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Abstract

Existence of large income gaps between agricultural and non-agricultural workers in developing
countries is well known, but the exact source of the gaps is debated. The two main hypotheses,
barriers to labor mobility and sorting of workers based on unobserved comparative advantage,
have distinct predictions for aggregate efficiency but are difficult to distinguish using only cross-
sectional data typically available for developing countries. We use panel data from Indonesia
Family Life Survey to document that workers who move out of agriculture see an income gain
of over 20% while those who move into agriculture see a similar income loss, even if they stay in
the same location. We then ask whether even such within-worker sector premia tell us anything
about the presence of barriers to sectoral mobility. By themselves, they do not. However, taking
into account a richer set of moments of the joint sector-income distribution over time allows us to
identify the role of self-selection across sectors and of barriers to sectoral mobility. Our estimates
indicate that while self-selection is important, there are also barriers that significantly misallocate
workers across sectors. Removing such barriers would lead 35% of workers to reallocate and as
a result would increase aggregate output by as much as 21%.
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1 Introduction

Large and persistent gaps in average incomes of agricultural and non-agricultural workers in devel-
oping countries have been well documented. What exactly accounts for these gaps is still debated,
however. A common view is that the gaps exist because workers cannot arbitrage them away due
to broadly understood barriers to mobility across sectors and locations. Such barriers would sug-
gest that labor is inefficiently allocated. An opposing view, recently gaining influence, is that the
gaps simply reflect an efficient sorting of heterogeneous workers based on their observable and un-
observable characteristics. The goal of this paper is to evaluate what the observed income gaps
in Indonesia can tell us about the presence of mobility barriers and sorting and to quantify the
aggregate losses from any uncovered worker misallocation.

The relative plight of agricultural workers compared to non-agricultural workers in developing
countries is at first sight staggering. For example, wage workers outside of agriculture earn 80%
more than workers in agriculture in a median of 13 countries studied by Herrendorf and Schoellman
(2018). Similarly large gaps emerge when workers are split according to their place of residence
rather than the sector of their occupation. For example, urban households in Vietnam in 1998
had real per capita consumption twice as high as rural households (Nguyen et al. (2007)). Such
gaps could in principle merely reflect differences in the composition of workforce. For example, to
the extent that urban workers are typically better educated than rural workers, the differences in
their average wages could simply be picking up the return to additional human capital of urban
workers. But studies for various developing countries find evidence that substantial rural-urban
gaps remain after factoring out the effect due to differences in schooling achievement and other
observable individual characteristics (see, e.g., Hnatkovska and Lahiri (2016) for India and Qu and
Zhao (2008) for China). These residual gaps have been documented for wages, broader measures of
income, expenditure, and consumption. Similar gaps have also been identified in a parallel literature
using value added data to compare productivity of workers across sectors. Gollin, Lagakos and
Waugh (2014) show using a wide sample of countries that workers in non-agriculture are twice as
productive as workers in agriculture, after taking into consideration the differences in hours worked,
schooling and quality of schooling between rural and urban areas.1 Given the ubiquity of large
residual gaps estimated using different countries, measures, and methodologies, they appear to be
a real phenomenon rather than merely a measurement artifact.

It is therefore a puzzle why such gaps persist. Why do workers not switch to sectors and locations
offering higher income to workers with their observable characteristics, eroding the premia? There
are two main hypotheses in the literature. The first one is that the gaps are a manifestation of
barriers to mobility. To the extent that these barriers are at least partially induced by policies,
this view implies that labor is misallocated. Given the magnitude of the gaps, there are potentially

1Herrendorf and Schoellman (2015) caution that such gaps might overestimate true productivity differences due
to potential measurement problems in agricultural value added.
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large aggregate efficiency gains from mitigating the mobility frictions. In this spirit, Restuccia,
Yang and Zhu (2008) calculate that distortions to the allocation of labor between agriculture and
non-agriculture play an important role in explaining cross-country income differences.

An alternative explanation for the residual income gaps is that it is a result of sorting of workers
across sectors or locations based on characteristics known to them but not observed by researchers.
For example, a positive urban premium can be observed if workers choosing urban locations have
on average more unobservable skills than rural workers conditional on their education attainment.
This mechanism is the explanation of the urban premium recently proposed by Young (2013), who
builds on an adaptation of the Roy (1951) model by Lagakos and Waugh (2013). Importantly, in
this view residual gaps across sectors or locations can exist despite the allocation of labor being
efficient.

Given the different implications of the two canonical explanations of income gaps for allocative
efficiency, it is important to know which view is a better description of reality. A major shortcoming
of the existing literature accounting for income gaps is that it relies on cross-sectional data. But
as is well-known following Heckman and Honoré (1990), the estimation of selection models using
only cross-sectional data faces identification challenges. Existing studies therefore need to rely on
functional form assumptions (Bryan and Morten (2018)) or on indirect ways of detecting sorting
(Young (2013)). In this paper, we argue that augmenting a standard model of sorting by including
barriers to sectoral mobility requires longitudinal data to identify the parameters of interest, even
when imposing functional forms assumptions. We exploit the panel dimension of a dataset collected
in Indonesia, to provide more direct evidence of the extent barriers to sectoral mobility in a context
of self-selection.

The Indonesia Family Life Survey (IFLS, Strauss, Witoelar and Sikoki (2016)) we use is uniquely
well fitted for our goals. First, it is a longitudinal survey spanning a relatively long period of time,
with five waves of the survey conducted between 1993 and 2014. Second, a feature of the survey
design and implementation is that it exerts particular effort to track households and individuals
even if they migrate, a critical feature for a country undergoing a process of urbanization. Third,
IFLS records a rich set of socio-economic information on surveyed individuals. Fourth, with about
20000 surveyed individuals it is a large survey representative of more than 80% of the Indonesian
population. Fifth, with roughly 35%/65% split between agricultural and non-agricultural workforce
Indonesia is a relevant setting to investigate the gaps across boundaries traditionally used for de-
veloping countries. Finally, being the forth most populous country in the world Indonesia is an
important country to study in its own right.

We begin our analysis in the next section by documenting some robust features of the Indonesian
data. Just like in other developing countries, the ILFS data shows the existence of a large income
gap across sectors in Indonesia. Controlling for observable worker characteristics, workers outside
of agriculture earn 78% more than workers in agriculture. This is the non-agriculture premium we
want to understand better.
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Importantly, this premium already conditions on the rural vs. urban location. Much of the
literature tends to associate rural employment with agriculture and urban employment with non-
agriculture. This implicit isomorphism might lead to an intuition that non-agricultural premium is
to be expected even in the absence of sorting or frictions because it compensates workers for the
real cost of rural-to-urban migration. We find that logic to be misguided. In Indonesia 47% of rural
workforce has primary employment outside of agriculture and 10% of urban workforce is employed
primarily in agriculture, so we can meaningfully separate the non-agricultural and urban premia.
In this paper we emphasize the sectoral dimension more because most of the rural-urban residual
income gap can be accounted for by differences in sectoral composition of rural and urban areas
combined with the large non-agriculture premium. The direct urban premium estimated at 23% in
the cross-section of workers, while not trivial, is substantially smaller than the 78% non-agriculture
premium.

Moving beyond these cross-sectional premia, we exploit the panel structure of our data by relying
on within-worker variation in income across sectors and locations. This approach follows Katz and
Summers (1989) and the subsequent long tradition of estimating inter-industry wage differentials
in developed countries. In Indonesia, it reduces the residual gaps roughly by half, to 39% for non-
agriculture and 9% for urban locations. Digging even deeper, we compare the income growth of
workers moving out of agriculture relative to those staying in agriculture, and of workers moving
out of non-agriculture relative to those who stay employed in non-agriculture. Because we also
have detailed migration data, we can do this calculation even conditional on staying in the same
very narrowly defined geographical areas (village level). Perhaps our most surprising finding is that
the non-agriculture premium exists even within such local markets and that it is approximately
symmetric for switches in both directions. Workers who move out of agriculture see an income gain
of 22% while those who move into agriculture see a loss of 23%, even if they stay in the same village.
The reported premia are robust to a host of concerns about sample selection, estimation method,
and measurement issues.

The fact that half of the non-agriculture premium disappears after controlling for time-invariant
unobserved heterogeneity informally suggests that sorting does indeed occur and is important. The
question is if the 22% average excess income gain received by a worker who switches from agricul-
ture to non-agriculture can be reconciled with an efficient sorting based on comparative advantage
alone. In principle, it can. This is because the industry premia, even estimated using within-worker
variation, have by themselves little empirical content. We show this by extending a standard model
of self-selection based on both permanent and transitory components of comparative advantage to
include different types of barriers to sectoral mobility. In particular, we consider utility costs of
switching sectors (Dixit and Rob (1994); Cameron, Chaudhuri and McLaren (2007); Artuç, Chaud-
huri and McLaren (2010); Dix-Carneiro (2014)) and frictions preventing individuals from working
in their preferred sectors (akin to search costs as in Taber and Vejlin (2016)). We demonstrate that
the same cross-sectional and within-worker non-agriculture premia can be rationalized by different
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combinations of comparative advantage shock processes and barriers to mobility. In particular, by
picking the right covariance matrix for the transitory component of comparative advantage we can
generate large within-worker premia in the absence of any barriers. Similarly, we can have large
barriers to mobility despite observing zero non-agricultural premia. The premia alone cannot tell
us if there is any worker misallocation or not.

The comparative advantage process and barriers to mobility can be separately identified once
we impose some parametric structure and exploit a richer set of moments of the joint sector-income
distribution over time. We use indirect inference (Gourieroux, Monfort and Renault, 1993) for the
structural estimation of our model, where the selected auxiliary models are the main reduced-form
regressions that characterize the data features we are interested in and that allow us to identify the
full set of structural parameters, including the mobility barriers.

Our findings suggest that while self-selection clearly occurs, both types of barriers - utility
switching costs and inability to select the preferred sector - significantly improve the overall fit of
the model compared to the frictionless specification. They are both able to qualitatively match
simultaneously the sectoral premia and the patterns of the moments of the joint distribution of
income. For the switching costs specification, we estimate opposite signs for the switching costs
away from and towards agriculture. This pattern is observationally similar to receiving a positive
compensating differential for working in agriculture. If we assume that the choice of a sector is
always voluntary (but switching is costly), then the model uses utility compensation for moving to
agriculture to rationalize why so many workers make the move despite taking an income cut.

A considerably better fit to the data, however, is offered by the model which recognizes that
not all sectoral transitions are voluntary. In fact, our central estimate implies that half of the
transitions between non-agriculture and agriculture we see happen for random reasons (these can
be interpreted as life events forcing an individual to switch the sector of employment) rather than
in response to shocks to the comparative advantage. Once a worker lands in her sub-optimal sector,
moving to the preferred sector is difficult. Given its superior empirical performance, our preferred
model relies on this type of mobility friction.

The barriers to mobility are quantitatively important. To make this point, we conduct a coun-
terfactual exercise in our baseline model in which the frictions are removed entirely. This thought
experiment is standard in the misallocation literature, though of course extreme because we do not
know how the frictions could be completely eliminated in practice. With that caveat in mind, re-
moving all barriers to intersectoral mobility would result in a large reallocation of workers. Overall,
35% of workforce would be in a different sector than in the baseline equilibrium. Since the initially
misallocated workers reap large income gains from the reallocation (their income doubles on av-
erage), the adjustment has a sizable effect on aggregate output, raising it by 21.5%. Agricultural
employment contracts by 8 p.p., but output and productivity increase by double digits in both
sectors.

Among the large literature on the income gap between agriculture and non-agriculture, the
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most closely related work consists of a handful of papers that also exploit individual-level panel
information for developing countries. Beegle, De Weerdt and Dercon (2011) offer early evidence of
large within-individual gains in Kenia, but their focus is on consumption gains from migration rather
than the more puzzling income gains from sector switching conditional on not migrating. Perhaps
the closest, in concurrent work Hicks et al. (2017) also use the IFLS and find smaller within-
individual non-agricultural premium. As we explain in section 3.2.5, the divergence in our findings
stems from differences in the data selection and focusing on different measures of interest. More
importantly, we argue that the non-agricultural premium by itself is not necessarily an informative
statistic, and we estimate a structural model that allows us to quantitatively evaluate the importance
of barriers to sectoral mobility.

While our results are non-experimental and the magnitudes we report depend on the structural
assumptions we make, we believe our key finding of barriers to mobility is also broadly consis-
tent with the limited existing experimental evidence. In a randomized small-scale setting, Bryan,
Chowdhury and Mobarak (2014) find substantial gains from inducing workers in Bangladesh to
work outside their village, though again the focus is on consumption gains from migration making
direct comparison difficult. More closely, Sarvimaki, Uusitalo and Jantti (2018) using a natural
experiment in Finland find large income gains for workers who abandoned farming as a result of
forced migration.

2 Data

In this section we describe the data, only highlighting the features of the dataset most relevant for
our analysis. Comprehensive details about the design and implementation of the IFLS are reported
in Strauss, Witoelar and Sikoki (2016).

Our primary source of data is the Indonesia Family Life Survey. The first IFLS was conducted
in 1993, with subsequent waves in 1997, 2000, 2007, and 2014. From the outset the IFLS was
designed as a long-term panel survey, which allows us to compare life trajectories of individuals
making different occupational and locational choices. Furthermore, the IFLS puts considerable
effort into tracking individuals over time. This feature is rare among longitudinal household surveys
in developing countries, which typically lose respondents who move out of an original survey area.
As a measure of tracking success, Thomas et al. (2012) report that the 2007 IFLS managed to
interview 87% of individuals who were eligible to be tracked. Tracking movers is crucial for drawing
conclusions from a comparison of migrants and stayers when the decision to migrate is not random.

The IFLS is a large-scale survey, conducted in 13 of the 27 Indonesian provinces. Because the
ones excluded are mostly outlying provinces, the sample is representative of 83% of Indonesian
population. The first wave interviewed 22019 individuals and the number of respondents grew to
58337 in the fifth wave. In our analysis we restrict attention to adults (15 years or older) who are
employed and therefore answer the detailed work module of the survey. The definition of employed
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is expansive and comprises all persons who answered affirmatively to any of the following categories:
i) their primary activity during the past week was working, trying to work or helping to earn income;
ii) had worked for pay at least 1 hour during the past week ; iii) had a job or business, but were
temporarily not working during the past week; iv) had worked at a family-owned (farm or non-farm)
business during the past week.

For those individuals, the dataset we construct records their annual income, the sector where
they worked according to the job that consumed the most time, years of schooling, work expe-
rience by sector and standard demographic characteristics such as age and gender. In addition,
we use information on the household location in each survey wave and the movements recorded in
the migration module of the survey to construct individual location histories at various levels of
administrative detail.

Our main outcome variable of interest is annual income. The annual income can be derived from
wages, from net profits of a business (such as a farm), or from other sources such as government
transfers. We believe that total income is the appropriate measure in a setting where work on a
family farm is pervasive and where half of the workforce does not report any wage work.

Following a standard distinction for developing countries, we split locations according to whether
they are rural or urban. The rural-urban status of each survey location is determined by the Indone-
sian Central Bureau of Statistics (BPS) based on multiple criteria. Along a sectoral dimension, we
classify workers as employed either in agriculture or in non-agriculture comprising all other sectors.2

Table 1 reports descriptive statistics for the constructed dataset. In our analysis below we focus
on the 22829 individuals whom we observe in at least two waves of the survey, for a total of 70586
observations.3

3 Income Gaps across Sectors and Locations

3.1 Baseline Results

In this section we present the key patterns of income gaps across sectors and locations in Indonesia.
The gaps are estimated using Mincerian regressions with the following general form

ln yislt = Xitβ +DN +DU +Di + εislt, (1)

where yislt denotes income of an individual i working in sector s (agriculture or non-agriculture),
living in location type l (rural or urban) in year t. Xit collects standard individual covariates
such as sex, years of education, experience and experience squared, as well as year and province

2This two-sector partition is common in macro-development literature and is sufficient to illustrate the puzzle of
low agricultural incomes. We have also divided non-agriculture further into manufacturing and services. The income
gaps between manufacturing and services are small relative to the gaps between those two sectors and agriculture.

3Depending on the specification the effective sample size can be smaller as we do not observe all variables for all
individuals.
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dummies. DN and DU capture the non-agriculture and urban premia of interest, while Di captures
the time-invariant component individual heterogeneity.

The baseline specification is a reduced form relationship between income and certain observable
and unobservable worker characteristics. If workers switch between sectors randomly, then the DN

premium has a simple interpretation of an average gain that a worker can get by moving from
agriculture to non-agriculture. If, on the other hand, workers sort across sectors (and locations)
based on their unobserved comparative advantage as in Roy (1951) then the premia estimated
using equation (1) need not have a simple interpretation and a structural model is needed for an
exhaustive analysis. While our argument in this paper is that sorting is indeed important and we
therefore estimate a structural model later, we begin by discussing the reduced form OLS estimates
as they have a long tradition and they will be used as auxiliary models in our structural estimation.

As a starting point we estimate equation (1) without any controls except for the sector dummies.4

This specification simply compares average incomes across sectors and, as can be seen in the first
column of Table 2, these incomes vary greatly. Compared to agriculture, incomes in non-agriculture
are on average 84 log points [lp] (or 131%) higher.56 The second column compares urban and rural
incomes. The urban premium stands at a similarly dramatic 65 lp (or 91%). A natural question is
whether the urban and sectoral premia capture the same variation in the data.

Many studies take a dichotomous view of economic activity in developing countries. A classical
divide in development literature goes along the rural vs. urban dimension. Macroeconomists tend to
work with sectoral data and hence use the agriculture vs. non-agriculture split. But both literatures
often implicitly consider both partitions as interchangeable, for example by associating structural
transformation (decline of agricultural employment share) with urbanization (increase in urban
share). The joint distribution of workers across sectors and locations shown in Table 1 suggests
that such interchangeability is too crude in Indonesia. In 2000 (around the middle of our sample
period) the share of rural workers at 59% was quite a bit higher than the 37% share of agricultural
workers. Among rural workers 45% had primary employment outside of agriculture, while 11% of
urban workforce was employed in agriculture.

So can the raw urban premium be explained by different composition of sectors in rural and
urban locations or are urban workers paid more in the same sectors? Column 3 of Table 2 estimates
the urban and sectoral premia jointly. Controlling for sectors reduces the urban premium almost
by half, yet it is still high at 41 lp. Controlling for type of location has a smaller impact on sectoral
premia, still at 69 lp. These numbers are the first indication that sector of employment might have
a stronger effect on income than place of residence directly.

