ismore variable thandisposable
income, and especially so for rural households. Consistent with that, table 38 reports the share of remit-
tances and government transfers in total disposable monthly household income, which helps account for
these differences as both shares are higher for rural households. Quantitatively, government support is the
more important factor constituting, on average, 13% of rural household income, in contrast to 7% for urban
households. Empirical Passthrough Income toConsumption. Table 39 reports the empirical passthrough

Table 38. Income Shares in South Africa

(1)
Mean
b

c.share_gov@0.urban 0.264
c.share_gov@1.urban 0.103
c.share_remit@0.urban 0.037
c.share_remit@1.urban 0.024
N 25934

Total disposable monthly household income is in the denominator. Government support includes pensions, but note that the sample
is restricted for household heads between 25 and 60 years of age.

coefficients for South Africa.
For theTownsend-style regression I use year-month-sectorfixedeffects aswell as a set of controls includ-

ing education, a second order polynomial in age, log household size, and log number of adults. The first
column uses a simple cross-sectional regression without household fixed effects so I include gender and
race as additional controls. The second column adds household level fixed effects and is the one reported
in the main text. Note that I use the total sample to implement this regression, which is complementary
to the BPP results where I impose more stringent sample restrictions. Consistent with a large literature,
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the passthrough coefficients from the simple regression are low. If I had village level outcomes and con-
trolled for those, the estimates would probably be even lower. Note, however, that this does not mean that
markets are complete in rural. Correlated shocks, like bad weather, together with measurement error and
mean-reverting income processes would produce very low passthrough coefficients as I have shown when
simulating the structural model.

The second table reports BPP passthrough coefficients for persistent shocks. This is a more interesting
object than the passthrough for transitory shocks, which tends to be low in the data and in the structural
model since transitory shocks are easy to insure. As usuals, measurement error and fully transitory shocks
are not separately identified, so again it will be true that high measurement error would trivially lead to a
low passthrough for transitory shocks. Note, however, that the BPP estimator for persistent shocks is ro-
bust to fully transitory shocks in the sense that these are partialled out. To implement the BPP estimator,
I run an IV regression using the moment restrictions in the main text. I use the same restrictions as for
the exercise when I measure income risk, and I residualize the data in the same way. I impose one addi-
tional restriction, which is that residualized income and consumption growth across waves is bounded by
−100% and +250%. While imposing additional restrictions on these growth rates is standard, I note that
this matters and imposing no restrictions leads to nosy regressions with null results.

Table 39. Passthrough in South Africa

(a) βc_y

Log consumption Log consumption
Log income 0.260∗∗∗ 0.147∗∗∗

(0.0141) (0.0144)

Log income× 1_urban 0.133∗∗∗ 0.0534∗∗∗
(0.0212) (0.0186)

Controls Yes Yes

Year-month-sector fe Yes Yes

Individual fe No Yes
N 20878 20055
R2 0.658 0.815

(b) βBPPc_p

Rural Urban
β̂ 0.224 0.621∗

(0.258) (0.322)
N 385 610

A.3 Estimating income risk

I build on the methodology developed in BPP. Consider the fix proposed in Crawley, Holm, and Tretvoll
(2022) and discuss how things relate to level estimation and choice of weighting matrix, see also Heath-
cote, Perri, and Violante (2010) using levels. Note that a balanced sample is important according to Daly,
Hryshko, and Manovskii (2022) since income volatility different for people who enter and exit out of ordi-
nary frame.

I set up the model in continuous time, which is useful for a number of issues. First, it allows me to go
back and forth between different time horizons, which comes in handy as the Chinese data is measured
on an annual basis, i.e., income per year, but only reported every two years, while the South African data
is measured monthly and the gap between households in different waves ranges from one to two and a
half years. Second, it directly addresses issues of time aggregation as pointed out in the classic study of
Working (1960). This matters, as recently pointed out by Crawley, Holm, and Tretvoll (2022), who show
how to reconcile income risk estimates from first differenced vs. level specification.
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A.3.1 Stochastic Income Process

I postulate an exogenous income process for residualized log income

y = p+ ϵ

where p is the persistent component of human capital and ϵ is a transitory component

dp = σpdZ

dϵ = dN (ϵ′ − ϵ) .

The income process combines a random walk in p with a passing shock whereby transitory independent
shocks ϵ hit the household at arrival rate λϵ. Formally, Z is a Wiener process, dN is a Poisson process with
intensity λϵ, ϵ is drawn i.i.d. from some CDF G (ϵ). Additionally, I assume measured income y features
classical measurement error x so

y∗ = p+ ϵ+ x.

Level moments. I focus on level moments, which are shown to be more robust according to Crawley,
Holm, and Tretvoll (2022). There are also more level moments that differenced moments, which helps
given the relatively short samples I work with. Denote residualized log income of household i as y∗

i =

[y∗i,0 y∗i,1 ... y∗i,T ]
′ and note that the Covariance matrix reads

V = Ei

[
y∗
i y

∗
i

]′
since the means are zero by construction after residualizing income. I now derive the elements of V given
the postulated income process focusing first on the variance term on the diagonal

E [ŷ0ŷ0] = V (p0) + σ2
ϵ + σ2

x

and more generally for t ∈ [0, T ]

E [ŷtŷt] = V (p0) + tσ2
p + σ2

ϵ + σ2
x.

The covariance between time t and t+ k equals

E [ŷtŷt+k] = Cov

(
pt + ϵt + xt, pt +

∫ t+k

t

σpdZ + ϵt+k + xt+k

)
= V (pt) + Cov (ϵt, ϵt+k)

= V (pt) + P (Nt,t+k = 0)σ2
ϵ

= V (p0) + tσ2
p + e−λϵkσ2

ϵ

where measurement error drops out conveniently for k > 0.
This continuous time approach is not fundamentally different from the discrete time version but it of-

fers two additional benefits. First, it can handle data where time intervals between observations are non-
constant and household specific. For example, for the South African data there are observations ofmonthly
income in March 2010, and the same household’s income shows up again in February 2012. For yet another
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household, I observe their monthly income in August 2010 and June 2012. The continuous time setup can
directly account for household specific time intervals between different waves of the panel. In the South
African context with household specific time intervals across waves, I compute the theoretical covariance,
for concreteness for a specific momentmt,t+2 = Ei [yi,tyi,t+2] as

m
theory
t,t+2 =

1

Nt,t+2

∑
i

V (pti) + e−λϵkiσ2
ϵ for ti ∈ Wt and ti + ki ∈ Wt+2

whereWt is a particularwaveof the surveywhichappear at biennial frequency. For example,wave 1 appears
in 2008 andwave 2 in 2010. The same household shows up in February in the first wave, and in August in the
second, which I need to account for using the previous equation. Other theoreticalmoments are analogous.
I emphasize that I treat θ as a theoretical moment because no information on income or consumption from
the data is used. It does, however, use information from the data onwhen exactly households are surveyed.
The asymptotics are thus best viewed as the limit of the average of repeated experiments where the time
intervals on when households are surveyed are fixed across experiments.
GMM. I stack these moments into the vector g (wi,θ) so that E [g (wi,θ)] = 0where θ is a vector of param-
eters that shape the household income process and wi is random vector representing the data. I use the
generalmethod ofmoments (GMM) or the simulatedmethod ofmoments (SMM) and estimate θ separately
for urban and rural households. The standard quadratic form reads

min
θ

[∑
i

g (wi,θ)

]′

Ω̂

[∑
i

g (wi,θ)

]

where Ω is the optimal weighting matrix, Ω =
(
E
[
g (wi,θ) g (wi,θ)

′])−1, and the hat indicates sample
moments.

The first order condition reads[∑
i

∇θg
(
wi, θ̂

)]′

Ω̂

[∑
i

g (wi,θ)

]
= 0

and the asymptotic standard errors follow

√
N
(
θ̂ − θ0

)
∼ N

(
0,
(
Ĝ′Ω̂Ĝ

)−1
)

where Ĝ = 1
N

∑
i ∇θg

(
wi, θ̂

)
.

To ensure that variances are always positive, I have applied an exponential transformation, i.e., σ2
p = eσ̃

2
p

etc. The exponential helps in that it ensure that my estimate for σ2
p is always weakly positive. Writing in

general form, let θ̃ = h (θ) where h : Rk → Rk is an invertible function. The asymptotic variance of θ̃ then
follows from the delta method

AV ar = N

(
0, hθ

(
Ĝ′Ω̂Ĝ

)−1

h′
θ

)
where hθ is the Jacobian of h.
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A.4 Deaton-Paxson Exercise

I next describe inmore detail how I implemented the Deaton-Paxson exercise, which relates the rise in life-
cycle inequality to the degree of persistent income shocks. I report results for several low and middle in-
come countries in Latin America, Africa, and Asia, and the United States as benchmark, using harmonized
data from the Luxembourg Center of Income studies (Luxembourg Income Study (LIS) Database (2025)).
Sample Selection.We impose the following aggregate selection criteria

1. Drop households with zero or negative income

2. Drop household withmissing rural identifier – we use rural vs. non-rural as a distinct urban category
is not always available

3. Drop waves of datasets where the number of observations in a sector is below 2200

We then further restrict the sample based on household head characteristics. Before we do so, we have
to determine the household head. For some surveys the household head is provided, but often not highly
correlated with income and prime age. I therefore use the following algorithm to determine the household
head for all surveys:

1. Pick adult male. If there are several, pick the male closest to prime age of 45 years. Use: |age -45|.

(a) If there are several with same distance to prime age, pick the one with higher education. If still
tie, pick the one with lower individual id to break the tie.

(b) If there is no male, apply the same procedure to adult women

Having defined the head, I then further restrict the sample using the following characteristics

1. Age in [26,60]

2. Household size < 10

3. Available information on number of children (strictly younger than 18 years)

4. Keep households in the sample if the head is employed using the variable emp, which stands for em-
ployment and excludes households with a head that is unemployed, still in school, or retired. A mea-
surement challenge could arise if employment is not well-defined in the rural sector due to the in-
formality of work. However, after checking for employment rates across sectors, we did not find that
this definition lead to artificially low employment in the rural sector.

5. Censor lowest 2% and highest 1% of income within each year and sector – I run this on the entire
working sample, i.e., before I drop observations for other reasons.

I test whether the datasets provide sensible results regarding the returns to education, returns to expe-
rience/age, and cross-sectional rural-urban wage gaps, which is the case. See the code for more details.
Inequality over the life cycle. I next compute the log variance of income by sector-year-age bin.

