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Abstract

Why do so few rural households in developing economies migrate to high-wage urban areas? I build
a tractable dynamic general equilibrium model with endogenous migration to quantify the role of risk as
a barrier to rural-urban migration. Migration 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 per-
sistent income shocks. I discipline the model using South African panel data on income and consumption.
Uncertainty about initial urban income disproportionately deters high-income rural households and gen-
erates negative selection into migration, while persistent income shocks instead deter rich and poor alike.
Together, these risks hold the urban population share 16 percentage points below where it would other-
wise be. Wealth transfers do not raise migration because savings provide little protection against persis-
tent shocks. High levels of wealth even discourage migration. A model that ignores initial uncertainty and
persistent shocks overstates the residual migration wedge by 80 percent.
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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 from moving 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-urban migration in a dynamic
framework with incomplete markets, where long-run urban productivity is potentially unknown, and sub-
ject to persistent shocks. Initial uncertainty and persistent income risk turn out to be first-order barriers
to migration.

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 needed to match the South African panel
data, which form the main application.

Removing initial uncertainty and persistent shocks raises the urban population share from 65 to 81 per-
cent. An immediate implication is that models that ignore initial uncertainty and persistent income shocks
substantially overstate the residual migration wedge. My framework suggests that this commonly inferred
wedge is inflated by as much as 80 percent.

Both risks retard rural-urban structural change substantially, but they affect high- and low-income rural
households differentially. Uncertainty about the initial urban income draw holds back high-income rural
households, who have the most to lose from a low draw. This feature generates negative selection into
migration. Persistent income shocks after migration, by contrast, deter high- and low-income households
alike.

So why do rural households not simply accumulate wealth in the form of buffer-stock savings to self-
insure against these risks? The problem is that savings provide little protection against persistent shocks,
which shift the entire path of future labor income. Moreover, greater wealth can even reduce the incentive
to migrate. Migration raises labor income, not asset income. As wealth increases, labor income becomes a
smaller share of total household income, chipping away at the gains from migration.

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, and make forward-looking consumption-saving choices in the presence of income risk. I build
on previous work, in particular Lagakos, Mobarak, and Waugh (2023) (henceforth LMW), but depart from
it in three crucial ways that are central for studying permanent rural-urban migration.

First, I develop a model with birth and death dynamics. This allows for fully persistent income shocks,
which are ruled out in a stationary infinite-horizon environment. Moreover, newborn households need
not be born in the sector where their productivity is highest. Contrast this with standard infinite-horizon
models with fixed long-run sectoral productivity. In such frameworks, households eventually sort into their
preferred sector, and observed migration is concentrated among households that are largely indifferent
between sectors. These features change the role of risk. Without persistent shocks, migration is primarily
a response to adverse transitory rural shocks and can itself serve as a form of insurance, as in LMW. With
persistent urban risk, migration instead exposes households to uncertainty about their long-run income.



Second, I allow migrants to have imperfect information about initial urban labor market outcomes. I
incorporate an information friction that nests two limiting cases: full and partial information. In the full-
information case, households observe their urban outcome before migrating. In the partial-information
case, they do not observe their urban outcome ex ante and instead form expectations based on the statis-
tical relationship between rural and urban income. This departs from standard Roy models with perfect
information and is especially relevant for permanent rural-urban migration, where households enter a new
economic environment for the first time.

Third, Iintroduce a tractable way to model selection into migration in dynamic Roy models that sidesteps
the curse of dimensionality. When a migration opportunity arrives, households receive an urban produc-
tivity draw that can be arbitrarily correlated with their rural type. This allows for rich patterns of com-
parative advantage and selection into migration, which I discipline directly using the data. At the same
time, households need not carry urban productivity as an additional state variable while in the rural sector.
The dimension of the household state space therefore does not grow with the number of potential sectors.
This tractability allows me to embed the migration problem in general equilibrium with an endogenous
rural-urban wage gap and fixed migration costs.!

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

A first set of moments concerns the nature of income risk within each sector, which requires estimating
sector-specific income processes. I follow Crawley, Holm, and Tretvoll (2026), which proposes a tractable
income process that generalizes the canonical persistent-transitory model to include imperfectly transitory
“passing shocks”. These are lumpy shocks that eventually mean-revert. While this generalization matters
little for urban households, it is important for rural households where imperfectly transitory shocks are the
dominant source of income volatility. In contrast, fully persistent shocks are more important in the urban
sector, which makes long-term urban earnings uncertain, even in the case where households have full
information about their initial urban productivity draw. I confirm that these sectoral differences in income
risk hold more broadly across developing countries, which represents a standalone empirical contribution
that should be of interest to researchers using heterogeneous agent models to study developing economies.

A second set of moments concerns the uncertainty associated with rural-urban migration around the
time of migration. Intuitively, migrants may not know whether they land a high or low paying first job in
the urban sector, reminiscent of the role of urban unemployment in Harris and Todaro (1970). To discipline
the information structure that governs what fraction of migrants have advance information, I measure how
frequently rural-urban migrants experience income losses after moving. Frequent post-migration income
losses indicate limited ex-ante information.

Using these empirical moments, I estimate the structural parameters of the model. Only about one in
five potential migrants have full information about their initial persistent urban income type, a key de-
terminant of success in the urban sector. This uncertainty generates negative selection on rural income,
consistent with the South African data.

Negative selection has sometimes been interpreted as evidence against risk as a barrier to migration.
The argument is straightforward. If risk deters migration, it should primarily hold back low-income house-
holds. High-income households can accumulate savings to self-insure against urban risk and should there-

1T also develop a new technique to solve continuous-time incomplete-market models on a non-linear grid that is particularly useful
for models with non-convexities, such as fixed migration costs. See appendix B.



fore be more likely to migrate. Risk should thus generate positive selection on income and wealth. This
logic breaks down with persistent shocks. Buffer-stock savings provide little protection against a persistent
fall in income. Moreover, wealth can even reduce the gains from migration. Migration raises labor income,
not asset income. As wealth increases, labor income becomes a smaller share of total household income,
chipping away at the gains from migration. The model can therefore generate negative selection on both
income and wealth even when risk is a major barrier to migration.

I also explore the implications of the model for consumption risk, since income risk only deters migra-
tion when it translates into consumption risk. Rural households appear well insured: the passthrough from
income shocks to consumption is low, consistent with a large literature following Townsend (1994). Sur-
prisingly, the model reproduces these low passthrough estimates despite containing no insurance beyond
buffer-stock savings. The reason is that rural income shocks are largely mean-reverting, and buffer-stock
savings insure against such shocks effectively.

The same mechanism explains why consumption insurance appears to worsen after rural-urban migra-
tion, an influential theme in the literature (Munshi and Rosenzweig, 2016). In my framework, households
need not lose access to informal insurance when they move. They instead become exposed to more per-
sistent income shocks, which are harder to self-insure. What appears to be a loss of insurance therefore
reflects a change in the nature of income risk.

In the final step, I quantify the aggregate impact of risk on rural-urban structural change. Risk requires
heterogeneous outcomes, uncertainty about those outcomes, and incomplete markets. I remove these in-
gredients in turn to study their implications for aggregate migration, selection, and welfare.

Providing all potential migrants with information about their initial urban persistent type raises the
urban population share from 0.65 to 0.76 in general equilibrium. Information makes selection into migra-
tion more positive: households further up the rural income distribution migrate when they learn that their
urban draw is high.

Insurance raises migration by a similar amount but operates differently. Insuring income shocks after
migration raises the urban share to 0.73; insuring the initial draw as well raises it to 0.79. Unlike informa-
tion, insurance protects rich and poor households alike against urban income risk. The two can therefore
produce similar aggregate migration responses but very different selection and welfare effects.

General equilibrium dampens these migration responses by about one-third. As migration rises, land
becomes more abundant and rural wages increase, reducing the incentive for further migration. The flip-
side is that higher rural wages deliver welfare gains even to households that never migrate.

Next, I contrast risk with liquidity constraints, another prominent explanation for low rural-urban mi-
gration in the presence of fixed moving costs. Relaxing the borrowing constraint raises the urban popula-
tion share by only one percentage point, despite the model featuring a poverty trap consistent with Baner-
jee, Duflo, and Sharma (2021). Two features of the income process explain the small effect. Urban shocks
are persistent, so borrowing provides little protection against them. Rural shocks, by contrast, are volatile
but mean-reverting. Rural households therefore do not remain ultra-poor for long and escape the poverty
trap quickly.” Risk is therefore a much larger barrier to rural-urban migration than liquidity.

Lastly, I ask by how much residual migration wedges are inflated when initial uncertainty and persistent
income shocks are omitted from the analysis. A researcher using my framework but assuming full infor-
mation and complete insurance in the urban sector must raise the migration wedge by 78.66% to repro-

2T also consider a more persistent rural income process, which substantially increases the welfare cost of poverty traps. This
suggests that the importance of poverty traps depends critically on the persistence of low-income states, rather than on the presence
of non-convex costs.



duce observed migration. In a complementary exercise, I instead remove initial uncertainty and persistent
shocks and reestimate the model, bringing the framework closer to common practice. Both approaches
reach the same conclusion: a large share of the cost of moving is the risk of moving.

Contribution to the Literature. The paper contributes to a large literature on rural-urban migration and
structural change. The classic references are Lewis (1954)’s theory of rural surplus labor, and Harris and
Todaro (1970)’s two-sector model of urban unemployment.

The paper is most closely related to the influential work of LMW, which embeds endogenous migration
in a heterogeneous-agent model to study the migration experiment of Bryan, Chowdhury, and Mobarak
(2014), and shares important features with Kleemans (2015). In LMW, migration is largely temporary and
serves as a coping strategy after negative rural income shocks. I instead study permanent migration, where
uncertainty about long-run urban outcomes makes migration itself risky.®

A related literature studies whether sorting across sectors explains the agricultural productivity gap (La-
gakos and Waugh, 2013; Alvarez-Cuadrado, Amodio, and Poschke, 2026). These models typically assume
that households know their productivity in each sector when choosing where to work. I show that uncer-
tainty about urban productivity fundamentally changes selection.” In the model and the South African data,
rural-urban migrants are negatively selected on income, in contrast to Young (2013)’s influential interpre-
tation of rural-urban gaps through positive sorting on unobserved skill. More generally, the framework
quantifies how risk shapes the allocation of unobserved human capital across sectors.’

The paper also relates to work emphasizing informal insurance as a determinant of migration, particu-
larly Munshi and Rosenzweig (2016) and Morten (2019), building on Ligon, Thomas, and Worrall (2002). I of-
fer a different interpretation of why consumption insurance appears to worsen after rural-urban migration.
Households need not lose access to informal insurance when they move; they simply become exposed to
more persistent income risk. A standard buffer-stock model reproduces the low consumption passthrough
observed for rural households once the income process allows for mean-reverting shocks. This connects
the paper to work estimating persistent and transitory income risk, especially Blundell, Pistaferri, and Pre-
ston (2008) (henceforth BPP). Income dynamics in developing economies remain relatively unexplored,
with notable exceptions in De Magalhaes and Santaeulalia-Llopis (2018), De Magalhaes, Martorell, and
Santaeulalia-Llopis (2024), and Carli, Rodriguez-Sala, and Santaeulalia-Llopis (2025). I contribute to this
literature by showing that the nature of income risk differs systematically between rural and urban sectors
in developing economies.®

Recent experimental work studies information and insurance as barriers to rural-urban migration (Baseler,

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
Reimdo (2020).

“Imperfect 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 to more negative selection in the context of international migration. Bryan and Morten (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) for micro-economic estimates of rural-urban wage gaps. See Caselli
(2005), Restuccia, Yang, and Zhu (2008), and Gollin, Lagakos, and Waugh (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
(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. (2025), Meghir et al. (2022), and Ligon (2025). An even larger literature has estimated persistent and transitory income
shocks, see 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. (2025).



2023; Barnett-Howell et al., 2025; Miner, 2025). Most closely related is contemporaneous work by Baseler
and Gordeev (2026), who build a structural model of Kenyan migration to jointly interpret these experi-
ments. They find that urban unemployment and biased expectations explain relatively little migration,
leaving a large residual migration wedge. My paper unpacks this residual. Once migration involves initial
uncertainty and persistent shocks, much of the residual wedge is accounted for by risk.’

Lastly, I complement the experimental literature by incorporating general-equilibrium feedback effects
from migration, which are quantitatively important and consistent with recent evidence in 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.

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 ». 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

ov

omit time subscripts, and use i as shorthand for 4 and 0,v as shorthand for 56

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

Wi (p7 6) = wj(i)epi—‘rsia (1)

where w; is the sectoral efficiency wage, and the random variables p, and ¢; 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 =0, dZ, (2)
de = (6/—6) de, EI NN(Oyae,j)a (3)

where dZ is a Wiener process,® and dJ; is a Poisson counter with arrival rate \. ;. In words, the transitory
process consists of i.i.d. draws from a mean zero normal distribution that arrive at rate ). ;. These shocks

7Note 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.

8The 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.



are sometimes described as “passing shocks” as outcomes eventually revert back. The setup builds directly
on Crawley, Holm, and Tretvoll (2026), and nests the canonical persistent-transitory model of MaCurdy
(1982) when ). ; becomes large.’

Households die at Poisson rate ¢ and are replaced by a newborn that inherits their assets. Newborns
draw their persistent type from a normal distribution p ~ N (¢ ;,00,;), and their transitory type from a
mean zero normal distribution ¢’ ~ N (0, o, ;). 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.'”
Urban Household Problem. Urban households discount the future at rate p, and have CRRA preferences
with coefficient of risk aversion . Urban households solve the following dynamic consumption-saving
problem

00 1—
Vo (b, p, €) = max E, [/ ef(’”‘b)(s*t)lcsipyds 4)
Cs t —

s.t. b:rb+WU(p7e)—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 \,,, and move when the expected
value of moving to the urban sector exceeds staying put.

+ Migration entails a one-time monetary cost fgy > 0 paid in rural labor such that urban assets after

migration equal by = bg — fruwr-

+ Migration includes an idiosyncratic taste shock ¢, and a disutility wedge gy > 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, 7gg = 1.

+ Taste shocks ¢, are i.i.d., and drawn from a Frechet distribution with scale parameter ; and shape

parameter s.

Both the taste shocks and the location-specific disutility are raised to the power 1—~, which provides the ap-

propriate rescaling under household risk aversion so that the resulting utility wedge admits a consumption-

1

equivalent interpretation.!! Because the wedge admits this consumption-equivalent interpretation, the

9The 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.

10The 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.

IThe issue here is that when v > 1, the value function is negative. Since the shocks are multiplicative, care must be taken in how
to normalize the raw shocks. The normalization I have chosen ensures that the Frechet shape parameter preserves its usual meaning.
It also makes clear that risk aversion and preference heterogeneity are not separately identified from migration flows.



analysis is robust to mis-measured price gaps across sectors.'?
A rural household thus solves the following discrete choice problem upon receiving a migration oppor-
tunity
AN
U _
Vi = max {]E [Vu (bu, pu, €v) |pr; €r] - () Vi (br, PR, €r) - g 7} ; (5)
R,U TRU

3]

where V,,, denotes the value of the migration opportunity, and the expectation in (5) is taken with respect to
persistent and transitory urban type (py, ey). The conditional expectation in (5) captures the first of the two
sources of risk, uncertainty about the initial urban draw. How much 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 time of migration. 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

pulpr ~ N (pru - Pr + CrU, ORU) , (6)

where the parameter pry > 0 induces a positive correlation between rural and urban type, ogy is the stan-
dard deviation around the conditional mean, and cgy < 0 captures skill downgrading,* where F (.|pr)
denotes the CDF associated with (6).

In contrast, I assume that transitory types are independent across sectors, ey L ¢g, S0 eg 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 deciding whether to migrate. I consider two limiting cases, one of partial and one of full information
regarding py.

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

E [V (by, pu, €v) [pr] = //VU (bu,pu, €) dF (pylpr) dGy (€') == Véﬂ (br,pr). (partial information)

€ pu

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 —(, potential migrants have full information (fi) about
their urban persistent type around the time of migration so the only unknown around the time of migration
is the urban transitory component,

E [VU (bU,pU7 EU) |pR] = /VU (bU,pU, 6’) dGU (6/) = VUf’L (bR7pU) . (full information)

e’

Even though the urban persistent type always evolves stochastically, its realization is revealed right

12That is to say, suppose prices are higher in the urban sector, then the wedge Try 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 (2021),
which document surprisingly small price gaps across sectors.

13This 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).



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, VJ ', 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 A < 1, so a rural-urban migrant
with urban type py earns wyAePv+e, and total downgrading in log efficiency units is cjf; = cgy + log A. The
difference is that cgy 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 A shifts expected earnings of high and low-skilled households by the same amount.'

Migration Choice Probabilities. The probability of migrating for the imperfect and full information case
takes the convenient logit form (McFadden, 1974)

< (—VE (bropjz)) 7
W%U (bR7pUapR>ER) = TRU <_; ( R?_IZ](I)))I — s fOI'I S {piafi}a (7)
(=V& (bR, PRy €r))” 7 + 7oy (—V (bR, D)) "

where the minus term accounts for the fact that the value function is negative for v > 1, and p;(7) = py in
the full information case and pg otherwise.™

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

y—1
s

E [quLinapRa er| = — [TR_US (*Véﬂ (bRapR)>_ﬁ + (= V& (br, pr, GR))”SI] = VP (br,pro€r),  (8)

where the tilde notation V2 makes clear that this is an unconditional expectation for the partial information
case. In the full information case, I have

y—1

E [V,/'|pu,br. pr. €r] = — {TRUS (—VJi (meU)) T (W (bR,pRﬁR))_”Sl] = V,/" (pu,br, PR, €r) »
)
where a meaningful distinction can be drawn between conditional, V,/, and unconditional expected value
given by
V)7 (br, pr, er) = /VWff (pu,br; Pr; €r) dF (pulpR) - (10)
pu

l4Section 3 disciplines A to match the worst urban outcome for households at the bottom of the rural income distribution. Appendix
B offers additional details on this issue and how it informs the grid-space in the quantitative model.