This point is further strengthened by controlling for individual worker characteristics in the
4In all specifications we control for year and province fixed effects. Observations are weighted by their longitudinal

survey weights and standard errors are clustered at the level of primary sampling units of the survey.
5Because the coefficients of interest are often large in magnitude we report them directly in log points and only

occasionally translate them to exact percentage differences.
6Reported coefficients are statistically significant at 5% level or lower unless mentioned otherwise.
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Mincer regression. Column 4 shows the urban premium of 21 lp and non-agriculture premium of
57 lp. Controlling for observables reduces the urban premium by half once again, while the sectoral
premium again changes much less. These residual (controlling for observables) income gaps are also
about as much as what can be calculated with cross-sectional data. They therefore correspond most
directly to the gaps calculated in most other studies.

Using the panel structure of our data we are in a position to begin addressing the issue of sorting
on unobservables. The specification in column 5 adds worker fixed effects to the set of controls. If
workers sort themselves into their initial careers based on their unobservable skill but subsequently
switch sectors randomly, then cross-sectional non-agriculture premium would suffer from a selction
bias but the worker fixed-effects premium could be interpreted as an average gain from switching
to agriculture. Using only within-worker variation to identify the gaps reduces the urban premium
by more than half to 8 lp. While not trivial, a 9% additional income gain associated with moving
from rural to urban location while keeping the same sector of employment is not shocking either.
In contrast, the non-agriculture premium is still surprisingly large. The same worker switching
from agriculture to non-agriculture without changing the rural-urban status sees on average an
additional income gain of 33 lp (or 39%). Column 6 paints a similar picture using sightly more
flexible specification with a full set of interactions between sector and urban dummies. Staying in
a rural area and switching away from agriculture gives an income boost of 33 lp.

Because the large premia estimated on switchers are the most novel and surprising reduced-from
finding of this paper, we now explore the mobility pattern in our data more carefully. The first panel
of Table 3 presents the count of wave-to-wave transitions between sectors and the third panel shows
the associated transition matrix.7 About 20% of workers in agriculture transition to non-agriculture
between survey waves, and 12% on workers in non-agriculture switch to agriculture. Overall, 24%
of workers change the sector at least once while in our sample. The fact that there are almost
as many cases of workers moving into agriculture as cases of workers moving out of agriculture is
puzzling in light of the large negative premium associated with working in agriculture. The second
and fourth panels of Table 3 records analogous transitions along the rural-urban dimension. There
is less mobility between rural and urban areas, with a change in location status in 9% of cases.
About 17% of workers move between rural and urban locations at least once while in our sample.
As expected in a developing country, there are more than twice as many transitions from rural to
urban than in the opposite direction, resulting in net migration to urban areas.

The sectoral and urban premia reported so far show an average effect of moving in and out of
the sector or location. We now reevaluate the income gaps while taking the direction of transitions
into account. The estimating equation now takes the form

∆ ln yislt = ∆Xitβ + ∆Dss′ + ∆Dll′ + ∆εislt, (2)
7These are transitions between two consecutive observations for each worker rather than year-to-year transitions.

The time between the waves of the survey varies form two to seven years.
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where ∆Dss′ and ∆Dll′ capture the direction of sectoral and locational transition. Results are
reported in the first column of Table 4. Along the locational dimension, workers who move from
rural to urban areas see an income increase of 9 lp relative to those who stay in rural areas. Workers
who move into rural areas have an income shortfall of 16 lp relative to those who stay in urban
areas. Results for the non-agriculture premium are once again stronger. Relative to workers who
remain in agriculture, workers switching out of agriculture see an additional income growth of 22
lp. Workers who switch from non-agriculture to agriculture see an income loss of 33 lp relative to
workers remaining in non-agriculture.

So far we have established existence of a significant income premium for working in non-
agriculture controlling for movements between rural and urban locations. But it is still conceivable
that movements within rural and urban locations, if correlated with sector switching and having
an independent effect on income, might bias the estimates of the sectoral premium. Now we isolate
geographic mobility completely using the detailed migration information provided by our dataset.
We interact the direction of sectoral transition variable ∆Dss′ with an indicator for whether a
worker migrated across village boundary (or correspondingly fine location for cities). The second
column of Table 4 displays the results, with workers staying in agriculture and staying within a
village as a reference category. Workers who migrate and move out of agriculture have the largest
income gains; workers who migrate and move into agriculture suffer the largest relative income
losses. But perhaps the most striking results are for workers who do not migrate: those who switch
out of agriculture gain additional 20 lp in income relative to those who remain in agriculture. Those
switching into agriculture see an income loss of 26 lp relative to non-movers who remain employed
in non-agriculture.

That such large non-agricultural premium can be identified from within-worker sector switches
within very narrow geographical areas is truly surprising. Moreover, it is not easily reconciled with
the workhorse models of labor markets in developing countries. If workers are sorting across sectors
according to comparative advantage that is fixed over time and switching is costless and happens
because of changes in sectoral prices (as in the standard Roy model), then we should not expect
to see a large premium for switchers, and we should expect flows to be in one direction only. If
switching is costly and occurs only if the income gain justifies incurring the mobility cost then we
should see a positive premium regardless of the direction of the voluntary switch. In contrast, we see
workers switching to agriculture taking systematic cuts to their income that is of similar magnitude
as gain for workers switching in the opposite direction. Thus it seems that there is a pure premium
associated with working in non-agriculture. There are several possible rationalizations for why
the premium might exist in an equilibrium. First, workers might demand utility compensation
for switching to agriculture. We explore both unrestricted (i.e., possibly negative) switching costs
and compensating differentials as a possible rationalization of the observed choices. In the case
of compensating differentials, workers simply attach higher non-monetary value to working on a
farm than for other jobs. Our concern is that given the harsh realities of farm work in developing
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countries this explanation is not quite compelling. For that reason, we also consider a friction that
results in some workers switching sectors randomly rather than voluntarily. Finally, as we argue
later, the premium can arise even in the frictionless setting when switching happens because of
idiosyncratic shocks to the comparative advantage over time. In order to quantify the relevance of
these explanations, in the next two sections we develop and estimate a structural model capturing
them all. But before we get to the model, we show the robustness of our motivating reduced-form
findings.

3.2 Robustness

In this subsection we illustrate that the existence of a non-agriculture premium is robust to a number
of concerns about measurement, interpretation and estimation. Our baseline point of reference is
the 57 lp cross-sectional premium and 33 lp within-worker premium reported earlier in column 4
and 5 of Table 2.

3.2.1 Job Type

The first exercise incorporates information on a type of job workers engage in as this helps to
illuminate the nature of labor markets in Indonesia. Workers in IFLS can be consistently classified
into 4 categories: self-employed, private workers, government workers and unpaid family workers.
As Table 5 reports, self-employment is the most common work status, accounting for almost half
of employment. Private sector workers earning wages and salaries - a category that would usually
be the focus in studies based on developed countries - constitutes less that a third of the workforce.
Almost 15% of workers who typically help in household work or in a family business or farm are
classified as unpaid family workers. These workers nevertheless can report income and are included
in the analysis, but our results are robust to dropping this category altogether. The second panel
of Table 5 also reports the 10 most common occupations. The point of this table is to show what
non-agriculture typically means in Indonesia. It is more about being a self-employed street vendor
rather than having a formal factory job in manufacturing.

Controlling for the job type has a small impact on the non-agriculture premium, e.g., reducing
it from 33 lp to 29 lp in the worker fixed effects regression. More interestingly, Table 6 reports the
results of interacting job type with a direction of switch. For the two main categories, self-employed
and private workers, there is about 25 lp premium for switching to non-agriculture relative to staying
in agriculture. Workers switching away from non-agriculture suffer a loss of similar magnitude
relative to workers remaining in non-agriculture. The similarity of results for self-employed and
wage workers can come as a surprise. The non-agriculture premium for wage workers could be
in principle rationalized along similar lines as intersectoral or even inter-firm wage differentials
documented for developed countries. There might be good non-agricultural jobs that pay more
than bad agricultural jobs because employers in non-agriculture for some reason share rents with
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their employees. But such rent-sharing explanation would be silent as to why we see a similar
premium for self-employed workers switching sectors since they are the residual claimants of their
effort. The sectoral premium for the self-employed is thus perhaps our most surprising finding.

Going back to earlier discussion, the non-agriculture premium could reflect compensating dif-
ferentials, if, e.g, workers value flexible schedule associated with farm work. But the fact that the
premium exists for self-employed in both sectors makes compensating differentials less compelling
as an explanation. Furthermore, going one step further we can show that the premium of the same
magnitude exists even for self-employed workers switching sectors while staying in the same narrow
location. We do not find it plausible that workers willingly give up 25% of their income because
they prefer to run a farm than a non-farm business in the same village.

3.2.2 Wages and Consumption

While our preferred outcome variable is annual income, there can be concerns about the quality of
that self-reported measure. The problem could be particularly stark for self-employed who often
have to allocate family business income to individuals. As a robustness check we now restrict
attention to annual wage income that is less likely to suffer from measurement problems. Doing
so comes at the expense of restricting the sample by more then half to individuals who work for
wages in the private or government sector. Table 7 illustrates that the same pattern of premia can
be observed using data for wages as for total income, though the magnitudes are a little smaller.
Controlling for worker fixed effects, the non-agriculture premium is 23 lp, while the urban premium
11 lp. Despite the sample size being significantly reduced the premia are still precisely estimated.

Since the IFLS records consumption expenditure, it offers an additional way of verifying that
working in non-agriculture allows a higher standard of living. One drawback of consumption data
in the present context is that it is recorded at a household level, whereas the focus of the paper is
on individual decisions. This requires some adjustments to make the results comparable. The first
column of Table 8 reports results of a household-level cross-sectional regression of log per capita
expenditure (Log PCE) on a continuous variable measuring the share of household income derived
from non-agriculture and an urban dummy. Column 4 reports a corresponding calculation for per
capita household income. Households that derive higher share of income from non-agriculture have a
higher per capita consumption, though the elasticity is not as large as for income. The rest of Table
8 reverts to individual level regressions, but with dependent variables still at the household level.
Column 3 results indicate that if a member of a household moves from agriculture to non-agriculture
than the average consumption in the household increases by over 7 lp. This might appear as a modest
number compared to the baseline income premium so two comments are in order. First, since a
survey worker typically accounts for less than 60% of income in his household, the coefficient should
be scaled by the inverse of that share to be interpretable as an increase in consumption associated
with all household workers switching to non-agriculture. This transformation would increase the
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non-agriculture consumption premium to about 13 lp. To illustrate that this transformation is
reasonable column 6 performs it on per capita income variable. The transformed coefficient of
35 lp is very close to the baseline non-agricultural premium. Second, in similar specifications the
consumption premium is still only 1/3-1/2 as large as income premium. In light of permanent
income logic perhaps it should not be surprising that an income shock associated with switching
sectors has only partial pass-through to consumption.

3.2.3 Heterogeneity in Mincerian Returns

The baseline regressions control for standard Mincerian determinants of income such as education
and experience. The coefficients on these determinants do not vary between sectors and rural/urban
locations, however. A recent paper by Herrendorf and Schoellman (2018) argues that this might
lead to an overstatement of the residual income gaps, if, e.g, non-agriculture offers higher returns
to education and experience. To address this concern, we now allow the Mincerian returns to vary
be sector and location. Table 9 reports the associated premia, calculated as the average marginal
effects of switching for the population.8 While some underlying returns do indeed differ by sector,
this has no significant effect on the estimated premia of interest.

3.2.4 Additional Jobs and Home Production

Workers are assigned to a sector according to whether their main job is in agriculture or non-
agriculture. Correspondingly, the annual income is constructed using the income from the main
job. Some workers, however, have more than one job. If having a secondary job is more common for
agricultural and rural workers then we might overestimate the non-agriculture and urban premia.
Columns 3 and 4 of Table 10 show the premia estimated when instead we take into account income
from worker’s both primary and secondary jobs. This adjustment reduces the premia by about a
fifth.9

Another concern is that by focusing on income we are not taking into account home produc-
tion which is not trivial in developing countries. If agricultural households do not include food
produced and consumed in-house in their income then this could lead to an overstatement of the
non-agriculture premium. The IFLS data allows us to assess how important this consideration is
because it asks households to report the value of goods and services produced for own consumption.
The average share of self-produced consumption is about 10%, but is predictably higher in rural
areas (13%) than in urban areas (7%). As a robustness check we therefore scale up individual in-
comes (from both main and secondary job) by the inverse of the share of self-produced consumption
in a household the individual belongs too. This effectively increases incomes of workers in rural

8Results are similar if we calculate the average marginal effects for switchers instead.
9Using a continuous measure of the share of income a worker derives from non-agriculture instead of a dummy for

the primary job leads to similar results, with a cross-sectional premium of 47 lp and 26 lp in the specification with
worker fixed effects.
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and predominantly agricultural households. As columns 5 and 6 report, this has little effect on the
estimated premia. Columns 7 and 8 consider an adjustment even more favorable for agriculture -
scaling incomes by the inverse of the share of home-produced food in total food consumption. This
again does not affect the estimated non-agriculture premium much, though the urban premium
becomes insignificant.

3.2.5 Hours Worked

All the results so far show that workers in agriculture have lower annual income than workers in non-
agriculture. One natural question is to what degree this income difference is driven by systematic
differences in labor supply across sectors. To investigate this issue, Table 11 adds hours worked
per year to the set of individual controls. Controlling for hours worked reduces the non-agriculture
premium by about a fifth. In particular, comparison of columns 2 and 4 shows that the premium
identified from switchers falls from the baseline level of 33 lp to 27 lp. This reflects the fact that
workers in non-agriculture work more hours, as illustrated in Table A.2 in the Appendix. Column
2 of that table shows that the same workers supply on average 15% more hours when they switch
to non-agriculture.

Whether one actually should condition on hours work in calculating the sectoral premia can
be debated. The answer depends on the interpretation one wants to give to the premia and on
the reason hours differ across sectors. In this paper, the non-agricultural premium is meant to
capture an increase in the annual income that can be expected by a worker switching away from
agriculture. To the extent that the switch is associated with higher labor supply, this increase in
hours should be included as part of the benefit of switching. Our baseline measure therefore does
not control for hours. In our view, thus calculated premium is a more interesting object than a
premium netting out the effect of hours. The reason is that a sector of employment and supply of
hours are best seen as a package. Our conjecture is that lower hours worked in agriculture observed
for the same individuals are an indication that these individuals are frequently underutilized in
agriculture, perhaps because of intrinsic seasonality of farm work.10 If workers are forced to be idle
for stretches of time in agriculture, then their low average utilization should be considered as a part
of the productivity gap between agriculture and non-agriculture.

Another interesting feature seen in columns 3 and 4 in Table 11 is that the elasticity of annual
income with respect to annual hours worked is only about one half. This means that income per
hour is declining in hours worked, consistent with diminishing returns to labor. Combining this
observation with higher hours in non-agriculture explains why the non-agricultural premium in
terms of income per hour (columns 5 and 6) is smaller than the premium controlling for hours
(columns 3 and 4).11 However, even when identified off switching workers income per hour is

10Table A.1 and column 3-4 of Table A.2 show that the results are robust to including the secondary job. This
alleviates a concern that lower hours in the main job for agricultural workers are offset by having a second job.

11If we control for hours worked in the income per hour specifications in columns 5 and 6 then the premia would
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still significantly (19 lp) higher in non-agriculture. We report these numbers mainly because some
of the literature interprets measures of income per hour as “wages” and uses them to calculate
sectoral wage premia. In particular, in a concurrent paper also using the IFLS data Hicks et al.
(2017) argue that non-agricultural premium in Indonesia largely disappears when they use their
preferred regression of income per hour with worker fixed effects. There are two main reasons why
our substantive findings are different. First, in our implementation we only rely on information
on income and hours reported contemporaneously by the survey respondents. In contrast, Hicks
et al. (2017) also rely on recall information for several years prior to the survey. As discussed in
more detail in Appendix B, the recall information is likely subject to non-classical measurement
error which can bias the estimated non-agricultural premium downwards. Second, even though
our results are robust to controlling for hours and looking at hourly income, as argued earlier our
conceptually preferred specification does not take hours into account. Comparing income per hour
could indeed be preferable in a setting in which workers are offered constant hourly wages and freely
choose the sector to which to allocate their marginal hour of work. But if hours are largely dictated
by the nature of work in a sector then sector is the relevant “marginal” choice. Since we find the
second case to be more plausible in the context of Indonesian labor markets we do not adjust our
preferred non-agricultural premia for differences in hours.

3.2.6 Long-Run Income Growth

One of our most surprising findings is that workers who switch from non-agriculture to agriculture
suffer an income loss of around 30%. To be more precise, an interpretation of coefficients in the first
column of Table 4 is that a worker who switches away from non-agriculture between two survey waves
has an income growth over that period 33 lp lower relative to what he would be expected to get if
he remained in non-agriculture. Taking a large income cut could nevertheless be a rational decision
for a worker maximizing his lifetime discounted income if he expects that the current loss of income
will be compensated by higher future income growth in agriculture. This argument potentially has
some merit because over our sample period average income growth was indeed higher in agriculture.
To illustrate these differential trends, Table A.3 in the appendix shows the evolution of the non-
agricultural premium over time. While it is strong and statistically significant throughout, it does
decline over our sample period, especially in the cross-section, consistent with agricultural incomes
partially converging to those in non-agriculture.

However, if switching workers could accurately predict the future income path then we would
expect that over a long period of time those who took a cut switching to agriculture are not worse off
than workers who remained in non-agriculture. As a first test of this hypothesis we look at income
growth over the entire 21-year period spanned by IFLS 1-5. Column 1 of Table 12 shows that workers
who started in non-agriculture in 1993 but switched to agriculture by 2014 had income growth over

be identical to those in columns 3 and 4.

15



that period lower by 37 lp compared to those who began and finished in non-agriculture. This result
suggests that switchers to agriculture do not make up their initial loss even after a prolonged time.