I construct agebinsusingnon-overlapping 5-year age intervals [26,27,28,29,30];[31,32,33,34,35];...;[56,57,58,59,60]
where the age in the middle is the age index of the age group as convention, i.e., the age index of the first
group is 28. I next define the cohort of an age group as the current year minus the age index, i.e., in 2010
for the first age group the cohort would be 2010-28=1982.
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I use measures of real income comparable across time and countries to compute household equivalent
income using a simple equivalent scheme, Y eqv = Y

adults+.5∗children , i.e., children get a weight of half when
computing an equivalent measure of income per capita where children are defined as householdmembers
below the age of 18.

I then construct year-age index-sector cells and compute the log variance of income for each cell using
both raw income and adult-equivalent income

σ2
a,t,j =

∑
i∈a,j,t X

2
i

Na,j,t
−
(∑

i∈a,j,t Xi

Na,j,t

)2

, (25)

where a is the age of the household head and t is calendar time and j is the sector which is rural or non
rural. When doing this, we only consider cells for which we have at least 50 observations,Na,t ≥ 50,64 and
we use household weights to construct first and second moment.
Time effects. I then run a linear regression of the form

σ2
a,t,j = α+ γt + δa + ua,t,j

where γ are time and age index fixed effects.65

Figure 16 illustrates the regression results graphically. The key takeaway is that urban income fans
out at a significantly higher rate than rural income, consistent with the GMM estimates from the panel
data. Since I did not residualize the data, inequality measured as the variance of log, and the rate at which
inequality increases, are naturally larger. The GMM results thus constitute a conservative lower bound on
the difference in permanent income risk across sectors.

Figure 16. Life Cycle Inequality in South Africa
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The outcome variable is the variance of equivalent log household labor income broadly defined. To compute equivalent units, I
assign children a weight of .5 while adults receive a weight of 1.0. I normalize the intercept by setting the age effect at 35 equal to the
sample mean of cross-sectional inequality for this age group. I drop the lowest 3% of observations, and the largest .5%, and focus on
employed households of age 25-59.

Table 40 reports the results for South Africa based on a linear regression model, i.e., δa = δ · a.
64It turns out that this restriction has no bite.
65As pointed out in Hall (1971), time, cohort, and age effects are not separately identified. Since age effects are the ultimate object

of interest as they capture the rise in inequality over time, researchers face a somewhat abitrary choice of whether to include cohort
or time effects. I report results with year effects, which led to more sensible estimates, consistent with arguments in Heathcote,
Storesletten, and Violante (2005).
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Table 40. Within household rural-urban wage gap in South Africa

variance log income
age 0.00532

(0.00406)

urban× age 0.0124∗
(0.00480)

time effects Yes
N 70

The outcome variable is the variance of equivalent log household labor income broadly defined. To compute equivalent units, I assign children a
weight of .5 while adults receive a weight of 1.0. I focus on households with working age heads that are in employment, and drop the
lowest 3% and the highest .5%. Standard errors in parentheses are clustered on the age bin level, * p<0.10, ** p<0.05, *** p<0.01. Age bins are defined
as non-overlapping 5-year intervals ([25,...,29],[30,...,34] and so on).

Relative to the GMM estimation, note that I impose virtually no sample restrictions and choose equiv-
alized income, suggesting that my previous findings are not driven by sample selection criteria or using
total household income. Nor is endogenous sample attrition a concern since the method does not rely on
the panel structure of the data. Lastly, note that an additional benefit of the Deaton-Paxson approach is
that it is readily implemented, which allows me to extend the analysis to Mali and Ivory Coast, two African
developing economies with large rural sectors that have harmonized income measures provided by the
Luxembourg Center for Income Studies (LIS). I show in the appendix A.4 that in both countries inequality
rises faster in the urban sector, consistent with the findings from South Africa.

Figure 17 plots the evolution of life cycle inequality across age groups for Mali and Ivory Coast. In both
countries, inequality in the rural sector fans out very little as households get older, in contrast to the urban
sector, which technically is defined as non-rural in the LIS data. Focusing on prime-age households and
comparing age group 33 and 53, we observe that cross-sectional inequality increases by about 10 log points
inMali and 20 log points in Ivory Coast, consistent with the dominant role of persistent shocks in the urban
sector. Note that inequality is overall large here because I did not residualize the income data on observ-
ables. Additional details including robustness checks are deferred to the appendix, where I benchmark the
results against life-cycle inequality in the US.

Figure 17. Life Cycle Inequality in Mali and Ivory Coast

95% confidence intervals are plotted around the age effects. To facilitate interpretation, I normalize the intercept by setting the age
effect at 38 equal to the sample mean of cross-sectional inequality for this age group. Income is measured in adult equivalents.
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Additional Results. I have also experimented with cohort effects instead of time effects, and I have ex-
tended the analysis to emerging markets in Asia and South America. Additional results are available upon
request, which include exercises that use household incomewithout adjusting for household size and num-
ber of children, and for a set of additional countries: South Africa (from LIS), India, China, Brazil, Colom-
bia, Guatemala, Mexico, Paraguay, Peru, Vietnam. With the only clear exception being Vietnam, results
are consistent with the ones presented in the paper in the sense that inequality increases relatively more
in the urban sector as cohorts age.

A.5 BPP insurance coefficients

I consider the simplifiedmodel to derive the bias in the BPP estimator explicitly under the assumption that
the income process combines a random walk and an imperfectly transitory shock. The simplified model
in continuous time is summarized by the following equations

dc = βpdp+ βϵdϵ

dp = σpdZ

dϵ = dN (ϵ′ − ϵ)

where the new transitory type ϵ′ arrives at rate λϵ, i.e., E [dN ] = λϵdt.
Next, using the moment condition from BPP but adjusted for the biennial data (with 2-year intervals

between observations so∆ also takes the difference over two years) I obtain

Cov (∆ct,∆yt−2 +∆yt +∆yt+2)

Cov (∆yt,∆yt−2 +∆yt +∆yt+2)
=

Cov (βp (pt − pt−2) + βϵ (ϵt − ϵt−2) , pt+2 − pt−4 + ϵt+2 − ϵt−4)

Cov (pt − pt−2 + ϵt − ϵt−2, pt+2 − pt−4 + ϵt+2 − ϵt−4)

=
βp (E [∆pt∆pt]) + βϵ (E [ϵtϵt+2]− E [ϵtϵt−4]− E [ϵt−2ϵt+2] + E [ϵt−2ϵt−4])

E [∆pt∆pt] + E [ϵtϵt+2]− E [ϵtϵt−4]− E [ϵt−2ϵt+2] + E [ϵt−2ϵt−4]

=
βp2σ

2
p + βϵ2σ

2
ϵ e

−2λϵ
(
1− e−2λϵ

)
2σ2

p + 2σ2
ϵ e

−2λϵ (1− e−2λϵ)

= βp

σ2
p

σ2
p + σ2

ϵ e
−2λϵ (1− e−2λϵ)

+ βϵ

σ2
ϵ e

−2λϵ
(
1− e−2λϵ

)
σ2
p + σ2

ϵ e
−2λϵ (1− e−2λϵ)

where the second line uses the fact that the change in p is uncorrelated across non-overlapping intervals,
e.g., E [∆pt∆pt−2] = 0, and E [ϵtϵt+k] = E [ϵtϵt−k] = σ2

ϵ e
−λϵk. There is one final subtlety to note: for sim-

plicity, I assumed in the derivation that E [ϵt+kϵt+k] = σ2
ϵ ∀k. In the presence of migration, the statistical

properties of realized income differ slightly from the postulated stochastic process because both the ob-
served variance in the transitory component, and the correlation of transitory shocks over time, depend on
selection into migration. Because migration is rare, the quantitative effect is negligible, and incorporated
in the quantitative model when simulating the passthrough coefficients.

I have also explored versions of this biaswith time aggregated data extending Crawley (2020)’s approach,
which is very similar. Results available upon request.
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B Computational Appendix

B.1 Solving themodel

I build on the work of Achdou et al. (2022) and use a finite difference scheme to solve the model compu-
tationally. Two features are noteworthy. First, the setup is block-recursive in the sense that I can solve
the urban problem without reference to the rural problem keeping the model tractable. Second, the rural
problem features a non-linear discrete migration choice problem.

I focus on the fixed point problem for rural households, which is the key difference to the otherwise
standard incompletemarketmodel. It will use an iterative procedure to solve the household problemwhere
n stands for a specific iteration and the algorithm stopswhen convergence up to some tolerance is achieved,
i.e., ||Vn − Vn+1|| < ϵ.

The system reads

(ρ+ ϕ+ λ)V n+1 = u (cn) + λṼ n
m +AnV n+1 +

V n+1 − V n

∆
(26)

u′ (cn) = ∂bV
n (27)

πI =

(
E
[
V I
U
]
· (−1)

) s
1−γ τ−s

RU

(VR · (−1))
s

1−γ + E
[
V I
U
]
· (−1)

s
1−γ τ−s

RU
(28)

Ṽ n
m = ζṼ pi,n

m + (1− ζ) Ṽ fi,n
m (29)

where the value function depends on the triple of idiosyncratic states x = (b, p, ϵ). Note that the non-linear
part Ṽ n

m has an n subscript, while the linear part has an n+ 1 subscript.
I ensure aU ≥ 0 by imposing VU (aU < 0, pU, ϵU) → −∞, which is to say that households that cannot

afford the monetary cost of migration will not migrate. One can show that V̂ = VR for households that
cannot afford the cost of migration, and similarly the probability of migration converges to zero in that
case, both of which are desirable implications of Frechet-distributed taste shocks.

To implement this computationally on afinite grid, I use amigrant’s current normalized asset position ã,
and compute thenormalized asset position inurban b−fRU

ωΛ . The reason this expression features thewage gap
is that the actual urban assets of a migrant are (b− fRU)wR. When normalized by the effective urban wage
facing a migrant, wUΛ, this asset position equals (b− fRU)

wR
wUΛ

= (b−fRU)
ωΛ . Given the finite grid, it is likely

that migrants’ urban asset position is positioned between the rural grid points. In that case, I interpolate
and assume that households are randomly allocated to adjacent asset grid points (in the level space, not log
space).

To solve the model computationally, I use lemma 1 to write the system in normalized form, i.e., with
wage normalized to unity on a normalized asset grid that is defined relative to the wage. In doing so I
keep the rural-urban wage gap fixed, and iterate on it in the outer loop as described in the computational
algorithm sketched out next.

Algorithm Bird’s eye view.

1. Solve theurbanhouseholdproblem vU. Note that urbanwage is immediately impliedbywU = (1− θ)
(

θ
r+δk

) θ
1−θ

AU.