1
15T also impose the normalization on the Frechet scale parameter y = T’ (1 + VT_I) 7~* to purge the continuation value from the

mean effectinduced by the randomness of the taste shocks. This normalization ensures that the value function in a model with infinite
migration costs coincides with the value function of the same model but without migration (A, = 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 a model without migration.



Since the expected value of migration in the full information case represents a convex combination of ran-
dom outcomes in py, one can use Jensen’s inequality to show that the full information case dominates the
imperfect information case, V;/* > V', 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.
Closing the Migration Problem. Any stationary model with rural-urban migration requires reverse flows
back into the rural sector. I introduce this flow in a way that makes the model particularly tractable. With
probability dyr, newborn urban households are reassigned to the rural sector, where they enter with zero
assets and draw their persistent and transitory productivity according to,

p~ N (coRr,00R) e~ N (0,0R) -

Assigning the reverse flow at birth generates a block-recursive structure: the urban household problem can
be solved independently of the rural household problem and of equilibrium objects such as the rural-urban
wage gap.'°

A second notable feature makes the rural household problem particularly tractable. Standard dynamic
Roy models require households to track their evolving productivity in every potential sector. Here, house-
holds track productivity only in their current sector, sidestepping the curse of dimensionality. Urban pro-
ductivity is drawn only when a migration opportunity arrives, with its distribution conditional on current
rural productivity. This retains rich selection into migration without adding urban productivity to the rural
state space.

To see this, consider the recursive formulation of the rural household problem,

1—y

(p+ 9) Vi (b, s n) = masx £— + (BVR) b+ AVk + A (CV2 + (1= QO V' = Vi) (1)

where A is the infinitesimal generator of the income process, and (V2% + (1 — ¢) V.7 is the expected value
associated with a migration opportunity.

Crucially, persistent urban productivity does not enter the rural state space. Urban outcomes enter
only through the migration values in (8) and (10), which reduce to functions of current rural productivity
through the statistical link in (6). The state space therefore does not grow with the number of potential sec-
tors: households track only the permanent and transitory productivity components of their current sector.
Destination draws can nevertheless be arbitrarily correlated with current productivity, allowing for rich
selection into migration and sectoral comparative advantage.

The price of this tractability is that destination draws cannot depend on previous destination draws,
since these are not carried as state variables. I view this as a reasonable price to pay when sectoral switches
are rare and destination productivity is uncertain, as in the case of permanent rural-urban migration stud-
ied here.

Aggregates and Production. I define the share of urban households by M, and collapse the state variables

180One could instead model endogenous urban-rural migration using the same machinery. I do not pursue this extension because
urban-rural migration appears to reflect different forces, such as retirement and family considerations. Appendix A documents sys-
tematic differences between urban-rural and rural-urban migrants in income, assets, age, and education.

7The full-information case can also be interpreted as allowing costless return to the rural sector immediately after the urban draw
is observed. A common concern with models of urban income risk is that unsuccessful migrants could simply return, thereby limiting
the importance of such risk. If this were the relevant environment, the structural model would infer that the full-information case
provides the appropriate description.



into the triplet z = (b, p, €). After adding up migration probabilities for partial and full information case,
the aggregate rural-urban migration rate IIgy follows

Hry = A [ mru(2) dGR (), TR (2) = Cﬁ% () +(1-<) ﬁ]{é (v),

where GR (z) represents the stationary rural distribution. In the full information case, there is a meaningful
distinction between the probability of migrating conditional on the urban type draw (which is known),
and the unconditional probability, given by 7?{{6 (br, pr,€r) = [ wﬁé (br, pu, PR, €r) dF (pu|pr). In the partial
information case, there are only unconditional probabilities as realized urban productivity py is unknown
before migration so 7y (br, Pr, €r) = Thy (bR, PR, €R)-

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

M = gy (1—M)— ¢durM, (12)

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

Rural production combines land 7', which is in fixed supply and normalized to unity, with total labor
Hg = [, ¢t di and reproducible capital K using a constant-returns-to-scale Cobb-Douglas production
function

Yr = (T)X (Kg)” (Hg)' "X, (13)

where x and v represent the land and physical capital share in production. Physical capital depreciates at
rate J;, in both sectors.

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

Yy = (Ky)’ (AuHy)' ™’ (14)

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

Definition1. 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.
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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 w := ! is the key equilibrium object that
governs the flow of migrants, which becomes apparent after studying the migration problem in normalized

form using value functions that are re-scaled by sectoral wages.

Lemmal. Conditional on a fixed rural-urban wage gap w, the value function in both sectors admits a normalized

_ Vipo
(wy)t=7"

representation v; (w% . D e)

The lemma applies to any household whose labor income is proportional to a constant scale factor. A
rural-urban migrant earns wyAeP*¢, so the relevant scale factor is the effective urban wage wyA rather
than wy. 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.'® Unsurprisingly,

rural-urban migration is increasing in the rural-urban wage gap summarized in the following proposition.

Proposition 1. Using Lemmma I together with the conditional migration probabilities in (7) delivers

s o=s (_pT) 7T
(WA)® - Ty ( UU) — forZ € {pi, fi},

T _
TRU = = P ——
(—vr)” 7T+ (WA) TRy (—0F) T

which is strictly increasing in the rural-urban wage gap w for any 7%, This relationship carries over to the uncon-

ditional probabilities 7%.Y

The steady-state urban population share follows from setting M in (12) to zero,

ITry

== 15
Igy + ¢dur 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—(l—x—m(rfék)l_” (@=)he) ™ (16)
wy = (1-6) (Tfék)wAU, 17)

where hg = [ hg (z) dGx () 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.

18This intuitive result, that renders the computational algorithm more tractable, would not be true in the case of two-way migration.

In a slight abuse of notation, let z‘;gi :f)ﬁi, since there are only unconditional expectations in the partial information case.
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Figure 1. Equilibrium Rural-Urban Wage Gap

w

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.

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 and Measurement

South African Panel Data. [ 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.?’

201 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.
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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.?
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-urban mover 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 of household heads is rare, justify-
ing the focus of the paper on permanent migration.?

Table 1. Rural-Urban migration flows in South Africa

@
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 BPP and study residualized income
and consumption dynamics with a focus on stable households attached to the labor market. I restrict the
sample to households with heads between the age of 27 and 62 and strong attachement to the labor market.
Table 20 in the appendix contains a detailed breakup of sample selection by sector, and table 21 reports
summary statistics for both the raw sample and the selected sample.?® I 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.

ZTable 37 in the appendix summarizes the mean 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)).

22T 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
seasonal migration 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.

231 drop economically inactive household heads, and households with ultra-low monthly income below 30 US Dollars. I drop house-
holds 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
observations for each sector-wave, which turns out to be only a few observations once I condition on the previous sample selection
criteria.
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Adding classical measurement error z; ; gives observed residual log labor income
Yiy = Dit + €ip + Tig (18)
Conditional on household survival, the implied autocovariance is
E [y;,97,] = ot +opti +e” TG 4 0y y00 (19)

where t; < t; index time relative to an initial period normalized to zero. Classical measurement error
enters only on the diagonal of the covariance matrix. The autocovariances are therefore governed by 6 =
{0207, Ae, 02, {02 ;}}; see Crawley, Holm, and Tretvoll (2026).

Figure 2 illustrates identification by plotting the autocovariance against the time gap k = t5 — t;. Per-
sistent shocks pin down the covariance that remains at long horizons. Passing shocks generate the decline
toward this level: o2 determines how far above it the covariance starts, while \. determines how quickly
it falls. Finally, classical measurement error affects only ¥ = 0, generating a discrete drop between the
diagonal and the first off-diagonal covariance.

0.5 }Ui,t

Figure 2. Identification of Income Process
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k = 0: diagonal; & > 0: off-diagonal
Dynamic autocovariance, k periods ahead. The dashed line is inequality due to persistent shocks, o7, + o2 - t. The shaded area is
the passing-shock component, s2e~*<*, which decays with the horizon k. Measurement error, o2, appears only at k = 0 and drops
out immediately for off-diagonal covariances.

When estimating income risk, I focus on households that do not move across sectors, based on the
idea that different economic environments entail different risks. This raises a potential selection concern.
In practice, migration is sufficiently rare that selection has a negligible effect on the estimated income
process: model simulations with endogenous migration generate autocovariance moments within 1% of
those from the GMM procedure that ignores selection. Selection does matter, however, for decomposing
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initial inequality, o2, into inequality at birth and persistent shocks accumulated with age.?* I therefore
infer inequality at birth, {og r, 00,u}, using the full equilibrium model in the next section.

Using household level panel data on income, I compute the data counterpart

V=E [yry}']

where y*;, = [y ¥yi2 - ¥; | 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 and GMM. Table 2 reports the empirical autocovariance matrices. Reading
down a column increases the time gap between observations, while moving down a sub-diagonal holds the
gap fixed and shifts both observations forward in time.

First, rural autocovariances decline sharply with the time gap, while urban autocovariances decline
much less. This decay is the signature of passing shocks: its magnitude identifies 02 and its speed ..
Passing shocks are therefore more important in the rural sector.

Second, urban autocovariances rise as a given pair of observations is shifted forward in time, while rural
autocovariances remain roughly flat. This fanning out of inequality identifies o> and points to a larger role
for persistent shocks in the urban sector.

Table 2. Income Covariance Matrix — South Africa

(a) Rural (b) Urban
Ye Yt+2  Yt+4  Yt+6 Y48 Ye Yt+2 Y44  Yt+6  Yi+8
Yt 0.52 Yt 0.52
Yi+2 | 0.27  0.55 Ye+2 | 0.27  0.63
Yi+4 | 023 0.27 049 Ye+a | 024 026 0.58
Yi+6 | 0.22 018 0.25 048 Yi+6 | 0.26  0.25 032 0.53
yi+s | 018 016 0.23 034 0.57 Yi+s | 0.23 026 032 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.

I estimate the income process by GMM using the autocovariance moments in (19). I use an optimal
weighting matrix and exclude diagonal moments, which are contaminated by time-varying measurement
error.”

The estimates confirm the patterns visible in the autocovariances. The variance of persistent shocks is
only 0.003 in the rural sector, compared with 0.0117 in the urban sector. The latter is roughly four times
larger and comparable to estimates for the United States (Crawley, Holm, and Tretvoll, 2026).

Passing shocks show the opposite pattern. In the rural sector, 02 = .26 and \. = .5, implying large and
persistent, but ultimately mean-reverting, income shocks.?® Passing shocks play a much smaller role in the

24Absent migration, initial inequality would satisfy

o2, =0t + J?,arﬁé.
With migration, this decomposition no longer holds because urban households include migrants who entered the sector at different
ages and drew their urban type from a distribution different from that of urban newborns. Restricting the sample to stayers does not
eliminate this problem, since households observed as urban stayers may have migrated before the sample begins.

ZIncome is measured monthly in the South African sample, so time-aggregation error is negligible. The code also accommodates
time-aggregated data when income or consumption is measured over longer intervals.

26The implied one-year autocorrelation is e =% ~ .6.
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urban sector. Accordingly, the urban data have little power to distinguish a high arrival rate A, from a low
shock variance o2, since either implies little contribution from passing shocks.

Finally, I recover measurement error from the diagonal of the covariance matrix after estimating the
income process. Measurement error is sizable, although it cannot be distinguished from fully transitory in-
come shocks (Friedman, 1957). This distinction will matter when I study the passthrough of income shocks

to consumption.

Table 3. Income Risk in South Africa

Rural Urban
Estimate SE Estimate SE
0127 0.003 0.0065 0.0117 0.0045
Ae 0.4987 0.2611 0.3333 0.7473
cr€2 0.2602 0.0987 0.05 0.0415
o? 0.1795  0.0306 0.18 0.0365

int
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 {02 (,02 5,02 4,02 6,02 g }* = {01088, 01213, 0.0515, 0.0482 , 0.1161}, and {02 ,02 5,02 4,02 5,02 g} = {01678, 0.2583,

x x

017, 0.0902, 0.0962 }.

The difference in persistent income risk across sectors is an important input into the quantification,
so I do not want it to rest on noisy panel estimates alone. I provide two pieces of additional evidence.
First, following Deaton and Paxson (1994), I exploit the fact that persistent shocks generate a systematic
fanning out of within-cohortinequality over the life cycle. This approach requires only cross-sectional data.
Consistent with the South African panel evidence, within-cohort inequality fans out faster in urban areas
across several other developing economies, including Mali and Céte d'Ivoire; see appendix A.4. Second,
panel data from China yield very similar rural-urban differences.?’

An implicit assumption underlying the previous exercises is that income risk is a property of the sector

rather than the household. A rural household that migrates therefore takes on the urban income process.
The migrant sample is too small to test this assumption directly, but two pieces of indirect evidence support
it. First, the urban income process in South Africa closely resembles that of the United States, despite the
much larger share of recent rural-urban migrants in South African cities. If migrants carried their rural
income process with them, this similarity would be surprising. Second, recent migrants in South Africa do
not experience faster income growth than long-term urban residents, suggesting that the two groups face
similar mean income trajectories.
Summary. Rural income shocks are large but mean-reverting, while urban shocks are smaller but more
persistent. A natural interpretation is that urban earnings depend more heavily on differentiated skills,
whose accumulation and depreciation generate persistence over time, while rural incomes depend more
on agriculture and are exposed to idiosyncratic shocks that eventually pass.

The analysis so far has focused on income dynamics within sectors. I next turn to rural-urban migration
and income gaps, which provide additional moments for the quantification.

2Results available upon request.
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3.1.3 Rural-Urban Wage Gaps and Selection into Migration

I now use less strict sample restrictions to keep the sample size large given relatively few migration events.?
Rural-Urban Wage Gaps. The raw rural-urban wage gap is about 70 log points. Controlling for observables
reduces it to about 45 log points, the relevant target because the model abstracts from endogenous school-
ing choices.” Household fixed effects reduce the gap further to about 30 log points, in line with previous
estimates, see Lagakos et al. (2020).%

Table 4. Rural-Urban Wage Gaps

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

Average wage gaps mask substantial overlap between the two income distributions. Figure 3 plots resid-
ual income by sector and shows that many rural households earn more than observationally similar urban
households. A positive average urban premium therefore does not imply that migration is a guaranteed
income gain.

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.

Selection into Migration. I next explore how rural-urban migrants are selected relative to rural stayers. To
this end, I run the following regression model amongst rural households

Yir =+ BD (i € RU) +v'%; 4 + uiy

where D (i € RU) is adummy variable that takes a value of one if the household migrates permanently to the

281 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.

29 A natural question is to what extent nominal wage differences reflect real wage differences, i.e., how sensitive are the results if T
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 7y and leaves the role of risk unchanged.

30See 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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urban sector at some point in the future and zero otherwise, and x; ; is a vector of controls. The regression
model thus compares stayers with future migrants when both groups are still in the rural sector.

Table 5 shows strong negative selection. Future migrants earn about 30% less than stayers before mov-
ing; controlling for observables reduces the gap to about 15%. Consumption yields a similar pattern, sug-
gesting that selection reflects persistent differences in household income. Figure 4 complements the re-
gression results and computes the likelihood of migration along the household income distribution.

Table 5. Selection into Migration

Estimate  (SE) Description
-0.28 (0.08) log income gap (raw)
-0.14 (0.06) logincome 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. Migration Probability amongst Rural Households

Probability of ever migrating

Income group

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 .

This negative selection contrasts with Young (2013), who emphasize positive sorting as an explanation
for rural-urban gaps. A key piece of evidence is that migrants are more educated than rural stayers. I find
the same raw schooling gap in South Africa: migrants have roughly two additional years of education. The
difference, however, is fully accounted for by a cohort effect. Migrants are younger, and younger cohorts are
more educated. Once age is controlled for, the schooling gap disappears, while migrants remain negatively
selected on income and consumption; see table 21b.

Rural-Urban Income Correlation.

If households do not know their urban income before moving, the statistical link between rural and
urban income becomes an important input to predict urban outcomes. I estimate this link by regressing
urban income on lagged rural income,

Yi, Ut = &+ BYiRt—2 + Ui (20)

Measurement error and transitory shocks attenuate the OLS coefficient, so I instrument y; ;o with ; ;4.
Table 6 reports an IV estimate of about .6, roughly twice the OLS estimate. The structural model does not
interpret this coefficient directly as pry because it is still somewhat confounded by selection into migration
of informed households, but uses it as an informative moment in the structural estimation.

Income Gains, Losses, and Volatility. I next document the probability that migrants gain or lose income
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Table 6. Rural-Urban Wage Gaps

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

Table 27 in the appendix reports additional details, and implements a placebo test for stayers. The IV estimate for stayers is
substantially higher, at around .8.

and the volatility of income around migration. These moments are rarely reported but, interpreted through
the structural model, are informative about migration risk.

Figure 5 compares income and consumption before and after migration. Two facts stand out. First,
migration is not a guaranteed gain: a substantial share of migrants experience income and consumption
losses. Second, urban outcomes vary widely even among households with similar pre-migration income or
consumption.

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 income while 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.

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,

Dt (Yir > Yit—2) =+ BD;+ (U) + %5t + i,

where D, ; (U) indicates the first period in which the household is observed in the urban sector, and x; ; is
a set of control variables. The first row of table 7 shows that migration raises the probability of an income
gain by about 20 percentage points. Since 55% of rural stayers experience income growth over the same
horizon, roughly one-quarter of migrants still experience an income loss.

I also estimate the effect of migration on mean income growth and its residual variance using

Ay = a+ BD;y (U) + "% ¢ + usy,

N2
(Ayi,t> =a+BD;+ (U) +7'%i¢ + iy
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The first regression measures annualized income growth around migration; the second measures the cor-
responding increase in dispersion after removing group-specific mean growth.

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 28 and 30 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 rises around migration. Yet volatility is already high among rural stayers (SD =
v/0.12 = .35), where it is driven largely by passing shocks that can be smoothed through buffer-stock sav-
ings.®! Volatility alone is therefore not a measure of risk exposure; what is key is the persistence of the
underlying shocks. Consumption provides some evidence on this margin. Consumption volatility rises by
a similar amount around migration, as one would expect if the additional income shocks are persistent. I
return to these consumption moments in section 3.3, where the structural model decomposes the increase
in volatility into transitory and persistent components.