By using a single long time difference, the previous exercise identifies an average effect of switch-
ing among workers with diverse interim sectoral employment histories. Our second exercise exploits
this interim information. For this purpose, we consider employment histories spanned by three
observations at equal 7-year intervals (i.e. those individuals with data for 1993, 2000, 2007 or 2000,
2007, 2014). We are interested in comparing the change in income over the 14-year span for workers
who made different sectoral decisions during that period. Figure 1 shows the mean log wages for a
few key histories. In particular, compare income of NAA-history workers (i.e. those who switched
from non-agriculture to agriculture during the first 7-year period and stayed in agriculture dur-
ing the second 7-year period) to income of NNN-history workers (who remained in non-agriculture
throughout). Before the switch, NAA-workers had on average lower incomes, consistent with idea
that those who switch are negatively selected from non-agricultural workers. More importantly,
after the switch their incomes decline relative to NNN-workers. This is another reflection of the loss
from switching emphasized in this paper. But the gap between NAA- and NNN-workers does not
significantly narrow over the subsequent 7-year period. So crucially, over the entire 14-year period
incomes of non-agricultural workers who permanently switched in the first half of the period fall
back relative to those who stayed in non-agriculture.

Column 2 of Table 12 casts this analysis into a regression framework with the usual controls. We
find that workers who switched from non-agriculture to agriculture during the first 7-year period
and were still in agriculture at the end of the second 7-year period had a cumulative growth over 14
years lower by 19 lp (significant at 0.05 level) than if they had remained in non-agriculture over this
period. Similarly, workers who switched into non-agriculture in the first period and remained there
had long-run income higher by 15 lp than if they had remained in agriculture, though that effect is
less precisely estimated (significant at 0.10 level).12 Overall we take these results as evidence that
workers who chose agriculture have lower incomes even in the long run.

4 Model of Sorting across Sectors with Barriers to Sectoral Mo-
bility

In the previous section we establish that income differences between agriculture and non-agriculture
in Indonesia are evident not only in the cross-section, but also among workers who switch sectors.
One of the main goals of this paper is to investigate what these reduced-form findings tell us
about the extent of self-selection and barriers to sectoral mobility. To this end, in this section
we introduce a simple discrete-time model of the labor supply in which heterogenous workers self-

12In principle we could construct even longer histories which would allow us to control for pre- and post-trends of
various groups. Unfortunately, between the number of possible histories increasing and the number of individuals
with required data decreasing with history lengths, these longer histories would have limited statistical power.
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select into sectors in each period based on the value of their human capital. Workers switch across
sectors due to exogenous variation in the prices of human capital over time and due to the presence
of an idiosyncratic time-varying component in their sector-specific human capital that resembles
transitory productivity shocks. As we argue in the next section, the latter component is able to
generate by itself a within-individual sectoral premium, with the sign depending on the magnitude
of its relative dispersion across sectors. However, our structural estimation suggests that in order
to simultaneously fit the magnitudes of the premia, the allocation and transition of workers across
sectors over time, and the moments of the joint income distribution, some frictions to sectoral
mobility are needed in the model.

For that reason, we evaluate different types of barriers to sectoral mobility that misallocate work-
ers across sectors. We first consider switching costs across sectors (Dixit and Rob (1994); Cameron,
Chaudhuri and McLaren (2007); Artuç, Chaudhuri and McLaren (2010); Dix-Carneiro (2014)) and,
relatedly, compensating differentials (Rosen (1986); Taber and Vejlin (2016)). Switching costs act
as utility burdens that constrain voluntary switches, inducing misallocation across sectors. Since
we estimate opposite signs for the switching costs away from and towards agriculture, the model
with switching costs performs similarly to a specification in which workers receive a positive com-
pensating differential for working in agriculture. Next, we consider a specification with imperfect
self-selection, where we allow for frictions that prevent individuals from working in their preferred
sector. These frictions could be rationalized by on-the-job searching frictions (Gautier, Teulings and
Van Vuuren (2010); Gautier and Teulings (2015)), for example. In contrast to the case of utility
costs, where mobility barriers bind only for workers with relatively small differences in comparative
advantage, in the alternative specification even workers with a strong comparative advantage in
one sector can be affected by the frictions. Because frictions affect the inframarginal workers, the
induced allocative inefficiency in this case generates a larger impact on the aggregate income.

4.1 Frictionless Economy

Suppose workers choose the sector at each time t to maximize their contemporaneous utility.13 Let
Ωit be a vector of state variables for an individual i at time t. The income an individual receives
in sector s is a product of the exogenous price of human capital in sector s at time t, Rst , and the
amount of human capital the worker can supply to that sector:

yst (Ωit) = Rsth
s (Ωit) .

The supply of human capital depends on both observable and unobservable components. The
former are gathered in a vector of covariates Xit, which in our estimation includes gender, the

13Given our empirical findings in section 3.2.6 we abstract from modeling inter-temporal choices. Turning the model
into a dynamic one would greatly complicate the analysis, without necessarily affecting the insights from our simpler
framework.
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urban-rural location, years of schooling, years of working experience and the square of working
experience. Notice that since we emphasize in this paper the sectoral dimension of the residual
wage premia, we abstract from the choice of location, and treat the urban-rural choice just as
another covariate. Since the sectoral premia are robust to heterogeneous Mincerian returns across
sectors, we assume for simplicity homogenous returns on covariates, and hence we focus our attention
on self-selection based on the unobservable components. The set of unobservables includes a time
invariant component θsi , representing the permanent comparative advantage of worker i in sector s,
and an idiosyncratic time-varying term εsit, resembling a transitory productivity shock that affects
the comparative advantage of the same worker i in sector s at time t:

hs (Ωit) = exp
(
X ′itβ + θsi + εsit

)
.

As in standard selection models, the functional form assumptions on the distribution of the
components of comparative advantage are key for identification. We assume that the permanent
component θsi is i.i.d. across individuals, drawn from a normal distribution N (µθ, Σθ). Productivity
shocks are also normal i.i.d. across individuals and time, εsit ∼ N (µε, Σε) and for identification
purposes, orthogonal across sectors. We impose the normalization µθ = µε = 0 in order to identify
the evolution of prices of human capital over time.

Let us now describe the worker’s problem. The worker is choosing at the beginning of period
t where to work. At the time of the decision she knows the value of the comparative advantage
components and the human capital prices. Her problem is:

V (Ωit) = max
s
{V s (Ωit)} , (3)

where the value of working in sector s in the frictionless case is simply the logarithm of the income,
V s (Ωit) = V s

ef (Ωit) = ln yst (Ωit).
Finally, we assume the researcher observes individual income ŷsit subject to a pure idiosyncratic

measurement error νit:
ln ŷsit = ln yst (Ωit) + νit.

We assume the measurement error has mean zero and is normal i.i.d. across individuals and time,
νit ∼ N

(
0, σ2

ν

)
. Notice that an alternative interpretation of this error is as an ex-post productivity

shock that affect the worker’s observable income, but not her sectoral choice. Since in this case
the ex-post shock does not affect workers’ self-selection into sectors, the model delivers the same
predictions under both specifications.

Our model abstracts from the possibility that workers drop out from the labor market, to focus
attention on the role of sorting and the barriers to sectoral mobility introduced in the next section
in explaining non-agriculture premia among active workers. For this reason, in the structural
estimation we use the balanced panel of workers with income recorded in the five available waves of
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IFLS. Denote by Θ the set of all structural parameters. The elements of Θ are listed and described
in the first column of Table 13.

4.2 Economies with Barriers to Sectoral Mobility

The first type of barrier to sectoral mobility that we consider is a utility cost of switching across
sectors. This cost could reflect tangible expenditures such as training or transportation costs, or
intangibles such as social adjustment costs. Denote by φs′s the utility cost for switching from sector
s′ (which was chosen in t−1) to sector s, common to all individuals. The value of working in sector
s is then:

V s
sc (Ωit) = ln yst (Ωit)− lnCst−1st (Ωit) ,

where

Cst−1st (Ωit) = Cs
′s =

φ
s′s if s 6= s′

1 if s = s′
.

The problem of the worker is the same as in (3) but with V s (Ωit) = V s
sc (Ωit). In the general case

we do not restrict lnφs′s to be positive, so in principle switching costs could also measure a utility
compensation for lnφs′s < 0.

As we show in the next section, we estimate opposite signs for lnφAN and lnφNA (where A and
N denote agriculture and non-agriculture, respectively), a pattern that is observationally similar
to receiving a positive compensating differential for working in agriculture.14 In the case of a
compensating differential, the value of working in a sector can be defined as:

V s
cd (Ωit) = ln yst (Ωit) + lnCs,

where

Cs =

cd if s = A

1 if s = N

and thus the differential cd measures the additional utility that a worker obtains by working in
agriculture (relative to working in non-agriculture). This differential can be related to any attribute
of the agricultural work that is valued by individuals: less exposure to pollution, crime, or crowding,
more flexible work schedules, etc. Note that both switching costs and compensating differentials
act as if proportionally scaling down or up income, so they can be interpreted in terms of annual
earnings. Further, notice that the specification with switching costs adds two parameters (φAN ,φNA)
to Θ, whereas the model with a compensating differential only adds one (cd).

Finally, we also consider a different kind of barrier to the allocation of workers across sectors.
14The model with a compensating differential cd is observationally equivalent to a model with switching costs

φAN = cd, φNA = 1/cd.
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We want to capture an idea that workers do not always get to work in a sector that they would like,
even if they have a strong comparative advantage in that sector. These frictions can be interpreted
as life events forcing an individual to switch the sector of employment, and are meant to capture in
a simple way the underlying search frictions. Specifically, we assume that at the beginning of each
period an individual gets a random draw such that she will be able to choose the sector she desires
with probability 1−p (Ωit) and she will be forced to work in the other sector with probability p (Ωit).
The probability p of being forced to accept a job in a sector other than desired can depend on the
worker’s state. In particular, we want to allow for the possibility that it might be more difficult to
switch a sector than to keep working in the same sector, by letting the probability differ between
those who desire to switch and those who desire to stay:

pst−1st (Ωit) = ps
′s =

p
T if s 6= s′

pS if s = s′
.

Similarly as with the switching costs, this specification adds two parameters (pT ,pS) to Θ.

5 Structural Estimation

In this section, we describe the estimation procedure and the identification of the parameters of the
structural model. The estimation method is Indirect Inference (Gourieroux, Monfort and Renault
(1993)). We rely on the functional form assumptions to deliver a proof for identification in a
simplified version of the model.

5.1 Estimation Procedure

The first step in the estimation procedure is to choose a set of auxiliary regression models that
summarize the main features of the data we want to capture: the sectoral premia, the moments
of the joint distribution of income and the workers’ sectoral decisions over time. Those auxiliary
models are used to compute the Indirect Inference loss function to be minimized, and hence they
must be simple to estimate multiple times. As we explain below, for identification this method does
not require that those auxiliary regressions are well specified (i.e. models which are exact reduced
forms of the structural model, in which case Indirect Inference is equal to MLE). However, we do
need that the selected models provide us enough information about the moments in the data that
allow us to identify the set of structural parameters Θ.

We first reduce the dimensionality of Θ by estimating the Mincerian returns β in a linear
regression of log-income on observables controlling for the interaction between sectoral choice and
year. With the estimated β̂ we construct the residual income net of observables that is used for
estimating the rest of the model. We can estimate β separately from the rest of Θ because the
observables do not affect the self-selection of workers given our assumption of homogeneity in the
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Mincerian returns across sectors.15

To estimate the rest of the structural parameters in Θ, we select the following seven auxiliary
models: i) a log-residual income linear regression on the sector choice, controlling for time fixed
effects; ii) a log-residual income linear regression on the sector choice, controlling for time and
individual fixed effects; iii) a log-residual income linear regression on the direction of sector switching
between waves, controlling for time fixed effects; iv) a log-residual income linear regression in first
differences on the direction of sector switching between waves, controlling for the first differences
in years of the waves; v) a log-residual income linear regression on the interaction between sectoral
choice and year; vi) a sectoral choice linear probability model on time dummy variables; and vii) a
sectoral choice linear probability model on the previous sectoral choice. The role of each of these
models in identifying the structural parameters is explained in the next subsection.

For efficiency reasons, we only use the coefficients of interest of the selected auxiliary regressions
in the Indirect Inference loss function. Hence, we use the following 29 coefficients of the seven
auxiliary models: 1-2) the non-agriculture premia in models i) and ii); 3-6) the sector-specific
premia for switching workers from models iii) and iv); 7-23) the full set of estimated coefficients
from models v) to vii); 24-25) sector-specific residual variance in model v); and 26-29) sector-specific
residual variance for non-switching and switching workers in model iv). Table 14 summarizes the
auxiliary models as well as the selected coefficients.

Arrange the values of the selected coefficients estimated in the actual data in the vector δ̂. The
elements of vector δ̂ are displayed in the third column of Table 15 and remain fixed during the
estimation procedure. The Indirect Inference loss function is computed as the weighted sum of the
squared differences between the values in δ̂ and the values for the same set of coefficients obtained
from simulations of the structural model. For weights, we use factors that represent the importance
of the estimated coefficient in the identification of the structural parameters of the model, assigned
after extensive experimentation. Appendix C describes their magnitudes and presents technical
aspects of the estimation procedure in more detail.

Finally, in the models with switching costs or involuntary choices there is an issue of endogeneity
of observing workers’ initial sector allocation in the panel. We address it by introducing a pre-sample
period zero with sectoral choice free of switching costs in the first case, and with a probability of
being forced to work in the undesired sector independent of the worker’s state in the second case.16

We use pre-sample information on covariates when available to construct the distribution of the
initial conditions. This way, although the auxiliary regressions are computed only for the five years
in the sample, the data generating process of the model produces draws also for period zero.

15A conceptually identical but numerically less efficient estimation could be performed including β and using log-
income to compute all auxiliary regressions, controlling for observables. This is why we can safely drop the effects of
observables from our identification proof in Appendix D.

16We make this probability equal to pS .
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5.2 Identification

In this section we discuss how from the selected coefficients of the auxiliary regressions we obtain
the set of moments that allows us to identify the parameters in Θ. Those moments are enumerated
in Appendix D, where we demonstrate how Θ is identified in a simplified version of the model with
two periods. In the proof, we take advantage of the functional form assumptions to extend the
standard cross-sectional moments by including moments of the income distribution of the switching
workers across waves, available only thanks to the panel dimension of the data, with the aim to
set up a system of equations to solve for all parameters in Θ. We fully expect our reasoning to
generalize to the same setting with a larger number of years. To verify this hypothesis, we generate
multiple samples from the model with simulated covariates over the number of years as observed
in the data, using different sets of parameters values. We find that the chosen auxiliary regressions
allow the estimation procedure to obtain the values of parameters used to generate each sample.

Let us first comment on the main insights from the demonstration in Appendix D. In the
frictionless economy sectoral decisions do not depend on workers’ histories, so the model behaves
in each period t as the standard log-normal Roy model with comparative advantage usit = θsi + εsit.
In this case, we can use standard arguments of Heckman and Honoré (1990) to identify from
repeated cross-sectional moments the prices of human capital (which, given our normalizations, act
as the means of the distribution comparative advantage) and the variance matrix of usit in each
period augmented by the variance of measurement error. Only with panel data we can separately
identify the variances of the permanent and transitory components of comparative advantage and
the variance of measurement error, inferred from the moments of the growth in income of switchers.
The intuition is that the amount of additional information that switchers provide about the joint
distribution of income in response to changes in relative human capital prices is similar to the
information obtained from exclusion restrictions and support conditions in the process of non-
parametric identification of cross-sectional non-normal Roy models.17

We are able to find the analytical expressions for the moments of the income distribution of the
employment transition groups across waves exploiting the property that draws of usit in different
periods of time are joint normally distributed, since each one is the sum of two normally distributed
random variables. In this way, we can express the transition probabilities across waves and the
observed moments of the growth in income for switchers using upper truncated multivariate normal
distributions, where the prices of human capital in the two periods affect the truncation values. We
verify that by adding this information from the switchers to the standard cross-sectional moments
we can set up a system of equations with an unique solution for all parameters in Θ.

For the case of switching costs and frictions, sectoral choices depend on workers’ histories and
with only repeated cross-sectional data we can no longer identify either the prices of human capital

17See French and Taber (2011) for a detailed discussion about parametric identification of selection models through
distributional assumptions and nonparametric identification using exclusion restrictions and support conditions.
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or the variance matrix of usit augmented by the variance of measurement error. That is, we obtain
the non-identification result that even with the log-normality assumptions, the standard Roy model
is not identified in the presence of barriers to sectoral mobility. We can generate two combinations
of Θ, with different values for at least one parameter other than the corresponding barriers, that
produce exactly the same set of cross-sectional moments. This is due to the fact that the cross-
sectional moments depend on the distribution of the previous sectoral choices. Therefore, in order
to identify the full set of parameters in Θ we need panel data even under log-normality assumptions.

In a similar way as with the moments of the employment transition groups in the frictionless
economy, for the models with barriers to sectoral mobility we can derive the closed-form solutions of
the cross-sectional moments, the transition probabilities and the moments of the growth in income
for switchers, expressed all of them in terms of moments of upper truncated multivariate normal
distributions, but with a dimensionality that grows with the number of time periods in the panel.
Switching costs affect the truncation values of the distributions, similar to the human capital prices,
whereas the probabilities of forced switches shift the entire distribution. We verify again that adding
the moments of the growth in income for switchers and the transition probabilities to the standard
cross-sectional moments we obtain a system of equations with an unique solution for all parameters
in Θ, including switching costs.

Now we discuss in detail how the selected coefficients of the auxiliary regressions in our Indirect
Inference loss function capture the set of required moments for identification. First, linear proba-
bility models vi) and vii) describe the distribution of sectoral choice in each cross-section and the
average transition probabilities between waves, respectively. Combined, these models characterize
the evolution of the joint distribution of sectoral choice over time, and hence they deliver the proba-
bilities of sectoral transition across all waves. Second, for the moments of income growth, we use for
the first moments both the within-individual premium from model ii) and the premia for switching
workers relative to stayers in the model in first differences iv). The difference between the two is
that the latter model takes into account the direction of transition, so it can actually inform the
estimation procedure with the observed gains of switchers to non-agriculture and the losses of work-
ers switching to agriculture separately, unlike the fixed-effects premium. For the second moments
we use the residual variances for workers switching to each sector from model iv).

For the cross sectional moments, model v) informs us about the conditional expected incomes in
each combination sector-year, since it includes a full set of interactions for sector and year. Those
coefficients, taking together with the cross-sectional premium in model i), characterize the first
cross-sectional moments. We collect the residual variances for the pool of workers in each sector
from model v) and the residual variances for non-switching workers to each sector from model iv),
to account for the second cross-sectional moments. That is, since we have an identical distribution
of the productivity shocks across years, we only need those four variances to characterize the second
cross-sectional moments, instead of a full set of variances from each combination of sector and year.