2. Since I have a solution for vU and wU I can solve the rural household problem vR, which depends on
the expected value of moving to urban. This, in turn, is a function of the rural-urban wage gap ω.
Guess a wage gap ω, and solve the rural household problem inclusive of the migration choice.
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3. The rural solution implies endogenous migration rates π (x). To proceed, I solve for the stationary
rural distribution gR.

4. I can now check whether rural-urban migration given by

M =
ΠRU

ϕδUR +ΠRU
,

is consistent with labor market clearing using

wU

wR
=

(1− θ)
(

θ
r+δk

) θ
1−θ

AU

(1− χ− ν)
(

ν
r+δk

) ν
1−ν

(
(1−M) h̃R

)− χ
1−ν

⇒

1−M =
1

h̃R

(
ω

wU
(1− χ− ν)

(
ν

r + δk

) ν
1−ν

) 1−ν
χ

.

When this is not the case, I update the wage gap ω. Specifically, I increase the wage gap whenever
the migration-implied urban share is larger than the share implied by labor market clearing. I then
return to step 2) and iterate upuntil I found a rural-urbanwage gap that is consistentwith labormarket
clearing and endogenous migration. I use Newton’s method to find the equilibrium wage gap ωmore
quickly.

5. Having solved for the equilibriumwage gap, I combine the solution to the urban households problem
together with the exogenous income process and the endogenous migration rates to compute the
stationary urban income and wealth distribution. At rate ϕ, urban households die, and are replaced
either by a newborn urban household with probability 1 − δUR or by a migrant with probability δUR.
To proceed, I have to compute the unconditional distribution of migrants over assets and income. I
denote the conditional probability of a migrant with rural state-triple xR to end up with state xU in
the urban sector as P (xU|xR) . Let PRU be a stochastic matrix of size N#a × N#p × N#ϵ where each
row is associated with an initial rural state, and each column represents the conditional probability
of ending up with a particular urban state. Taking into account of selection into migration, and the
rural stationary distribution, I can compute the unconditional probability of a migrant ending up in
a particular state denoted as κ (x, I) ∈ [0, 1], which depends on the information regime I ∈ {pi, fi}
as selection changes when information changes,

κ (xU, I) =
∫
P (xU|x, , I)πI

RU (x) gR (x) dx∫
P (xU|x, , I)πI

RU (x) gR (x) dxdxU
,

and the unconditional probability of a migrant arriving in state xU equals

κ (xU) = ζκ (xU, pi) + (1− ζ)κ (xU, fi) .

Using the unconditional distribution of migrants over income and assets κ I can now construct the
generator matrix that solves for the urban stationary distribution, which explicitly takes into account
equilibrium selection into migration. Let Ax capture saving and income drift ignoring the death
shock. LetAU,death be a generator matrix capturing the evolution of income whenever the household
is hit by a death shock and replaced by a new urban household – this happens with probability 1−δUR
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which is incorporated in AU,death. On the other hand, with probability δUR, the urban household is
replaced by a rural migrant. This is captured using the generator matrix Amig,RU = ϕδUR (−I+ ικ′)

where I is the identity matrix, and ι = [1 1 ... 1]′ is a row vector of ones. Putting the pieces together
delivers the following generator matrix

AU = AU,x +AU,death +Amig,RU.

The stationary distribution of the urban sector gU then solves

0 = AT
UgU.

Focusing on the stationary distribution in the rural sector, note that migrant outflows arematched by
urban-rural inflows in the steady state. This can be represented using

Amig,UR =


[−λmπ (x1) + λmπ (x1) (gRU,0 (x1))] [λmπ (x1) (gRU,0 (x2))] ... [λmπ (x1) (gRU,0 (xn))]

[λmπ (x2) (gRU,0 (x1))] [−λmπ (x2) + λmπ (x2) (gRU,0 (x2))] ... ...

... ... ...

[λmπ (xn) (gRU,0 (x1))] ... ... [−λmπ (xn) + λmπ (xn) (gRU,0 (xn))]


where the diagonals capture the negative out-migration probability, and the in-migration uses the
distribution gRU,0 (x), which injects urban-ruralmigrantswith zero assets anddrawing their transitory
andpersistent type from the rural newborn incomedistribution. Note that the rows of thismatrix sum
to zero by construction.
A rural stationary distribution thus solves

AR = AR,x +AR,death +Amig,UR

0 = AT
R gR.

This complete the description of the algorithm.

B.2 Non-Linear Imaginary Grid

I build on the work of Achdou et al. (2022) to solve the model. Relative to their canonical finite-difference
schemeapplied to heterogeneous agent economies, I introduce anon-linear “imaginary grid”, which speeds
up the solution algorithm and simplifies the KFE.

To set the stage, recall that the standard finite difference scheme iterates on the following discretized
HJB equation,

(ρ+ ϕ)Vn+1 = u (cn) +AnVn+1 +
Vn+1 − Vn

∆
(30)

up until convergence, ||Vn−Vn+1|| < ϵ. An upwind scheme pins down the savings drift hidden in thematrix
An, where the drift is implied by u′ (c) = Va and a forward or backward approximation is chosen depending
onwhether savings are positive or negative. Given the concavity in V , the backward approximation implies
a higher savings drift than the forward one, so for the algorithm to converge I take the drift that is closer to
zero savings, and impose a zero drift when the two do not agree.
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To solve for the distribution, take the transpose of the infinitesimal generator A∗ = AT , and solve the
linear system 0 = A∗g, which is only determined up to scale and requires one normalization.
ImaginaryGrid. One simple but useful innovation in the paper is to build up the grid space in a clever way.
First, Iwould like to use log-spaced asset grid points around the borrowing constraint so that relativelymore
grid points are placeswhere the value function ismost non-linear. In continuous time, however, this creates
additional complications regarding the KFE along the transition path as the evolution of the distribution
won’t be mass-preserving anymore.66 Second, the same construction normalizes the grid space, which is
desirable for applications with long-run growth where productivity growth shifts real income and assets
upwards over time.

I next define a linear grid, which preserves the tractability of the standard finite difference scheme, also
with respect to the KFE. I will show how the household will evaluate this linear grid in a non-linear fashion,
which allows me to consider non-equidistant environments.

First, for concreteness, let k ∈ {0, 1, 2, ..., 10} = K be an index that runs from zero to ten with incre-
ments of unity (any equidistant spacing works just as well). And assume without loss of generality that
ãk = k so the normalized asset grid points are from zero to ten.

Next, define the non-linear mapping R : f (ã) → a, which follows the following functional form

f (ã (k) ; kn) =

ek − e0 if k ≤ kn(
ekn−ekn−1

kn−kn−1

)
(k − kn) + ekn − e0 if k > kn

where kn is one element in K and a parameter, kn−1 is the element below it, and k is the functional argu-
ment. This function ensures that for values of the index below kn the grid is log-spaced. For values of the in-
dex above kn the grid is linearly spacedwhere the jump to a higher index always equals f (kn′+1)−f (kn′) =

ekn − ekn−1 ∀n′ ≥ n.
Moreover, note that the derivative of f evaluated for some argument k reads

∂f (ã (k) ; kn)

∂k
=

ek if k ≤ kn(
ekn−ekn−1

kn−kn−1

)
if k > kn

and is well-defined.
With this function f , I can now study the household consumption-saving problem where I focus only

for notational simplicity on the risk-free case. Assume that the real asset position of a household is given by
a (k), and the standard budget constraint applies ȧ = ra+ y− cwhere r, y, and c are risk-free rate, income,
and consumption. The HJB equation of the household problem reads

ρV (a, y) = max
a,c

u (c) + Vaȧ+ Vy ẏ

with the usual first-order condition
Va = u′ (c) . (31)

The standardfinite-difference solutionalgorithmapproximatesV F
a ≈ V (an+1)−V (an)

an+1−an
andV B

a ≈ V (an)−V (an−1)
an−an−1

where F andB represent forward and backward difference. The backward difference is used for dissaving,
66See the computational appendix of Achdou et al. (2022), which also proposes a solution. The solution proposed here is easier. The

approach is potentially useful more broadly for researchers who want to place grid points over the state space in a non-equidistant
fashion.
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and the forward difference is applied for savings, and V 0
a = u′ (c : ȧ = 0) is the approximation used when

the household neither saves nor dis-saves.
In the usual finite-difference approximation, I solve for a fixed point in theK space, i.e.,

ρV (k, y) = max
k,c

u (c) + Vkk̇ + Vy ẏ (32)

where k is the fundamental grid on which the algorithm operates. Note that k is defined on an equidistant
grid, which will become useful in a second.

Here is the key idea: the household doesn’t mindwhether they are solving V (k) or V (a (k)) – either way
the household simply maximizes utility. However, the first order condition that needs to hold is (31). This
condition will pin down the optimal drift in the a-space.

The issue then becomes one of how to invert the first order condition implied by (32) to find the solution
for (31). Clearly, these are going to be different, i.e., if you want to double your savings, you are not neces-
sarily going to want to double the value of your index k, precisely because k is non-linear. Here is how to
go from one to the other. First, note

V (a (k)) = V (k)

⇒

Va (a (k)) = Vk (k)
∂k

∂a
=

Vk (k)

a′ (k)

which is true by application of the chain rule, and noting∂k/∂a = 1/f ′ (k) = 1/a′ (k).
Note that a′ (k) > 0 (almost everywhere except at zero, I will return to the boundary conditions below)

so the sign of the derivative of the value function is always the same. Second, note that

ȧ = a′ (k) k̇

which offers away to connect the optimal drift in the a-spacewith the drift in theK space. Note that ȧ comes
from the first order condition, and a′ (k) is known and depends on the function f, which by construction
has a well-defined derivative.

Lastly, recall that the forward drift is used when the household saves, i.e., when ȧ > 0. Note, however,
that whenever that is the case it is also going to be true that k̇ > 0, i.e., the forward drift also is the right one
in the K-space. The reason is that f is a strictly increasing positive function of k, and the only way for a
household to build up a higher asset position is to increase k. The approximation to k̇ will then also depend
on whether the forward or backward difference is used.

Lastly, what happens in the case of ȧ = 0? Instead of using forward or backward differences, I can
directly evaluate the function a′ (k) at the value k, i.e., there is no approximation. At the boundaries I
impose Va ≥ u′ (c), which in theK-space reads Vk = Vaa

′ (k).
This routine delivers the value function in the K-space, and that value function is directly appropriate

because I used c (a (k)) to compute it. No adjustments required.
What about the distribution? This will be conveniently defined over the K-space, which preserves the

tractability implied by the linear grid-spacing. I solve the following linear systemof equations, which solves
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for the distribution of mass over theK space,

0 = A
(
k̇
)T

p,

where k̇ is the drift in k and not a. Given the solution p, which is a discretized probability distribution, the
only thing left to do is to compute asset demand and update the interest rate. For that, note

B =
∑
k

pka (k)

delivers aggregate asset demand, where the labor force is normalized to one. The probabilities live in the
K-space, but they are multiplied with the asset value in the a-space.