3.2 Model Calibration and Estimation

I discipline the model using a combination of calibration and indirect inference. A small set of parameters
is fixed using external evidence or accounting normalizations; the remaining parameters are jointly esti-
mated by simulated method of moments (SMM). I describe each in turn and highlight the moments most
informative about the internally estimated parameters.

3.2.1 Calibrated and Externally Estimated Parameters

Preferences and Production. The interest rate of the risk-free bond is set to r = 2.7%, the discount factor
equals p = .02, and the coefficient of relative risk aversion is set to v = 2.0, consistent with Choukhmane
and Silva (2026).

Stationarity requires rural outflows to equal inflows. Given ¢, this pins down dyg = % (:5M). An
annual migration rate of roughly 2% and an urban share of .65 implies dyg = .35.

Urban production has capital and labor shares of 40 and 60 percent and capital depreciation of 5%. Rural
production has land, capital, and labor shares of 30, 10, and 60 percent. The land share y is particularly
important as it governs the rural wage response to migration. Holding the rural-urban wage gap w and
average rural skill /iy fixed, a link between urban productivity growth g 4, and rural-urban structural change

emerges,
dlog (1 — M) 1—v
_ 21
dt Y JAy ( )

which is reminiscent of Lucas (2004). Equation (21) shows that a smaller land share requires faster rural
out-migration for rural wages to keep pace with urban productivity growth. I set y to approximately one-

31The 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: V (Ay/2) = 02/2 +

(1—e2e)o2/2402/220+ (1 —e1)*0.26/2+.1/2 ~ .13.
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third following Hansen and Prescott (2002).%> The resulting pace of structural change is consistent with the
historical experience of advanced economies and with the cross-country relationship between productivity
growth and rural population decline (Trouvain, 2025).

Income Process. I set the income-process parameters to the estimates from the previous section. The
deathrateis ¢ = .03, corresponding to an average working life of 33 years (Gabaix et al., 2016)..* Inormalize
average human capital of urban newborns to ¢y y = —.4. This level has little bearing on the results because
the relevant object is the rural-urban gap in initial human capital, ¢y, v — co r, With ¢o g estimated internally.
Migration Arrival Rate and Fixed Cost of Migration. In general, the migration wedge gy and the arrival
rate \,, are not separately identified as a higher disamenity or fewer migration opportunities can rationalize
the same steady-state migration flow.* I calibrate these two parameters as follows. First, I choose an arrival
rate of migration of \,, = .2. This means that households obtain opportunities to permanently migrate
every five years, on average. Given \,,, I can then infer gy to match moments in the data.

Regarding the fixed cost of migration, I choose a value consistent with experimental evidence on poverty
traps in Banerjee, Duflo, and Sharma (2021).*® 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 fry = .046 in my quantification. 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.

3.2.2 Internally Estimated Parameters

I estimate the remaining parameters jointly by SMM,

© = {cor, cru, A, prU, OrU, ¢, S, TRU, OR,0, OU0 }-

Although all parameters are jointly disciplined by the full set of moments, particular moments are espe-
cially informative about individual parameters. I highlight these mappings below.

The cross-sectional rural-urban wage gap is informative about average human capital among rural new-
borns, ¢y r. The fixed-effects wage gap instead helps pin down the migration wedge 7gy: a larger wedge
requires larger realized wage gains to induce migration. Negative selection into migration is particularly
informative about skill downgrading, cgy. Because the urban productivity draw is bounded below, skill
downgrading primarily affects higher-productivity rural households and therefore shapes selection into
migration.

In contrast, the parameter A governs downside risk at the bottom of the rural income distribution.
Without this adjustment, the rural-urban wage gap w > 1 implies that even the worst urban draw leaves

32This is larger than the land share of approximately ten percent implied by the village-level estimates of Akram, Chowdhury, and
Mobarak (2017). These estimates exploit village-level variation and need not identify the aggregate general-equilibrium elasticity
relevant for a two-sector model. Extrapolating this estimate to the aggregate economy would imply a much faster decline in the rural
population than is observed over the long run.

33This stabilizes the income distribution and implies a tail-coefficient of log permanent income of | /2¢/02. 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 36 in the appendix.

34The 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).

35See also Bryan, Chowdhury, and Mobarak (2014) and Balboni et al. (2022).
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Table 8. Calibrated or Externally Estimated Parameters

Parameters Value Reference
Preferences
P 0.0200 standard value
0] 0.0300 avg. length of work life
y 2.0000 Choukhmane and Silva (2026)
Technology
r 27%  seetext
OuR 0.3500 see text
X 0.3000 Hansen and Prescott (2002)
v 0.1000 Hansen and Prescott (2002)
0 0.4000 Gollin (2002)
Am 0.2000 see text
fru 0.0460 see text
Income Process
o2 R 0.0030 own estimation
AeR 0.4987 own estimation
olg 0.2602 own estimation
oy 0.0100 own estimation
Aeu 0.3333 own estimation
oly 0.0500 own estimation
Co,u -040  urban income distribution

the poorest rural household better off| i.e., migration would be a guaranteed gain. I choose A such that the
lowest-income rural household loses 5% of income under the worst urban outcome.

Relative to the previous literature, there are three novel parameters: the average link between rural and
urban productivity, pry; the dispersion of urban outcomes around this conditional mean, ogy; and the share
of households that do not know their urban persistent draw ex ante, (. All parameters are jointly estimated
by SMM, but three moments are especially informative about these parameters. First, the reduced-form
link between rural and urban income, estimated by IV at about .6, helps pin down pgy. Second, the excess
income volatility of movers relative to stayers, about .04, is particularly informative about ogy. Finally, the
share of migrants whose income improves after moving helps identify ¢. Intuitively, if more households
knew their urban type before moving, fewer would choose to migrate only to experience an income loss
afterward. Figure 6 illustrates these mappings by varying each parameter while holding all others at their
estimated values.

Figure 6. Identification of pgry, ory and ¢

(A) (B)

06 07 08 03 10 11 035 040 045 050 055 060 065 06 07 08 09 10
Pro T ¢

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 govern preference heterogeneity s and initial inequality {0 &, 00,u}. Pref-
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erence heterogeneity is disciplined by the slope of migration rates across rural income deciles. As taste

shocks become more important, migration becomes less responsive to income and this slope approaches

zero. Initial inequality is chosen to reproduce observed inequality in each sector. Because these moments

are affected by endogenous migration, they are estimated jointly within the full equilibrium model.
Finally, I minimize the loss function in terms of absolute percent deviations

) Z |model;, — datay|

é\: min
6o £— 1 (|modely| + |datay])

k

(22)

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 compares the targeted empirical moments with their simulated counterparts. The model fits the
data closely, including the moments most informative about migration risk: the rural-urban income cor-
relation, excess volatility around migration, and the probability of an income gain after moving. Table 10
shows the estimated parameter values that minimize the loss function.

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 A.

Table 10. Internally Estimated Parameters

Parameter Co.R CRU A PRU ORU C S TRU OR,0 au,0
Estimate -092 -014 090 0.84 051 078 8.62 1.08 0.4 0.0100

The urban TFP shifter Ay =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 simpl%l 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 — v in the sectoral wage.

Three estimates are central to the riskyness of imgration: pgy, ory, and ¢. The estimated pgy is sub-
stantially larger than the reduced-form IV coefficient. The difference reflects three forces that prevent the
IV coefficient from mapping directly into the structural parameter. Passing shocks attenuate the empiri-
cal relationship between rural and urban income. Skill downgrading affects higher-income migrants more
strongly because urban productivity is bounded below. Finally, informed households select into migration

based on their urban draw, further changing the observed rural-urban income relationship
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The estimated dispersion of urban persistent types is large, at ogy = .5. This may appear difficult to
reconcile with the modest increase in observed income volatility around migration, only about .04. The
distinction between persistent and passing shocks resolves the apparent tension. Rural income is already
highly volatile, but much of this volatility is mean-reverting. Migration adds relatively little total volatility,
but substantially more persistent volatility. Indeed, when I apply the same volatility calculation to persistent
income alone, the model implies an increase of 0.06. This magnitude is consistent with ogy ~ .5, since
V (Ap/2) = .5%/4 = 0.0625.%

Regarding information about initial urban persistent type, I estimate ( =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.

The remaining estimates are also consistent with the targeted moments. The model requires relatively
little taste heterogeneity to reproduce the strong negative selection into migration, with s ~ 8.6. Initial ru-
ral inequality is 0.14, close to its empirical counterpart. Initial inequality among urban newborns is much
lower, at 0.01. This reflects endogenous migration: risky rural-urban migration itself contributes substan-
tially to observed urban inequality, leaving less inequality to be accounted for at birth.*’

3.4 Selection into Migration

Income. While the model matches negative selection on income by design, it is instructive to decompose
this selection into persistent and transitory type. Figure 7 plots the migration choice probabilities 7ry as a
function of these types, i.e.,

_ I, [, mru (b, p, €) dG (b, p, €)
J. [, dGr (b, p,¢€) ’

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

TRU (p) :

fore.

The left panel illustrates a steep negative migration gradient in the persistent component p. This nega-
tive selection in p follows from both the mean reversion in the urban draw, and risk in the form of imperfect
information. A low-income rural household expects to draw a higher urban type than it holds today. The
opposite is true for high-income rural households, which generates the negative selection into migration
in terms of income.

The right panel shows that migration also falls with transitory income, but much less steeply. Since
transitory shocks are uncorrelated across sectors, a low rural draw raises the incentive to move. But these
shocks mean-revert quickly, so their effect on long-run consumption is small. Persistent income therefore
plays a much larger role in migration decisions.

36 Allowing rural and urban transitory types to be correlated only strengthens this result. In the limiting case of perfect correlation,
transitory types contribute nothing to income growth around migration, so an even larger share of observed volatility must come from
persistent income differences.

37 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.
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Average migration probability by persistent type p (left) and transitory type e (right), integrating over the remaining rural state vari-
ables as defined in the text.

Accounting for negative selection into migration is important for measuring human-capital differences

across sectors. Figure 8 plots average persistent and transitory types for rural households, rural-urban mi-

grants while still rural, and urban households. The observed rural-urban human-capital gap understates

the gap between newborn rural and urban households, ¢y y — ¢ r. Negative selection compresses the ob-

served gap from both sides: low-income households leave the rural sector, raising average rural human

capital, and enter the urban sector, lowering average urban human capital. Adding the sectoral wage gap to

the human-capital gap at birth gives the expected income difference between a newborn urban and rural

household,

Co,u — Co,R + logw = 0.58.

This gap is well above both the measured cross-sectional wage gap of 0.45 and the fixed-effects gap of 0.35.

Thus, endogenous migration masks part of the disadvantage of being born in the rural sector.
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Figure 8. Unobserved log human capital
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To compute the average amongst migrants, note that the distribution of rural-urban migrants follows from Bayes’ law dGry (z) =
dGr (z) mru (z) / [ 7ru (z) dGr (z). 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 (w) > 0.

Wealth. Turning to the link between wealth and migration, the red dashed line in the left panel of figure 9
plots the migration probability by household assets. Migration jumps once households can cover the fixed
cost, but is non-monotone in wealth thereafter. This pattern could reflect changes in the composition of
income types across the wealth distribution. The solid blue line therefore holds the distribution of income
types fixed while varying assets, yet the same non-monotone patterns remain.

The non-monotonic link between wealth and migration reflects three countervailing channels. First,
wealth allows households to pay the fixed cost of migration. This generates the jump in migration once
household assets are sufficient to cover the fixed cost. See the left panel in figure 10 that plots the migration
rate of the lowest income rural household as a function of wealth.
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Figure 9. Selection into Migration - Wealth
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I compute unconditional migration probabilities using gy (b) = fp J. mru (z) dGR (p, €), 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 ¢, 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 (z) = 7ru (z) gr (z) / [ 7rU (z) dGR () .

Second, migration is risky, and wealth reduces the impact of income risk on consumption. This is not
the standard buffer-stock channel. Wealth cannot smooth away a persistent shock, but asset income is
unaffected by labor income shocks. Persistent labor-income risk therefore matters less for consumption as

the labor income share, 6, = wh/(wh + rb), falls.
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Figure 10. Migration and Wealth
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Third, the same force works against migration. Migration raises labor income, not asset income. As
wealth increases and the labor income share falls, persistent labor-income risk matters less for consump-
tion, but so do the labor-income gains from migration. Greater wealth therefore makes migration safer

while simultaneously making it less valuable. This is what drives the decline in migration on left panel of
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figure 10.%®

A crucial point follows. The model replicates negative selection on wealth, driven by low-income house-
holds for whom labor-income gains from migration are particularly important. For these households,
greater wealth reduces the labor income share and, with it, the gains from migration. Thus, migrants can
be negatively selected on wealth even when risk is a major barrier to migration.*

3.5 Consumption Insurance

I next analyze consumption risk. Income risk matters for migration only insofar as it translates into con-
sumption risk. I therefore measure the passthrough of income shocks to consumption, a common measure
of consumption insurance, using two estimators. The first, following Townsend (1994), measures the re-
sponse of consumption to idiosyncratic income variation. The second, following BPP, isolates the response
to persistent income shocks:

C ity Yi iy VTt Li
T 0v(Cit, Yi t| i, Ve, Tit) (Townsend)
- V (il ve, i)
ppp _ Cov (Aci i, Ayiio + Ayt + Ayit12) (BPP)

P Cov (AYit, AYis—2 + Ayit + Ayisio)’

where ¢ 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 («;, v+, z;:). The BPP
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 estimates. The Townsend estimator implies low consump-
tion passthrough in both sectors, at 0.15 in rural areas and 0.20 in urban areas. The BPP estimator reveals a
sharper sectoral difference: passthrough of persistent shocks is only 0.22 in the rural sector, compared with
0.62 in the urban sector. Rural households therefore appear remarkably well insured against income risk.
This finding is consistent with a large literature on developing economies,*’ while the urban BPP estimate
is close to that found for U.S. households by BPP.

I next apply the same estimators to model-simulated data, reported in table 12. Despite containing no
informal insurance, the model reproduces the low rural passthrough and the large rural-urban gap in the
BPP coefficient. It also matches the urban BPP estimate almost exactly. This raises a natural question: why

38This labor-income-share channel depends on two features: preferences are CRRA, and the migration wedge takes the form of
urban consumption disutility. 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, reducing the incentive
to migrate. Contrast 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. The mi-
gration wedge discounts consumption irrespective of whether it is financed by labor or asset income, yet the gains from migration
for high wealth households are much smaller, so wealthy households with low labor income are better off staying rural. To see the
countervailing effects of wealth on migration, I derive analytical expressions in appendix C under the simplifying assumption that
households consume all labor and asset income, ¢ = wh + rb, which make the ambiguity explicit.

39The 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. More generally, the model predicts that the effect of wealth for low-income households is non-monotone: 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 relative expected gains from migration.

40Both 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. (2025), Meghir et al. (2022), and Ligon (2025) for recent work.
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Table 11. Empirical passthrough estimates

South Africa
Rural Urban

3T
T, 015 020

3BPP (22 0.62

c-p

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.

does a model with only self-insurance make rural households appear so well insured?
Table 12. Simulations

South Africa
Rural Urban
CT_% 019 0.3
BP.
BEPP 031 0.6l

Bep 080  0.89

The first two rows are the simulated counterparts of the estimators reported in table 11. The third row, 8._p, is the true passthrough
of persistent shocks to consumption, which is only observable in the model.

The answer lies in the nature of rural income risk. First, measurement error and fully transitory shocks
lower the Townsend coefficient because they generate income variation with little corresponding move-
ment in consumption. This familiar force is quantitatively important because measurement error is large
in household surveys, particularly in developing economies.

Second, imperfectly transitory shocks bias the BPP coefficient downward. BPP is based on a persistent-
transitory income process and therefore attributes some imperfectly transitory variation to persistent shocks.
This matters especially in the rural sector, where passing shocks account for much of income volatility. The
estimator consequently overstates the variance of persistent income risk and understates its passthrough
to consumption.

This sectoral difference matters for how we interpret the apparent deterioration in consumption in-
surance after rural-urban migration, emphasized by Munshi and Rosenzweig (2016). In my framework,
measured insurance deteriorates even though households lose no access to informal insurance.

To see how imperfectly transitory shocks affect the BPP estimator, consider the following approximation
of log consumption:

dc = Bpdp + Bede, (23)

with 8, > f3 as the passthrough from permanent shocks is larger than from transitory shocks. In this case,
the BPP estimator using (23) yields an estimate between §, and . given by

BPP _ o’ o2e=P (1 — e=2\)

BPP _ + :
P o2t oZem e (1 - 6_2>‘€)I8p 02 +o2e 2 (1 - 6_2/\5)56

(24)

Since 8. < S, the BPP coefficient lies below the true passthrough of persistent shocks, 5,. The bias
grows with the importance of imperfectly transitory shocks.” Equivalently, the BPP estimator attributes

“IThe bias here is distinct from the ones explored in Kaplan and Violante (2010), and in particular from replacing the unit root in the
income process with a highly persistent AR(1) process. Here, both a permanent and an imperfectly transitory component are present
at the same time.
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o2e=2X< (1 —e~2X<) to persistent income risk. This bias is quantitatively important in the rural sector, where
o2 is large and ) is small.

The key point is that this misspecification is much more severe in the rural sector. The true passthrough
of persistent shocks is high in both sectors, at 0.80 in rural areas and 0.89 in urban areas, despite the large
gap in measured BPP coefficients. Given the amount of wealth households choose to hold, buffer-stock
savings provide little protection against persistent shocks.*> The rural-urban gap in measured insurance
therefore reflects differences in the nature of income risk rather than differences in households’ ability to
insure.

4 Risk and Rural-Urban Structural Change

This section quantifies by how much risk retards rural-urban structural change. Section 4.1 studies the im-
pact of risk on aggregate rural-urban structural change and welfare. Section 4.2 investigates the implication
for selection into migration. Section 4.3 benchmarks risk against liquidity. Finally, section 4.4 shows what
a model without risk must wrongly attribute to the migration disamenity mgy.

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.

To measure 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, V" := [V () dG" (x). The consumption-equivalent welfare change is then

1

N
Ay = (fi) -1
bl

The choice of G" () is key. In the main 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: how much better off a wealth-
poor rural household would be if it were born into the counterfactual economy.