Our set of cross-sectional moments in Appendix D also includes third central moments. The
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intuition of including those moments is that self-selection produces right skewness in a sector’s earn-
ings if the variance of the comparative advantage draws in that sector is larger than the covariance
(Heckman and Honoré (1990)). Hence, those moments contribute to inform us about the relative
magnitudes of the elements of the variance-covariance matrix of comparative advantage. However,
in practice, estimating those third moments can be problematic since they can be very sensitive to
outliers. Likely for that reason, and up to the best our knowledge, no estimation of selection models
by Indirect Inference resorts to their use. We substitute the information of these moments with
model iii), which compares the average performance of a switching worker to each sector with their
peer group after the switch. This comparison, which is only possible with panel data, provides us
with evidence regarding the nature of sorting in the data, in particular, whether there is positive
or negative hierarchical sorting into each sector. Hence, as in standard selection models, those
premia are informative about the relation between the covariance and the ratio of variances of the
comparative advantage draws. Thus model iii) offers the same amount of information that the third
central moments provide in our identification strategy.

It is worth to emphasize that Indirect Inference does not require that all auxiliary models are well
specified for identification and consistent estimation of the parameters. As Sauer and Taber (2017)
argue, the only requirement is that each structural parameter has to have an independent effect on
at least one coefficient of the auxiliary models. Thus, a necessary condition for identification is to
check that each parameter monotonically affects at least one coefficient of the auxiliary regressions,
and that it produces a unique combination of responses on all the selected coefficients. We verify this
requirement holds by visualizing the effects of changes in each structural parameter in the selected
coefficients, keeping the remaining parameters constant, over the domain where those parameters
are expected to lie on.18

6 Results

In this section we present the structural estimation results and use them to quantify the importance
of barriers to mobility and of self-selection. We begin with a frictionless model and show that it fails
to explain some salient features of the data. Models featuring frictions provide a much better fit to
the data and imply a large extent of misallocation in Indonesia. Finally, we discuss the empirical
content of the reduced form non-agriculture premia when viewed through the lens of the model.

6.1 Estimation Results

Column (1) of Table 13 shows the values of the Indirect Inference point estimates for the 16 struc-
tural parameters in the frictionless economy, and the standard errors from 100 bootrstraps. Given
those estimated parameters the model generates the values for the 29 coefficients of the auxiliary

18The grids (one per each structural parameter) of 29 plots (one per each selected coefficient of the auxiliary
regressions) are available upon request.
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regressions displayed in column (4) of Table 15. The last row of this table shows the value of the
loss function, indicating the overall fit of the model (with smaller values indicating a better fit).

Perhaps surprisingly, the model without any frictions is not only able to replicate the cross-
sectional non-agriculture premium, but also to generate a sizable within-individual premium. In
the estimated frictionless economy, workers who switch from non-agriculture to agriculture see their
incomes decline by 21 lp on average. This striking result can be explained by a selection effect
generated by the transitory productivity shocks. As a result of this mechanism the fixed effect
premium is shaped largely by the variance of transitory shocks across sectors. We formally state
this result for a simplified version of the model in the following proposition.

Proposition 1. Consider the frictionless model with two periods and human capital prices equal
across sectors and over time. Then the average growth of log income of workers switching from
agriculture to non-agriculture is positive if and only if σ2

εN > σ2
εA. Furthermore, the average growth

of log income of workers switching from non-agriculture to agriculture has the same magnitude but
is of the opposite sign.

Proof. See Appendix E.

Since with two periods the fixed effects premium is simply equal to to the average growth of log
income of switchers (taken with appropriate signs), we immediately have the following implication.

Corollary 1. Under the same conditions as in Proposition 1, the non-agriculture premium identified
from a regression with worker fixed effects is positive if and only if σ2

εN > σ2
εA.

To understand these results, observe that after workers sort themselves into sectors in the first
period, the only reason a worker would switch to a different sector next period is a change in the
balance of productivity shocks, εNit − εAit. With equal variances of shocks across sectors, the average
growth in income is the same for switchers in both directions, so the within-individual premium is
null. But in the case of asymmetric variances, the shocks with a larger dispersion have a higher
chance to take extreme values, resulting in larger average increase in income of workers shifting to
the sector with the larger variance. Thus, the sign of the non-agriculture premium after controlling
for worker fixed effects depends only on the relative size of the variance of the productivity shocks:
it is positive when the variance is larger in non-agriculture, and negative otherwise. This reasoning
carries over quantitatively to the estimated general model with multiple periods and evolving human
capital prices.

The main message from this discussion is that finding a large non-agricultural income premium
after controlling for worker fixed effects, as we find for Indonesia, by itself does not indicate that
workers face any frictions in choosing their sector of employment. In principle, the premium can
be explained simply by larger dispersion of productivity shocks faced by non-agricultural workers.
But the pattern of variances have observable implications for moments other than sectoral premia.
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In particular, the frictionless model struggles to simultaneously account for non-agricultural premia
and the pattern of the residual variances of workers’ earnings in the data (the variance is larger
in the agriculture sector). To generate the cross-sectional and fixed effects non-agriculture premia,
the frictionless model forces the relative magnitudes of the variances for both the permanent and
transitory components of comparative advantage to be opposite to the pattern observed in the
residual variances. This enables it to display a relatively good fit for the premia (0.56 lp and
0.21 lp in the model versus 0.57 lp and 0.40 lp in the data for the cross-sectional and the fixed-
effects premia, respectively), but at the expense of generating residual variances that are completely
reversed relative to the data (compare coefficients δ24, δ25 and δ26, δ27 in columns (2) and (4) of Table
15). To explain jointly the premia and the patterns of the residual variances, we need to introduce
some frictions to the sectoral allocation in the model.

The first type of friction is represented by utility costs of switching sectors. When we restrict
the switching costs to be positive, which is a standard and perhaps natural case, we find that
they have effectively no impact on the estimates. The reason is that the estimated costs are small
in magnitude, and in particular, the zero bound for the cost of switching from non-agriculture
to agriculture is binding. This result might seem surprising, given that the literature estimating
utility costs of switching sectors typically finds them to be large, often equivalent to multiples of a
worker’s annual income (e.g. Artuc, Lederman and Porto (2015)). But the magnitudes might not be
easily comparable across studies, as they depend on what other mechanisms of sector determination
are built into the respective models. In our case, when we allow for self-selection according to
comparative advantage then positive switching costs do not have much additional explanatory
power. In particular, if switching to agriculture was costly then it would be even more puzzling
why so many workers make the move.

The situation is different if we remove the restriction on the sign of the switching costs. Column
(2) of Table 13 shows the estimates for the model with unrestricted switching costs, and column
(5) of Table 15 the corresponding coefficients of the auxiliary models. The switching costs are
of opposite signs, approximately symmetric in magnitude, and of a large magnitude. A worker
switching from agriculture to non-agriculture faces a cost of 64 lp of annual income equivalent (i.e.
roughly equivalent to her annual income). That is, a worker who actually moves from agriculture
to non-agriculture, must have a value of her human capital in non-agriculture at least 90% largeer
than in agriculture. For smaller differences, the worker remains in agriculture. A worker switching
towards agriculture receives a utility compensation equivalent to almost doubling her new agricul-
tural income. That is, a worker who actually switches from non-agriculture to agriculture, could
have a value of her human capital in agriculture as much as 47% smaller than in non-agriculture.

Because of this implied compensation, the model now has an easier time justifying why workers
switch to agriculture. It can rationalize the income cuts of workers switching to agriculture in
terms of negative switching cost so it does not need to rely on the counterfactual pattern of residual
income variances. It can therefore generate both a within-individual premium that is close to the
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one observed in the data (0.35 lp in the model versus 0.40 lp in the data) and deliver the correct
qualitative patterns for the residual variances (larger variances in agriculture, see coefficients δ24

to δ27 of Table 15). In summary, the overall fit of the model with switching costs is substantially
better (last row of Table 15).

Since the estimated switching costs are nearly symmetric (i.e. φANφNA is close to 1), the
model with switching is similar to a specification with a single positive compensating differential
for working in agriculture.19 Columns (3) in Table 13 and (6) in Table 15 show, respectively, the
estimated parameters and the obtained auxiliary coefficients for the latter model. In this case,
individuals are willing to be paid less to work in agriculture simply because it is a sector they enjoy
more. This estimated preference is strong, as it is equivalent to increasing a worker’s agricultural
income by 61 lp (or 89%). Comparing columns (5) and (6) in Table 15 shows that the compensating
differential model fits the data nearly as well as the more flexible model with switching costs.

These estimates demonstrate that in order to be consistent with the salient features of worker-
level panel data on sectoral employment and income, a model built on revealed preferences (i.e.
voluntary choices) needs to make switching to agriculture attractive in some non-pecuniary terms.
While estimating compensating differentials has a long history, we recognize that in our context
they are not a particularly satisfying explanation. Ultimately, such utility-based compensation
is a residual force that allows the model to rationalize choices otherwise difficult to explain. We
therefore explore an alternative conceptual approach to think about barriers to sectoral mobility.
Instead of treating all observed sectoral transitions as a result of voluntary choices, the alternative
is to recognize that sometimes workers switch sectors for reasons independent of their productivity.

First we consider a specification with a single probability p of a worker being forced to a different
sector than she would desire. This probability is estimated to be 0.06 (see column (4) in Table 13),
which might not seem large, but in fact implies that most of the observed switches are of this
random nature. This parsimonious explanation fits the data noticeably better (see column (7) in
Table 15) than the models with utility switching costs.

Next, we increase the model’s flexibility by allowing the probability of the involuntary sector
allocation to depend on whether the workers wants to switch or to remain in the same sector as
in the previous period. This specification captures the notion that switching a sector might be
more difficult than staying put. This is indeed the case: as reported in column (5) in Table 13,
the probability that a worker who wants to remain in a sector has to switch anyway is pS = 0.11,
whereas a worker wanting to switch most likely will not get the chance to do so (pT = 0.81). These
numbers imply that 63% of the observed transitions from non-agriculture to agriculture are driven
by chance rather than in response to productivity shocks. The effect is not symmetric, in that only
32% of switches to non-agriculture are forced by randomness.

The explanation offered by this model for the prevalence of income-reducing transitions to
agriculture is thus that these transitions are largely random events. Furthermore, once a worker

19Recall the result in footnote 14.
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finds herself in a non-desired sector she can be “trapped” there for a while, because it is difficult to
transition to the other sector. The model with these features provides a considerably better fit to
the data than all the alternatives presented above, as can be seen from column (8) in Table 15.20

In particular, it can match closely not only the qualitative pattern of non-agriculture premia and
residual variances but also their magnitudes. It is also the only specification that can replicate
the asymmetry in the magnitude of income growth of switchers to agriculture and switchers to
non-agriculture (coefficients δ5 and δ6) that is observed in the estimation sample. Since this model
offers superior empirical performance and what we believe is a compelling underlying mechanism,
it is our preferred specification and the basis for further analysis.21

6.2 Counterfactual Exercises

We now proceed to quantify the importance of mobility barriers across sectors by computing the
counterfactual equilibrium in which the barriers are removed. While this counterfactual is intended
to illustrate the response of labor supply to the removal of such frictions, it is worth pointing out
that the exercise lacks a general equilibrium adjustments of factor prices. Such adjustments can
dampen the reallocation of workers, so our results should be regarded as an upper limit of the full
impact.

We simulate counterfactual data setting pS = pT = 0 while keeping the remaining elements
of Θ̂ and the values of covariates as in our baseline model. We first discuss the implications of
eliminating the frictions for aggregate income and then present sectoral outcomes. Denoting by
N the total number of individuals in the panel, we compute the number of individuals reallocated
after the barriers are removed, equal to M , and the fraction of the population that is reallocated,
m = M

N . To decompose the impact of workers’ misallocation on total income Y into its different
margins, denote by Ym the sum of earnings of the misallocated individuals. Further, denote by
ψm the ratio of the average income of the misallocated individuals to the average income in the
population, ψm ≡ NYm

MY . Thus, the percentage growth rate of total income after removing mobility
frictions can be expressed as the product of three terms:22

∆%Y = mψm∆%Ym. (4)

The first term represents the fraction of the population that is reallocated, the second term how
20This is a fair comparison since the model has the same number of free parameters as the model with switching

costs.
21Extending the model to also include compensating differentials or positive switching costs has very little effect on

the estimated probabilities of involuntary switches and the model fit.
22To prove this, for any variable x in the observed data let x′ denote its counterfactual value in the frictionless

economy, and x̂ ≡ x′

x
the proportional change. Since individuals who remain in the same sector do not observe any

adjustment in their income, we can express: Ŷ = Ŷ m
Ym
Y

+ (Y−Ym)
Y

. After some manipulation we can rewrite the
latter expression as: Ŷ = mψm(Ŷ m − 1) + 1, and hence the percentage growth rate of total income after removing
switching costs, ∆%Y = 100(Ŷ − 1), as in equation (4).
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important on average is the income of those individuals relative to the whole population in the data,
and the third term the growth rate in the total income of all misallocated individuals.

Table 16 presents the results of the calculation. The main finding is that removing workers’
mobility barriers across sectors leads to a significant reallocation of workers across sectors (35%
of the total labor force) and to a large increase in income of misallocated workers (which doubles
on average). As a result, it produces a sizable impact in aggregate terms: an increase of around
21.5% in total income (pooled across all years). It is worth noting that the effect would have been
even larger if the misallocated workers were average earners. However, in our estimated model,
the representative misallocated worker earns 57% of what the average worker earns in the whole
panel (largely because the misallocated workers cannot realize their full earning potential when they
are in the wrong sector). This fact moderates the effect of the reallocation of those workers on the
adjustment in the aggregate income. It is also worth noting that in our baseline specification income
is the only determinant of utility, so increases in income result in identical increases in welfare.23

Table 17 breaks down the results further by sector. Removing barriers to mobility would result
in an agricultural employment shrinking by 8.1 p.p. as a share of total workforce. While this
net change is not small, it is significantly smaller than the 35 p.p. gross flows of workers between
sectors. Gross flows exceed net flows because there are workers wrongly allocated in both sectors.
Furthermore, because the misallocated workers have on average lower productivity than the average
worker in their sector, removing the misallocation increases (labor) productivity in both sectors, by
10.1% in non-agriculture and a whooping 44.4% in agriculture.24 Consequently, output increases
in both sectors. In particular, it increases by 14.2% in agriculture despite the sector contracting in
terms of employment.

In summary, our results indicate that labor is misallocated to a significant degree in Indonesia
because of barriers to mobility across sectors. Eliminating such barriers would potentially lead to
large aggregate productivity gains. Our work does not offer a practical guide to how the barriers
can be eliminated in practice, but it highlights that policies easing frictions workers face in making
sectoral choices could have a large positive impact on the economy.

6.3 Industry Premia Revisited

With the structural model at our disposal, we now use it to shed more light on the empirical content
of the reduced-form sectoral premia of the kind we estimated in section 3.

There is a strand in the literature (e.g., Hicks et al. (2017), Herrendorf and Schoellman (2018))
arguing that if substantial cross-sectional non-agriculture premium largely disappears after control-
ling for worker fixed effects, then the data can be explained by an efficient sorting of workers. In

23In contrast, in a model with barriers to mobility modeled as utility costs of switching, income and welfare would
diverge, with the average growth in utility smaller than in income, but positive.

24The estimated processes of permanent and transitory components of comparative advantage draws imply that
both sectors are “standard” in the Roy model terminology of Heckman and Honoré (1990).
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section 6.1 we explained that frictionless sorting does not imply that there should be zero premium
identified from within-worker variation. The flip-side of this argument is that once we allow for
barriers to sectoral mobility, the absence of the within-worker premium does not imply that the
allocation is efficient. There can be many combinations of processes for permanent and transitory
components of comparative advantage draws and barriers to mobility that result in the same cross-
sectional and (possibly zero) within-worker premia. To separately identify the role of frictions and
of sorting we have to look beyond industry premia at a rich set of moments observable in a panel
of workers.

To illustrate this discussion, column (2) in Table 18 reports the cross-sectional and within-
worker non-agriculture premia obtained from data simulated in a counterfactual removing frictions
in our baseline model (discussed in the previous subsection). Even though the allocation is perfectly
efficient in this case, the non-agriculture premium from a regression with worker fixed effects is not
zero, but in fact strongly negative at -31 lp. The negative premium is a natural consequence of
larger variance of productivity shocks faced by workers in agriculture.

The level of the fixed-effect premium by itself therefore does not have clear implications for the
strength of barriers to mobility if sorting is also present. But the difference between the fixed effect
and cross-sectional premia does indeed indicate the presence of sorting. To illustrate this point,
we consider an alternative counterfactual scenario in which self-selection is eliminated. Specifically,
we set σ2

θA
, σ2

θN
, σ2

εA
, σ2

εN
all to zero. In this case all workers are identical and would prefer non-

agriculture as it offers higher prices for human capital. There is no sorting, and both sectors
employ workers because of the frictions restricting workers from selecting their preferred sector.
As column (3) in Table 18 confirms, when transitions between sectors are purely random the fixed
effect premium takes effectively the same value as the cross-sectional premium.

To summarize, comparing the cross-sectional and within-worker sector premia can be a useful
diagnostic for detecting self-selection. But detecting barriers to sectoral mobility in observational
data requires imposing sufficient structure and using data beyond the sectoral premia.

7 Conclusions

We present extensive reduced-form evidence of a substantial premium for working outside of agri-
culture in Indonesia. The same individual switching to work in non-agriculture gains about 25-30%
income, while an individual switching in the opposite direction faces an income loss of a similar
magnitude. We argue that in order to generate simultaneously those premia and the main moments
of the joint distribution of income, we need to extend the models that attribute income gaps across
sectors only to sorting of workers by including barriers to sectoral mobility that misallocate workers
across sectors.

Our preferred way of thinking about barriers to mobility is that they restrict the ability of
workers to work in their desired sectors. Such frictions misallocate a large fraction of workers across
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sectors (35% in our baseline specification), and imply large income gains (of around 100%) for the
misallocated workers when they reallocate. As a result, output in Indonesia could increase by as
much as 21% if barriers to mobility across sectors were removed.