Why is this convenient? I need fewer grid points and put more points where the curvature in the con-
sumption policy function is. Second, the approach is measure preserving, also along the transition path,
which is not the case with non-linear grids in Achdou et al. (2022). The reason is that the KFE never sees the
non-linearity. The generatorA

(
k̇
)
is built on the equidistantK-space, where the standard finite-difference

scheme conserves mass exactly, and the mapping f only enters when I translate the drift and read off asset
demand. A non-linear grid applied directly in the a-space does not have this property, because the spacing
enters the generator itself.

B.3 Grid Space and Simulation

An important aspect of the solution routine is how the grid space is set up. Note that when households
move from rural to urban, two things change. First, they end up on a different grid point that captures
endowments in efficiency units in the new sector. And second, their income moves because efficiency
units are multiplied by wages.

I propose a tractable structure that allows me to use the same normalization of the grid in both rural
and urban, and then shift the grid using the rural-urban wage gap and an additional adjustment to make
sure that the urban and rural income distribution display the same overlap that is found in the data. Get-
ting this overlap right is key because the gains frommigration for the low-income rural households depend
crucially on the urban lower income bound. Using the same normalized grid space in rural and urban,
the urban grid space in dollar terms is shifted by the rural-urban wage gap ω. This, however, leads to an
overstatement of the income gains of rural-urban migrants at the bottom of the distribution, so I use the
adjustment factor Λ < 1 to correct for this. I estimate Λ in the baseline and hold it fixed thereafter, in-
cluding in counterfactuals where the endogenous rural-urban wage gap adjusts: Λ is a primitive, while the
product Λω is an equilibrium object.67 Figure 18 illustrates how ω and Λ shift the grid while using the same
normalized space in each sector.

I use the finite difference scheme as developed in Achdou et al. 2022, which operates on the following
grid space. Log income consists of two linearly spaced grids, p_grid = LinRange(-2.5000 ,2.5000 ,21.0000
), ϵ_grid = LinRange(-1.5000 ,1.5000 ,5.0000 ). The asset grid is initially linearly-spaced to obtain a good
approximation when households save, in part, to pay the fixed cost of migration. I then switch to a log-

67Λ and ω are separately identified because the former operates on income gains at the very bottom, while the latter is needed
to match aggregate rural-urban migration. Λ and cRU, by contrast, enter expected log urban income additively, so only their sum
c+RU = cRU + log Λ— total skill downgrading in log efficiency units — is identified from households in the interior of the distribution.
The two are separated only by behaviour at the lower bound, where the urban draw is censored and cRU loses bite while Λ continues
to move the floor.
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Figure 18. Income Grid

ymin ymax

Rural

logω

log Λω Urban (Λ < 1)

minimum gain
lowest income

All three grids cover the same normalized span [ymin, ymax] but are positioned differently on the real log-income axis. The rural grid
is the reference. Urban residents are shifted right by logω (the wage gap). With Λ < 1, migrants’ effective income is shifted to the left
relative to the right-shift implied by the rural-urban wage gap.

linearly spaced grid, which again becomes linear at high levels of wealth. The grid uses 120.0000 points
with a lower bound of zero.

B.4 Simulating themodel

I simulate the income and consumption process of rural and urban households using the solution to the
household problem. When I simulate the model, I do replicate the selection patterns induced by endoge-
nous migration, and I compute moments onmovers or stayers the same way I do in the empirical exercise.
Simulating Income and Consumption. I simulate the model using the KFE equation that comprises both
endogenous savings drift and exogenous income drift. I only focus on surviving households by ignoring
death shocks altogether, and I apply a small time step of dt =0.1000 , which lines up nicely with income
and consumption data aggregated up over one month .68 I describe how to draw the initial distribution
below and focus on the evolution of an initial cohort hear. Given an initial cohort, I simulate forward the
distribution

gt+dt =
(
I−AT

x dt
)−1

gt (33)

whereAT
x is the adjoint of the savings and income drift captured in the matrixAx, and draw the next set of

state variables using a uniform draw and the CDFGt+dt (x) =
∫ x

gt+dt (u) du.
In the rural sector, I incorporate endogenous rural-urban migration. Note that the migration opportu-

nity over a time interval dt is approximately P (mig. opportunity in [t, t+ dt]) = 1−e−λmdt. The probability
that the household is taking up this opportunity depends on the endogenous migration choice πRU (x), so
the probability of migration over the interval [t, t+ dt] for a household of type x equals

P (migrate|x) = 1− e−λmπRU(x)dt. (34)

Migrant households then draw their urban type consistent with the stochastic rural-urban transition ma-
trix, which depends on the conditional distribution κ (xU|x). For these migrant households, I then apply

68This delivers the same moments as allowing for death shocks and then dropping households that drop out of the sample due to
death precisely because the death shock is completely random in this model of perpetual youth.
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the appropriate urban generator to simulate the evolution of assets and income forward.
I use 50000.0000 observations to ensure the stability of the simulated moments, and I compute every

moment 3.0000 to get rid of any sampling variability due to the randomdraws. Another important input into
the simulation is the initial age of the average rural and urban household at the beginning of the sample.
I explain next why this matters and how this informs the initial distribution from which the cohorts are
drawn.
Drawing an initial cohort in each sector. To draw an initial cohort, note that the age distribution is key
because as households age, their income is fanning out. While the increase in inequality over the sample
period allows for identification of σp irrespective of the howmuch initial inequality there is, the parameter
σ0 depends on household age since it is a residual quantity that is needed to match overall inequality in the
sample for any given estimate of σp, which depends on how old households in the sample are as the log
variance of income is increasing linearly within each cohort.

Note, however, that migration confounds the link between inequality and household age because i) mi-
grants raise the overallmean age in the urban sector, and ii)migrants draw their income froma distribution
that is different fromN (c0,U, σ0). I deal with this by drawing from the stationary urban distribution, which
incorporates the endogenous migrant inflow. I then use this distribution and drop older households, sim-
ilar to how I proceed in the empirical data, up until the point where the average age of urban households
coincides with the age of urban households in the first wave of the sample. To do this, I need to solve for the
joint distribution including age, and then I need to draw from this joint distribution dropping older house-
holds, both of which is described in detail in the next paragraph.
Step 1. Solving for age distributions. I focus on the rural sector first. Let x denote the assets and income
components as before, and let a ∈ Na denote age. The joint distribution g(x, a) evolves according to a KFE
with generator given by

A = Ia ⊗Ax +Adrift
age ⊗ Ix +Adeath +Amig, (35)

where Ia is the identity matrix of size equal to the elements in Na, Ax is the generator associated with
income dynamics and savings drift, andAdrift

age captures the deterministic age drift.
Age evolves deterministically according to ȧ = 1. Discretizing the age grid yields the generator

Adrift
age =



−1 1 0 · · · 0

0 −1 1 · · · 0
...

. . . . . .
...

0 · · · 0 −1 1

0 · · · 0 0 0


. (36)

Households die at rate ϕ and are replaced by newborns who inherit the asset position but draw a new
income state from distribution µy. Let Ib denote the identity matrix over assets and let µy be a column
vector over income states. Define

Py =
((
ιyµ

′
y

)
⊗ Ib

)
. (37)

where ιy is a column vector of ones with dimension equal to the income grid.
LetMa=0 denote the age-zero matrix of sizeNa ×Na with ones in the first column and zero elsewhere.
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The injection operator then equals

Pdeath = Ma=0 ⊗ Py. (38)

The associated generator is

Adeath = ϕ (−Iax + Pdeath) , (39)

where Iax = Ia ⊗ Ix.
Turning to migration, note that every rural-urban migrant in steady state is replaced by an urban-rural

one that draws from the rural newborn income distribution and enters with zero assets. Let eb=0 denote
the selector for the zero-asset grid point and let ιb be a vector of ones over the asset grid. Define the asset
transition matrix

P
mig
b = ιbe

′
b=0. (40)

Define

P
mig
x,0 = (ιyµ

′
y)⊗ P

mig
b . (41)

I next account for the fact thatmigration is endogenous and useλmπ (x), which is a column vector, to obtain

P
mig
x,1 = (λmπ (x) ι′x) . ∗ P

mig
x,0

The full migration injection operator is given by

Pmig = Ma=0 ⊗ P
mig
x,1 . (42)

The associated generator is

Amig =
(
− (Ia ⊗Diag (λmπ (x))) + Pmig

)
. (43)

I can now compute the stationary distribution gR (x, a) by solving

0 = AT gR.

Focusing on the urban sector, note that the only complication is that rural-urban migrants do not enter
the urban sector at age zero, which is why migration raises the average age of urban households. The age
distribution of rural-urban migrants thus partly determines the average age of urban households. Let x
denote the assets and income components as before, and let a ∈ Na denote age. The joint distribution
g(x, a) evolves according to a KFE with generator given by

A = Ia ⊗Ax +Adrift
age ⊗ Ix + (1− δRU)Adeath + δRUARU, (44)

whereARU can be constructed analogous to before but now incorporates age as state variable, κ (x, a).
Step 2. Draw from initial distribution

1. Solve forg(x, a).
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Solve for the age distribution using the KFE that now includes a drift term and Poisson death shock
for age. In the presence of endogenous migration, there is no closed-form solution for the stationary
age distribution. I therefore solve the model with age state variable computationally on a grid that
includes all integers from zero to one hundred, agea ∈ {0, 1, . . . , 100}.

2. Find the age cutoff.
For each sector j ∈ {R,U}, find the smallest cutoff ageās such that themean of the truncatedmarginal
age distribution equalsaj,min:

āj = min

{
c ∈ Z+ :

∫ c

0
ag(a)da∫ c

0
g(a)da

≥ aj,min

}
, (45)

where g(a) =
∫
g(x, a)dx is the marginal age density. This is found by bisection onc ∈ {0, . . . , 100}.

3. Form the initial distribution.
The initial joint distribution overx is

g0(x) =

∫ ās

0
g(x, a)da∫ ∫ ās

0
g(x, a)dadx

, (46)

normalized to integrate to one. This is thex-marginal of the joint distribution conditioned on age≤ āj .

This distribution is then used to draw initial income when simulating the model.
Table 41 summarizes the details of the simulation.