I define insurance as follows. Households arriving in the urban sector with the same types (p, ¢) form a
cohortand insure each other against income shocks by pooling their income. At every date, each household
within the cohort receives the average income,

Ut (p,€) = E [(wuA) e’ |p, €], (25)

which remains a function of initial types since income processes are persistent. This setup isolates the role
of urban income risk, while leaving the borrowing constraint and mortality risk in place.*’

“These estimates are in line with standard buffer-stock models; see Blundell, Low, and Preston (2013) and Kaplan and Violante
(2010). In the urban sector, the coefficient is additionally pushed up by migration, as many migrants arrive with little wealth.

“3In the appendix, I show how to generalize the setup with constructions that insure mortality risk or extend the borrowing con-
straint. The reason this is not a suitable choice of the main counterfactual is that it introduces asymmetries across sectors beyond the
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I distinguish between insurance provided before and after the initial urban draw is realized. Insurance
provided after migration pools subsequent income shocks but leaves the initial urban draw uninsured. I
label this economy ni, for no income risk.

Insurance provided before migration also pools uncertainty about the initial urban draw. Households
with the same rural type pg contract before their urban types are revealed and receive the deterministic
income path

g (pr) = E[9: | prl,

regardless of the urban type they subsequently draw. This removes both initial migration risk and subse-
quent income risk. I label this economy nm-ni, for no migration risk and no income risk.*

Two features of this construction are deliberate. First, insurance is asymmetric: it covers urban income

while leaving rural income risky. This isolates the object of interest—the risk associated with migration.
Second, the exercise is an accounting device, not a policy proposal. It asks how much risk deters migration
and how much of that risk is absorbed by the residual migration wedge when risk is omitted from the model.
It provides a building block for a richer optimal policy exercise.*
Results. I consider four counterfactuals. The first removes uncertainty about the initial urban draw by
setting the share of imperfectly informed households to zero, { = 0. The second insures income shocks
after arrival, corresponding to the ni economy defined above. The third combines this insurance with full
information about the initial draw, ¢ = 0. The fourth, the nm-ni economy, insures the initial urban draw
on top of subsequent income shocks for the uninformed share ¢ =0.78 of households.

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 A log wr
Baseline 0.65 0.65 -
Information (¢ = 0) 0.76 0.80 0.1373
Insurance, income risk (n) 0.73 0.77 0.0845
Information and insurance (¢ = 0, né)  0.81 0.85 0.2088
Insurance, both (nm-ni) 0.79 0.86 0.1778
Liquidity (section 4.3) 0.66 0.66 0.0068

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 w. The last two rows remove both margins of migration
risk, but not in the same way. In (¢ = 0, ni) the persistent part of the draw is revealed before the decision while the transitory part
remains unknown. In nm-ni the whole draw 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, both initial uncertainty and subsequent income risk are quantitatively important. Removing un-
certainty about the initial persistent draw raises the urban share by eleven percentage points. Insuring in-
come risk after migration raises it by eight points; insuring the initial draw as well raises it by 14. Combining

role of income risk alone, see the appendix for more details.

“Insurance against the initial urban draw must be contracted before information about py is revealed. Information and insurance
are therefore substitutes on this margin. If py is publicly revealed before contracting, the value of ex-ante insurance disappears
(Hirshleifer, 1971); if it is learned privately, insurance is subject to adverse selection and may unravel (Hendren, 2013). The insurance
contracts leave idiosyncratic migration taste shocks unchanged, so households continue to migrate partly for idiosyncratic reasons.
See Donald, Fukui, and Miyauchi (2026) for recent work on insurance against such taste risk and appendix B.5 for additional details.

4Solving the planner problem is a different exercise that requires taking a stand on several additional forces. A planner would
internalize the effect of migration choices on future generations, specify how welfare is aggregated across cohorts, and internalize
pecuniary externalities because rural wages respond to aggregate migration. Extending insurance to rural income raises a separate
issue. Because migration is endogenous, pooling rural income changes the incentive to migrate and hence the composition of the
insurance pool itself.
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full information with insurance against subsequent income shocks raises the urban share by 16 percentage
points, from 65 to 81 percent.

Second, general-equilibrium feedback substantially dampens the migration response. Partial-equilibrium
effects are as much as 50 percent larger, as can be seen by comparing the first two columns. As migration
rises, land per rural worker increases and pushes up rural wages, reducing the incentive for further migra-
tion. The strength of this feedback depends on the importance of land in rural production, and increases
with the land share y.

Table 14 reports consumption-equivalent welfare gains for rural households. I focus first on newborn
households, whose welfare comparisons are free of composition effects. Once the rural wage response is
taken into account, the welfare gains for newborn rural households range from 11.38 to 31.16 percent of
consumption across counterfactuals. Welfare gains are similarly large for the average and poorest rural
households. Their relative gains differ across counterfactuals, however: information benefits the average
household more than the poorest, while the gains from insurance are more evenly distributed. Section 4.2
explains this incidence.

Table 14. Welfare Effects, Rural Households

Newborn Average  Poorest
GE PE GE GE
Information (¢ = 0) 17.80 6.85 16.91 1541
Insurance, income risk (n) 11.38  5.28 10.79 10.42
Information and insurance (( = 0,ni) 3116  13.53 30.15 26.68
Insurance, both (nm-nz) 23.22 1049 22.58 21.33

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, since who remains rural differs across economies; they are reported for what 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 equilibrium welfare 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 empirical evidence in Madhok et al. (2025).

4.2 Selection into Migration: Information vs. Insurance

Selection into Migration. [ next analyze the microeconomic implications of each counterfactual, stressing
that information provision draws in different migrants than insurance provision.
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Figure 11. Selection into Migration - Counterfactuals
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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.*® 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
persistent type has much to lose from a low urban draw. For the lowest-income rural households the draw
is mostly upside, since mean reversion pulls it up, so they move at high rates with or without information.

Insurance, the red line, also raises migration, but shifts migration rates up more evenly. Both high-

and low-income households are similarly deterred by persistent income shocks, and I show in appendix
B.6 how positive welfare effects are evenly distributed and hence flat along the income distribution in this
counterfactual.
Rural-Urban Wage Gaps. The first result in table 15 is that information does not close measured rural-
urban wage gaps. It widens them, even as the underlying efficiency wage gap falls substantially; see row
two of table 13. The cross-sectional wage gap increases, while the fixed-effects gap rises by about 20 log
points.

Both results reflect the more positive selection into migration shown in figure 11. With information,
households migrate when their urban draw is high and stay rural when it is low. This raises the average
urban type among migrants. Because rural and urban types are positively correlated, it also lowers the
average type remaining in the rural sector, widening the cross-sectional wage gap. The fixed-effects gap

461t 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
¢, see figure 7, averaging across different periods can confound that monotone relationship. The dashed line with diamond-shaped
markers 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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rises even more because information selects precisely those households with large realized gains from
migration.

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 (¢ = 0) 0.46 0.55 -0.11
Insurance, income risk (ni) 0.34 0.19 -0.15
Information and insurance (¢ = 0, ni) 0.37 0.41 -0.09
Insurance, both (nm-n3) 0.21 0.02 -0.17

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

The opposite occurs with insurance; see rows three and five. Insuring post-migration income shocks
(ni) reduces the cross-sectional wage gap by about a quarter and roughly halves the fixed-effects gap, from
35t0 19 log points. Insurance raises migration among both low and high types without selecting households
on their realized urban draw. Insuring the initial draw as well eliminates the fixed-effects wage gap entirely.

4.3 Liquidity and Poverty Traps

It is useful to benchmark risk against liquidity constraints, a traditional focus of development policy. The
comparison is natural because fixed migration costs generate a poverty trap in the model: the poorest
rural households cannot afford to move. I therefore relax the urban borrowing constraint to the natural
borrowing limit,

wy eg+§
by > ————

v

)
r

and allow rural households to borrow against this limit to finance migration. Income risk remains in place,
but the counterfactual removes the liquidity-driven poverty trap: even the poorest household can now fi-
nance the fixed cost.

The aggregate effect of liquidity is surprisingly small. Relaxing the borrowing constraint raises the
urban population share by only one percentage point, compared with eight points from insuring post-
migration income risk. Liquidity removes the fixed-cost barrier at the very bottom of the distribution, but
does nothing about the persistent urban shocks that deter households throughout the income distribution.

Liquidity nevertheless matters for households currently at the bottom: relaxing the borrowing con-
straint raises welfare for the poorest rural household by 16.60%, more than insurance is worth to the same
household. But few households remain at the bottom for long. Rural income is dominated by passing
shocks arriving at rate A, g =0.4987, so low income states last only about two years. The gains are corre-
spondingly smaller for newborn households, at 7.73%, and for the average rural household, at 1.07%.

To show that this result is driven by the income process rather than by an inability of the model to
generate poverty traps, I replicate the experiment of Banerjee, Duflo, and Sharma (2021). The fixed cost
fru is calibrated 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 the baseline economy raises labor income by only 1.17, 2.19, and 1.44 log points after
two, six, and ten years. After ten years, the share that has migrated rises by only 0.03, from a baseline of
0.15. The treatment effect is small because untreated households eventually receive better rural income
draws and finance migration on their own.
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In contrast, when rural low-income states are more persistent, the model replicates the empirical find-
ings extremely well. I halve the arrival rate of passing shocks while holding rural income variance fixed,
increasing the expected duration of a low-income state from roughly two to four years. Labor income now
rises by 24.65 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 resulting dynamics are strikingly close to Banerjee, Duflo, and
Sharma (2021), who estimate labor-income gains of 27% after seven years.”” The quantitative importance
of poverty traps therefore depends critically on the persistence of low-income states, and not so much on
the presence of non-convex costs.

In sum, risk is a much larger barrier to rural-urban migration than liquidity, echoing Karlan et al. (2014),
who reach a similar conclusion for agricultural investment.

4.4 Migration Wedges and Risk

In a final exercise, I ask how much of the large residual migration wedge commonly inferred in models of
rural-urban migration is accounted for by risk.** Models that abstract from initial uncertainty and persis-
tent income shocks can still match observed migration by adjusting the residual migration wedge. I ask
how much of this wedge is absorbing omitted risk.

I answer this question in two complementary ways. First, I treat my estimated model as the ground
truth and ask how much the migration wedge must rise when different sources of risk are removed. Sec-
ond, I reestimate a restricted model that eliminates initial uncertainty and persistent shocks, allowing the
remaining structural parameters to adjust. Both exercises suggest that much of the residual cost of moving
is the risk of moving.

The Migration Wedge: Model as Ground Truth. I first treat the estimated model as the ground truth and
ask how much the migration wedge must rise to keep the urban population share at 65% as risk is removed.
Table 16 reports the results. The required wedge rises by as much as 80 percent.

A researcher who assumes households know their initial urban productivity before moving must raise
the wedge by 43.78%. Assuming instead that urban income is fully insured raises it by 20.92%. Imposing
both full information and safe income raises the wedge by 78.66%. The required wedge is somewhat smaller
when the initial draw is insured rather than revealed. The reason is selection: once households know they
have received a high urban draw, a particularly large wedge is needed to deter them from moving. This
result is consistent with Porcher, Morales, and Fujiwara (2024), who also find that ignoring information
frictions inflates inferred migration wedges in a different setting.

Table 16. Risk and the Inferred Migration Wedge

baseline (=0 ni (=0,ni nm-ni
ATty (%) 0.0 43.78 20.92 78.66 43.37
The table reports the percentage increase in the migration wedge gy required to reproduce the baseline urban share of 65% in each
counterfactual economy. Each column corresponds to a row of table 13: the { = 0 column is the full-information economy, the n3
column the economy with cohort pooling of urban income, and the (¢ = 0, n¢) column the economy that imposes both. The nm-ns
column also removes both margins, but it insures the initial draw for uninformed households instead of revealing it.

The Migration Wedge: Reestimating the Model. I next drop the assumption that my baseline model is
the ground truth. Instead, I reestimate a restricted model that removes initial uncertainty and persistent
income shocks, bringing the framework closer to standard models such as LMW and Kleemans (2015).

4The welfare gain for the poorest rural household rises accordingly, from 16.60% to 28.69%.
48See, for instance, Bryan and Morten (2019), Lagakos et al. (2020), LMW, and Baseler and Gordeev (2026).
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I set persistent income shocks to zero in both sectors and recalibrate the remaining mean-reverting
process to match income growth volatility and autocorrelation. I also eliminate uncertainty about urban
persistent productivity by imposing pry = 1, ory = 0, and cgy = log A = 0. The remaining parameters are
reestimated to match the cross-sectional and fixed-effects rural-urban wage gaps, selection into migration,
and urban inequality.”” T hold the fixed migration cost fry and opportunity rate ), at their baseline values
so that the implied migration wedge remains comparable across models.

Table 17 shows how the income process adjusts under these restrictions. The rural process changes
little because persistent shocks were already unimportant. The urban process changes substantially: with-
out permanent shocks, the mean-reverting component must become more persistent and more volatile to
reproduce the observed income dynamics.

Table 17. The Income Process Under the Restriction

Rural Urban
Baseline Restricted Baseline Restricted
oy 0.003 0 0.010 0
Ae 0.4987 0.453 0.3333 0.216
052 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.

Tables 18 and 19 report the model fit and estimated parameters. The restricted model matches the tar-
geted rural-urban wage gaps and selection into migration.

Table 18. Moments Targeted, Restricted Model

Moments data SA model SA
Log rural-urban wage gap (cross-section) 0.45 0.46
Log rural-urban wage gap (fixed effects) 0.34 0.36
Log(migrant income in rural/stayer income in rural)  -0.14 -0.14
Initial inequality urban 0.18 0.180

The four moments targeted in the restricted model, against the same data 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 Ay 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 pry, oru and ¢ have
no counterpart once those parameters are imposed.

Table 19. Estimated Parameters, Restricted Model

Parameter cor oup s TRU
Estimate -0.76 0.20 7.60 1.51

The remaining parameters of the full model are imposed by the restriction rather than estimated, as described above. Urban pro-
ductivity adjusts to Ay =0.74 so that the urban population share matches its baseline value, and the implied rural-urban wage ratio is
w =1.26.

The same moments are now generated by a very different migration strategy. Future migrants earn -
0.14 log points less than stayers before moving because they have received adverse transitory rural shocks.
Migration allows them to draw a new urban shock, so measured wage gains combine the equilibrium wage

“T restrict heterogeneity in persistent type amongst households born in the rural sector to zero, i.e., 02 ; = 0, while still allowing
for differences in persistent urban productivity amongst urban natives, i.e., 2 ;; > 0, just as in LMW.
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gap, w = 1.26, with mean reversion. Migration has become a coping strategy for temporary rural income
shocks rather than a response to differences in expected lifetime income.**!

The restricted model requires a substantially larger migration wedge. It rises by 40.07% relative to base-
line, from 1.08 to 1.51. The consumption-equivalent interpretation puts this number into perspective: in the
baseline model, absent preference shocks, a migrant requires only eight percent more urban consumption
to be indifferent between moving and staying. Once initial uncertainty and persistent shocks are omitted,
this rises to 53 percent. The model compensates for missing risk by assigning households a much larger
residual cost of moving.

The two exercises therefore reach the same conclusion: much of what appears to be the cost of moving

is the risk of moving.

5 Conclusion

Rural-urban income gaps are large, and a common interpretation is that they reflect efficient sorting. This
paper takes a different view. Permanent migration is a dynamic and risky decision: most households do not
know where they will land on the urban income distribution and are exposed to persistent income shocks
after they move.

This risk represents a quantitatively important barrier to rural-urban structural change. Removing risk
raises the urban population share by about 16 percentage points in the South African context. A researcher
who ignores risk overstates the residual migration wedge by as much as 80 percent.

The two risks operate differently across households. Uncertainty about initial urban income holds back
high-income rural households and generates negative selection into migration, while persistent income
shocks deter rich and poor alike. Wealth is not a substitute for insurance. Buffer-stock savings smooth
transitory shocks but provide little protection against persistent ones. Moreover, the gains from migration
are tied to labor income. As households become wealthier, labor income becomes a smaller share of to-
tal income, chipping away at the gains from migration. Wealth can therefore even reduce incentives to
migrate.

Several open questions remain. How could insurance be provided in the presence of moral hazard,
which I have abstracted from throughout? Can better information, perhaps through improved search and
matching, reduce uncertainty about urban outcomes? And how do these forces shape structural change
along the transition path, where rural-urban migration necessarily generates unbalanced growth?
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A Data Appendix

A.1 Sample Selection and Weighting

All regressions in this section draw on three sample-selection indicators, constructed once at the household-
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.
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« 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 of working age (23-64) with active employment
status, dropping labor-market inactive individuals and survey refusals. Employment status is used
only as a sample restriction, never as a regression control, since it is itself an outcome of the migration
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 survey weight, 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 panel weight, is used wherever the specification follows the same household across waves
— 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/worse off" (income or consumption up vs. down, wavet vs.t-1):pp_in/pp_in_con andelig, both
waves;pn_weight.

« Growth and volatility around migration: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
from one unambiguous snapshot even though income itself is averaged over all pre-move waves;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 into migration (pre-move income/consumption gap, rural stayers vs. future migrants):elig,pp_in/pp_in_con;
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« 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.

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 well measured, or not measured 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.®” The upshot of the analysis is that there appears to be no
major compositional shift.

523ee the stata code “empirics/code/clean_data/south_africa/14_linking_sanity_check.do" written by Qingyu Chen in the replication
package.

44


https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/NIDS/?page=1&sort_by=title&sort_order=asc&ps=15&repo=NIDS

Income. This variable is measured on a monthly 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-
come measure hhincome, and I subtract individual income components. The imputation makes the whole
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 funer-
als (13),>® furniture bought with cash (31), lobola, which refers to a bride price (53), and income tax pay-
ments, which are already taken out of the household income measure and thus should not be included in
consumption 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 consumption measure 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.

Price deflators. I use the consumer price index from the South African Statistical office to deflate all income
and expenditure variables in 2017-Rand.