In this paper we are agnostic about the root causes of the barriers to sectoral mobility. Investi-
gating what constitutes such barriers, why they persist, and what policies can be used as a remedy
would be fruitful avenue for future research.
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Tables

Table 1: Descriptive Statistics

IFLS 1: 1993 IFLS 2: 1997 IFLS 3: 2000 IFLS 4: 2007 IFLS 5: 2014
Share of male 0.60 0.62 0.59 0.58 0.57
Mean age 41.4 38.1 39.0 40.7 41.2
Mean years of schooling 5.4 6.1 7.1 7.8 8.7
Joint distribution over sectors and locations
Total Agriculture 0.45 0.35 0.36 0.36 0.29

Rural Agriculture 0.42 0.31 0.32 0.31 0.24
Urban Agriculture 0.03 0.03 0.04 0.05 0.05

Total Non-Agriculture 0.55 0.65 0.64 0.64 0.71
Rural Non-Agriculture 0.27 0.30 0.27 0.25 0.27
Urban Non-Agriculture 0.28 0.35 0.37 0.39 0.44

Total Rural 0.69 0.62 0.59 0.56 0.50
Total Urban 0.31 0.38 0.41 0.44 0.50
No. observations 9714 12875 17931 20874 24475
Main sample: panel of workers with 2+ observations

No. observations 70586
No. individuals 22829

35



Table 2: Sectoral and Urban Income Premia

(1) (2) (3) (4) (5) (6)
Log Income Log Income Log Income Log Income Log Income Log Income

Non-Agriculture 0.839*** 0.686*** 0.574*** 0.332***
(0.041) (0.040) (0.036) (0.033)

Urban 0.647*** 0.405*** 0.207*** 0.084**
(0.045) (0.042) (0.036) (0.032)

Agr.×Urban 0.062
(0.055)

Non-Agr.×Urban 0.416***
(0.046)

Non-Agr.×Rural 0.326***
(0.039)

Year FE Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes
Individual FE Yes Yes

Observations 48299 48308 48299 44494 44497 44497
R2 0.412 0.394 0.424 0.503 0.518 0.518

Notes: Individual controls: education, experience, experience sq., and sex. Observations weighted by longitudinal
survey weights. Standard errors clustered by enumeration areas (primary sampling units of the survey) in parentheses.
Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

Table 3: Transitions across Sectors and Locations

Sector transitions No. of cases Share of total

AA 13214 27.68
AN 3886 8.14
NA 3546 7.43
NN 27098 56.76

Total 47744 100.00

Indiv. who switch at least once 23.89

Location transitions No. of cases Share of total

RR 23299 48.79
RU 3171 6.64
UR 1166 2.44
UU 20121 42.13

Total 47757 100.00

Indiv. who switch at least once 16.91

Sector in T+1
Agricult. Non-Agr.

Sector in T Agricult. 0.78 0.22
Non-Agr. 0.12 0.88

Location in T+1
Rural Urban

Location in T Rural 0.90 0.10
Urban 0.05 0.95

Notes: XY indicates a transition from sector (or location type) X to Y between two consecutive observations for an
individual. A - Agriculture, N - Non-agriculture, R - Rural, U - Urban.

36



Table 4: Premia for Switchers and Stayers

(1) (2)
∆ Log Income ∆ Log Income

Sector transitions
AN 0.220***

(0.050)
NA -0.392***

(0.049)
NN -0.066***

(0.023)
Location transitions
RU 0.091*

(0.047)
UR -0.199***

(0.058)
UU -0.040*

(0.023)
Sector trans. × Migration
AA × Migrate -0.108

(0.092)
AN × Stay 0.196***

(0.053)
AN × Migrate 0.275**

(0.108)
NA × Stay -0.379***

(0.054)
NA × Migrate -0.472***

(0.110)
NN × Stay -0.117***

(0.021)
NN × Migrate -0.008

(0.039)
∆ Year FE Yes Yes
∆ Province FE Yes Yes
∆ Indiv. cont. Yes Yes

Observations 27697 24858
R2 0.075 0.075

Notes: XY indicates a transition from sector (or location type) X to Y between two consecutive observations for an
individual. A - Agriculture, N - Non-Agriculture, R - Rural, U - Urban. Migrate indicates movement outside of the
village boundary. Omitted categories: staying in agriculture (AA) and staying in rural area (RR) in column 1; staying
in agriculture within the same village (AA×Stay) in column 2. Individual controls: education, experience, experience
sq., and sex. Observations weighted by longitudinal survey weights. Standard errors clustered by enumeration areas
(primary sampling units of the survey) in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table 5: Job Types and Top Occupations

Job Type Empl. share
Self-employed 0.471
Private worker 0.318
Government worker 0.068
Unpaid family worker 0.142

Top 10 Occupations Empl. share
Agricultural and animal husbandry workers 0.352
Salesmen, shop assistants and related workers 0.136
Bricklayers, carpenters and other construction workers 0.038
Maids and related housekeeping service workers NEC 0.038
Working proprietors (catering and lodging services) 0.034
Transport equipment operators 0.032
Teachers 0.031
Food and beverage processors 0.027
Working proprietors (wholesale and retail trade) 0.026
Service workers NEC 0.025

Cumulative 0.739
Notes: Employment shares reported for IFLS 4 (2007).

Table 6: Premia for Switchers and Stayers by Job Type

(1) (2) (3) (4)
Self-employed Private Worker Government Unpaid Family

AN-AA 0.259*** 0.245*** 0.111 0.335
18.31 11.98 0.43 1.21

NA-NN -0.309*** -0.274*** -0.225 -0.871*
33.61 17.89 1.02 3.79

Notes: Table presents tests based on results of a first-difference regression (2) (c.f. column 1 in Table 4) with direction
of sectoral switch interacted with job type. Reported are the difference in coefficients of interest and the value of an
F(1,296) test that the difference is zero. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table 7: Wage Premia

(1) (2) (3) (4)
Log Income Log Income Log Wage Log Wage

Non-Agriculture 0.574*** 0.332*** 0.490*** 0.231***
(0.036) (0.033) (0.051) (0.050)

Urban 0.207*** 0.084** 0.193*** 0.119***
(0.036) (0.032) (0.042) (0.035)

Year FE Yes Yes Yes Yes
Province FE Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes
Individual FE Yes Yes

Observations 44494 44497 23139 23140
R2 0.503 0.518 0.556 0.601

Notes: Individual controls: education, experience, experience sq., and sex. Observations weighted by longitudinal
survey weights. Standard errors clustered by enumeration areas (primary sampling units of the survey) in parentheses.
Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

Table 8: Consumption Premia

(1) (2) (3) (4) (5) (6)
Log PCE Log PCE Log PCE Log PCI Log PCI Log PCI

NA sh. in HH income 0.305*** 0.702***
(0.017) (0.040)

Non-Agr. 0.214*** 0.075*** 0.492*** 0.197***
(0.014) (0.013) (0.030) (0.024)

Urban 0.315*** 0.161*** 0.095*** 0.416*** 0.225*** 0.063*
(0.029) (0.024) (0.026) (0.043) (0.034) (0.037)

Non-Agr./Yih/Yh 0.382 0.134 0.884 0.352
Year FE Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes
Individual FE Yes Yes

Observations 40168 53546 53550 38365 51690 51693
R2 0.707 0.742 0.784 0.504 0.520 0.541

Notes: Specifications (1) and (4) estimated at a household level with observations weighted by longitudinal household
survey weights. (1) also includes the number of household members (level and squared) as controls. NA sh. in
HH Income is a continuous variable measuring the share of non-agriculture in household’s income. Specifications
(2)-(3) and (5)-(6) estimated at an individual level. Individual controls: education, experience, experience sq., and
sex. Observations weighted by longitudinal survey weights. Standard errors clustered by enumeration areas (primary
sampling units of the survey) in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table 9: Premia with Heterogeneity in Mincerian Returns

(1) (2) (3) (4)
Log Income Log Income Log Income Log Income

Non-Agriculture 0.574*** 0.332*** 0.625*** 0.314***
(0.036) (0.033) (0.039) (0.034)

Urban 0.207*** 0.084** 0.200*** 0.074**
(0.036) (0.032) (0.034) (0.032)

Year FE Yes Yes Yes Yes
Province FE Yes Yes Yes Yes
Indiv. controls Yes Yes Yes Yes
Individual FE Yes Yes
Het. in Mincer Yes Yes
Observations 44494 44497 44494 44497
R2 0.503 0.518 0.506 0.520

Notes: Columns (3) and (4) allow for differences in Mincerian returns across sectors and locations. Average marginal
effect for the population reported. Average effects for switchers are similar. Individual Mincerian controls:
education, experience, experience sq., and sex. Observations weighted by longitudinal survey weights. Standard
errors clustered by enumeration areas (primary sampling units of the survey) in parentheses. Significance levels: *
p<0.10, ** p<0.05, *** p<0.01.
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Table 10: Premia with Additional Jobs and Home Production

Base Base Add. Job Add. Job Add+HH TC Add+HH TC Add+HH FC Add+HH FC
(1) (2) (3) (4) (5) (6) (7) (8)

Log Income Log Income Log Income Log Income Log Income Log Income Log Income Log Income

Non-Agr. 0.574*** 0.332*** 0.501*** 0.264*** 0.462*** 0.251*** 0.447*** 0.245***
(0.036) (0.033) (0.034) (0.032) (0.033) (0.032) (0.032) (0.032)

Urban 0.207*** 0.084** 0.171*** 0.063* 0.141*** 0.057* 0.124*** 0.051
(0.036) (0.032) (0.034) (0.034) (0.033) (0.034) (0.033) (0.034)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes

Observations 44494 44497 44489 44492 44489 44492 44489 44492
R2 0.503 0.518 0.514 0.538 0.513 0.540 0.515 0.545

Notes: Base is the baseline specification involving primary job only. Add. Job also includes secondary job. HH TC scales income by the inverse of the share
of self-produced consumption in household’s overall consumption. HH FC scales income by the inverse of the share of self-produced food in household’s
food consumption. Individual controls: education, experience, experience sq., and sex. Observations weighted by longitudinal survey weights. Standard
errors clustered by enumeration areas (primary sampling units of the survey) in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

41



Table 11: Premia with Hours Worked

(1) (2) (3) (4) (5) (6)
Log Income Log Income Log Income Log Income Log Inc./Hour Log Inc./Hour

Non-Agriculture 0.574*** 0.332*** 0.441*** 0.271*** 0.297*** 0.185***
(0.036) (0.033) (0.034) (0.032) (0.036) (0.036)

Urban 0.207*** 0.084** 0.160*** 0.084*** 0.109*** 0.076***
(0.036) (0.032) (0.031) (0.026) (0.029) (0.028)

Log Hours/Year 0.496*** 0.432***
(0.011) (0.011)

Year FE Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes

Observations 44494 44497 43841 43843 43841 43843
R2 0.503 0.518 0.592 0.595 0.478 0.493

Notes: Individual controls: education, experience, experience sq., and sex. Observations weighted by longitudinal
survey weights. Standard errors clustered by enumeration areas (primary sampling units of the survey) in parentheses.
Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

Table 12: Long Run Premia

1993-2014 93-07/00-14
(1) (2)

∆ Log Income ∆ Log Income

AA-AN 0.172
1.38

NA-NN -0.369***
9.10

ANN-AAA 0.147*
2.79

NAA-NNN -0.186**
4.62

Observations 2567 7857
R2 0.105 0.098

Notes: Column 1 presents tests based on results of a first-difference regression (2), where the difference is over the
period 1993-2014. Reported are the difference in coefficients of interest and the value of an F(1,288) test that the
difference is zero. Column 2 presents tests based on a first-difference specification over 14 years (1993-2007 or 2000-
2014) controlling for direction of switch during the first and second 7-year period. Reported are the difference in
coefficients of interest and the value of an F(1,292) test that the difference is zero. Other controls and weights are as
in column 1 in Table 4. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table 13: Parameter Estimates

(1) (2) (3) (4) (5)

Parameter Frictionless Unrestricted
switching costs

Compensating
differential

Single
probability of
involuntary
choices

Heterogeneous
probabilities of
involuntary
choices

Variance of permanent comparative advantage in sector s (σ2
θs) and covariance (σθAN )

σ2
θA

0.29 0.50 0.52 0.36 0.41
(0.03) (0.05) (0.05) (0.02) (0.02)

σ2
θN

0.63 0.45 0.48 0.72 0.64
(0.04) (0.04) (0.04) (0.02) (0.03)

σθAN 0.26 0.16 0.18 0.32 0.26
(0.04) (0.04) (0.05) (0.02) (0.02)

Variance of transitory productivity shocks in sector s (σ2
εs)

σ2
εA

0.00 0.12 0.12 0.00 0.25
(0.00) (0.03) (0.03) (0.00) (0.02)

σ2
εN

0.06 0.00 0.01 0.00 0.03
(0.01) (0.01) (0.01) (0.00) (0.02)

Variance of measurement error (σ2
ν)

σ2
ν 0.73 0.72 0.71 0.65 0.47

(0.01) (0.01) (0.01) (0.01) (0.02)

Price of human capital in sector s at time t (Rst )
RA1 0.80 0.45 0.47 0.79 0.77
RA2 1.29 0.73 0.75 1.22 1.15
RA3 1.18 0.57 0.62 1.07 1.10
RA4 1.41 0.81 0.88 1.35 1.51
RA5 1.74 1.07 1.12 1.62 2.00
RN1 1.08 1.33 1.31 1.21 1.48
RN2 1.74 1.95 1.94 1.89 2.20
RN3 1.36 1.69 1.66 1.53 1.79
RN4 1.77 2.21 2.16 1.99 2.15
RN5 2.16 2.42 2.50 2.54 2.52

Switching cost of moving from sector s to sector s′ (φss′)
lnφAN – 0.64 – – –

(0.04)
lnφNA – -0.63 – – –

(0.03)

Compensating differential
ln cd – – 0.61 – –

(0.04)
Probabilities of involuntary choices

p – – – 0.06 –
(0.00)

pS – – – – 0.11
(0.01)

pT – – – – 0.81
(0.02)

Notes: Standard errors from 100 bootstraps in parentheses. All standard errors for Rst are smaller than 0.1 times the
point estimate value.
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Table 14: Auxiliary Models and Selected Coefficients

Auxiliary model Selected coefficients Coefficient description

i) Log-residual income linear regression on the sector
choice:

δ1 Non-agriculture premium
(cross-sectional)

ln ỹits = c+ 1 {dit = N} δ1 +Dt + εist

ii) Log-residual income linear regression on the sector
choice:

δ2 Non-agriculture premium
(within-individual)

ln ỹits = c+ 1 {dit = N} δ2 +Dt +Di + εist

iii) Log-residual income linear regression on the
direction of sector switching:

δ3 = γNA
δ4 = γAN − γNN

Premia for switchers to
each sector relative to

ln ỹits = c+ 1 {dit−1 = s, dit = s′} γss′ +Dt + εist their peers post-switch

iv) Log-residual income linear regression in first
differences on the direction of sector switching:

δ5 = δAN
δ6 = δNA − δNN

Premia for switchers to
each sector relative to

∆ ln ỹits = 1 {dit−1 = s, dit = s′} γss′ + ∆Dt + εist non-switching workers

v) Log-residual income linear regression on the
interaction between sector choice and year:

δ7

δ8 = γA×2 . . . δ16 =
γN×5

Constant
Interactions sector and
year

ln ỹits = δ7 +{1 {dit = N} × 1 {dit = t}} γs×t+εist

vi) LPM of sector choice on time dummy variables: δ17 Constant
1 {dit = N} =δ22 + 1 {dit = t} γt + εist δ18 = γ2 . . . δ21 = γ5 Year dummies

vii) LPM of sector choice on previous sector choice: δ22,δ23 Constant and lagged
1 {dit = N} =δ27 + 1 {dit−1 = N} δ28 + εist sector choice

viii) Residual variances: δ24, δ25 For workers in each sector
from model v)

δ26, δ27 For non-switching
workers in each sector
from model iv)

δ28, δ29 For switching workers to
each sector from model
iv)

Notes: LPM stands for linear probability model. ỹits is the residual income of individual i in time t working in sector s,
that satisfies ln ỹits = ln yits−X ′itβ̂, where yits is the observed income, X ′it is the set of observables that includes gender,
urban-rural location, years of schooling, years of working experience and square of years of working experience, and
β̂ is the vector of estimated coefficients on observables in the log-income linear regression on the interaction between
sector choice and year conditional on observables: ln yits = δ + X ′itβ + {1 {dit = N} × 1 {dit = t}} γs×t + εist. Dt
corresponds to year fixed-effects and Di to individual fixed-effects. ∆x is the first difference of variable x. 1 {dit = N}
is a dummy indicating whether individual i works in non-agriculture in period t, 1 {dit−1 = s, dit = s′} is a set of
dummies indicating whether individual i in period t − 1 worked in sector s and in period tworked in sector s′, and
1 {dit = t} is a set of dummies indicating whether the observation of worker i corresponds to period t. The omitted
category in models iii) and iv) is AA, in model v) is A× 1 and in model vi) is t = 1.
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Table 15: Coefficients of Auxiliary Regression Models

(1) (2) (3) (4) (5) (6) (7) (8)

Coefficient δi
(weight Ωi)

Data (δ̂i)
Standard error
in the data Frictionless

Unrestricted
switching
costs

Compensating
differential

Single
probability of
involuntary
choices

Heterogenous
probabilities
of involuntary

choices

Non-agriculture premia: cross-sectional (δ1) and within-individual (δ2)
δ1 (1) 0.57 (0.03) 0.56 0.60 0.60 0.58 0.48
δ2 (1) 0.40 (0.05) 0.21 0.35 0.35 0.34 0.40

Premia for switchers to agriculture (δ3, δ6) and to non-agriculture. (δ4, δ5). The first element in (a, b) is relative to peers post-switch;
the second to non-switching workers

δ3 (5) -0.05 (0.06) -0.05 -0.10 -0.10 -0.07 -0.04
δ4 (5) -0.31 (0.05) -0.41 -0.36 -0.37 -0.35 -0.24
δ5 (5) 0.15 (0.07) 0.21 0.29 0.31 0.28 0.24
δ6 (5) -0.42 (0.06) -0.21 -0.34 -0.33 -0.36 -0.40

Constant (δ7) and coefficients on interaction sector and year (δ8 : A× 2, δ9 : A× 3, . . . δ16 : N × 5)
δ7 (5) -0.17 (0.10) -0.18 -0.20 -0.18 -0.19 -0.18
δ8 (1) 0.38 (0.07) 0.47 0.45 0.45 0.47 0.41
δ9 (1) 0.34 (0.07) 0.38 0.27 0.27 0.32 0.38
δ10 (1) 0.63 (0.07) 0.56 0.55 0.55 0.56 0.67
δ11 (1) 0.85 (0.08) 0.78 0.77 0.78 0.76 0.94
δ12 (5) 0.76 (0.06) 0.60 0.66 0.64 0.63 0.70
δ13 (1) 1.10 (0.06) 1.06 1.04 1.03 1.04 1.07
δ14 (1) 0.89 (0.06) 0.91 0.89 0.88 0.88 0.85
δ15 (1) 1.05 (0.06) 1.12 1.17 1.16 1.12 1.03
δ16 (1) 1.27 (0.07) 1.33 1.30 1.33 1.34 1.19