Table 41. Details Simulation

Simulation
Households (N) 50000.0000
Number of simulations (S) 3.0000
Waves 5.0000
Time step (dt) 0.1000
Rural age (first wave) 10.5000
Urban age (first wave) 10.5000

Comparison

Table42 summarizes the two approaches. In practice, the age-init strategy yields a better-behaved income
covariancematrix acrosswaves: the diagonal ofCov(log yt, log yt+j) growsmore slowly fromwave 1 because
young households in the initial cross-section have had less time for permanent shocks to accumulate. The
legacy strategy tends to over-estimate variance at early waves and under-estimate the rate of fanning-out
relative to the data.

The age-init approach is used as the preferred specification for the results reported in the main text.
The legacy approach is retained in the code for comparison and robustness checks; it can be invoked
viasimulate_model while the age-init version is invoked viasimulate_model_age_init.

Implementation note. Both approaches are implemented insimulate_model.jl. The initialization
block in each sector’s simulation function (simulate_moments_rural,simulate_moments_urban) accepts
an optionalg_int argument. Wheng_int = nothing (the default), the legacy path is taken. Wheng_int
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Table 42. Simulation initialization: comparison of approaches

Legacy Age-init
Correct asset–income joint No (independence) Yes
Mixed-age cross-section No (single cohort) Yes
Urban migrants embedded No Yes
Additional computation None One KFE solve
Requires calibrated amin Yes Yes

is supplied—as done insimulate_model_age_init insolve_simulate_final.jl—the age-truncated joint
distribution is used directly. The two top-level wrappers return named tuples with identical field schemas,
enabling field-by-field comparison of any moment.s ../values/cov_y_sim_R_bl.tex

Table 43. Simulated Income Covariance Matrix

(a) Rural

yt yt+2 yt+4 yt+6 yt+8

yt 0.582
yt+2 0.289 0.604
yt+4 0.216 0.293 0.537
yt+6 0.188 0.22 0.301 0.543
yt+8 0.177 0.191 0.224 0.307 0.616

(b) Urban

yt yt+2 yt+4 yt+6 yt+8

yt 0.418
yt+2 0.229 0.532
yt+4 0.218 0.251 0.466
yt+6 0.212 0.239 0.271 0.405
yt+8 0.209 0.233 0.259 0.29 0.432

Simulations from the model. See the text for how to replicate selection on age and migration in the simulated data.

Table 44. Simulated Income Covariance Matrix Ignoring Selection

(a) Rural

yt yt+2 yt+4 yt+6 yt+8

yt 0.586
yt+2 0.288 0.606
yt+4 0.215 0.299 0.542
yt+6 0.189 0.229 0.314 0.548
yt+8 0.177 0.201 0.243 0.327 0.621

(b) Urban

yt yt+2 yt+4 yt+6 yt+8

yt 0.417
yt+2 0.229 0.531
yt+4 0.218 0.25 0.465
yt+6 0.212 0.238 0.271 0.404
yt+8 0.209 0.233 0.259 0.289 0.431

Simulations from themodel for different selection biases. In the rural sector, imagine there was nomigration amongst households in
the simulated sample, holding everything else fixed. In the urban sector, I compute a different kind of bias by ignoring rural-urban
migration and simply simulating the income process of a cohort that, at the beginning of the sample, matches the average age of
urban households. In both cases, the statistical income process would be exactly correct as there is no selection into migration.

The next table simulates the consumption covariance matrices for each sector. SMM – Estimation Al-
gorithm. Objective function: Let θ ∈ RN denote the vector ofN = 13 structural parameters andmd ∈ RM

the vector ofM = 14 empirical targetmoments. For a given θ, themodel is solved and simulated to produce
model-implied momentsm(θ). The objective is a weighted mean absolute deviation:

Q(θ) =
1

M

M∑
j=1

wj

∣∣∣∣∣mj(θ)−md
j

md
j

∣∣∣∣∣ ,
wherewj ≥ 0 are pre-specifiedmoment weights. Moments are normalized by their data counterpart so

that all deviations are dimensionless and comparable across moments of different scales. Moments with
wj = 0 are excluded from the criterion but are still computed and reported.
Box constraints via logit transform: Each parameter has a known economic lower bound ℓi and upper
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Table 45. Simulated Income Covariance Matrix

(a) Rural

yt yt+2 yt+4 yt+6 yt+8

yt 0.582
yt+2 0.289 0.604
yt+4 0.216 0.293 0.537
yt+6 0.188 0.22 0.301 0.543
yt+8 0.177 0.191 0.224 0.307 0.616

(b) Urban

yt yt+2 yt+4 yt+6 yt+8

yt 0.418
yt+2 0.229 0.532
yt+4 0.218 0.251 0.466
yt+6 0.212 0.239 0.271 0.405
yt+8 0.209 0.233 0.259 0.29 0.432

Simulations from the model. See the text for how to replicate selection on age and migration in the simulated data.

bound ui. To avoid projection steps, we reparametrize using the element-wise logit (log-odds) transform:

φi = log!

(
θi − ℓi
ui − θi

)
, θi = ℓi +

ui − ℓi
1 + e−φi

.

The optimizer operates over the unconstrained vector φ ∈ RN ; the inverse sigmoid maps any φ back to
a θ that is strictly feasible. The starting point θ(0) is clamped to [ℓi+ ε(ui− ℓi), ;ui− ε(ui− ℓi)]with ε = 10−6

before applying the transform to ensure the initial φ(0) is finite.
Nelder-Mead minimization. We minimize Q(φ) ≡ Q(θ(φ)) using the derivative-free Nelder-Mead simplex
algorithm (via Optim.jl). The algorithmmaintains a simplex ofN +1 points inRN and iteratively contracts
it toward the minimum through reflection, expansion, and contraction steps. No gradient or Hessian in-
formation is required, which speeds up the procedure. Convergence is declared when the relative change
in the objective across iterations falls below $10^{-6}$, with a hard cap of 2,000 iterations.
Warm-starting. Each evaluation of Q requires solving the model (an HJB–KFE system), which is computa-
tionally expensive. To reduce solve times during optimization, the solution from the most recently evalu-
ated simplex vertex is passed as the starting guess for the next model solve. Because consecutive simplex
vertices typically correspond to nearby parameter vectors, the warm-started solver converges in far fewer
iterations than a cold start.
Identification analysis via the Jacobian. After convergence to θ̂, a numerical Jacobian G ∈ RM×N of the
moment function is computed by forward finite differences:

Gji =
mj(θ̂ + hiei)−mj(θ̂)

hi
, hi = max(0.005 · |θ̂i|, ; 10−5),

where ei is the i-th unit vector. The relative step size of 0.5% is chosen to balance truncation error against
numerical cancellation. The matrix G is reported as a table (rows = moments, columns = parameters) to
make the moment-parameter mapping transparent. As a scalar summary of identification strength, we re-
port κ(G⊤G), the condition number of the information-matrix analogue: a large condition number signals
near-collinearity among the columns ofG, i.e., weak identification of some parameter combination.

B.5 Insurance Counterfactuals: Construction and Scenarios

This subsection describes the insurance counterfactuals in detail 4.1.
The insurance construction. Suppose there exists an efficient financial sector that can fully insure mi-
grants, both against the initial uncertainty surrounding migration outcomes and against subsequent long-
term earnings risk. I assume the financial sector observes households’ permanent and transitory types,
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which isolates the role of risk cleanly, and abstracts away from issues of moral hazard and adverse selec-
tion.

An efficient financial sector can commit to paying migrants a deterministic, life-contingent income
stream equal to their expected labor income at each point in time,

ys (pt, ϵt) := E
[
(wUΛ) e

ps+ϵs |pt, ϵt
]
,

where the expectation is taken over future income realizations conditional on current types and survival.
This payment constitutes an actuarially fair annuity paid as long as the household is alive. Its present dis-
counted value equals

HU,t (pt, ϵt) :=

∫ ∞

t

e−r(s−t)ys (pt, ϵt) ds,

which follows conveniently from the Feynman-Kac formula, wherebyHU solves the linear system

rHU = (wUΛ) e
pt+ϵt +AHU,

with A the infinitesimal generator capturing the evolution of urban income among surviving households.
In the absence of uncertainty, andwith frictionless borrowing, consumptionobeys the standardEuler equa-
tion, consumption is linear in wealth, and the value function takes a closed form

ct =
(ρ+ ϕ) + r (γ − 1)

γ
· (at +HU,t) ,

Vt =
c1−γ
t

1− γ

1
(ρ+ϕ)+r(γ−1)

γ

.

Insuring only the second margin, i.e., income risk after migration, means replacing the risky urban
continuation value with this insured value while leaving the household uncertain about which (pU, ϵU) they
will draw. Insuring both margins means additionally offering a payout contingent on the rural type prior
to migration,

Hm (pR,t) = E [HU (pt, ϵt) |pR, ϵR] ,

where the expectation is computed against the distribution pU|pR estimated earlier.
Using these value functions together with the taste shocks delivers well-definedmigration probabilities

that incorporate the value of the insurance. Writing ni for the case in which only post-migration income
risk is removed and nm-ni for the case in which both margins are removed, the migration probabilities
equal

πni
RU (x) =

(ω)
s · τ−s

RU
(
−E

[
vniU (HU, b) |x

])− s
γ−1

(−vR)
− s

γ−1 + (ω)
s · τ−s

RU
(
−E

[
vniU (HU, b) |x

])− s
γ−1

,

πnm-ni
RU (x) =

(ω)
s · τ−s

RU
(
−vnm-ni

U (Hm, b)
)− s

γ−1

(−vR)
− s

γ−1 + (ω)
s · τ−s

RU
(
−vnm-ni

U (Hm, b)
)− s

γ−1
.

One advantage of this approach relative to solving a full planner’s problem is that it does not require taking
a stance on the risk embedded in preference shocks.69 The risk the financial sector insures is about income

69In principle, a full planner solution would also provide insurance against these preference shocks, see LMW and Donald, Fukui,
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alone, and household preference shocks still generate heterogeneity in migration choices.
A clarification is needed regardinghow tohandle ex-ante information, capturedby the share 1−ζ. When

only after-migration income shocks are insured, insurance can be provided to all households regardless of
the information regime. When insurance also covers the initial draw, two possibilities arise. First, one
could restrict access to households without ex-ante information, which may be preferable given the po-
tential for unraveling due to adverse selection among fully informed households. Second, if households
must commit to the insurance scheme before the migration opportunity arrives, then – given risk-averse
preferences – all households would opt in, and one can assume universal insurance. The second approach
introduces some misallocation, as it ignores privately held information on the household side. I report
results under both, labelled nm-ni (A) and nm-ni (B) respectively, and they turn out to be close.