Rural-Urban Status. 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 and Macro Data

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

S3Funerals 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

—— Real hh income
—+< — Real hh income (unweighted)
—e— Real GDP (WDI)

Log income (normalized)

2008 2010 2012 2015 2017
Year

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 & Probability Weights

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 20.
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.s®* Next, [ impose an age limit 27 < age < 62. The limit is slightly

54This 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 by more than 2, and I drop households that have more than 12 members. I now control
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.” 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 20. Sample Selection in South Africa

(a) Rural (b) Urban
Restrictions Households Observations Restrictions Households Observations
All 2644 12597 All 3665 17340
No movers 2093 10002 No movers 3165 14904
Missing month 1722 8369 Missing month 2421 11444
Ages 27 to 62 1283 6200 Ages 27 to 62 1893 8881
Household splits 1179 5592 Household splits 1765 8376
Labor market attachment 884 4196 Labor market attachment 1537 7316
Income outliers 778 3671 Income outliers 1321 6357
Max one missing 331 1661 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 21 contains descriptive statistics for both the raw data, and the selected sam-
ple.

S5Because I take logs, low income realization can have an outsized influence on sample statistics.
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Table 21. Summary statistics South Africa

(a) Full Sample

Rural Urban

mean sd mean sd
r_hhincome_lab_gov 4105.557 6285731 8030.53  15066.41
Real expenditure 3642.57 577078 7728415 12780.33
Years of schooling 8.856127 4.364013 1072278  3.522302
Age 3742919 14.55792 38.55696 13.18948
Male share 5601422 4963913  .6000816 .4898979
Household size 4726216 3.173566  3.64497  2.358767
Observations 11531 14703

(b) Selected Sample

Rural Urban

mean sd mean sd
r_hhincome_lab_gov 6835937 8847935 12318.69 19693.29
Real expenditure 4858.238 6779.317 9605.623 13432.56
Years of schooling 9121613 4.582276  11.2527  3.197754
Age 42.15352 7917871 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 21a I do not select the sample other than dropping observations without urban-rural status.
In table 21a 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 from predictable 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 (2025). I run a
regression of the form

Yie = @+ Xip + uig
and then work with the residuals as income measure 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 22. Migration and cross-sectional differences in South Africa (standardized)

(a) Rural stayers vs. rural movers (b) Urban stayers vs. urban movers
o @
Rural-Urban Migrant Urban-Rural Migrant

age -0.150***
gender 0.075™* age 0.005
years of schooling 0.045 gender 0.015
l_r._hhincome_lab_gov_yr_pa -0.090%** years of schooling -0.071**
children 0.034 log hh income -0.013
N 5666 children -0.028
Standardized beta coefficients N 11248

*p < 0.05,** p < 0.01,*** p < 0.001

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 22a is based only on
rural stayers and rural-urban movers, while table 22b 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.

Rural-Urban Wage Gaps. Table 23 reports the cross-sectional wage gap.

Table 23. 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
R? 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 24. 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
R? 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.>®

56The 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 into Migration. Table 25 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-urban movers tend to be more 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. The massive age gaps reveals a potentially different migration motive
across the two mover 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 25. Selection into Migration in South Africa

Age Years of education  Log total net assets Log income Age Years of education  Log total net assets Log income
Rural-Urban mover dummy  -6.025"** 0.973** -0.167 -0.276"** Urban-Rural mover dummy  -0.523 1437 -1.274** -0.102
(0.642) (0.322) (0.302) (0.0774) (1.708) (0.413) (0.478) (0131)
Rural stayers baseline 38.76" 9.519"** 10717 9.880"** Urban stayers baseline 40.33*** 11.48** 11.69*** 10.52***
(0.308) (0.144) (0.0753) (0.0337) (0.373) (0.102) (0.0898) (0.0400)
N 6410 6409 1233 5667 N 12922 12923 2961 11256
R? 0.034 0.005 0.000 0.007 R? 0.000 0.006 0.004 0.000
(a) Rural stayers vs. rural movers (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 26a is based only on
rural stayers and rural-urban movers, while table 26b 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 26. 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 26. 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

R? 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 26 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.

Link between Rural and Urban Income among Migrants. Table 27 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.”

57Note that even the IV estimator for stayers is expected to be smaller than one due to imperfectly transitory shocks.
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Table 27. 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

R? 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 Velatility. 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
29. Thus, while rural-urban migration raises income on average, a substantial fraction of households -
roughly 30%- experience income losses after migrating.

Table 28. 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
2 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 29. 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
12 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 30 report the results on income growth and volatility. Reassuringly, mean
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growth is positive, consistent with the sizable urban income premium estimated earlier.>® 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 the mean is overall larger (SD = 1/0.165 ~ .4 vs mean ~ 0.3). At
the same time, income volatility is large even for rural households who don’t migrate ((SD = v/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-urban migration,
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 30.

Table 30. 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 consumFtion growth regressed on a dummy for rural-urban migration, together with
the analogous regressions using the squared residual from the growth regression as the d}épendent 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 35 in the appendix reports moments without controls, which are slightly
larger. Estimates are annualized, i.e., I use (y:+2 — y¢) /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.”

58 Annualized income growth using first-differences and a dummy that equals one only around the time of migration 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 (Ay/2) = 62/2 + (1 —e~2¢)02/2 + 02/2 =
0+ (1—e1)x0.26/2+ .1/2 .13.

59Note 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 31. 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 31a I do not select the sample other than dropping observations without urban-rural status. In table 31b I

apply the same selection criteria defined earlier.

Table 32. 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 assetincome ratio

Rural-Urban mover dummy _-13.74""" 2112 .03 X 315
(0.635) (0.223) (0.250) (0.0598) (0.268)

Rural stayers baseline 38,27 9107 10697 9,617 0316
(0.347) (0.120) (0.0628) (0.0305) (0.0573)

N 10932 10932 1856 9658 1856
R 0101 0.025 0.000 0028 0.001

(b) Urban stayers vs. urban movers

Age  Years of education _Log total netassets Logincome _Log asset-ncome ratio

Urban-Rural mover dummy _ 0.812 1614

(2.082) (0:449) (0780) ©170) 7([)’.72’7)

Urban stayers baseline 40,27 11477 11,687 10.51* 0167

(0.369) (0.101) (0.0892) (0.0395) (0.0667)

N 13001 13002 2975 11329 2975
R? 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 32a is based only on rural stayers and rural-urban movers,
while table 32b is based only on urban stayers and urban-rural movers.

Table 33. 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 33a is based only on rural stayers and rural-urban movers, while table 33b 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 34 uses household fixed effects with and without additional controls in line with the previous

specification. Note that the size of the coefficient increases.
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Table 34. 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
R? 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 35 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 35. 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 \/% . 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 ~¢ where ( is the tail coefficient. Table 36 reports the results
of a regression that allows for intercept and slope coefficient to vary across sectors.

Table 36. Tail Coefficients

South Africa
Estimate SE
(R -360  0.15
Cu -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 ¢ = \/% are largely in line with the

results and consistent with the fatter tail in the urban sector, which is an untargeted moment.
Wealth and Migration. Before I study the nexus between wealth and migration, I stress that the data quality
is somewhat weaker. Wealth is only measured irregularly, and at 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-urban movers. The plot
shows that migrants have more mass on relatively low asset levels, consistent with the negative selection
on wealth in the model.

55



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.

Additional Empirical Results. Perhaps unsurprisingly, earned income is more variable than disposable
income, and especially so for rural households. Consistent with that, table 37 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 to Consumption. Table 38 reports the empirical passthrough

Table 37. Income Shares in South Africa

(1)
Mean

b
c.share_gov@0.urban 0.264
c.share_gov@l.urban 0.103
c.share_remit@0.urban  0.037
c.share_remit@l.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 the Townsend-style regression I use year-month-sector fixed effects as well 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 38. Passthrough in South Africa

(@) Bey (b) 2%
Log consumption Log consumption Rural Urban

Log income 0.260*** 0.147**

(0.0141) (0.0144) 15} 0.224  0.621*
Log income x 1_urban 0.133*** 0.0534*** (0258) (0322)

(0.0212) (0.0186) N 385 610
Controls Yes Yes
Year-month-sector fe Yes Yes
Individual fe No Yes
N 20878 20055
R? 0.658 0.815

A.3 Estimating income risk

I build on the methodology developed in BPP. Consider the fix proposed in Crawley, Holm, and Tretvoll
(2026) 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 (2026), 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+te
where p is the persistent component of human capital and ¢ is a transitory component

dp = 0,dZ

de = dN (¢ —¢).
The income process combines a random walk in p with a passing shock whereby transitory independent
shocks € hit the household at arrival rate A.. Formally, Z is a Wiener process, dN is a Poisson process with
intensity A, € is drawn i.i.d. from some CDF G (¢). Additionally, I assume measured income y features

classical measurement error x so

y'=p+e+um.

Level moments. I focus on level moments, which are shown to be more robust according to Crawley,
Holm, and Tretvoll (2026). 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; =
(Y7o Yi1 - Y;r| and note that the Covariance matrix reads

V=E[y;y;]

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 [Jodo] = V (po) + o2 + o2
and more generally for ¢ € [0, 7]
E [§:9:) = V (po) + to, + a2 + 0.

The covariance between time ¢ and ¢ + k equals

t+k
E [9:9¢+1] = Cov (Pt + € + T, Py + / opdZ + €4y + l’t+k>
t

V(p:) + Cov (e, €ry)
V (pe) + P (Ni g = 0) 02
V(po) + tof, + e_)‘ﬁkae2

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 of monthly
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 moment m; ;+o = E; [y; 1Y 1+2] as

h 1 ks
mtt,f_?_rgy = N, o ZV (pti) +e Aeklo’? for t; e Wy and ti+k; € Wt+2

i
where W, is a particular wave of the survey which appear at biennial frequency. For example, wave 1 appears
in 2008 and wave 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 theoretical moments are analogous.
I emphasize thatItreat § as a theoretical moment because no information on income or consumption from
the data is used. It does, however, use information from the data on when 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 (w;, 0) so that E [g (w;, 0)] = 0 where 6 is a vector of param-
eters that shape the household income process and w; is random vector representing the data. I use the
general method of moments (GMM) or the simulated method of moments (SMM) and estimate 6 separately
for urban and rural households. The standard quadratic form reads

Q

mein [zl: g (w;,0)

ZQ (w;, 9)]

where Q is the optimal weighting matrix, @ = (E [g (w;,0) g (w;, 0)’])_1, and the hat indicates sample
moments.
The first order condition reads

’

zi:vf)g (wi,é)

Q lZg(wi,B)l =0
and the asymptotic standard errors follow
N A~ A oA\ 1
VN (8- 60) ~ N (o, (¢ac) )

where G = + > Vog (wi, é).

To ensure that variances are always positive, I have applied an exponential transformation, i.e., 02 = €%
etc. The exponential helps in that it ensure that my estimate for o7 is always weakly positive. Writing in
general form, let @ = h () where h : R¥ — R* is an invertible function. The asymptotic variance of § then

follows from the delta method .
AVar = N (07 he (G’QG) h;,)

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

I next describe in more 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 with missing 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. Agein [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 age bins using non-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¢% = m ,i.e., children get a weight of half when
computing an equivalent measure of income per capita where children are defined as household members
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

2 N\ 2
2 - Ziea,j,t X1 . <Zi€a,j,t Xl)
b)

o 26
Taitd Na,jt Na,jt (2€)

where « is the age of the household head and ¢ 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, N, ; > 50,%° and
we use household weights to construct first and second moment.

Time effects. I then run a linear regression of the form

2
Outj =0+ Y+ 00+ U,

where v are time and age index fixed effects.®

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

Variance log income

Age (5-year bins)
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 39 reports the results for South Africa based on a linear regression model, i.e., §, = ¢ - a.

601t turns out that this restriction has no bite.

61As 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 39. Within household rural-urban wage gap in South Africa

variance log income

age 0.00532
(0.00406)
urban x 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
in Mali 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

Mali (equivalized income, time effects) Ivory Coast (equivalized income, time effects)

I PN

28 33 £ 43 48 53 58 28 33 £ 43 48 53
Age Age

Variance log income (rural) —— Variance log income (non-rural) Variance log income (rural) —— Variance log income (non-rural)

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 income without 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 simplified model 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 = B,dp + Bede
dp = 0,dZ
de = dN (¢ —¢)

where the new transitory type ¢’ arrives at rate A, i.e., E [dN] = A.dt.
Next, using the moment condition from BPP but adjusted for the biennial data (with 2-year intervals
between observations so A also takes the difference over two years) I obtain

Cov (Acy, Ays o+ Ayy + Ayi2)  Cov (B (pr — pr—2) + Be (€1 — €1-2) ,Dey2 — Pi—a + €142 — €1_4)

Cov (Aye, Ayi—2 + Ays + Ayii2) Cov (pr — pr—2 + € — €12, P42 — Di—a + €142 — €14)

By (E[Ap:Ap]) + Be (Efer€rra] — Elerer—a] — Elesoerio] + Elesoer4a])
B E[Ap:Aps] + E [ereri0] — Eleses—a] — Elesneryo] + Eles o6 4]
5;720;2) + 202672 (1 — 6_2)‘5)
- 202 +202e7 A« (1 — e~ 2X)
o2 036’2)‘6 (1 — e’”‘f)

— p
= ﬁp 0_12) + 0626—2& (1 — e—2>\€) + Be 0_12) n 0626—2A€ (1 _ e_2>\€)

where the second line uses the fact that the change in p is uncorrelated across non-overlapping intervals,
e.g., E[Ap;Ap; o] = 0, and E [e;e,11] = Eleses_1] = o2e <. There is one final subtlety to note: for sim-
plicity, I assumed in the derivation that E [¢;; xe11 1] = 02 Vk. 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 bias with 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 the model

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 incomplete market model. It will use an iterative procedure to solve the household problem where
n stands for a specific iteration and the algorithm stops when convergence up to some tolerance is achieved,
ie, ||[Vh — Vagil] < e

The system reads

(p+ o+ NV =u (") + AV + APV 4 VHT_V (27)
u' () = gV (28)
L — (E [‘5/ ]-(=1) = TRU (29)
(Ve (1)1”+E[ (= )75 g
= (VP 4+ (1= Q) Vo (30)

where the value function depends on the triple of idiosyncratic states = = (b, p, €). Note that the non-linear
part V has an n subscript, while the linear part has an n + 1 subscript.

I ensure ay > 0 by imposing V4 (ay < 0, py, ey) — —oo, which is to say that households that cannot
afford the monetary cost of migration will not migrate. One can show that V = Vi 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 a finite grid, I use a migrant’s current normalized asset position a,
and compute the normalized asset position in urban 2= f R The reason this expression features the wage gap
is that the actual urban assets of a migrant are (b — fRU) wg. When normalized by the effective urban wage
facing a migrant, wyA, this asset position equals (b — fru) ;2% = (b;{{“). 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.

_6
1. Solve the urban household problem vV. Note that urban wage is immediately implied by wy = (1 — 6) (ﬁ) " Ay,

2. Since I have a solution for vy and wy I can solve the rural household problem vg, which depends on
the expected value of moving to urban. This, in turn, is a function of the rural-urban wage gap w.
Guess a wage gap w, and solve the rural household problem inclusive of the migration choice.
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3. The rural solution implies endogenous migration rates « (z). To proceed, I solve for the stationary
rural distribution gg.

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

Mgy
M=——__
¢our + gy

is consistent with labor market clearing using

wy (1-10) (rfgk)mAU

1 w v =\ X
1-M=—|—(0—-x—
hr ('WU( xX=¥) <T+5k> )

When this is not the case, I update the wage gap w. 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 up until I found a rural-urban wage gap that is consistent with labor market
clearing and endogenous migration. I use Newton’s method to find the equilibrium wage gap w more
quickly.

5. Having solved for the equilibrium wage 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 ¢, urban households die, and are replaced
either by a newborn urban household with probability 1 — dyg or by a migrant with probability dyg.
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 zy to end up with state zy in
the urban sector as P (zy|zg) . Let PRY be a stochastic matrix of size N# x N#P x N#¢ 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 « (x,Z) € [0, 1], which depends on the information regime Z € {pi, fi}
as selection changes when information changes,

Kk (zy,Z) = J P (wulz,,T) iy (2) gr (z) do
v P (zvlz,,T) 7y (2) gr (x) drdry’

and the unconditional probability of a migrant arriving in state zy equals
K (zy) = Ck (zu, pi) + (1 = ) K (v, fi).

Using the unconditional distribution of migrants over income and assets x I can now construct the
generator matrix that solves for the urban stationary distribution, which explicitly takes into account
equilibrium selection into migration. Let A, capture saving and income drift ignoring the death
shock. Let Ay geath 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 — dygr
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which is incorporated in Aygeath- On the other hand, with probability dyg, the urban household is
replaced by a rural migrant. This is captured using the generator matrix Amigru = ¢dur (=1 + tk’)
where I is the identity matrix, and + = [11...1]’ is a row vector of ones. Putting the pieces together
delivers the following generator matrix

Ay = Auz + Audeath + Amig,ru-
The stationary distribution of the urban sector gy then solves
0= AggU.

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

[~ AT (21) + Am (71) (grU,0 (71))] A7 (21) (gru,0 (22))] A (1) (grU0 (
A . A (22) (gru,0 (z1))] [=AmT (22) + AT (22) (9ru,0 (72))]
mig,UR —
A (21) (9rU,0 (21))] o [FAmT () + AT (20)

where the diagonals capture the negative out-migration probability, and the in-migration uses the
distribution ggry o (z), which injects urban-rural migrants with zero assets and drawing their transitory
and persistent type from the rural newborn income distribution. Note that the rows of this matrix sum
to zero by construction.

A rural stationary distribution thus solves

Ar = Ar,z + Ag,death + Amig,ur
0= Ag JR-

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
scheme applied to heterogeneous agent economies, I introduce a non-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,

Vn+1 - Vn

(p + ¢) Vn+1 =u (Cn) + Anv;z—&-l + A

(31)

up until convergence, ||V,, — V,,41]| < €. An upwind scheme pins down the savings drift hidden in the matrix
A,,, where the drift is implied by v’ (¢) = V,, and a forward or backward approximation is chosen depending
on whether 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.
Imaginary Grid. 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 relatively more
grid points are places where the value function is most 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.®? 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.