Constant (δ17) and coefficients on year dummies (δ18 : t = 2, δ19 : t = 3...)
δ17 (10) 0.70 (0.01) 0.67 0.70 0.68 0.71 0.67
δ18 (10) 0.01 (0.02) 0.00 -0.04 -0.03 0.00 -0.03
δ19 (10) -0.02 (0.02) -0.09 0.00 -0.02 -0.03 -0.05
δ20 (10) -0.03 (0.02) -0.04 -0.03 -0.05 -0.02 -0.07
δ21 (10) -0.04 (0.02) -0.05 -0.12 -0.09 0.01 -0.09

Constant (δ22) and lagged sector choice (δ23)
δ22 (10) 0.21 (0.01) 0.20 0.22 0.22 0.23 0.16
δ23 (10) 0.68 (0.01) 0.66 0.63 0.62 0.68 0.71

Residual variance of workers in agriculture (δ24) and non-agriculture (δ25)
δ24 (3) 1.24 (0.04) 1.01 1.13 1.14 0.99 1.13
δ25 (3) 0.95 (0.03) 1.19 1.10 1.12 1.21 1.09

Residual variance of non-switching/switching workers in/to agriculture (δ26, δ29) and in/to non-agriculture (δ27, δ28)
δ26 (3) 1.43 (0.06) 1.44 1.59 1.57 1.27 1.44
δ27 (3) 1.08 (0.04) 1.56 1.45 1.44 1.31 1.01
δ28 (3) 1.73 (0.14) 1.58 1.52 1.54 1.74 1.80
δ29 (3) 1.86 (0.14) 1.51 1.52 1.51 1.77 1.83

Overall fit 2.013 1.439 1.462 0.939 0.414

Notes: A description of the auxiliary regressions is done in Table 14. Ωi refers to the i−th element of the diagonal of
the matrix Ω.
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Table 16: Counterfactual: Aggregate Income

Variable Notation Counterfactual
Growth rate (%) in total income: (1) ∗ (2) ∗ (3) ∆%Yi 21.5

(2.3)
(1) Fraction of the population reallocated m 0.35

(0.02)
(2) Ratio of average income of reallocated workers to average income ψm 0.57

(0.02)
(3) Growth rate (%) in total income of reallocated workers ∆%Ym 106.5

(8.5)
Notes: Results correspond to the counterfactual exercise of eliminating involuntary switches. Standard errors from
100 bootstraps in parentheses.

Table 17: Counterfactual: Sectoral Allocation and Productivity

Variable Agriculture Non-
Agriculture

Baseline employment share 0.39 0.61
Counterfactual employment share 0.30 0.70
Counterfactual employment growth (%) -21.0 13.1
Counterfactual output growth (%) 14.2 24.6
Counterfactual productivity growth (%) 44.4 10.1

Notes: Results correspond to the counterfactual exercise of eliminating involuntary switches.

Table 18: Sectoral Premia in Counterfactuals

(1) (2) (3)

Coef. Baseline
model No frictions No sorting

Non-agriculture premia: cross-sectional (δ1) and within-individual (δ2)
δ1 0.48 0.18 0.46
δ2 0.40 -0.31 0.44

Notes: Baseline model is from column (8) of Table 15. No frictions imposes pT = pS = 0. No sorting imposes
σ2
θA
, σ2

θN
, σ2

εA
, σ2

εN
all equal to zero.
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Figures

Figure 1: Mean Log Income by Employment History

-.
6

-.
4

-.
2

0
.2

.4
M

ea
n 

Lo
g 

In
co

m
e

0 7 14
Time [years]

ANN NAA
AAA NNN

Notes: Figure plots mean log income (after controlling for year and province fixed effects) by employment history
spanned by three observations at 7-year intervals. XYZ indicates that worker was in sector X during the first
observation (in 1993 or 2000), in sector Y during the second observation 7 years later (in 2000 or 2007), and in sector
Z during the third observation 14 years later (in 2007 or 2014). A - Agriculture, N - Non-Agriculture. For clarity only
histories of switchers who stick to their new sector and of always stayers are reported.
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Appendix
A Additional Tables

Table A.1: Premia with Hours Worked: Additional Jobs

(1) (2) (3) (4) (5) (6)
Log Income Log Income Log Income Log Income Log Inc./Hour Log Inc./Hour

Non-Agriculture 0.501*** 0.264*** 0.390*** 0.216*** 0.275*** 0.150***
(0.034) (0.032) (0.032) (0.031) (0.034) (0.035)

Urban 0.171*** 0.063* 0.143*** 0.063** 0.112*** 0.057**
(0.034) (0.034) (0.030) (0.026) (0.028) (0.028)

Log Hours/Year 0.509*** 0.445***
(0.011) (0.011)

Year FE Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes

Observations 44489 44492 43819 43821 43819 43821
R2 0.514 0.538 0.603 0.615 0.495 0.514

Notes: Income and hours from both the main job and the secondary job. Individual controls: education, experience,
experience sq., and sex. Observations weighted by longitudinal survey weights. Standard errors clustered by enu-
meration areas (primary sampling units of the survey) in parentheses. Significance levels: * p<0.10, ** p<0.05, ***
p<0.01.

Table A.2: Hours Worked

Base Base Add. Job Add. Job
(1) (2) (3) (4)

Log Hours Log Hours Log Hours Log Hours

Non-Agriculture 0.286*** 0.152*** 0.234*** 0.119***
(0.024) (0.029) (0.022) (0.027)

Urban 0.101*** 0.014 0.062*** 0.012
(0.020) (0.031) (0.018) (0.032)

Year FE Yes Yes Yes Yes
Province FE Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes
Individual FE Yes Yes

Observations 43841 43843 43819 43821
R2 0.053 0.023 0.052 0.026

Notes: Base is the baseline specification involving primary job only. Add. Job also includes secondary job. Individual
controls: education, experience, experience sq., and sex. Observations weighted by longitudinal survey weights.
Standard errors clustered by enumeration areas (primary sampling units of the survey) in parentheses. Significance
levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table A.3: Premia over Time

(A) Cross-Sectional Premia

Pooled 1993 1997 2000 2007 2014
(1) (2) (3) (4) (5) (6)

Log Income Log Income Log Income Log Income Log Income Log Income

Non-Agriculture 0.574*** 0.792*** 0.721*** 0.547*** 0.461*** 0.449***
(0.036) (0.070) (0.052) (0.051) (0.048) (0.058)

Urban 0.207*** 0.388*** 0.271*** 0.227*** 0.204*** 0.097
(0.036) (0.057) (0.051) (0.051) (0.049) (0.062)

Year FE Yes
Province FE Yes Yes Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes Yes Yes
Individual FE

Observations 44494 5296 8548 10293 10619 9738
R2 0.503 0.382 0.333 0.244 0.267 0.249

(B) Premia with Worker Fixed Effect

Pooled 1993-97 1997-00 2000-07 2007-14
(1) (2) (3) (4) (5)

Log Income Log Income Log Income Log Income Log Income

Non-Agriculture 0.332*** 0.339*** 0.292*** 0.303*** 0.217***
(0.033) (0.071) (0.052) (0.056) (0.059)

Urban 0.084** 0.210*** 0.097 0.156*** 0.144**
(0.032) (0.068) (0.087) (0.058) (0.058)

Year FE Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes

Observations 44497 13844 18841 20912 20360
R2 0.518 0.242 0.205 0.396 0.282

Notes: Pooled is the baseline sample with observations from IFLS 1-5. Panel A: cross-sectional regressions run
separately for each survey wave. Panel B: panel regressions run separately for each two consecutive survey waves.
Individual controls: education, experience, experience sq., and sex. Observations weighted by longitudinal survey
weights. Standard errors clustered by enumeration areas (primary sampling units of the survey) in parentheses.
Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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B Recall Bias
Each wave of the IFLS asks respondents about the income they earned over the past year. Through-
out the paper we use this contemporaneously recorded income as our main dependent variable. In
addition, the survey asks respondents to retrospectively recall employment information for several
years prior to the survey. While this recall information can in principle be used to supplement the
contemporaneous data and increase the sample size, retrospective survey data is known to raise
serious quality concerns (cf. Bound, Brown and Mathiowetz (2001)). For this reason we do not use
retrospective income information in our analysis. In this appendix we explain this choice in more
detail and argue that it can largely explain why our results differ from those concurrently obtained
by Hicks et al. (2017).

The first three columns of the first panel of Table B.1 show the non-agricultural premia estimated
on the contemporaneous data recorded by the IFLS. These numbers are similar to those reported
in Table 11 (columns 3, 4, and 6) in the main text, but not identical because the specifications
and sample are modified to ease comparison with Hicks et al. (2017). In particular, we discard the
information from the most recent wave of IFLS as it has not been incorporated by these authors.
Columns 4-6 show the corresponding premia estimated on data from retrospective recall. Compared
to the contemporaneous estimates, the cross-sectional premium (controlling for hours) drops from
71 lp to 53 lp, premium with worker fixed effects (controlling for hours) drops from 25 lp to 11 lp,
and the 19 lp premium in terms of income per hour (with worker FE) disappears entirely.

These patterns are not surprising in light of research on biases arising in recall surveys. One such
well documented bias is that past income reported by workers is biased towards their usual income.25

For example, Gibson and Kim (2010) show the extent of this bias for US wage workers by comparing
their self-reported retrospective earnings with administrative records. They also demonstrate that
underreporting transitory income changes generates non-classical measurement error that biases
the regression coefficients towards zero if the mismeasured variable is the dependent variable. This
result is consistent with the reduced non-agricultural premia we find using recall data if workers
cannot accurately recall how much higher their income was in years in which they worked in non-
agriculture. Furthermore, the problem is likely to be exacerbated when the identifying variation
comes from changes in income of individual workers over time. This would explain why the fall in
the premium is proportionately much larger in the specification with worker fixed effects. Finally,
the problems with measurement error are likely to be compounded when the dependent variable
is constructed by dividing reported income by reported hours. That retrospectively recalled hours
are unreliable is suggested by comparing coefficients on hours in columns 5 and 2. The elasticity of
income with respect to hours implied by column 5 is less than 0.15, only 1/3 of the 0.44 elasticity
implied by the corresponding column 2 for contemporaneous data. The implausibly low elasticity
for recalled hours indicates that their relationship to income should be treated with great caution in
recall data. In a rare validation study observing both hours worked and earnings, Duncan and Hill
(1985) find that “interview reports of average hourly earnings, obtained by dividing the interview
reports of annual earnings by reports of annual work hours, appeared to be exceedingly unreliable”

25Another bias with similar implications in this context is an anchoring bias, where respondents use an answer
to a previously answered question as a mental anchor for subsequent answers. Godlonton, Hernandez and Murphy
(2016) find strong evidence of this behavior in a survey of Central American farmers: retrospectively recalled income
correlates more highly with current income (about which the respondents are asked first) than with income over the
recall period that had been reported contemporaneously in the past. This type of cognitive bias is likely to be present
in IFLS too, since IFLS also first asks about contemporaneous income and then asks respondents to retrospectively
recall past income.
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and caution against their use. The particularly low signal-to-noise ratio in income per hour derived
from retrospective data can explain why the results become insignificant in column 6.

The take-away message from this discussion is that using data from retrospective recall in our
application would introduces biases in our key results. These recall biases can be strong in IFLS
since the respondents are asked retrospective questions about multiple years prior to the survey (up
to a maximum of 10 years), and the quality of recall information deteriorates with time elapsed
from the pertaining event (see, e.g. de Nicola and Gine (2014) in a developing country context).
There are no obvious offsetting benefits to including the retrospective data. Statistical power, in
particular, is not an issue, since the baseline sample of contemporaneous responses is large enough
to allow us to estimate the key non-agricultural premium precisely.

We conclude this appendix by showing that the inclusion of retrospective data is likely the
main reason why the substantive results on the strength of the non-agricultural premium reported
by Hicks et al. (2017) are different than ours. In contrast to our results, they argue that the
non-agricultural premium in Indonesia mostly disappears once individual fixed effects are allowed
for. To aid comparison, columns 1-3 in the second panel of Table B.1 repeat the same exercise as
columns 1-3 and 4-6 in panel A, but now on a sample pooling the contemporaneous and retrospective
responses. The estimates lie roughly half way between the two corresponding numbers reported in
the first panel. This means that the pooled-sample estimates are significantly attenuated relative to
those based on better-measured contemporaneous data that we favor. For comparison, columns 4-6
copy the corresponding estimates from Hicks et al. (2017) (columns 2, 6, and 7 of their Table 5A),
who use pooled contemporaneous and retrospective data. While we cannot replicate their results
exactly without detailed knowledge of their data processing protocol, the estimates in columns 1-3
come close. Based on this exercise, we expect that their results would much have been much more
in line with ours had they not used the retrospective data.26

C Estimation Procedure
This Appendix presents some technical aspects about the estimation procedure. The vector of
structural parameters in the frictionless economy, denoted by Θ, is constituted by the following set
of 21 elements:

{
Rst , β, σ

2
θs , σθAN , σ

2
εs , σ

2
ν

}
for t = 1, ..5 and s = A,N (denoting agriculture and non-

agriculture, respectively). In this set, σ2
θs and σ2

εs denote the variances in Σθ and Σε respectively,
σθAN the covariance in Σθ, and β is comprised of the Mincerian returns on the five mentioned
covariates, denoted βsex, βloc, βedu, βexp and βexp2, respectively. For the model with switching
costs, Θ is augmented by

{
φAN , φNA

}
, whereas for the model with compensating differentials Θ

is augmented by cd. The Indirect Inference loss function, denoted by Q(Θ), is computed as the
weighted sum of the squared differences between the values in δ̂ and the values for those obtained
from simulations of the structural model, that is:

Q(Θ) =
(
δ̂ − δ̂s(Θ)

)′
Ω
(
δ̂ − δ̂s(Θ)

)
where δ̂s(Θ) corresponds to the same vector of selected coefficients of the auxiliary models estimated
with data simulated from the structural model with parameters Θ, and Ω is a diagonal weighting

26Furthermore, their headline result depends on using income per hour as their preferred measure. We do not use
hours data in our preferred specifications, both because of measurement issues for hours described in this appendix
and conceptual issues discussed in section 3.2.5.

51



Table B.1: Retrospective Recall

(A) Contemporaneous vs. Recall Data

Contemporaneous Retrospective

(1) (2) (3) (4) (5) (6)
Log Inc. Log Inc. Log Inc./Hr Log Inc. Log Inc. Log Inc./Hr

Non-Agriculture 0.707*** 0.245*** 0.192*** 0.525*** 0.110*** -0.038
(0.013) (0.022) (0.024) (0.020) (0.039) (0.052)

Log Hours 0.604*** 0.462*** 0.140*** -0.012
(0.039) (0.046) (0.051) (0.045)

Log Hours Squared 0.000 -0.002 0.018*** 0.016***
(0.005) (0.005) (0.006) (0.005)

Age squared -0.000*** -0.000*** -0.001*** -0.000***
(0.000) (0.000) (0.000) (0.000)

Year FE Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes

Observations 48626 48626 48626 63498 63498 63498
R-sq 0.423 0.540 0.433 0.161 0.192 0.158

(B) Pooled Data vs. Hicks et al. (2017)

Pooled Data Hicks et al. (2017)

(1) (2) (3) (4) (5) (6)
Log Inc. Log Inc. Log Inc./Hr Log Inc. Log Inc. Log Inc./Hr

Non-Agriculture 0.588*** 0.173*** 0.076*** 0.514*** 0.171*** 0.047
(0.015) (0.019) (0.021) (0.016) (0.025) (0.031)

Log Hours 0.385*** 0.206*** 0.531** 0.323***
(0.040) (0.037) (0.025) (0.034)

Log Hours Squared 0.006 0.009** -0.021*** -0.014**
(0.005) (0.004) (0.005) (0.006)

Age squared -0.000*** -0.000*** -0.001*** -0.000***
(0.000) (0.000) (0.000) (0.000)

Year FE Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes

Observations 107933 107933 107933 115897 115897 115897
R-sq 0.303 0.353 0.263

Notes: Contemporaneous measures based on values reported for last year. Retrospective measures obtained from
recall part of the survey. Pooled Data combines contemporaneous and retrospective observations. Sample restricted
to IFLS 1-4. Sample includes all individuals with at least one observation of income and hours worked. Income
is average monthly labor income from primary and secondary job. Contemporaneous income obtained by dividing
annual income by 12. Hours are average monthly hours from primary and secondary job obtained as (weeks worked
per year)*(normal hours per week)/12. Observations are not weighted. Standard errors clustered at the individual
level in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. Columns 4-7 in Panel B are columns 2, 6,
7, respectively, from Table 5A in Hicks et al. (2017).
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matrix. For weights, we use factors that represent the importance of the estimated coefficient in the
identification of the structural parameters of the model. The values of those factors, displayed in
the second column of Table 15, were assigned after extensive experimentation with simulations of
the model. We proceed next to comment on their magnitudes, particularly for those weights that
differ from one.

As we argue in the main text, the within-individual variation is key for identification. Our
priority in the estimation procedure is to make the structural model able to deliver the observed
premia for switchers in the data. Procuring the right amount of switchers in each year is crucial
because of their size depends the precision of the obtained premia. For this reason, the coefficients
of the linear probability models have the largest weights in the loss function, by a factor of 10.
Moreover, we also impose larger weights (by a factor of 5) to the two sets of switchers’ sectoral
premia in which we are interested in. First, to the premia in the model in differences iv), since
this regression actually forces the structural model to deliver both the gains of switchers to non-
agriculture and the cuts in income of workers switching to agriculture, allowing the estimation
procedure to identify any possible asymmetry in the switching costs across sectors. Second, to the
premia in model iv), which compares the average performance of a switching worker to each sector
with their peer group after the switch, informing about the nature of sorting. In addition, we know
that the estimated coefficients of the interactions in model iv) help to identify the growth in relative
human capital prices. Thus, the information about the full path of these prices can be recovered
once the regression pin down the conditional expected income in each sector in the first year. For
this reason, we force a greater accuracy in the coefficients of the constant and the interaction term
of non-agriculture and the first year through larger weights, by a factor of 5. Finally, given the
importance of the residual variances to identify the joint distribution of comparative advantage,
they also have larger weights in the loss function, in this case by a factor of 3.