Table 46 reports the full set of simulated moments across the four cells, together with the variance-
reduction robustness column, and separates the partial from the general equilibrium response. The partial
equilibrium column holds the rural-urban wage gap at its baseline value; the general equilibrium column
lets it adjust.

Table 46. Moments in counterfactual simulations

insurance robustness
Model moments baseline ζ = 0 ni nm-ni σ2

p,U = .003

Urban population share (GE) 0.65 0.76 0.78 0.84 0.67
Urban population share (PE) 0.65 0.80 0.85 0.90 0.68
Rural-urban migration rate 0.02 0.03 0.04 0.05 0.02
Rural-urban wage gap ω 1.06 0.93 0.91 0.82 1.04
Log wage gap (cross-section) 0.45 0.46 0.24 0.12 0.43
Log wage gap (fixed effects) 0.35 0.55 0.09 -0.08 0.32
Log(migrant/stayer income in rural) -0.16 -0.11 -0.19 -0.19 -0.15
Slope migration rate on income decile -0.0075 -0.0057 -0.0157 -0.0203 -0.0073
Prob. income improvement rel. to stayer 0.18 0.28 0.06 -0.01 0.17
Variance of urban persistent type 0.21 0.12 0.12 0.12 0.05

The nm-ni column reports scenario (A). PE holds the rural-urban wage gap at its baseline value; all remaining rows are general equi-
librium. The final column lowers the variance of urban persistent shocks to its rural value as robustness check to see that insurance
operates different from reducing volatility, which simultaneously reduces average income.

B.6 Jacobian

I next compute the Jacobians associated with the loss function and evaluated at the optimal parameter
vector. I do this using both level changes and percent, where the former is the relevant object to compute
standard errors, while the latter can be more intuitively mapped into how changes in parameters change
moments. I do not attempt to compute standard errors, in part because the minimization routine takes
moments from different datasets, including aggregates, which makes the computation of standard errors
difficult.

B.7 Assets andMigration Rates – Analytical and Quantitative Results

This section uses an approximation that show in closed form how assets play an ambiguous role in rais-
ing and reducing migration rates. The ambiguity hinges on two countervailing forces. On the one hand,

and Miyauchi (2025) and Mongey andWaugh (2024). Moreover, the planner’s problem is somewhat awkward in this setting due to the
overlapping generations structure and the fact that migrants do not internalize that the households replacing them draw, on average,
from a superior urban human capital distribution, cR,0 < cU,0. While the extent to whichmigrants internalize improved outcomes for
their offspring is an interesting avenue for future research, I abstract from this issue to focus on the role of intra-generational income
risk in rural-urban migration.
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Table 47. Jacobian in levels

c 0 ρ
R
U

c R
U

σ
R
U

ζ s τ R
U

Λ
R
U

σ
2 0
,R

β̂cs −0.48 0.77 −0.54 0.52 −0.08 0.03 1.07 −1.11 −0.35

β̂FE −0.12 −0.13 0.18 1.01 −0.83 0.05 1.15 0.01 0.68
ρ̂IVRU 0.98 0.38 0.32 0.39 0.16 0.00 0.15 0.01 −0.78
∆ỹ2 0.03 −0.01 −0.04 0.13 0.07 −0.00 −0.04 0.00 −0.13

β̂d
R,RU −0.01 0.41 0.06 0.18 −0.39 −0.01 −0.03 −0.01 −1.06

β̂π
dec 0.00 0.02 0.00 0.01 −0.02 −0.00 0.00 −0.00 −0.04

β̂betterR,RU −0.07 −0.07 0.44 0.35 −0.46 0.02 0.52 0.01 0.29
ln(Λω) 0.20 0.84 −0.91 0.13 0.53 0.03 1.06 −0.00 0.00
Var(yR,0) 0.03 0.01 0.01 −0.01 0.00 0.00 0.01 −0.00 1.00

Table 48. Jacobian in percent

c 0 ρ
R
U

c R
U

σ
R
U

ζ s τ R
U

Λ
R
U

σ
2 0
,R

β̂cs −0.44 0.64 −0.08 0.26 −0.06 0.29 1.15 −1.00 −0.05

β̂FE −0.11 −0.11 0.02 0.51 −0.65 0.40 1.24 0.01 0.10
ρ̂IVRU 0.91 0.32 0.05 0.20 0.13 0.04 0.16 0.01 −0.11
∆ỹ2 0.03 −0.01 −0.00 0.07 0.06 −0.03 −0.04 0.00 −0.02

β̂d
R,RU −0.01 0.34 0.01 0.09 −0.30 −0.06 −0.03 −0.01 −0.15

β̂π
dec 0.00 0.02 0.00 0.01 −0.02 −0.00 0.00 −0.00 −0.01

β̂betterR,RU −0.06 −0.06 0.06 0.18 −0.35 0.21 0.57 0.01 0.04
ln(Λω) 0.19 0.71 −0.13 0.06 0.41 0.26 1.14 −0.00 0.00
Var(yR,0) 0.02 0.01 0.00 −0.01 0.00 0.01 0.02 −0.00 0.15

a household with large asset holdings has relatively little to gain from migration. The reason is that the
gains are tied to increases in labor income, which is a relatively unimportant source of income for high-
wealth households. On the other hand, an increase in assets reduces consumption volatility associatedwith
migration, which make migration less risky.

To complement the quantitative findings in themain text, I provide a simple approximation here. Recall
the value function given by

V0 = E0

[∫ ∞

0

e−ρ̃t c
1−γ
t

1− γ
dt

]
. (47)

I make the simplifying assumption that households consume their flow income so

ct = rbt + wept = yt.

Next, recall that pt follows a Brownian motion with zero drift and volatility σp, and I abstract away from
imperfectly transitory shocks in this exercise.

I next show the ambiguous effect of asset holdings onmigration. To this end, define the asset and labor
income shares θB,t := rbt/yt and θL,t := wept/yt with θB,t + θL,t = 1. Log labor productivity equals
pt = p0 + σpWt, Wt ∼ N (0, t). Future income can be written in terms of initial income, income shares,
and the random evolution of labor income,

yt = y0
(
θB,0 + θL,0e

σpWt
)
.
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I next use a first-order Taylor approximation around h (p) := log (θB,0 + θL,0e
p) for p = 0,

h (p) ≈ h (0) + h′ (0) p,

= θL,0p.

Using this, income evolves approximately according to

yt ≈ y0e
θL,0σpWt . (48)

Substituting (48) into the value function in (47) yields

V0 ≈ y1−γ
0

1− γ

∫ ∞

0

e−(ρ̃−(θL,0σp(1−γ))2/2)tdt

=
y1−γ
0

1− γ

1

ρ̃− (θL,0σp(1−γ))2

2

.

The approximation assumes ρ̃ >
(θL,0σp(1−γ))2

2 and illustrates how risk reduces expected utility (recall the
value function is negative so utility decreases when ρ̃ − (θL,0σp(1−γ))2

2 becomes smaller, which is the case
when risk goes up).

Next, I use this closed form solution to derive the gains from rural-urban migration. Recall that pRU =

ρRUpR − c+RU + u where u ∼ N(0, σ2
RU) and c+RU = cRU + log Λ is skill downgrading that incorporates the

Lambda-grid-shift. Moreover, recall that assets can be transferred from rural to urban sector frictionlessly,
while labor income further needs to account for the differences in the wages across sectors, i.e., wU and
wR.

I proceed by assuming that income of rural stayers is given by the first order approximation derived
before, where I ignore the migration arrival rates. Income of a rural-urban mover is random and equals

y0,U = rb+ wUe
ρRUpR−c+RU+u.

The ratio of urban and rural income of a mover equals

y0,U − y0,R
y0,R

=
wUe

ρRUpR−c+RU+u − wRe
pR

rb+ wRepR

= θL,0,R

(
ωe(ρRU−1)pR−c+RU+u − 1

)
.

I focus on ahousehold forwhich the expected incomegains are close to zero, i.e., elogω+(ρRU−1)pR−c+RU+u−1 ≈
0. In that case,

y0,U
y0,R

≈ 1 + θL,R,0
(
logω + (ρRU − 1) pR − c+RU + u

)
.

Using this, the ratio of urban and rural expected utility, using the simplification that rural and urban labor
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share are identical, θL,0,R = θL,0,U = θL,0 (ignoring the stochasticity of the urban labor share), equals

E [V0,U]

V0,R
≈ E

[(
1 + θL,0,R

(
logω + (ρRU − 1) pR − c+RU + u

))1−γ
] ρ̃− (θL,0σp,R(1−γ))2

2

ρ̃− (θL,0σp,U (1−γ))2

2

= e
−(γ−1)θL,0,R

[
(logω+(ρRU−1)pR−c+RU)−

(γ−1)θL,0,Rσ
2
RU

2

]
ρ̃− (θL,0σp,R(1−γ))2

2

ρ̃− (θL,0σp,U(1−γ))2

2

.

To finally arrive at the most simple version, let σ2
p,R ≈ 0, γ = 2, roughly consistent with the quantitative

application. Define the migration gain dRU = logω + (ρRU − 1) pR − c+RU to obtain an equivalent but simpler
expression,

E [V0,U]

V0,R
≈ e−θL,0[dRU− 1

2 θL,0σ
2
RU]

1− 1
ρ̃
1
2 (θL,0σp,U)

2 .

Finally, note that the migration share is given by

πRU =
1

1 +
(
τRU × E[V0,U]

V0,R

)s ,
where the exponent is s

γ−1 in general and equals s here because γ = 2. The share is strictly falling in the
ratio E[V0,U]

V0,R
.70

One can now see exactly how the non-monotonicity of the link between migration and wealth comes
about. Let θL := θL,0 and a := 1

ρ̃
1
2σ

2
p,U, and study the ratio R as a function of the labor share θL,

R (θL) :=
e−θL[dRU− 1

2 θLσ2
RU]

1− aθ2L
=

E [V0,U]

V0,R
.

I next explore the derivative of this ratio with respect to the labor share. Since the asset share is the com-
plement of the labor share, θB = 1 − θL, we can simply flip the sign to get the derivative of an increase in
the asset share. I consider two cases that contain the intuition.

First, suppose dRU > σ2
RU +

σ2
p,U

ρ̃− 1
2σ

2
p,U
. This is the case for the lowest-income rural households in my

quantitative application. In this scenario, the derivative of the numerator is always negative. The higher
the labor share, the greater the migration gains since the gains consist of wage gains times how important
wage income is for total income. This importance is captured by the labor share. When the labor share is
falling and the asset share rising, the gains from migration fall. This is true even though the denominator
( 1
1−aθ2

L
) pushes in the opposite direction by reducing effective risk exposure in urban as the labor share falls.