Inext 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 £ € {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
ax = k so the normalized asset grid points are from zero to ten.

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

el —eb ifk <k,
f(&(k)vkn): <k k

ﬁ) (k —kn) +ebn — e ifk >k,

where k,, is one element in K and a parameter, k,_; is the element below it, and k is the functional argu-
ment. This function ensures that for values of the index below &, the grid is log-spaced. For values of the in-
dex above k,, the grid is linearly spaced where the jump to a higher index always equals f (k1) — f (kw) =
ehn — ehn-1yp/ > n.

Moreover, note that the derivative of f evaluated for some argument k reads

Of (@(k)skn) )€ if k < kn

ok N (e:’;:i’:i) ifk >k,

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 ¢ = ra + y — ¢ where r, y, and c are risk-free rate, income,
and consumption. The HJB equation of the household problem reads

pV (a,y) = maxu(c) + Vaa + Vyy
a,c
with the usual first-order condition
V,=1(c). (32)

The standard finite-difference solution algorithm approximates V,/" V(@ne1)=Vian) ypg VE ~ Yian)-Vi(an-1)

Ap41—0an Ap—0anp—1

where F and B represent forward and backward difference. The backward difference is used for dissaving,

62See 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) 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 the K space, i.e.,
oV (k,y) = maxu (¢) + Vik + Vg (33)
,C

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 mind whether 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 (32). 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 (33) to find the solution
for (32). 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

Vi@ () = Vi () 5o = e

which is true by application of the chain rule, and notingdk/0a = 1/f' (k) = 1/ad’ (k).
Note that o’ (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

a=ad (k)k

which offers a way to connect the optimal drift in the a-space with the drift in the K space. Note that a comes
from the first order condition, and o’ (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 a > 0. Note, however,
that whenever that is the case it is also going to be true that i > 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 &, and the only way for a
household to build up a higher asset position is to increase k. The approximation to & will then also depend
on whether the forward or backward difference is used.

Lastly, what happens in the case of @ = 0? Instead of using forward or backward differences, I can
directly evaluate the function o’ (k) at the value £, i.e., there is no approximation. At the boundaries I
impose V,, > v’ (¢), which in the K-space reads V}, = V,a' (k).

This routine delivers the value function in the K-space, and that value function is directly appropriate
because I used ¢ (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 system of equations, which solves
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for the distribution of mass over the K space,
AT
0=A (k) D,

where £ 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= Zpka (k)
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 generator A (k) is built on the equidistant K-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 from migration 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 w. 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 A < 1 to correct for this. I estimate A in the baseline and hold it fixed thereafter, in-
cluding in counterfactuals where the endogenous rural-urban wage gap adjusts: A is a primitive, while the
product Aw is an equilibrium object.®® Figure 18 illustrates how w and A 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),
e_grid = LinRange(-1.5000,1.5000,5.0000). The asset grid is initially linearly-spaced to obtain a good approx-
imation when households save, in part, to pay the fixed cost of migration. I then switch to a log-linearly

%A and w 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. A and cgy, by contrast, enter expected log urban income additively, so only their sum
CF{U = cgu + log A — 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 cgy loses bite while A continues
to move the floor.
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Figure 18. Income Grid
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All three grids cover the same normalized span [ymin, Yymax] but are positioned differently on the real log-income axis. The rural grid
is the reference. Urban residents are shifted right by log w (the wage gap). With A < 1, migrants’ effective income is shifted to the left
relative to the right-shift implied by the rural-urban wage gap.

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 the model

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 on movers 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 d¢ =0.1000, which lines up nicely with income
and consumption data aggregated up over one month .%* 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

gera = (1— A%dt) " g, (34)

where A7 is the adjoint of the savings and income drift captured in the matrix A,, and draw the next set of
state variables using a uniform draw and the CDF G4 (z) = [ * gigar (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~*»%_ The probability
that the household is taking up this opportunity depends on the endogenous migration choice mgy (), so
the probability of migration over the interval [¢, ¢ + dt] for a household of type x equals

P (migrate|r) = 1 — e~ mmru(@)dt, (35)

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

4This 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 random draws. 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 ¢, irrespective of the how much initial inequality there is, the parameter
oo 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 o, 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 overall mean age in the urban sector, and ii) migrants draw their income from a distribution
that is different from N (¢ y, 0¢). 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 = denote the assets and income
components as before, and let « € N, denote age. The joint distribution g(z, a) evolves according to a KFE
with generator given by

A= Ia (24 Ar + Ag;ﬂ & Ir + Adeath + Amig7 (36)

where I, is the identity matrix of size equal to the elements in N,, A, is the generator associated with
income dynamics and savings drift, and Aggeﬁ captures the deterministic age drift.
Age evolves deterministically according to @ = 1. Discretizing the age grid yields the generator

-1 1 0
0 -1 1 -0
ageels ) @
0 -1 1
I 0 0 0

Households die at rate ¢ and are replaced by newborns who inherit the asset position but draw a new
income state from distribution y,. Let I; denote the identity matrix over assets and let 1, be a column
vector over income states. Define

Py = ((1p) ©11) 39)

where ¢, is a column vector of ones with dimension equal to the income grid.
Let M,—( denote the age-zero matrix of size N, x N, with ones in the first column and zero elsewhere.
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The injection operator then equals

Pdeath = Ma=0 & Py- (39)

The associated generator is

Adeath = ¢ (*I{m + Pdeath) ) (40)

where I,, = I, ® I,.

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 e,—q denote
the selector for the zero-asset grid point and let +;, be a vector of ones over the asset grid. Define the asset
transition matrix

Pgnig = Lbegzo. (41)

Define

Pl = (1,1 © PE. (42)

I next account for the fact that migration is endogenous and use A,,, 7 (z), which is a column vector, to obtain

Pnﬁg = (A (z)0l) . * P;‘ég

x

The full migration injection operator is given by

Prig = Ma—o ® PIE. (43)

The associated generator is

Anig = (= (I ® Diag (7 (2))) + Prg) 49

I can now compute the stationary distribution gg (z, a) by solving
0= ATgR.

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 « € N, denote age. The joint distribution
g(z, a) evolves according to a KFE with generator given by

A=1,® Ay + AS @ I, + (1 = 6pu) Adeatn + Oru-Aru, (45)

where Agy can be constructed analogous to before but now incorporates age as state variable, « (z, a).
Step 2. Draw from initial distribution

1. Solve forg(z, 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 agea, such that the mean of the truncated marginal
age distribution equalsa; min:

~ ) j;)c ag(a)da
G =mins c € Zy : “mg———"— > Gj,min { » (46)
J { fo g(a)da /

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
as
= Q
Ik foas g(x, a)dadx

g(x,a)da

go(x) (47)

normalized to integrate to one. This is thex-marginal of the joint distribution conditioned on age < a;.

This distribution is then used to draw initial income when simulating the model.
Table 40 summarizes the details of the simulation.

Table 40. 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

Table41 summarizes the two approaches. In practice, the age-init strategy yields a better-behaved income
covariance matrix across waves: the diagonal ofCov (log y:, log ¥+ ;) grows more slowly from wave 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 41. 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 42. Simulated Income Covariance Matrix

(a) Rural (b) Urban
Yt Yt+2 Yi+4  Yt+6  Yt+8 Yt Yt+2 Yt+4  Yt+6  Yt+8
Yt 0.582 Yt 0.418
Yi+2 | 0.289  0.604 Yi+2 | 0.229  0.532
Yi+a | 0.216  0.293 0.537 Yi+a | 0.218 0.251 0.466
Yi+¢ | 0188  0.22  0.301 0.543 Yi+e | 0.212  0.239 0.271 0.405
yi+s | 0177 0191 0.224 0.307 0.616 yi+s | 0.209  0.233 0.259 0.29 0432

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

Table 43. Simulated Income Covariance Matrix Ignoring Selection

(a) Rural (b) Urban
Yt Yt+2 Yt+4 Yt+6  Yt+8 Yt Yt+2 Yi+4 Yt+6  Yt+8
Yt 0.586 Yt 0.417
Ye+2 | 0.288  0.606 Ye+2 | 0.229  0.531
Yi+qa | 0.215  0.299 0.542 Yerqa | 0218  0.25 0465
yi+6 | 0189 0.229 0.314 0.548 yere | 0.212  0.238 0.271 0.404
yi+g | 0177 0.201 0.243 0.327 0.621 ye+s | 0.209  0.233 0.259 0.289 0431

Simulations from the model for different selection biases. In the rural sector, imagine there was no migration 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 Algorithm. Objective function: Let § € RY denote the vector of N = 13 structural
parameters and m? € RM the vector of M = 14 empirical target moments. For a given 6, the model is
solved and simulated to produce model-implied moments m (). The objective is a weighted mean absolute
deviation:
m;(0) — m4
d

)

1 M
QO =372 wi | =
j=1 J

where w; > 0 are pre-specified moment weights. Moments are normalized by their data counterpart so
that all deviations are dimensionless and comparable across moments of different scales. Moments with
w; = 0 are excluded from the criterion but are still computed and reported.
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Table 44. Simulated Income Covariance Matrix

(a) Rural (b) Urban
Ye Yt+2 Yi+4  Yt+6  Yt+8 Yt Yt+2 Yt+4  Yt+6  Yt+8
Yt 0.582 Yt 0.418
Yi+2 | 0.289  0.604 Yi+2 | 0.229  0.532
Yi+a | 0.216 0.293 0.537 Yi+a | 0.218 0.251 0.466
Yi+¢ | 0188 0.22  0.301 0.543 Yi+e | 0.212  0.239 0.271 0.405
Yi+s | 0177 0191 0.224 0.307 0.616 Yi+s | 0.209 0.233 0.259 0.29 0432

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

Box constraints via logit transform: Each parameter has a known economic lower bound ¢; and upper
bound u;. To avoid projection steps, we reparametrize using the element-wise logit (log-odds) transform:

¢; = log! (01—&)7 91-:&+M.

ui—Qi

The optimizer operates over the unconstrained vector ¢ € R"; the inverse sigmoid maps any ¢ back to
a 0 that is strictly feasible. The starting point #(*) is clamped to [¢; +&(u; — ;) ; u; — (u; — ¢;)] with e = 1076
before applying the transform to ensure the initial ¢(? is finite.
Nelder-Mead minimization. We minimize Q(¢) = Q(0(p)) using the derivative-free Nelder-Mead simplex
algorithm (via Optim.jl). The algorithm maintains a simplex of N + 1 points in R" 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 @) 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 §, a numerical Jacobian G € RM*N of the
moment function is computed by forward finite differences:

m; (0 + hie;) — m;(0)
h; ’

Gji = hi = max(0.005 - |6;],;107%),

where e; 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 (G T G), the condition number of the information-matrix analogue: a large condition number signals
near-collinearity among the columns of G, i.e., weak identification of some parameter combination.

B.5 Insurance Counterfactuals: Construction and Scenarios

This subsection describes the insurance counterfactuals of section 4.1 in detail, introduces several different
ways to model insurance, and explains why the baseline approach was chosen in the main body of the paper.
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In all of them the object handed to the migrant is the conditional mean of its urban labor income,
Je (p,€) == E [(wyA) e"*[p, ],

where time is indexed from the date the household joins the arrangement, and the expectation is taken
over future income realizations conditional on the types at that date and on survival. I write y; for realized
income and @; for its conditional mean. Types are observed throughout, which isolates the role of risk
cleanly and abstracts away from moral hazard and adverse selection.

What differs across the three constructions below is how mortality risk is insured, and whether the

borrowing constraint is in place.

B.5.1 Different Ways to Insure Risk

Income Pooling within Cohort. Households form cohorts to pool their income, so each household in a
cohort receives the cohort’s average income. This swaps a stochastic income stream for a deterministic
one, and nothing else changes: households still earn r on assets, still discount at p + ¢, and the borrowing

constraint is in place. Assets evolve as
by = by + Jp — c, by > 0,

and the urban value function solves the time-dependent problem

1—y

(p+d)v(bt) = max lc + (9pv) b + Oy,

with the state constraint dyv (0,¢) > g, .

Every risk-averse household prefers the cohort average to its own draw at the time it joins, so partici-
pation is universal. Staying in requires commitment, which I assume. Note that the borrowing constraint
stays in place, so households cannot borrow against their now safe future income. That is what separates
this construction from the next one.

The Frictionless Benchmark. Discount the insured stream at r and let the household borrow freely against
it,
oo
H(p,e€) = /0 e ", (p, €) dt,

which follows conveniently from the Feynman-Kac formula, whereby H solves the linear system
rH = (wyA) ePTe + AN,

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

(p+d)+r(y-1)

ct:m~(bt+7{), m = 3
v
1—
v=f L
1—9m
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This is the optimal policy when households can borrow freely, and it is why the value function has a
closed form. The problem is that no financial sector could fund it. The household is impatient, p + ¢ > r,
so it front-loads consumption and borrows against human wealth priced at . Its own income can only
support payments discounted at r + ¢, because both the income and the payments stop at death.

To see this, follow one cohort of insured migrants of measure one after migration. Cohort income and

cohort consumption are
Y; = gre” ", C,=mHe (M=t

For simplicity, consider the case with flat income and compare the present discounted value of income and
consumption of a cohort without assets

Jo e Cedt _m(r+9) | d(m—r)

S e adt — r(m+¢) v (m+¢) b

The excess term is mortality times impatience. Set either ¢ or m — r to zero and it disappears. At my
parameters the cohort consumes 19 percent more in present value than it ever earns with flat income, and
33 percent more at the urban variance of persistent shocks, which raises the level path of 7, and with it H.
What happens is that households die in debt and nobody bears the loss. One might think the small open
economy assumption takes care of this. It does not. An open economy can run a deficit, but the resources
still have to come from somewhere. The gap also grows in o2, so it is tied to the parameter whose effect I
want to measure. I report this case as an upper bound and not as a baseline.

The Complete Insurance Contract. The migrant hands over its urban labor income claim and its assets,
and receives a consumption stream of its choosing, with both legs paid only while it is alive. This insurance
breaks even by construction, and simultaneously insures mortality risk. Itis thus the best deal a competitive
financial sector could offer, and it also overcomes the borrowing constraint.

Here, human wealth is

e [T g 0) = (wod) 4 AT
0

and the household’s resource constraint is

o ~
/ et dt = b+ H.
0

Both sides now discount at the same rate, so break-even holds as an identity, for any v, ¢ and o-z. The optimal
stream still satisfies ¢/c = (r — p) /v, the ¢ cancelling between preferences and prices, so the closed form
survives with two new constants,

(p+8)+(r+6)(r-1)
v

Ct:ﬁl'<bt+7—~[>, m:=

The major issue with this approach is that by insuring mortality risk, it also offers households better terms
on their wealth, which introduces an asymmetry across sectors unrelated to income risk.

In this setting, a household earns r + ¢ on its assets inside the contract and r on them outside it, so
insurance is worth more the wealthier the household is. The premium over cohort pooling is under one
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percent at zero assets, but it is roughly nine percent at five years of income and close to 30 percent at twenty.
Selection on wealth is what I want to measure, so I do not want a construction that moves it for reasons
outside the model.

The three constructions are nested. Drop the constraint b, > 0 from cohort pooling and the solution
is again ¢; = m (b + H), since [, e~ "'t is exactly H. The frictionless benchmark is therefore cohort
pooling without the borrowing constraint, and the difference between the two is the shadow value of that
constraint and nothing else. The complete insurance contract lies between them. It gives the household
the same income claim, better terms on its assets, and no borrowing constraint, so it is weakly better than
cohort pooling everywhere, and it is weakly worse than the frictionless benchmark, which is not funded.

B.5.2 Why Income Pooling by Cohort is the Baseline

Income pooling leaves mortality risk and the borrowing constraint in place, exactly as in the baseline. Only
the riskiness of income changes. That is what isolates the role of income risk, and it is why I use this con-
struction in the main text. The cost is the closed form. Once the cohort is formed income is deterministic,
so time since arrival is a sufficient statistic and (p, ¢) drops out of the household’s state vector. Insurance
removes the income states from the problem. What is left is a one dimensional problem in assets, which I
solve backward in calendar time with the same upwind scheme I use everywhere else.

B.5.3 Scenarios: Insuring One Margin or Both

Pooling can be offered against two sources of risk: the uncertainty about the initial urban draw, and the
evolution of urban earnings after that. Insuring only the second margin, i.e., income risk after migration,
means replacing the risky urban continuation value with the value delivered by cohort pooling, while leav-
ing the household uncertain about which (py, ey) it will draw. Insuring both margins means forming the
cohort before the draw is realized, so the payment is contingent on the rural type only,

yi" (pr) = E [7: (pu, €v) |pr]

where the expectation is computed against the distribution py|pr estimated earlier. Because g, is linear in
the level of arrival income, averaging the paths over the draw is the same as computing the path for the
average level. Nothing new has to be solved.

Using these value functions together with the taste shocks delivers well-defined migration 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

@) 7o (—E [of (b, pu, eg) |]) "7

W;{L{J ("E) = __s_ s 5 i B
(=vr) 7T+ (W) TRy (_E [”GZ (b, pu, eu) |5”]) T
nm-ni w S 7'_S _,Unm—ni b,p _ﬁ
TRU (I) = ( ) i ( . ( R))

(—UR)iﬁ + (w)s . TI;US (_,U'[rjmn—'m (b,pR))_ﬁ .

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.® The risk that is insured is about income alone, and

1n principle, a full planner solution would also provide insurance against these preference shocks, see LMW and Donald, Fukui,
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household preference shocks still generate heterogeneity in migration choices.

A clarification is needed regarding how to handle ex-ante information, captured by the share 1 —¢. 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 45 reports the ni counterfactual under all three constructions. The choice matters for both the
aggregate response and for selection. Cohort pooling raises the urban share by eight percentage points,
the complete contract by ten, and the frictionless benchmark by thirteen. Selection differs by more. The
reason is how each construction treats wealth. Relaxing the borrowing constraint is worth most to the poor,
since they are the ones it binds on, while paying r + ¢ on assets is worth most to the rich.