We minimize Q(Θ) using in each evaluation H different simulated samples each with size equal
to the number of observations in the balanced panel (N × T = 8760)27. For observables, we take in
each simulated sample the same values we observe in the data. To choose H, we numerically explore
how Q(Θ) varies in a fixed number of simulations only due to changes in the seed of the random
numbers, as a function of the number of individuals. We found that the range of variation of Q(Θ)
starts to stabilize after we include 80000 individuals. Thus, we choose H = 40 ≈ 80000/1752.

Optimizing Q(Θ) is challenging since the discrete choices in the selection model create a non-
smooth function, that behaves as a step function in some regions of the parameters’ space. To
deal with this problem, we use an algorithm with repeated iterations of an evolutionary method,
particularly particles-swarm optimization, to find the solution28. We start with 16 implementations
of particles-swarm optimization in a wide range of the feasible parameter space. In each of these 16
implementations we work with 96 particles, that initially are randomly and uniformly distributed.
In a second stage, we perform 8 implementations of particles-swarm optimization in a range of the
parameter space bounded by the smallest and largest solution for each parameter in the first stage,
plus a parameter-dependent margin error. In this stage we use the same number and distribution

27We use the approach to compute the solution on the sample generated by H × N × T observations, a method
that is equivalent to compute the average of H times the solution of each sample of N × T observations, although
computationally it is more efficient.

28Other possibilities recently developed in the literature include the use of a logistic-kernel of simulated latent
utilities instead of endogenous variables (Bruins et al., 2018) or Monte Carlo importance sampling (Sauer and Taber,
2017). However, the possibility to use those techniques is model-dependent. As we argue next, our algorithm does
not face problems to find an accurate solution.
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for the initial particles. Finally we perform an additional optimization in which we initialize 8 of
the 96 particles in the solutions found in the second stage. The estimate Θ̂ is the solution that
minimizes Q(Θ) in the 25 implementations described of particles-swarm optimization. Using several
numerical simulations we test that our algorithm ensures two-decimal accuracy in the solutions, as
opposed to alternative optimization techniques.

D Identification
In this Appendix we demonstrate how parameters in Θ are identified for the same model as in
our baseline specification, but with only two periods and abstracting from the effect of observables
in income. For illustrative purposes, we first show how identification is achieved in the frictionless
economy, and next we proceed to the model with switching costs. We refer to the Agriculture sector
as A and to the Non-Agriculture sector as N . We denote rt = rNr − rAt , usit = θsi + εsit for s = A,N
and σ̃2

ks = σ2
ks − σkAN for k = u, θ and s = A,N . Notice that σ2

us = σ2
θs + σ2

εs for s = A,N,AN .
Further, we denote the st. dev. of uit ≡

(
uAit − uNit

)
as σ∗u =

√
σ̃2
uA + σ̃2

uN and the st. dev. of

θi ≡
(
θAi − θNi

)
as σ∗θ =

√
σ̃2
θA + σ̃2

θN .

Model for the Frictionless Economy

Without switching costs, sectoral decisions do not depend on workers’ histories, so the model behaves
in each period t as the standard Roy model with comparative advantage usit, where, excluding the
variance of measurement error, we can identify the variance matrix Σu and the prices of human
capital rst from cross-sectional data. This is consequence of the normality assumptions on the
distribution of both

(
θAi , θ

N
i

)
and

(
εAit, ε

N
it

)
, which imply that in each period

(
uAit, u

N
it

)
is joint

normally distributed with variance Σu, and hence standard arguments of Heckman and Honoré
(1990) for identification in the normal case can be applied. However, only with panel data we
can decompose Σu into Σθ and Σε, the variances of the permanent and transitory components
respectively, and identify σ2

ν , the variance of measurement error, using the information obtained
from the switching workers in the panel.

Letting λ (· ) = φ(·)
Φ(·) with φ and Φ the PDF and CDF of a standard normal, and using properties

of normal random variables following Heckman and Honoré (1990), we can obtain the following
derivations for the first three observed moments of the income distribution in each period t:

P (t = N) = Φ
(
rt
σ∗u

)
(A.1)

E
(
yNit | t = N

)
= rNt + σ̃2

uN

σ∗u
λ

(
rt
σ∗u

)
(A.2)

E
(
yAit | t = A

)
= rAt + σ̃2

uA

σ∗u
λ

(
−rt
σ∗u

)
(A.3)

V ar
(
yNit | t = N

)
= σ2

uN +
(
σ̃2
uN

σ∗u

)2 [
−λ
(
rt
σ∗u

)
rt
σ∗u
− λ2

(
rt
σ∗u

)]
+ σ2

ν (A.4)

V ar
(
yAit | t = A

)
= σ2

uA +
(
σ̃2
uA

σ∗u

)2 [
λ

(
−rt
σ∗u

)
rt
σ∗u
− λ2

(
−rt
σ∗u

)]
+ σ2

ν (A.5)

54



E
([
yNit − E

(
yNit | t = N

)]3 | t = N
)

=
(
σ̃2
uN

σ∗u

)3

λ

(
rt
σ∗u

)[
2λ2

(
rt
σ∗u

)
+ 3λ

(
rt
σ∗u

)
rt
σ∗u

+
(
rt
σ∗u

)2
− 1
]

(A.6)

E
([
yAit − E

(
yAit | t = A

)]3 | t = A
)

=
(
σ̃2
uA

σ∗u

)3

λ

(
−rt
σ∗u

)[
2λ2

(
−rt
σ∗u

)
− 3λ

(
−rt
σ∗u

)
rt
σ∗u

+
(
rt
σ∗u

)2
− 1
]
(A.7)

With information of T = 2 repeated cross sections to compute the LHS of this system of 14
equations, we can identify rNt , rAt and the combination σ2

νI2 + Σu (8 parameters). Let us now show
the additional information we can obtain from panel data. We exploit the property that (uit, uit′)
for t′ 6= t and (uit, usit) for s = A,N are joint normally distributed, since each element is the sum of
two normally distributed random variables. Denoting the CDF of a bivariate normal distribution
with mean 0′ and variance Σ evaluated at the vector A as Φ (A,Σ), the probability of transition
from N to N is given by:

P (2 = N, 1 = N) =P
({
rA2 + uAi2 < rN2 + uNi2

}
,
{
rA1 + uAi1 < rN1 + uNi1

})
=P ({ui2 < r2} , {ui1 < r1})
=Φ (−→r NN ,ΣT ) (A.8)

with −→r NN = [r2, r1]′ and ΣT =
[
σ∗2u σ∗2θ
σ∗2θ σ∗2u

]
. The probability of transition from N to A is given

by:

P (2 = A, 1 = N) =P ({−ui2 < −r2} , {ui1 < r1})
=Φ (−→r NA,ΣW ) (A.9)

with −→r NA = [−r2, r1]′ and ΣW =
[

σ∗2u −σ∗2θ
−σ∗2θ σ∗2u

]
. Similarly:

P (2 = N, 1 = A) = Φ (−→r AN ,ΣW ) (A.10)
P (2 = N, 2 = A) = Φ (−→r AA,ΣT ) (A.11)

with −→r AN = [r2,−r1]′ and −→r AA = [−r2,−r1]′.
Now consider the values of the expected income in the second period for each transition group of

workers. In the frictionless economy we do not need directly those expected values, but we illustrate
here how to compute them to introduce some notation that we use hereafter. The income of stayers
in N in period 2 is given by:

E
(
yNi2 | 2 = N, 1 = N

)
=rN2 + E

(
uNi2 | 2 = N, 1 = N

)
=rN2 + E

(
uNi2 | {ui2 < r2} , {ui1 < r1}

)
Notice that the expected value in the second term of the RHS can be expressed as:

E
(
Xk1

1 Xk2
2 Xk3

3 | −∞ < Xi < bi, i = 1, 2, 3
)

(A.12)
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with X1 = uNi2 , X2 = ui2, X3 = ui1, k1 = 1, k2 = k3 = 0, b1 = ∞, b2 = r2 and b3 = r1. This
expected value is the moment of the upper truncated multivariate normal distribution with mean
0 and variance:

ΣNN =

 σ2
uN −σ̃2

uN −σ̃2
θN

−σ̃2
uN σ∗2u σ∗2θ

−σ̃2
θN σ∗2θ σ∗2u

 =
[
σ2
uN ΛNN

Λ
′
NN ΣT

]

where the vector ΛNN is defined as ΛNN =
[
−σ̃2

uN ,−σ̃2
θN

]
. In general terms, we can denote the

expected value in (A.12) for the particular case k2 = k3 = 0 and b1 = ∞ as the function M3(· ) of
the variance matrix Σ, the elements b2 and b3 stacked up in a vector B and the coefficient k = k1,
that is:

M3 (B,Σ, k) ≡ E
(
Xk

1 | −∞ < X1 <∞,−∞ < X2 < B1,−∞ < X3 < B2
)

with {X1, X2, X3} ∼ N (0, Σ). Then we can rewrite:

E
(
yNi2 | 2 = N, 1 = N

)
= rN2 + M3(−→r NN , ΣNN , 1)

To evaluate M3(· ) we can use for example the recurrence relations developed by Kan and Robotti
(2017) to compute numerically the moment generating function of the truncated multivariate normal
distribution (first obtained by Tallis (1961))29. Following similar arguments, we can show that the
income of each transition group in period 2 is given by:

E
(
yAi2| 2 = N, 1 = N

)
=rA2 + M3 (−→r NA, ΣNA, 1)

E
(
yNi2 | 2 = N, 1 = A

)
=rN2 + M3 (−→r AN , ΣAN , 1)

E
(
yAi2| 2 = A, 1 = A

)
=rA2 + M3 (−→r AA, ΣAA, 1)

with ΣNA =
[
σ2
uA ΛNA

Λ′NA ΣW

]
, ΣAN =

[
σ2
uN ΛAN

Λ′AN ΣW

]
and ΣAA =

[
σ2
uA ΛAA

Λ′AA ΣT

]
where ΛNA =[

−σ̃2
uA, σ̃

2
θA

]
, ΛAN =

[
−σ̃2

uN , σ̃
2
θN

]
and ΛAA =

[
−σ̃2

uA,−σ̃2
θA

]
. Notice that the second and third

moments of each transition group can be computed as functions of M3(·, ·, 2) and M3(·, ·, 3) respec-
tively. We do not need those expressions here, so we deduce those moments only for the model with
switching costs.

Now let us compute the moments of the growth in income for switchers. For switching workers
from A to N , the first moment is:

E
(
yNi2 − yAi1| 2 = N, 1 = A

)
= rN2 − rA1 + E

(
uNi2 − uAi1| 2 = N, 1 = A

)
= rN2 − rA1 + E

(
uNi2 − uAi1| {ui2 < r2} , {−ui1 < −r1}

)
= rN2 − rA1 + M3(−→r AN , Σ̃AN , 1) (A.13)

with Σ̃AN =
[
σ2
uA + σ2

uN − 2σθAN Λ̃AN
Λ̃′AN ΣW

]
and Λ̃AN =

[
−σ̃2

uN − σ̃2
θA, σ̃

2
uA + σ̃2

θN

]
. Similarly, the

29Particularly, we can use the function multivutmom developed by Kan and Robotti (2017) in the Matlab package
ftnorm. The instruction to compute M3 (B,Σ, k) is simply multivutmom ([k 0 0] , [inf B1 B2] , [0 0 0] , Σ).
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expected value of the growth in income for switchers from N to A is:

E
(
yAi2 − yNi1 | 2 = A, 1 = N

)
= rA2 − rN1 + M3(−→r NA, Σ̃NA, 1) (A.14)

where Σ̃NA =
[
σ2
uA + σ2

uN − 2σθAN Λ̃NA
Λ̃′NA ΣW

]
and Λ̃NA =

[
−σ̃2

uA − σ̃2
θN , σ̃

2
uN + σ̃2

θA

]
. The variances

of the growth in income for switchers are defined as:

V ar
(
yNi2 − yAi1| 2 = N, 1 = A

)
= E

((
uNi2 − uAi1

)2
| {ui2 < r2} , {−ui1 < −r1}

)
− E

(
uNi2 − uAi1| 2 = N, 1 = A

)2
+ 2σ2

ν

= M3(−→r AN , Σ̃AN , 2) +
(
M3(−→r AN , Σ̃AN , 1)

)2
+ 2σ2

ν (A.15)

And similarly:

V ar
(
yAi2 − yNi1 | 2 = A, 1 = N

)
= M3(−→r NA, Σ̃NA, 2) +

(
M3(−→r NA, Σ̃NA, 1)

)2
+ 2σ2

ν (A.16)

The system of 22 equations (A.1)-(A.11) and (A.13)-(A.16) has a unique solution for the 10 elements
of Θ. We verified this after extensive experimentation using global solvers over a broad range of
feasible values for Θ. This shows that the cross-sectional moments, the transition probabilities across
waves for each group of workers and the two first moments of the income growth for switchers are
enough moments to identify the full set of parameters.

Model with Switching Costs

In the model with switching costs, we will require exactly the same set of 22 moments computed
above to identify the 12 elements of Θ. The difficulty to obtain expressions for those moments
relies on the fact that sectoral decisions depend now on workers’ histories, and hence all moments,
including the cross-sectional ones, depend on the income distributions of the previous periods.
We deduce here the general rules to deduce expressions for those moments. Denote the CDF of a
multivariate normal distribution with mean 0′ and variance Σ evaluated at the vector A as Φ (A,Σ).
To compute the cross sectional moments in period 1, we need first the distribution of sectoral choices,
that depend on the frictionless decisions in period zero. The probability of choosing non-agriculture
in period 1 is:

P (1 = N) =P (1 = N, 0 = A) + P (1 = N, 0 = N)

=P
({
rA1 + uAi1 < rN1 + uNi1 − lnφAN

}
,
{
rN0 + uNi0 < rA0 + uAi0

})
+ P

({
rA1 + uAi1 − lnφNA < rN1 + uNi1

}
,
{
rA0 + uAi0 < rN0 + uNi0

})
=P

({
ui1 < r1 − lnφAN

}
, {−ui0 < −r0}

)
+ P

({
ui1 < r1 + lnφNA

}
, {ui0 < r0}

)
=Φ (−→r AN ,ΣW ) + Φ (−→r NN ,ΣT )
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where now :−→r AN =
[
r1 − lnφAN ,−r0

]′
,−→r NN =

[
r1 + lnφNA, r0

]′
and ΣW and ΣT as in the model

without switching costs. The values of the expected income in N the first period are:

E
(
yNi1 | 1 = N

)
=rN1 + E

(
uNi1 | 1 = N

)
=rN1 +

E
(
uNi1 | 1 = N, 0 = A

)
P (1 = N, 0 = A) + E

(
uNi1 | 1 = N, 0 = N

)
P (1 = N, 0 = N)

P (1 = N)

=rN1 + M3(−→r AN , ΣAN , 1)Φ (−→r AN ,ΣW ) + M3(−→r NN , ΣNN , 1)Φ (−→r NN ,ΣT )
Φ (−→r AN ,ΣW ) + Φ (−→r NN ,ΣT )

with M3(· ), ΣAN , ΣNN as in the model without switching costs. Similarly:

E
(
yAi1| 1 = A

)
= rA1 + M3(−→r AA, ΣAA, 1)Φ (−→r AA,ΣT ) + M3(−→r NA, ΣNA, 1)Φ (−→r NN ,ΣT )

Φ (−→r AA,ΣT ) + Φ (−→r NA,ΣW )

where −→r AA =
[
−r1 + lnφAN ,−r0

]′
,−→r NA =

[
−r1 − lnφNA, r0

]′
and ΣAA, ΣNA as in the model

without switching costs.
The variances can be computed simply by:

V ar
(
yNi1 | 1 = N

)
=M3(−→r AN , ΣAN , 2)Φ (−→r AN ,ΣW ) + M3(−→r NN , ΣNN , 2)Φ (−→r NN ,ΣT )

Φ (−→r AN ,ΣW ) + Φ (−→r NN ,ΣT ) − E
(
uNi1 | 1 = N

)2
+ σ2

µ

V ar
(
yAi1| 1 = A

)
=M3(−→r AA, ΣAA, 2)Φ (−→r AA,ΣT ) + M3(−→r NA, ΣNA, 2)Φ (−→r NN ,ΣT )

Φ (−→r AA,ΣT ) + Φ (−→r NA,ΣW ) − E
(
uAi1| 1 = A

)2
+ σ2

µ

The third central moments are computed as:

E

([
yNi1 − E

(
yNi1 | 1 = N

)]3
| 1 = N

)
=M3(−→r AN , ΣAN , 3)Φ (−→r AN ,ΣW ) + M3(−→r NN , ΣNN , 3)Φ (−→r NN ,ΣT )

Φ (−→r AN ,ΣW ) + Φ (−→r NN ,ΣT )

− 3E
(
uNi1 | 1 = N

) [
V ar

(
yNi1 | 1 = N

)
− σ2

µ

]
−
[
E
(
uNi1 | 1 = N

)]3
E

([
yNi1 − E

(
yNi1 | 1 = N

)]3
| 1 = N

)
=M3(−→r AA, ΣAA, 3)Φ (−→r AA,ΣT ) + M3(−→r NA, ΣNA, 3)Φ (−→r NN ,ΣT )

Φ (−→r AA,ΣT ) + Φ (−→r NA,ΣW )

− 3E
(
uAi1| 1 = A

) [
V ar

(
yNi1 | 1 = A

)
− σ2

µ

]
−
[
E
(
uNi1 | 1 = A

)]3
Now let examine the cross sectional moments for period 2. To compute the probability of being in
a sector, we need to know the probability of occurrence of all possible paths that an individual can
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exhibit before choosing a given sector30. This is, P (2 = N) = P (2 = N, 1 = N) +P (2 = N, 1 = N)
where in turn the probability of transition from N to N is given by:

P (2 = N, 1 = N)
=P (2 = N, 1 = N, 0 = A) + P (2 = N, 1 = N, 0 = N)