Consequently, for the lowest income type the relationship between assets and migration is monotonically
falling once households can cover the fixed cost of migration.

Second, there are intermediate cases where the link between wealth and migration is non-monotone.
The non-monotonicity derives from two countervailing forces. The by now familiar force is that a higher
asset position discourages migration mechanically by reducing the labor share, which pins down how rel-
evant migration gains are for household consumption, on average. On the other hand, more assets reduce

70It is easy to get confused here: because the value functions are negative for γ > 1, a high ratio means migration is unattractive as
the negativity causes a sign flip. In the case with γ < 1, it would be the other way around and high ratios would indicate high urban
continuation values relative to rural.
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consumption risk around migration, given by 1
2θ

2
Lσ

2
RU, and assets also reduce consumption risk after mi-

gration captured in the term 1/(1 − aθ2L). This positive impact of asset holdings on migration through
reduced consumption volatility opens the door for non-monotone dynamics. A sufficient condition for
non-monotone behavior in the migration probability to emerge is given by71

0 < dRU < σ2
RU +

σ2
p,U

ρ̃− 1
2σ

2
p,U

,

which holds for the majority of households.
The below figures illustrate these forces in the full quantitative model by changing migration gains or

risk, which then amplifies or reduces the aforementioned channels.

Figure 19. Selection into Migration – High τRU

τRU (+10 log pts). This plot tests the pure utility-discount channel: an increase in the utility discount pushes down migration of
wealthy households since they don’t gain from wage gains (zero labor share) but they pay the utility cost, so their wealth is best
consumed in rural. The drop of the very right tail is a grid space issue, that is irrelevant as themass of agents in that region is virtually
zero (<0.000001).

Figure 20. Selection into Migration – Low σRU

σRU (−30%). This plot tests whether a reduction in migration risk reduces the impact of assets on migration. This is the case as the
slope flattens. The drop of the very right tail is a grid space issue, that is irrelevant as the mass of agents in that region is virtually zero
(<0.000001).

71This condition is most conveniently derived from taking logs and differentiating w.r.t. the labor share.
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Figure 21. Selection into Migration – Low ζ

ζ (×0.5). This plot tests whether reducing uncertainty around migration by providing more information also makes the impact of
assets weaker. This seems to be the case as the dashed lines are flatter. The drop of the very right tail is a grid space issue, that is
irrelevant as the mass of agents in that region is virtually zero (<0.000001).

Figure 22. Selection into Migration – Low λm

λm = 0.005.This plot is a sanity check for the wealthiest households, for whom a closed form solution is available: the urban value
is the same as rural net of the migration wedge. The value functions in general don’t agree due to the option value of rural-urban
migration, butwhenmigration arrival rates are small, this option value becomes small, and the closed formsolutionπRU = 1/(1+τsRU)
becomes accurate for ultra-wealthy households. The sanity check is passed as the migration rates asymptote to the dashed line that
computes the closed form solution. Consistent with this, note that labor income becomes eventually irrelevant as assets become ever-
more important, so the different migration rates for different households converge as they get wealthier. The drop of the very right
tail disappears here because the grid space issue disappears whenever the assets of rural-urban households live inside the urban grid,
which is the case in this calibration with much higher rural-urban wage gap.
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C Theoretical Appendix

C.1 Proofs

Migration probability. I derive the migration probability based on the random Frechet shocks. Note that
the probability of migration is a function of the state variables captured in the the vector x,

P (migrate, x) = P
(
V U
(φU

τ

)1−γ

> VRφ
1−γ
R

)
= P

(
φγ−1
R <

VR
VU

(φU
τ

)γ−1
)

= EφU

[
P

(
φR <

(
VR
VU

) 1
γ−1 (φU

τ

)
|φU

)]

= EφU

[
exp

(
−
(
VR
VU

) −s
γ−1 (φU

τ

)−s
)]

=

∫ ∞

0

exp

(
−
(
VR
VU

) −s
γ−1 (φU

τ

)−s
)
sφ−s−1

U e−φ−s
U dφ

=
1(

VR
VU

) −s
γ−1 ( 1

τ

)−s
+ 1

=
τ−s (−VU)

−s
γ−1

(−VR)
−s
γ−1 + τ−s (−VU)

−s
γ−1

where I assumed γ > 1.
Expected value ofmigration. I next derive the expected value of migration conditional on migration, i.e.,

E
[(φU

τ

)1−γ

VU|
(φU

τ

)1−γ

VU > (φR)
1−γ

VR

]
.
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To proceed, I need the distribution of
(
φU
τ

)1−γ
VU|

(
φ
τ

)1−γ
VU > (φR)

1−γ
VR, which can be derived as follows

P
((φU

τ

)1−γ

VU ≤ k|
(φU

τ

)1−γ

VU > (φR)
1−γ

VR

)
=
P
((

φU
τ

)1−γ
VU ≤ k ∩

(
φU
τ

)1−γ
VU > (φR)

1−γ
VR

)
P
((

φU
τ

)1−γ
VU > (φR)

1−γ
VR

)
=
P
(
(φR)

1−γ
VR ≤

(
φU
τ

)1−γ
VU ≤ k

)
πRU

=

∫
P
(
(φR)

1−γ
>
(
φU
τ

)1−γ VU
VR
|φU
)
dF (φU)1(φU

τ )
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VU≤k

πRU

=

∫
e
−(φU

τ )
−s
(

VU
VR

) −s
1−γ

dF (φU)1
φU≤τ

(
k
VU

) 1
1−γ

πRU

=

∫ τ( k
V U )

1
1−γ

0 e
−(φU

τ )
−s
(

VU
VR

) −s
1−γ

sφ−s−1
U e−(φU)

−s

dφ

πRU

=
1

1 + (τ)
s
(

VU
VR

) −s
1−γ

e−(φU)
−s

(
1+(τ)s

(
VU
VR

) −s
1−γ

)τ
(

k
VU

) 1
1−γ

0

πRU

=
1

1 + (τ)
s
(

VU
VR

) −s
1−γ

exp

(
−
(
(−k)

1
1−γ

)−s (
(τ)

−s
(−VU)

s
1−γ + (−VR)

s
1−γ

))
πRU

=
(τ)

−s
(−VU)

−s
γ−1

(τ)
−s

(−VU)
−s
γ−1 + (−VR)

−s
γ−1

exp
(
−
(
(−k)

s
γ−1

)(
τ−s (−VU)

−s
γ−1 + (−VR)

−s
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))
πRU

=exp
(
−
(
(−k)

s
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)(
τ−s (−VU)

−s
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−s
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))
where the domain of k is (−∞, 0]. I can now compute the expected value using the distribution. Define
Φ̃ = τ−s (−VU)

−s
γ−1 + (−VR)

−s
γ−1 , and compute

E
[(φU

τ

)1−γ

VU|max

]
=

∫ 0

−∞
k

s

γ − 1
Φ̃ (−k)

s
γ−1−1

exp
(
−Φ̃ (−k)

s
γ−1

)
dk.

Next, use the change of variable x := −k, which flips both the limits and the sign,

E
[(φU

τ

)1−γ

VU|max

]
= −

∫ ∞

0

x
s

γ − 1
Φ̃x

s
γ−1−1 exp

(
−Φ̃x

s
γ−1

)
dx.
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Next, use another change of variable y := Φ̃x
s

γ−1 , so that x =
(

y

Φ̃

) γ−1
s and s

γ−1 Φ̃x
s

γ−1−1dx = dy,

E
[(φU

τ

)1−γ

VU|max

]
= −

∫ ∞

0

(
y

Φ̃

) γ−1
s

exp (−y) dy

= −
(
1

Φ̃

) γ−1
s
∫ ∞

0

y
γ−1
s exp (−y) dy

= −
(
1

Φ̃

) γ−1
s

Γ

(
1 +

γ − 1

s

)
.

Since the distribution of utility in each location conditional on selection into the location are equalized, it
follows that this is the expected utility of receiving a migration opportunity. Further, note that I shift the
original Frechet distribution so that the term Γ

(
1 + γ−1

s

)
drops out. This is achieved by drawing from the

distribution F (x) = e−(
x
T )

−s

with T = Γ
(
1 + γ−1

s

) 1
γ−1 . After making this assumption, the expected value

of migration V̂ becomes

V̂ = −
(
τ−s (−VU)

−s
γ−1 + (−VR)

−s
γ−1

) 1−γ
s

= −
(
τ−s (−VU)

s
1−γ + (−VR)

s
1−γ

) 1−γ
s

.

Defining Φ = −Φ̃
1−γ
s = V̂ the coincides with the notation in the main text.

C.2 Lemma 1. (sketch proof)

To prove lemma 1, I first focus on the value function in the urban sector, where y = ep+ϵ, and show that
VU (b, ξy) = ξ1−γvU (b0, y) where vU is the solution to the household problem when the wage is normalized
to unity and b0 = b

ξ . Here ξ is a generic scale factor on labor income: it equals the sectoral wage wj for a
household that stays put, and the effective wage wUΛ for a rural-urban migrant.

Step 1. Note that for vU (b0, y) to solve the normalized household problem, it must be that

(ρ+ ϕ) vU (b0, y) = max
c1−γ

1− γ
+ (∂b0vU) ḃ0 + (∂yvU) ẏ

s.t.: ḃ0 = rb0 + y − c0,

FOC: ∂b0vU = c−γ
0 ,

where I study a simplified problem that only has a drift in income for expositional purposes only, and c0

denotes consumption associated with the normalized problem. I omit the borrowing constraint, but note
that whenever this constraint is not zero, it needs to be scaled with the wage as well for the argument to go
through.