Table 45. Insurance counterfactual under alternative constructions

insurance construction

Model moments baseline  cohort pooling  frictionless complete contract
Urban population share (GE) 0.65 0.73 0.78 0.75

Urban population share (PE) 0.65 0.77 0.85 0.79
Log(migrant/stayer income in rural) -0.16 -0.15 -0.19 -0.11

Slope migration rate on income decile ~ -0.0075 -0.0100 -0.0157 -0.0074

All three columns remove post-migration income risk and differ only in how it is delivered. Cohort pooling is the baseline: it leaves
mortality risk and the borrowing constraint in place. The frictionless column lets households borrow freely against expected income
priced at r, which no financial sector could fund, so it is reported as an upper bound. The complete contract prices both legs at r + ¢;
it breaks even, but it also insures mortality risk on assets. PE holds the rural-urban wage gap at its baseline value, GE lets it adjust.
The third row is the mean log income gap between future migrants and stayers while both are still in the rural sector, and the last row
is the slope of the migration rate on the rural income decile. For both, a more negative entry means migrants are drawn from further
down the rural income distribution.

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.

B.6 Decomposing the Welfare Impact of Migration

This appendix collects the analytics behind the selection results in section 4.2. The question it answers is
why insurance and information produce opposite selection patterns, and what a migration response does
and does not reveal about the gains from migration. Throughout I work with the uninformed household in
the derivations.

and Miyauchi (2026) and Mongey and Waugh (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, cg o < cy,0. While the extent to which migrants 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 46. Moments in counterfactual simulations

counterfactual robustness
Model moments baseline (=0 ni nm-ni 0127,U =.003
Urban population share (GE) 0.65 0.76 0.73 0.79 0.67
Urban population share (PE) 0.65 0.80 0.77 0.86 0.68
Rural-urban migration rate 0.02 0.03 0.03 0.04 0.02
Rural-urban wage gap w 1.06 0.93 0.98 0.89 1.04
Log wage gap (cross-section) 0.45 0.46 0.34 0.21 0.43
Log wage gap (fixed effects) 0.35 0.55 0.19 0.02 0.32
Log(migrant/stayer income in rural) -0.16 -0.11 -0.15 -0.17 -0.15
Slope migration rate on income decile -0.0075 -0.0057  -0.0100  -0.0151 -0.0073
Prob. income improvement rel. to stayer 0.18 0.28 0.1 0.03 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.6.1 Three objects

It is convenient to write values in consumption units. For any value function V' < 0 define the certainty
equivalent
C(V)=(=V), (48)

which is the constant consumption stream delivering V, up to a factor common to all values that cancels
in every ratio below. This is the same transformation used in the welfare measure Ay of section 4.1: a
proportional change in C is a consumption-equivalent change.

Write Cy (z) =C (V[’f ‘ (a:)) for the certainty equivalent of the urban prospect before the draw is known,
and Cg (z) = C (VR (x)) for the rural one. Both are in levels, not in the wage-normalized units of proposition
1, so the wage gap w does not appear below.* Using (—V) 7~ = C (V)*, the migration probability (7) and
the value of the migration opportunity become

_ Cy(a) , _ Cu
™o () = Cu (#)° + Cr (z)°’ Cu = TRy (49)
¢ (z) = [Cu (2)° + Cr (m)f, (50)

where Cy is the urban prospect net of the migration wedge. The two are symmetric,

éU s < CR ) s
TRU c TRU C ( )

The household’s certainty equivalent of the migration opportunity is a power sum of the two options, and
s says how close it is to the maximum: as s grows the taste shocks vanish, C approaches the larger of the
two and mgy approaches zero or one, so the better option fully determines the expected value. For finite
s the aggregate lies strictly above both options, C > max {éU, CR} , and the difference is due to preference
heterogeneity.

%61n levels the migrant’s urban problem depends on the assets she carries across and on the urban wage. Since wy is pinned down by
Ay alone, (17), and migration is permanent, the urban prospect is the same object in partial and in general equilibrium. In normalized

units w enters through the asset argument, oy (?)R Jw, pR> , and a household held at fixed br = b /wr gains real assets when wg rises.

The code reports welfare at fixed bg, which adds a revaluation of order (1 — 61.) A log wg to the general-equilibrium gain of households
with assets. It is zero for the newborn and for the poorest household, and small for the rest.
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Dividing the two shares in (51) and taking logs, the log odds of migrating are

TRU (m) N
£(x) = 1log -2~ — 5 [log Cy () — log Cr ()] 52
(2) 08 7 Sp— s |logCy (x) — log Cr (2) (52)

Now consider an intervention that improves the urban prospect and leaves the primitives of the rural
problem untouched, which is what insurance does. Define the risk discount

RD () := log Cl¥* (z) — log Cy (x) , (53)

the proportional increase in the certainty equivalent of the urban prospect when income shocks after ar-
rival are pooled away. In words, efP — 1 is the permanent proportional increase in urban consumption that
would make a household indifferent between the risky urban prospect and the insured one. It measures the
value of insurance conditional on moving. It is not the total impact on rural utility since most households,
most of the time, aren’t moving, nor does it take account of GE effects etc.

B.6.2 The response and the gain

Proposition A.1. Let an intervention change the urban problem so that log Cy (x) rises by RD (x), and leave the
primitives of the rural problem untouched. Let \w () be the consumption-equivalent welfare gain of a rural house-
hold at x, in partial or in general equilibrium. Then, at every rural state and in both equilibria,

AéT(x) +log (1+ Aw (z)) =RD (z). (54)
Proof. From (52), Al = s[AlogCy — AlogCgl, since 7y is fixed. The first term is RD: migration is perma-
nent, so Vi does not contain Vi, and wy does not depend on M, so nothing in general equilibrium reaches
the urban problem. The second term is log (1 + Aw) by definition of a consumption equivalent under CRRA
utility, since Vk is the household’s lifetime value and a proportional change in Cg is a proportional change
in consumption. [

The identity is exact rather than a first-order approximation. It says that the risk discount gets spent on
two things at once: part of it shows up as movement, and the rest shows up as a higher value of staying rural.
The migration response and the welfare gain are therefore not competing measures of the same thing, and
given the risk discount, knowing one of them pins down the other.

Define the welfare share of the risk discount,

_log (1 + Aw (2))

so that 1 — ¢ is the share that shows up as movement. Then
Al =s(1—1)RD, (log odds) (56)
Alogmry =~ s (1 — mry) (1 — 1) RD, (proportional response) (57)
Amgy =~ smgy (1 — mry) (1 — ¢) RD, (level response) (58)
log (1 + Aw) = ¥ RD, (welfare) (59)
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all evaluated at x, where the two middle lines use dr/d¢ = w (1 — 7) and hold to first order in A/. The case
1 = 0 is the textbook comparative static that holds the rural value fixed. It is what the odds ratios of section
4.2 report, and it is an upper bound on the response. Table 47 reports the responses with the rural value
moving, so the identity closes on its rows.

One more object is useful. Holding the fallback fixed and differentiating C* = C + Cg, (51) gives directly

m — o (z),  AlogC(x) ~ may () RD (). (60)
The elasticity of the value of a migration opportunity with respect to the urban prospect is exactly the mi-
gration probability, which is intuitive since an option is worth what it delivers times how often it gets taken.
Note that this is the gain from a single opportunity holding the rural value fixed, and not the household’s
lifetime gain. The two are easy to confuse, and confusing them is what makes the incidence of the welfare
gain look like the incidence of the migration response.

B.6.3 What determines the welfare share

All the incidence results now come down to ¢ (). I discuss the three things that determine it in turn.
The option recurs. Write the rural problem so the migration option appears explicitly,
(p+6) V() = u () + AV () + A |Vin () = Vo (@) | (61)

with A the generator of the rural state under the household’s own policy. Rearranging as (p + ¢ + A,,) Va =
u (¢) + AVk + A Vi, shows that the household’s value is a weighted average of its own flow and the value of
receiving a migration opportunity, the latter carrying weight A,/ (p + ¢ + A,,). At the baseline calibration
Am =0.2000 against p + ¢ =0.05, so that weight is 0.80. Opportunities arrive four times faster than the
household discounts and dies, so what a rural household’s value largely is, is the prospect of future chances
to leave rather than the current flow.

Suppose for the moment that the state never moved, so .4 = 0, and write w for the weight in certainty-
equivalent terms, w := dlogCg/dlogC. This is A/ (p + ¢ + Am) times V,, / Vi, so 0.80 is an upper bound.
The urban prospect enters C with weight gy by (60) and the rural value with weight 1 — 7y, and the rural
value itself moves by ¢. Hence ¢ = w [rgy + (1 — 7ry) ¢], or

W TRU ({,C)

1—w+wmgy () (62)

¥ () =

Two implications follow. First, ¢ is much larger than 7gy, by roughly a factor of three in the bottom income
decile and considerably more at the top, which is why the lifetime gain is so much bigger than the gain
from a single opportunity in (60). Second, ¢ is concave in 7ry, so repetition compresses differences across
households. A household that takes one opportunity in seven and a household that takes one in two both
migrate eventually, and mainly differ in when.

The state moves. The term AVy that I set to zero matters quantitatively. Rural income is dominated by
imperfectly transitory shocks arriving at rate A\ g =0.4987, so a rural household redraws its income roughly
every two years and passes through much of the rural income distribution over a career. Its welfare share
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is therefore an average of mry along its own path, not its value at the point where it happens to be observed,
log (1 + Aw (20)) = Eo { / e (PFOIQ (2) gy () RD (2) dt | (63)
0

where Q collects the discounting and arrival terms of (61). Because the rural income process mean-reverts
quickly, the distribution of x; conditional on x, converges within a few years. The current income decile is
highly informative about 7ry (x¢) and much less informative about the path average, so v is flatter across
households than (62) suggests. The frozen-state formula is only a guide to the shape here, and it understates
1 badly at the top of the income distribution, where it implies a value several times smaller than the model
delivers. The same mean reversion is why measured consumption insurance looks high in the rural sector
in section 3.3, and why relaxing the borrowing constraint does so little in section 4.3.

The rural wage rises. In general equilibrium the counterfactual raises the rural wage by 0.0845 log points,
because land becomes more abundant as households leave. This raises Cg for every rural household, mi-
grant or not, and the identity (54) absorbs it: AGF exceeds AP, so ¢ @¥ > P F and the response is damped
further. Since the wage gain goes to every rural household and does not vary much with rural income, it
also compresses whatever differences in ¢ the first two forces leave, which is why the spread in ¢ across
deciles in table 47 is smaller in general equilibrium than in partial equilibrium.

Table 47 puts numbers on the split, since every row is on one basis and ¢ can be read off it directly
as log (1 + Aw) /RD. In partial equilibrium most of the risk discount shows up as movement; in general
equilibrium, where the rural wage rises for migrants and stayers alike, the shares are closer to even.

B.6.4 Information is not a level shift

Information changes the shape of the urban prospect rather than its level, and this is why it tilts selection
the other way. An informed household observes py before deciding, so its migration probability is

1

- 64

ikl (@) = [ o (Capo) dF (ulpn) . 7 (0
where { (z, py) is (52) evaluated at the known draw, while the uninformed household’s probability is o (¢ (z))
with ¢ built from the draw-averaged value X_/Ifi. The difference has two parts.

The first is a level effect. Averaging values before taking the certainty equivalent penalizes dispersion
in the draw, so ¢ (z) < E[¢(z,py)]. Removing that penalty raises the log odds, exactly as insurance does,
and this part of information behaves like a level shift.

The second is an option value, and it has no counterpart under insurance. Since o is convex wher-
ever mgy < 1/2, which holds for every rural household in the baseline, Jensen’s inequality gives E [0 (¢)] >
o (E[¢]). To second order,

Alog i () = 3 (1 — mgu) (1 — 27ru) V[ (2, pu) [pr] (65)

so the value of learning the draw scales with the dispersion of the log odds across draws, sV [log Cy|pg]-
That dispersion is larger for households whose consumption depends more on labor income, since the draw
enters only through labor income; it is therefore larger for high-income rural households, whose human
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wealth is large relative to their assets. This is the same labor share 6, that governs the wealth gradient in
appendix B.8.

Information therefore raises migration most where the option was least likely to be exercised, and insur-
ance raises it most where it was most likely to be exercised. The two interventions tilt selection in opposite
directions for reasons that have nothing to do with which households the risk costs most.

B.6.5 Quantitative results

Table 47 evaluates these objects in the baseline economy, by rural income decile. Every row comes from
the same three solutions, at the same baseline states, weighted by the same baseline distribution, so the
migration rates and the welfare gains are directly comparable and no row moves with composition.

Table 47. The Incidence of Risk and the Anatomy of the Response

rural income decile 1 2 3 4 5 6 7 8 9 10
RD, % of urban consumption  19.8 204 20.5 204 20.3 22.6 21.1 20.8 20.9 204
Aw, PE, % 6.73 6.64 6.71 6.58 6.55 5.94 6.12 6.11 6.09 5.59
Aw, GE, % 1270 1273 1279 1278 1279 1246 12,55 12,57 12.58 12.31
TRy, baseline 0.109 0.070 0.061 0.053 0.048 0.030 0.034 0.030 0.024 0.018
Amgy, PE 0.1266 0.1019 0.0907 0.0801 0.0760 0.0672 0.0594 0.0526 0.0436 0.0327
Ay, GE 0.0639 0.0516 0.0450 0.0404 0.0389 0.0336 0.0301 0.0269 0.0222 0.0170
A, PE 0989 1.061 1.066 1061 1.050 1.259 1.158 1.141 1138 1.144
Al, GE 0.582 0.649 0.645 0.651 0.650 0796 0731 0724 0720 0.736

Every row is on one convention: the full state space, weighted by the baseline rural distribution, binned by model income at baseline.
Bin membership and weights never move with the counterfactual, so no row reflects a change in composition. gy is the probability
of moving conditional on a migration opportunity arriving, at rate A,,. RD is defined in (53) and reported as 100 (eRP — 1); A is the

lifetime consumption-equivalent gain of section 4.1; A/ is the change in log odds, averaged across states within the decile. By (54),
Al/s pluslog (1 + Aw) equals RD column by column, in partial and in general equilibrium alike, once A\w and RD are converted from
percent to log points. Rural income depends on the persistent and the transitory component but not on wealth, so it takes finitely
many values on the grid and its distribution has mass points, one of them larger than a decile. Where a decile boundary falls inside
such a point it splits that income type by wealth, which is why the migration rate and the risk discount in decile six, and more mildly
in decile eight, depart from the trend together. The pattern across deciles is unaffected.

Three facts carry the argument.

The risk discount rises with rural income, from 0.181 percent of urban consumption in the bottom decile
to 0.185 percent in the top. Post-arrival income risk is not a poor household’s problem in this model. If
anything it costs the rich slightly more, because their consumption depends more on labor income.

The migration response runs the other way, and steeply. The baseline probability of moving falls from
0.109 to 0.018 across deciles, and the increase under insurance falls with it, from 0.0639 to 0.0170. This is the
margin at work: a shift in the log odds moves more households where more households sit near the point
of indifference.

The welfare gain follows neither. It is 12.70 percent in the bottom decile against 12.31 percent in the
top, and nearly as flat in partial equilibrium. Insurance is worth about the same to everyone even though
it moves the poor far more.

The reason is that the two questions have different horizons. A household with a low migration prob-
ability today is not one that never leaves; it is one that leaves later. Rural income mean-reverts quickly, so
a household in the top decile will pass through the bottom, and the differences the response records at a
point in time are largely differences in timing. The response measures who moves now. Welfare measures
who leaves eventually, and almost everybody leaves eventually.

Information runs the other way. Revealing the draw raises migration by a factor of 2.6 in the bottom rural
income decile and 15.1 in the top, because the option to move on a good draw is worth most to households
that would not move on an average one.
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Two checks confirm that insurance’s selection tilt is the margin rather than the incidence of risk. Apply-
ing the average log-odds shift to the baseline margin, 7 (1 — 7) A/, reproduces -0.0156 of the actual -0.0163
change in the decile slope of the migration rate. And a placebo: cutting the migration wedge gy for ev-
ery household by 17.2 percent, leaving all risk intact, raises the urban population share to 0.73, the same
level insurance achieves, and produces a decile slope of -0.0103 against -0.0100 under insurance. A uniform

reduction in the cost of moving reproduces insurance’s selection pattern almost exactly.

B.6.6 What this implies for reading migration responses

Three qualifications are worth stating explicitly.

The odds ratios quoted in section 4.2 hold the rural value fixed and are therefore upper bounds. The
actual response, reported in table 47, is smaller by the factor 1 — ¢ of (56), and since ¢ is largest where
migration is most likely, the correction tilts the log-odds response further toward the rich. The selection
argument in the text is conservative.

General equilibrium breaks the link between who moves and who gains, and the identity shows how.
The counterfactual raises the rural wage, and that gain accrues to households that never migrate. It enters
Aw and therefore 1), so the force that multiplies the welfare gain from insurance, comparing tables 14 and 13,
is the same force that damps the migration response. Welfare rises and movement falls together, because
they share one budget, RD. Information is not a level shift, so none of this applies to it.

Finally, the selection pattern of a migration response identifies the margin that was relaxed, not the
incidence of the friction that was removed. A change in the level of the urban prospect tilts the response
toward households that were already close to moving. A change in its shape tilts the response toward house-
holds whose option was far out of the money. Observing that the poor respond more to insurance and the
rich respond more to information is therefore informative about what each policy does, and uninformative

about which group the risk was hurting.

B.7 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.8 Assets and Migration Rates — Analytical and Quantitative Results

This section uses an approximation that shows 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,
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 associated with
migration, which makes migration less risky.