Step 2. Show that VU = ξ1−γvU (b0, y). This is the case whenever ξ1−γvU (b0, y) solves

(ρ+ ϕ)VU (b, y) = max
c1−γ

1− γ
+ (∂bVU) ḃ+ (∂yVU) ẏ

s.t.: ḃ = rb+ ξy − c.
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Conjecture this is the case. Then, the first order condition implies

∂bVU = c−γ

∂bξ
1−γvU (b0, y) = c−γ

ξ1−γ ∂b0vU (b0, y)

ξ
= c−γ

∂b0vU (b0, y) =

(
c

ξ

)−γ

c−γ
0 =

(
c

ξ

)−γ

,

where the third line uses the chain rule. It follows that c = c0ξ.
Next, verify whether this consumption policy maximizes utility using the HJB equation

(ρ+ ϕ)VU (b, y) = max
ξ1−γc1−γ

0

1− γ
+ (∂bVU) ξḃ0 + (∂yVU) ẏ

= max
ξ1−γc1−γ

0

1− γ
+ ξ1−γ (∂b0vU) ḃ0 + ξ1−γ (∂yvU) ẏ

= ξ1−γ max
c1−γ
0

1− γ
+ (∂b0vU) ḃ0 + (∂yvU) ẏ.

subject to the flow budget constraint ḃ = rb+ ξy − ξc0. At this point, note that ξ1−γ is a positive scalar that
can be pulled out of themax operator, and the right hand side ismaximized by the policy c0when the budget
constraint equals ḃ0 = rb0 + y − c0 by assumption (recall we assumed vU is a solution to the normalized
problem). Lastly, note that the same budget constraint applies, ḃ = rb+ ξy − ξc0 ⇔ ḃ0 = rb0 + y − c0 since
ḃ0 = ḃ

ξ . This completes the first part of the proof.
Next, consider the rural household problem. This problem is complicated by the fact that rural house-

holds can move to the urban sector. I will show that a similar argument applies conditional on holding the
rural-urban wage gap, ω, fixed.72 Consider the rural value function with simplified income drift and for the
case of partial information only (the more general case works exactly the same)

(ρ+ ϕ)VR (b, ξy) = max
c1−γ

1− γ
+ (∂bVR) ḃ+ (∂yVR) ẏ + λm

(
Ṽm,pi − VR

)
72Holding the wage gap fixed is equivalent to scaling both rural and urban wage. This is intuitive since the problem will not scale

conveniently when only rural income is scaled but urban income is held fixed.
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subject to the standard flow budget constraint. First, note

Ṽm,pi = −
[
τ−s
RU

(
ṼU,pi (bR − fRUwR, pR) · (−1)

)− s
γ−1

+ (VR (bR, pR, ϵR) · (−1))
− s

γ−1

]− γ−1
s

= −

[
τ−s
RU

(
(wUΛ)

1−γ
ṽU,pi

(
bR − fRUwR

wUΛ
, pR

)
· (−1)

)− s
γ−1

+ (VR (bR, pR, ϵR) · (−1))
− s

γ−1

]− γ−1
s

= −w1−γ
R

τ−s
RU

(
(wUΛ)

1−γ

w1−γ
R

ṽU,pi

(
bR − fRUwR

wUΛ
, pR

)
· (−1)

)− s
γ−1

+

(
VR (bR, pR, ϵR) · (−1)

w1−γ
R

)− s
γ−1

− γ−1
s

= −w1−γ
R

(τRU
ωΛ

)−s
(
ṽU,pi

(
bR
wR

− fRU

ωΛ
, pR

)
· (−1)

)− s
γ−1

+

(
VR (bR, pR, ϵR) · (−1)

w1−γ
R

)− s
γ−1

− γ−1
s

.

I conjecture that the same normalization applies to the rural value function, in which case this expression
simplifies to

Ṽm,pi = −w1−γ
R

(τRU
ωΛ

)−s
(
ṽU,pi

(
bR
wR

− fRU

ωΛ
, pR

)
· (−1)

)− s
γ−1

+

(
VR (bR, pR, ϵR) · (−1)

w1−γ
R

)− s
γ−1

− γ−1
s

= −w1−γ
R

(τRU
ωΛ

)−s
(
ṽU,pi

(
bR
wR

− fRU

ωΛ
, pR

)
· (−1)

)− s
γ−1

+

(
vR

(
bR
wR

, pR, ϵR

)
· (−1)

)− s
γ−1

− γ−1
s

= w1−γ
R ṽm,pi

(
bR
wR

, pR, ϵR;ω

)
,

where I make explicit the dependence on the rural-urban wage gap. An analogous argument applies to the
migration probability πRU.

Now the same steps as before apply, i.e., verify that VR (b, ξy;ω) = ξ1−γvR (b0, y;ω) with b0 = b
ξ solves

the below, subject to the budget constraint and transversality condition,

(ρ+ ϕ)VR (b, ξy) = max
c

c1−γ

1− γ
+ (∂bVR) ḃ+ (∂yVR) ẏ + λm

(
Ṽm,pi − VR

)
.

Scaling of the Stationary Distribution. Given that the household problem satisfies ξc0 (b0, y) = c (ξb0, ξy),
the stationary density of the normalized problemand the stationary density of the problemwithwage equal
ξ satisfy

g (b) =
g0 (b0)

ξ

where b = b0 ·ξ. Integrating over b impliesG (b) = G0

(
b
ξ

)
. An implication of this is that household savings,

ḃ, and aggregate asset demand, scale linearly in the wage rate.
Proof sketch. Analyze the KFE

ġ = −∂b [µ (b, y) g (b, y)] + Lyg (b, y)

where µ is the saving policy and Ly is the infinitesimal generator capturing the income transitions. Note
that g0 (b0, y) solves the normalized problem. Note that µ (b, ξy) = ξµ0 since ξc0 (b0, y) = c (ξb0, ξy). Fur-
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ther, conjecture that g = 1
ξ g0 is the stationary solution for the problem with wage ξ. Note that the ξ can-

cels (ξµ0 · 1
ξ g0 = µ0g0), and the rest of the problem is unchanged. Since ∂b0 [µ0g0] = 0, it must be that

∂b [µ (b, y) g (b, y)] = 0.
Computational Implications. The computational significance is that I can solve the model in normalized
form for a guess of the wage gap. Once I have a solution, the rural wage is implied by the total amount of
efficiency units of rural labor (due to land congestion). The urban wage is then set such that it is consistent
with the rural wage, and the wage gap, wU = ωwR, and the free parameter that ensures this is the case is
the urban TFP level. This means that I can solve the model faster as a function of the wage gap alone, and
in a final step simply determine the urban productivity such that the urban wage is consistent with this
equilibrium. This works because the urban economy is constant returns to scale and the interest rate is
fixed, the urban wage does not depend on migration or urban share.
Proof that full information dominates partial information. I want to show that full-information case
dominates partial-information case. This amounts to showing that the function

g (x) = −
(
(−x)

−κ
+ (−b)

−κ
)− 1

κ

is convex, which means that E [g (x)] > g (E [x]). Here κ = s
γ−1 , so that g is the expected value of migration

V̂ derived above, with the migration wedge normalized to one. In the derivation I assume that x and b are
negative, which holds exactly when γ > 1. The variable x stands in for the random urban outcome, while b
is the fixed rural continuation value. This matters because it is an easy way to prove that the model where
information is revealed before migration leads to higher expected utility. The derivative with respect to x

equals
g′ (x) = (−x)

−(1+κ)
[−g (x)]

1+κ
.

Differentiating once more yields

g′′ (x) = (1 + κ) (−x)
−(2+κ)

[−g (x)]
1+κ

− (1 + κ) [−g (x)]
κ
g′ (x) (−x)

−(1+κ)

= (1 + κ) (−x)
−(2+κ)

[−g (x)]
1+κ

− (1 + κ) (−x)
−2(1+κ)

[−g (x)]
1+2κ

= (1 + κ) (−x)
−(2+κ)

[−g (x)]
1+κ

(
1− (−x)

−κ
[−g (x)]

κ
)

= (1 + κ) (−x)
−(2+κ)

[−g (x)]
1+κ

(
1− (−x)

−κ

(−x)
−κ

+ (−b)
−κ

)
.

The last line makes clear that g′′ (x) > 0. The bracket 1 − (−x)−κ

(−x)−κ+(−b)−κ is positive for any κ, and the re-
maining factors are positive because κ > 0 and x < 0, b < 0. Both hold whenever γ > 1.

C.3 Additional micro-foundation for stationary equilibrium

There are additional micro-foundations to obtain a stationary equilibrium. The first matches the baseline
in levels and on impact. The second matches it exactly.

First, suppose that all newborns aremoved to the rural or urban sectorwith probabilityPR andPU. Then
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the share of urban households equals in steady state

M =
ϕPU +Π

ϕ+Π
.

Note that the problem of an incumbent household is unchanged. Moreover, the share of newborn urban
households is identical since newborn inflows are the gap between death and rural inflows to ensure a
stationary urban share,

ϕPU = ϕM − (1−M)Π.

In the original model, this was equal toMϕ (1− δUR), so I need to show thatM (1− δUR) = PU. And this is
the case since the different versions of the model match the same steady-state urban share, i.e., see in the
original model

Ṁ = −ϕM + ϕ (1− δUR)M +Π(1−M) ⇒ M =
ϕ (1− δUR)M +Π

ϕ+Π
.

Since the age distributions are identical, and the household problems are unchanged, the steady state be-
tween the two models is equivalent.

The twomodels part ways oncemigration changes. In the baseline the urban share solvesM = Π
ϕδUR+Π ,

so that log M
1−M = logΠ− log (ϕδUR) and the urban share responds to migration like a logit,

∂M

∂ log Π
= M (1−M) .

With a fixedPU instead, the same derivative equals Π
ϕ+Π (1−M), which is smaller by the factor ϕδUR+Π

ϕ+Π . The
reason is that the baseline injects urban newborns in proportion to the urban share, so a rise in migration
feeds on itself, while ϕPU always injects a constant mass of young households into the urban sector, no
matter the urban share. What is the same across the two is the effect on impact, ∂Ṁ

∂Π = 1−M , evaluated at
the common steady state.

Another micro-foundation that avoids urban-rural migration altogether is to consider an environment
with different fertility rates. The fertility rate in the rural sector needs to be higher so that out-migration
is exactly matched by newborn households, on top of the death shock that is equal across rural and urban
sector. Let rural fertility be ϕ+ gn,R and urban fertility is gn,U . In that case, urban inflows equal

Ṁ = (gn,U − ϕ)M +Π(1−M)

˙(1−M) = gn,R (1−M)− ϕ (1−M)−Π(1−M) .

Now any 1 − M is consistent with a stationary equilibrium as long as gn,R = ϕ + Π. The urban share, in
turn, equals

M =
Π

ϕ− gn,U +Π
, ϕ > gn,U .

This is the baseline expression with ϕ− gn,U in the place of ϕδUR. The two therefore agree exactly, and not
only around the steady state: the urban share and its response to migration, ∂M

∂ log Π = M (1−M), coincide
at every migration rate.

In this version of the model, we need gn,R to change one for one with the migration rate. This could
be further micro-founded using a positive link between income and fertility, i.e., if migration picks up, the
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rural-urban wage gap goes up, and so does fertility to ensure gn,R = ϕ+Π.
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