To complement the quantitative findings in the main text, I provide a simple approximation here. Let
p := p + ¢ denote the effective discount rate. Recall the value function given by
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Table 48. Jacobian in levels

D o ) 5 2 «

g & 5 S - - & =%

Bes —048  0.77 -054 052 -0.08 003 107 -1.11 —0.35
BrE ~0.12 -0.13 018 1.0l -0.83 005 115 0.0l 0.8
Ry 098 038 032 039 016 000 015 0.0l —0.78
AP 0.03 —0.01 -0.04 0.13 007 -0.00 —0.04  0.00 —0.13
BE ru —0.01 041 006 018 -—0.39 -0.01 -0.03 -0.01 —1.06
Bl 0.00  0.02 000 0.0l -002 -0.00 000 -0.00 —0.04
Bhetter, —0.07 —0.07 044 035 -—046 0.02 052 0.0l 0.9
In(Aw) 020 0.84 —091 0.3 053 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 49. Jacobian in percent

<) > ) ) 2 x

8 g 5 & - - & S 0%

Bes —0.44 0.64 —0.08 0.26 —0.06 0.29 1.15 —-1.00 —-0.05
BFE -0.11 -0.11 0.02 0.51 —-0.65 0.40 1.24 0.01 0.10
P 0.91 0.32 0.05 0.20 0.13 0.04 0.16 0.01 -0.11
Agf 0.03 —-0.01 -0.00 0.07 0.06 —-0.03 —-0.04 0.00 —-0.02
BE ru —0.01 0.34 0.01 0.09 —-0.30 —-0.06 —0.03 —0.01 —0.15
B;;C 0.00 0.02 0.00 0.01 -0.02 -0.00 0.00 —-0.00 -0.01
Bhetter, —0.06 —0.06 0.06 0.18 —0.35 0.21 0.57 0.01 0.04
1n(Aw) 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

e} ~ le'y
VO = ]Eo / eipttidt . (66)
0 1=~

I make the simplifying assumption that households consume their flow income so
¢y = rby + wePt = y,.

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

I next show the ambiguous effect of asset holdings on migration. To this end, define the asset and labor
income shares 0p; = rb,/y, and 0y, = weP* [y, with 6, + 0, = 1. Log labor productivity equals
pt = po + oWy, Wy ~ N (0,t). Future income can be written in terms of initial income, income shares,
and the random evolution of labor income,

ye = yo (0,0 + 0r,0e7?"") .
I next use a first-order Taylor approximation around & (p) := log (6,0 + 01,0e?) for p =0,

h(p) = h(0) +h'(0)p,
= 0r,0D.
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Using this, income evolves approximately according to
ye = yoer 0PV, (67)

Substituting (67) into the value function in (66) yields

1—v 0o
Vo~ Yo / o= (501,00, (1=7))2/2)t gy
1-=7Jo
o 1

5 .

IREETE (Br.07(1=)

imati 5 o (O00y(1-7))
The approximation assumes p > =07 ——1"

and illustrates how risk reduces expected utility (recall the
value function is negative so utility decreases when p — M 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 pry =
PRUPR — Cpy + u where u ~ N(0,03y) and ¢y = cru + log A 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., wy 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

+
Yo,u = rb + erPRupR—cRU+u_

The ratio of urban and rural income of a mover equals

.
Yo,u — Yor  WyePRUPRTRUTY — qppePR

Yo.R rb + wgePr

— 01 0R (we(ﬂRUfl)prCKﬁu _ 1) )

. . . . +
I focus on a household for which the expected income gains are close to zero, i.e., €8« +(Pro—1pr—crotu_1

0. In that case,
Yo,u

y ~ 1+ 0 g0 (logw+ (pru — 1) pr — ciy + u) -
0,R

Using this, the ratio of urban and rural expected utility, using the simplification that rural and urban labor
share are identical, 01, o r = 010,u = 010 (ignoring the stochasticity of the urban labor share), equals

(0r,00pr(1—7))2
2

E[Vb,ul]

Vor

p—
~ 01 00 1—v))?
p— (Or.,0 p,g( )

(0L.00p.r(1—7))*
2

~[E [(1 +0r0R (logw + (pru — 1) pr — CI{U + u))l_q

p—

+ (v=10L,0.R%Ru
)7f
= (8r,00pu(1=7))2"

p— 2

—(v=1)0r,0r [(bg w+(pru—1)PR—CRy

To finally arrive at the most simple version, let UZR ~ 0, v = 2, roughly consistent with the quantitative
application. Define the migration gain dgy = logw + (pru — 1) pr — cjyy to obtain an equivalent but simpler
expression,
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Finally, note that the migration share is given by

1

1+ (TRU X E%%U])‘

TRU —

In general the wedge enters as 73 and the value ratio with exponent —*+; with v = 2 both exponents equal

_s
5
s, which is the case written here. The share is strictly falling in the ratio %.67

One can now see exactly how the non-monotonicity of the link between migration and wealth comes

about. Let 0, := 0, and a := %%oﬁ’u, and study the ratio R as a function of the labor share 4,

L B 1 YY)
1-— a@% o ‘/O,R

R(QL) =

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, 65 = 1 — 0, 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.

2
First, suppose dgy > o2y + /3_"57;2_ This is the case for the lowest-income rural households in my

2%9p,U

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
(ﬁ) 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
consumption risk around migration, given by 367 o3y, and assets also reduce consumption risk after mi-
gration captured in the term 1/(1 — a6%). 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 by®®

O'2U

2 P,

O<dRU<URU+7~ T 5
P—30puU

which holds for the majority of households.

The decomposition in the full model. Taking logs of Try R(6,), usinglog(1—af? ) ~ —ab? and % log ;™

—TRU

671t is easy to get confused here: because the value functions are negative for v > 1, a high ratio means migration is unattractive as
the negativity causes a sign flip. In the case with v < 1, it would be the other way around and high ratios would indicate high urban
continuation values relative to rural.

%8This condition is most conveniently derived from taking logs and differentiating w.r.t. the labor share.
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—log (TruR), gives

% log % ~ —log Ty + 01 dry — %Q%JEU — ab?. (68)
To check that its logic survives savings, the borrowing constraint, transitory shocks, and the option to wait
for a better draw, I decompose the wealth gradient of the log odds in the full model into the same pieces,
using the insurance benchmarks of appendix B.5. The gradient of the baseline log odds splits exactly into
the gain term of equation (68), a risk term (baseline versus cohort pooling), a constraint term (cohort pool-
ing versus the frictionless benchmark), and a rural term (risk and the constraint on the side of staying).
The four sum to the model’s own gradient by construction. Table 50 reports them by rural income quintile
at the median wealth of each quintile. The entries are elasticities of the odds of migrating with respect to
wealth, divided by s; to compare with the derivative of (68) with respect to the asset share, divide by 0.05.
In the middle quintile the wealth gradient is 0.0147, of which the gain term contributes -0.0017 and the risk

term 0.0113. The constraint term is 0.0398 in the bottom quintile and 0.0338 in the middle.

Table 50. Wealth Gradient of the Log Odds of Migrating, by Rural Income Quintile

quintile 1 2 3 4 5

total 0.0043  0.0120  0.0147  0.0180  0.0233
gain -0.0044  -0.0024  -0.0017  -0.0011  -0.0003
risk 0.0105  0.0115 0.0113 0.0118  0.0128
constraint  0.0398 0.0367 0.0338 0.0328 0.0319
rural -0.0417 -0.0338 -0.0287  -0.0255  -0.0211

Each entryis % 0¢/01og b, the elasticity of the odds of migrating with respect to wealth divided by s, for an uninformed household with
er = 0 at the median wealth of its rural income quintile. The gain term is 6, g — 6,y from the frictionless benchmark with certain
income on both sides, where 6, = #/(b + ) is the human-wealth share, the lifetime counterpart of the labor share in the text; risk
is the gradient of the gap between the baseline and cohort pooling; constraint is the gradient of the gap between cohort pooling and

the frictionless benchmark. These three rows vary the urban value only. The rural row is the gradient of the risk and constraint parts
of the rural value. The rows sum to the total up to a residual of at most 0.000000.

The figures below vary the wedge, the draw variance, the share of uninformed households, and the ar-
rival rate of migration opportunities one at a time in the full quantitative model, which amplifies or reduces
the channels above.

Figure 19. Selection into Migration - High gy

Tplb] &= 0) 7 b €)

0.05

0.00 b ; 00 |

.
0 2 4 6 8 0 2 4 6 8
log(h + 1) log(h + 11

Tryu (+10 log pts). This plot tests the pure utility-discount channel: an increase in the utility discount pushes down mi¥ration of
wealthy households since they do not 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 issue. It is irrelevant, as the mass of agents in that region is virtually zero
(<0.000001).
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Figure 20. Selection into Migration - Low ogy

Tb] e =0) bl )

= —, ——py, (1)

Py, (b1}

’d
0.15 - —

— oy (low = agy)
iy (ow — ) Py (0w = 7))

02 |

0.05 -

0.00 | 00 |
0 2 4 6 8 0 2 4 6 8
Toa(h + 1) log(h + 11

oru (—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 issue. It is irrelevant, as the mass of agents in that region is virtually zero (<0.000001).

Figure 21. Selection into Migration - Low ¢

Trb]e=0) Trodbl )

— (D)

—_— =

Do llow — ()

!
02 |\

.10+ —
o ‘ &ﬁ‘*
-
| |
|

01 |

0 2 4 6 8 0 2 4 6 8
log(h + 1) log(h + 1)

¢ (x0.5). 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 issue. Itis irrelevant, as
the mass of agents in that region is virtually zero (<0.000001).

Figure 22. Selection into Migration — Low A,

o] £) (low mig. opp.) Tao(b] € = 0) (low mig. opp.) T (b] €) (low mig. opp.)

o 2 4 6 8 o 2 4 6 8 o 2 4 6 8

Am = 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 do not agree due to the option value of rural-urban
migration, but when migration arrival rates are small, this option value becomes small, and the closed form solution gy = 1/(14+75y)
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 z,

P (migrate, z) = P <VU (%)1_7 > VR@EW)
~r( < (2))
e e (< ()™ (2) )]
e[ (-(8) 7 (2)7)

—s

> R\ fouy—* el
:A exp (- <%> (7) )SQOU 1@ Pu dQO

_ 1
() ()
TS5 (—VU 7T

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

2[(£) W (2) Vo> (o' ).

T
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To proceed, I need the distribution of (£2) T vl () """V > (¢r)'"" Vi, which can be derived as follows

P(3) Vo <hn () Ve > (o)1)
B ((2) Vo > (on) T Th)
P (o) Ve < (2) Vo <)
TRU
TR (0! > (2)' Bleo) dF (o) L)

TTRU

P ((W)” W<k () v (soR)l‘”VR> —

T T

—r <_ <(_k)ﬁ> (Tﬁs (~Vo)7 + (—VR)”i))

where the domain of % is (—o0,0]. I can now compute the expected value using the distribution. Define
& =77 (V)7 + (=Vg)7T, and compute

e [(T)H Vvlma{ / Eg @ ()T e (<@ (R)TT )

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

1= o S s - s
E [(%) Wl max} = —/ PRI e exp (—@xvfl) dx.
T o -1
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~—1

)T and —2-®z71 dz = dy,

~y—1

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 I' (1 + %1) drops out. This is achieved by drawing from the
distribution F' (z) = e (F) T withT =T (1+ ”T_l) “’%. After making this assumption, the expected value
of migration V becomes

~

V== (r (W) (VT

11—y

=~ (7 (V)T + (W)

Defining ¢ = —$"5" =V the coincides with the notation in the main text.

C.2 Lemmal. (sketch proof)

To prove lemma 1, I first focus on the value function in the urban sector, where y = ¢P*¢, and show that

Vi (b, £y) = €1 Yvy (bo, y) where vy is the solution to the household problem when the wage is normalized
b
3
household that stays put, and the effective wage wyA for a rural-urban migrant.

to unity and by = ¢. Here ¢ is a generic scale factor on labor income: it equals the sectoral wage w; for a

Step 1. Note that for vy (bo, ¥) to solve the normalized household problem, it must be that

1—v .
1= + (Opyvu) bo + (Oyvu) ¥

(P + ¢) vu (bo7 y) = max

s.t.: i)o :’I‘bo+y7607
FOC: 8170'1)U = Ca’y,

where I study a simplified problem that only has a drift in income for expositional purposes only, and ¢
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 Vi = 177wy (bo, v). This is the case whenever £~ 7vy (b, y) solves

1—y

(p+9) Vo (b,y) = max —— —+ (0V0) b+ (0,V0) 9

st: b=rb+&y—c
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Conjecture this is the case. Then, the first order condition implies

KWWy =c"
& vy (bo,y) =7
Oovu (bo,y)

g =

-
ooy (bo, y) = <g>

-
e (2)"
§
where the third line uses the chain rule. It follows that ¢ = ¢y€.
Next, verify whether this consumption policy maximizes utility using the HJB equation

1—y 1—~ .
(p+ &) Vis (b, y) = max % + (V) o + (9,V0)
E 0" ; 1- .
= max T +& 77 (Obovu) bo + &7 (Oyvu) ¥
_ ¢l—y 6(1)7’7 1 .
=¢ max T + (O, vu) bo + (Oyvu) U

subject to the flow budget constraint b = rb + £y — £co. At this point, note that £1~7 is a positive scalar that
can be pulled out of the max operator, and the right hand side is maximized by the policy ¢, when the budget
constraint equals by = rby + y — ¢o by assumption (recall we assumed vy is a solution to the normalized
problem). Lastly, note that the same budget constraint applies, b = b+ £y — Eco < by = rby + y — ¢ since
by = g 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, w, fixed.®® 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)

1—~

(-+ ) Vi (b, €y) = max — + (@VR) b+ (@ V) 9+ o (Vovpi = Vi)

®Holding 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

Vinpi = — |:TR_[fs (VU,pi (br — fruwr,PR) - (‘U)Wi1 + (V& (br, PR, €r) - (—1))_7_1} B

=~ [TR_US <(“’UA)17 Vu,pi <bR_fRuwR,PR> : (—1)>751 + (V& (br, PR, €r) - (—1))”51] a

qu
N A A (T br — fruwr o Ve (broproer) - (=1)\ 71|
= —’LUII{ v TRU (wl_"YvU’pi szR '(_1) + wl—'y
R R
by B = 5
i (mu\ o (. [wg — Tru o V& (bR, pr; €r) - (—1)
= —Wwg (LUA) (UU,pl ( A 7pR> ( 1)) + ( wé—v

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

be -34 - |
~ - TRU\ % [ - e — fru V& (bR, pr-€r) - (—1)
Vm’Pi = _wfl{ K (m) (UU;Pi < oA apR> : (_1)> + ( wl—"/
R

i bR 7ﬁll — I o
— TRU\ % [ - wr Iru br i
= —wg (m) (UU,pi <wA,pR> . (—1)> + ('UR (wR7pR7€R) : (—1)) ]

— i br .
= Wg Um,pi — PR, ER W |,
WR

where I make explicit the dependence on the rural-urban wage gap. An analogous argument applies to the
migration probability 7ry.

Now the same steps as before apply, i.e., verify that Vg (b, £y;w) = €177 vg (bg, y; w) with by = % solves
the below, subject to the budget constraint and transversality condition,

1—~

c . ) -
(p+6) Vi (b, €y) = max —— + (%Va) b+ (0, VR) § + Am (Vm,pi - VR> .

Scaling of the Stationary Distribution. Given that the household problem satisfies cg (bo, y) = ¢ (§bo, &y),
the stationary density of the normalized problem and the stationary density of the problem with wage equal

¢ satisfy

where b = by - €. Integrating over b implies G (b) = Gg (g) . An implication of this is that household savings,

b, and aggregate asset demand, scale linearly in the wage rate.
Proof sketch. Analyze the KFE

g=—0 [ (b,y) g (b,y)] + Lyg (b,y)

where p is the saving policy and £, is the infinitesimal generator capturing the income transitions. Note
that go (bo, y) solves the normalized problem. Note that x (b, £y) = Eug since Ecq (bo,y) = ¢ (Ebo, {y). Fur-
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ther, conjecture that g = % go is the stationary solution for the problem with wage ¢£. Note that the £ can-
cels (&po - % go = [0go), and the rest of the problem is unchanged. Since 0y, [;10g0] = 0, it must be that
O [ (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, wy = wwg, 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

a =

is convex, which means that E [g (z)] > g (E [z]). Here k = %7, so that g is the expected value of migration
V derived above, with the migration wedge normalized to one. In the derivation I assume that = and b are
negative, which holds exactly when > 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 =
equals
/ o —(1+k) 14K
g () = () (=g ()]

Differentiating once more yields

9" () = (1 + k) (=)~ [—g ()]
— (1 +8) [~g @)]" g (@) (—z) ")
= (1+ k) (—2) " [—g (@)
= (1) (=) 0 g ()]
= (4 #) (=) g @) (1= (-2) " g (@)
= (14 &) (—2)” @) O 1 . >

(1+5) (—2) [~g ()] < S
The last line makes clear that g” () > 0. The bracket 1 — —Co " s positive for any «, and the re-

(—2) "+(=h) "
maining factors are positive because x > 0 and = < 0,b < 0. Both hold whenever v > 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 are moved to the rural or urban sector with probability Pg and Py. Then
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the share of urban households equals in steady state

oPy +11
M=
o +11

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,

¢Py = oM — (1 — M)1L.

In the original model, this was equal to M ¢ (1 — dyr), so I need to show that M (1 — dyr) = Py. And thisis
the case since the different versions of the model match the same steady-state urban share, i.e., see in the

original model

¢(1—6bur) M + 1

M=—¢M+¢(1—bupr) M +1(1—M)= M= P

Since the age distributions are identical, and the household problems are unchanged, the steady state be-
tween the two models is equivalent.
The two models part ways once migration changes. In the baseline the urban share solves M = ML s
ur+11
so that log (2% = logIT — log (¢dur) and the urban share responds to migration like a logit,

oM

With a fixed Py instead, the same derivative equals ¢+LH (1 — M), which is smaller by the factor ¢‘;Ujﬁn . The
reason is that the baseline injects urban newborns in proportion to the urban share, so a rise in migration
feeds on itself, while ¢ Py 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, % = 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 ¢ + g, r and urban fertility is g,, 7. In that case, urban inflows equal

M = (gnu — ¢) M +TI(1 - M)
(1=M)=gyrn(1=M)—¢(1—M)-T(1-M).

Now any 1 — M is consistent with a stationary equilibrium as long as g, g = ¢ + II. The urban share, in

turn, equals
I

B ¢_gn,U+H’

This is the baseline expression with ¢ — g,, ¢ in the place of ¢pdyg. The two therefore agree exactly, and not

M d) > gn,U-

only around the steady state: the urban share and its response to migration, a?oiMn = M (1 — M), coincide
g
at every migration rate.
In this version of the model, we need g, 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 g, g = ¢ + I
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