=P
({
ui2 < r2 + lnφNA

}
,
{
ui1 < r1 − lnφAN

}
, {−ui0 < −r0}

)
+P

({
ui2 < r2 + lnφNA

}
,
{
ui1 < r1 + lnφNA

}
, {ui0 < r0}

)
=Φ (−→r ANN ,ΣWT ) + Φ (−→r NNN ,ΣTT )

with:−→r ANN =
[
r2 + lnφNA,−→r ′AN

]′
,−→r NNN =

[
r2 + lnφNA,−→r ′NN

]′
and:

ΣWT =

 σ∗2u σ∗2θ −σ∗2θ
σ∗2θ σ∗2u −σ∗2θ
−σ∗2θ −σ∗2θ σ∗2u

 , ΣTT =

 σ∗2u σ∗2θ σ∗2θ
σ∗2θ σ∗2u σ∗2θ
σ∗2θ σ∗2θ σ∗2u


Following similar arguments, we can show that the remaining probabilities of transition can be
expressed as:

P (2 = A, 1 = N) =Φ (−→r ANA,ΣWW ) + Φ (−→r NNA,ΣTW )
P (2 = A, 1 = A) =Φ (−→r AAA,ΣTT ) + Φ (−→r NAA,ΣWT )
P (2 = N, 1 = A) =Φ (−→r AAN ,ΣTW ) + Φ (−→r NAN ,ΣWW )

with: −→r ANA =
[
−r2 − lnφNA, −→r ′AN

]′
, −→r NNA =

[
−r2 − lnφNA, −→r ′NN

]′
,

−→r AAA =
[
−r2 + lnφAN , −→r ′AA

]′ −→r NAA =
[
−r2 + lnφAN , −→r ′NA

]′
, −→r NAN =

[
r2 − lnφAN , −→r ′AN

]′
and:

ΣWW =

 σ∗2u −σ∗2θ σ∗2θ
−σ∗2θ σ∗2u −σ∗2θ
σ∗2θ −σ∗2θ σ∗2u

 , ΣTW =

 σ∗2u −σ∗2θ −σ∗2θ
−σ∗2θ σ∗2u σ∗2θ
−σ∗2θ σ∗2θ σ∗2u


Now consider the values of the expected income in the second period. Again, we need to know the
expected income for each transition group. The income of stayers in N in period 2 is given by:

E
(
yNi2 | 2 = N, 1 = N

)
=rN2 + E

(
uNi2 | 2 = N, 1 = N

)
=rN2 + [E

(
uNi2 | 2 = N, 1 = N, 0 = A

)
P (2 = N, 1 = N, 0 = A)

+ E
(
uNi2 | 2 = N, 1 = N, 0 = N

)
P (2 = N, 1 = N, 0 = N)]/P (2 = N, 1 = N)

Similarly as above, consider the moment E
(
Xk1

1 Xk2
2 Xk3

3 Xk4
4 | −∞ < Xi < bi, i = 1, 2, 3, 4

)
of the

upper truncated multivariate normal distribution N (0, Σ) with k2 = k3 = k4 = 0 and b1 = ∞ as
30Unfortunately, we cannot use Bayes’ rule to derive the expressions of the joint probability from the marginals,

since for the latter ones there is no closed form solution.
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a function M4(B,Σ, k) of the variance Σ, the elements b2, b3 and b4 stacked up in a vector B and
the coefficient k = k1 that is:

M4(B,Σ, k) ≡ E
(
Xk

1 | −∞ < X1 <∞,−∞ < X2 < B1,−∞ < X3 < B2,−∞ < X4 < B3
)

So we can express:

E
(
yNi2 | 2 = N, 1 = N

)
= rN2 + M4(−→r ANN , ΣANN , 1)Φ (−→r ANN ,ΣWT ) + M4(−→r NNN , ΣNNN , 1)Φ (−→r NNN ,ΣTT )

Φ (−→r ANN ,ΣWT ) + Φ (−→r NNN ,ΣTT )

with: ΣNNN =
[

σ2
uN ΛNNN

Λ
′
NNN ΣTT

]
andΣANN =

[
σ2
uN ΛANN

Λ′ANN ΣWT

]
, where ΛNNN =

[
−σ̃2

uN ,−σ̃2
θN ,−σ̃2

θN

]
and ΛANN =

[
−σ̃2

uN ,−σ̃2
θN , σ̃

2
θN

]
. Similarly, the expected incomes in period 2 for the remaining

groups are:

E
(
yAi2| 2 = A, 1 = N

)
= rA2 + M4(−→r ANA, ΣANA, 1)Φ (−→r ANA,ΣWW ) + M4(−→r NNA, ΣNNA, 1)Φ (−→r NNA,ΣTW )

Φ (−→r ANA,ΣWW ) + Φ (−→r NNA,ΣTW )
E
(
yAi2| 2 = A, 1 = A

)
= rA2 + M4(−→r AAA, ΣAAA, 1)Φ (−→r AAA,ΣTT ) + M4(−→r NAA, ΣNAA, 1)Φ (−→r NAA,ΣWT )

Φ (−→r AAA,ΣTT ) + Φ (−→r NAA,ΣWT )

E
(
yNi2 | 2 = N, 1 = A

)
= rN2 + M4(−→r AAN , ΣAAN , 1)Φ (−→r AAN ,ΣTW ) + M4(−→r NAN , ΣNAN , 1)Φ (−→r NAN ,ΣWW )

Φ (−→r AAN ,ΣTW ) + Φ (−→r NAN ,ΣWW )

with:

ΣANA =
[

σ2
uA ΛANA

Λ
′
ANA ΣWW

]
, ΣNNA =

[
σ2
uA ΛNNA

Λ′NNA ΣTW

]
, ΣAAA =

[
σ2
uA ΛAAA

Λ
′
AAA ΣTT

]

ΣNAA =
[

σ2
uA ΛNAA

Λ′NAA ΣWT

]
, ΣAAN =

[
σ2
uN ΛAAN

Λ
′
AAN ΣTW

]
, ΣNAN =

[
σ2
uN ΛNAN

Λ′NAN ΣWW

]

where ΛANA =
[
−σ̃2

uA, σ̃
2
θA,−σ̃2

θA

]
, ΛNNA =

[
−σ̃2

uA, σ̃
2
θA, σ̃

2
θA

]
, ΛAAA =

[
−σ̃2

uA,−σ̃2
θA,−σ̃2

θA

]
, ΛNAA =[

−σ̃2
uA,−σ̃2

θA, σ̃
2
θA

]
, ΛAAN =

[
−σ̃2

uN , σ̃
2
θN , σ̃

2
θN

]
, ΛNAN =

[
−σ̃2

uN , σ̃
2
θN ,−σ̃2

θN

]
. Combining the last

three equations with the probabilities of transition into each sector, it is straightforward to derive
the first moments of the cross-sectional distribution of earnings in period 2. The second and third
moments can be derived as in period 1, as functions of M4(·, ·, 2) and M4(·, ·, 3) respectively.
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Finally consider the growth in income for switchers from A to N , that is:

E
(
yNi2 − yAi1| 2 = N, 1 = A

)
=rN2 − rA1 + E

(
uNi2 − uAi1| 2 = N, 1 = A

)
=rN2 − rA1 + [E

(
uNi2 − uAi1| 2 = N, 1 = A, 0 = A

)
P (2 = N, 1 = A, 0 = A)

+ E
(
uNi2 − uAi1| 2 = N, 1 = A, 0 = N

)
P (2 = N, 1 = A, 0 = N)]/P (2 = N, 1 = A)

The unknown terms are those that involved expected values, that can be obtained from M4(−→r AAN , Σ̃AAN , 1)
and M4(−→r NAN , Σ̃NAN , 1) respectively, with:

Σ̃AAN =
[
σ2
uA + σ2

uN − 2σθAN Λ̃AAN
Λ̃
′
AAN ΣTW

]
, Σ̃NAN =

[
σ2
uA + σ2

uN − 2σθAN Λ̃NAN
Λ̃′NAN ΣWW

]

where:

Λ̃AAN =
[
−σ̃2

uN − σ̃2
θA, σ̃

2
uA + σ̃2

θN , σ̃
2
θA + σ̃2

θN

]
, Λ̃NAN =

[
−σ̃2

uN − σ̃2
θA, σ̃

2
uA + σ̃2

θN ,−σ̃2
θA − σ̃2

θN

]
The variance can be expressed in terms of M4(−→r AAN , Σ̃AAN , 2) and M4(−→r AAN , Σ̃AAN , 2), as in
the frictionless case.

Similarly, for the growth in income for switchers from N to A we need expressions for:

E
(
uAi2 − uNi1 | 2 = A, 1 = N, 0 = A

)
, E
(
uAi2 − uNi1 | 2 = A, 1 = N, 0 = N

)
that can be obtained from M4(−→r ANA, Σ̃ANA, 1) and M4(−→r NNA, Σ̃NNA, 1) respectively, with:

Σ̃ANA =
[
σ2
uA + σ2

uN − 2σθAN Λ̃ANA
Λ̃
′
ANA ΣWW

]
, Σ̃NNA =

[
σ2
uA + σ2

uN − 2σθAN Λ̃NNA
Λ̃′NNA ΣTW

]

where:

Λ̃ANA =
[
−σ̃2

uA − σ̃2
θN , σ̃

2
uN + σ̃2

θA,−σ̃2
θN − σ̃2

θA

]
; Λ̃NNA =

[
−σ̃2

uA − σ̃2
θN , σ̃

2
uN + σ̃2

θA, σ̃
2
θN + σ̃2

θA

]
The variance can be expressed in terms of M4(−→r ANA, Σ̃ANA, 2) and M4(−→r NNA, Σ̃NNA, 2). As in
the frictionless case, we verified the system of 22 moments has a unique solution for the 12 elements
of Θ.

Model with Involuntary Switches

Now consider the model with involuntary switches. Once again, the objective is to find expressions
for the same set of 22 moments to identify the 12 elements of Θ (the same 10 parameters as in the
frictionless economy plus the two probabilities of involuntary choices). Denote the probability of
being forced to accept a job in a sector other than desired for workers who want to stay in the same
sector as pS , and for workers who want to switch sector as pT . Further, define pSn = 1 − pS and
pTn = 1 − pT . As in the structural estimation, for the allocation of sectors in period 0 we impose
that a fraction pS of workers are forced to be out of their desired sector.
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First, consider the cross sectional moments in period 1. The observed probabilities of transition
across sectors between period 0 and 1 can be computed as the sum of the products of the probabilities
of occurrence of all four possible transition paths in the frictionless equilibrium (desired transitions)
and the proportions of workers of each desired transition group that end up in each observed
transition group, shares that depend on the staying/switching status of the corresponding desired
transitions. These proportions are displayed in Table D.1. Each cell can be read as the fraction
of workers of the desired transition group (displayed in columns) that ends up in the observed
transition group (displayed in rows).

Table D.1: Probabilities of ending up in a given transition group for period 1

Desired transition*
NN NA AN AA

Observed
transition*

NN
(
pSn

)2
pSnp

T pSpSn pSpT

NA pSnp
S pSnp

T
n

(
pS
)2

pSpTn

AN pSpTn

(
pS
)2

pSnp
T
n pSnp

S

AA pSpT pSpSn pSnp
T

(
pSn

)2

*The first and second letters correspond to the sector in period 0 and in period 1, respectively.

Thus, denoting as P d the desired transitions, the probability of observing a transition from
non-agriculture in period 0 to non-agriculture (NN) in period 1 is:

P (0 = N, 1 = N) =
(
pSn

)2
P d (0 = N, 1 = N) + pSnp

TP d (0 = N, 1 = A)

+ pSpTnP
d (0 = A, 1 = N) + pSpTP d (0 = A, 1 = A)

=
(
pSn

)2
Φ (−→r NN ,ΣT ) + pSnp

TΦ (−→r NA,ΣW ) + pSpTnΦ (−→r AN ,ΣW ) + pSpTΦ (−→r AA,ΣT )

where−→r NN ,−→r NA, −→r AN ,−→r AA, ΣW and ΣT are as in the model with switching costs, but with
φAN = φNA = 1. Arrange in a column vector −→P d

1 the probabilities of all four possible transition
paths in the frictionless economy, i.e.:

−→
P d

1 = [Φ (−→r NN ,ΣT ) Φ (−→r NA,ΣW ) Φ (−→r AN ,ΣW ) Φ (−→r AA,ΣT )]′

The probability of observing a transition NN from period 0 to period 1 can be written in a compact
form as the cross product:

P (0 = N, 1 = N) = −→F NN ×
−→
P d

1

where −→F NN is a (row) vector with the shares of workers corresponding to the observed transition
group NN , displayed in the first row of Table D.1. Similarly,

P
(
0 = s, 1 = s′

)
=−→F ss′ ×

−→
P d

1

for s, s′ = A,N , where −→F NA,
−→
F AN ,

−→
F AA are row vectors with the shares of workers displayed in

62



the second, third and fourth rows of Table D.1, respectively. Hence:

P (1 = s) =P (0 = N, 1 = s) + P (0 = A, 1 = s) =
(−→
F Ns +−→F As

)
×
−→
P d

1

for s = A,N . Now consider the expressions for the values of the expected income in the first period.
For sector N we have:

E
(
yNi1 | 1 = N

)
=rN1 + E

(
uNi1 | 1 = N

)
=rN1 +

E
(
uNi1 | 1 = N, 0 = A

)−→
F AN ×

−→
P d

1 + E
(
uNi1 | 1 = N, 0 = N

)−→
F NN ×

−→
P d

1(−→
F NN +−→F AN

)
×
−→
P d

1

(A.17)

To find expressions for E
(
uNi1 | 1 = N, 0 = A

)
and E

(
uNi1 | 1 = N, 0 = N

)
we need to compute the

expected value of uNi1 for the individuals in all possible desired transition groups. Such expected
values are the elements of the column vector:
−→
EN

11 =
[
M3(−→r NN , ΣNN , 1) M3(−→r NA,ΣNA|N , 1) M3(−→r AN , ΣAN , 1) M3(−→r AA,ΣAA|N , 1)

]′
with M3(· ), ΣNN and ΣAN as in the model without switching costs (with φAN = φNA = 1),

and now ΣNA|N =
[

σ2
uN −ΛAN

−Λ′AN ΣW

]
and ΣAA|N =

[
σ2
uN −ΛNN

−Λ′NN ΣT

]
. Thus, the conditional

expected values of uNi1 can be computed through the following weighted average:

E
(
uNi1 | 1 = N, 0 = s

)
=

[−→
F sN ·

(−→
P d

1

)′]
×
−→
EN

11
−→
F sN ×

−→
P d

1
(A.18)

for s = A,N , where · denotes the dot product. Substituting (A.18) for s = A,N in (A.17) we get:

E
(
yNi1 | 1 = N

)
= rN1 +

[(−→
F NN +−→F AN

)
·
(−→
P d

1

)′]
×
−→
EN

11(−→
F NN +−→F AN

)
×
−→
P d

1

Using a similar reasoning, we can obtain:

E
(
yAi1| 1 = A

)
= rA1 +

[(−→
F NA +−→F AA

)
·
(−→
P d

1

)′]
×
−→
EA

11(−→
F NA +−→F AA

)
×
−→
P d

1

where −→EA
11 is the column vector with elements:

−→
EA

11 =
[
M3(−→r NN , ΣNN |A, 1) M3(−→r NA,ΣNA, 1) M3(−→r AN , ΣAN |A, 1) M3(−→r AA,ΣAA, 1)

]′
with ΣAA and ΣNA as in the model with switching costs (with φAN = φNA = 1), and now ΣAN |A =
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[
σ2
uA −ΛNA

−Λ′NA ΣW

]
and ΣNN |A =

[
σ2
uA −ΛAA

−Λ′AA ΣT

]
. By the same token, the formulas for the

second and third moments of the income distribution in period 1 can be obtained by substituting
the expressions of the conditional expected values of us2i1 and us3i1 (for s = A,N), respectively, into
the formulas of the corresponding moments derived for the model with switching costs. We obtain:

V ar (ysi1| 1 = s) =

[(−→
F Ns +−→F As

)
·
(−→
P d

1

)′]
×
−→
E s

12(−→
F Ns +−→F As

)
×
−→
P d

1
− E (usi1| 1 = s)2 + σ2

µ

E
(
[ysi1 − E (ysi1| 1 = s)]3 | 1 = s

)
=

[(−→
F Ns +−→F As

)
·
(−→
P d

1

)′]
×
−→
E s

13(−→
F Ns +−→F As

)
×
−→
P d

1

− 3E (usi1| 1 = s)
[
V ar (ysi1| 1 = s)− σ2

µ

]
− [E (usi1| 1 = s)]3

for s = A,N , where:

−→
EA

1j =
[
M3(−→r NN , ΣNN |A, j) M3(−→r NA,ΣNA, j) M3(−→r AN , ΣAN |A, j) M3(−→r AA,ΣAA, j)

]′
−→
EN

1j =
[
M3(−→r NN , ΣNN , j) M3(−→r NA,ΣNA|N , j) M3(−→r AN , ΣAN , j) M3(−→r AA,ΣAA|N , j)

]′
for j = 2, 3.

Now consider the cross sectional moments for period 2. Once again, we need the proportion
of workers of each desired transition group that end up in the corresponding observed transition
groups. These shares are displayed in Table D.2, which can be read in the same way as Table D.1.

Table D.2: Probabilities of ending up in a given transition group for period 2

Desired transition*
NNN NNA NAN NAA ANN ANA AAN AAA

O
bs
er
ve
d
tr
an

sit
io
n*

NNN
(
pSn
)3 (

pSn
)2
pT

(
pSn
) 2pT pSn

(
pT
)2

pS
(
pSn
)2

pSpSnp
T pSpT pSn pS

(
pT
)2

NNA
(
pSn
)2
pS

(
pSn
)2
pTn pSnp

T pS pSnp
T pTn

(
pS
)2
pSn pSpSnp

T
n

(
pS
)2
pT pSpT pTn

NAN pSnp
SpTn pSn

(
pS
)2

pSn
(
pTn
)2

pSnp
T
np

S
(
pS
)2
pTn

(
pS
)3

pS
(
pTn
)2 (

pS
)2
pTn

NAA pSnp
SpT

(
pSn
)2
pS pSnp

T
np

T
(
pSn
)2
pTn

(
pS
)2
pT

(
pS
)2
pSn pSpTnp

T pSpTnp
S
n

ANN pSpTnp
S
n pSpTnp

T
(
pS
)2
pSn

(
pS
)2
pT

(
pSn
)2
pTn pSnp

T
np

T
(
pSn
)2
pS pSnp

SpT

ANA
(
pS
)2
pTn pS

(
pTn
)2 (

pS
)3 (

pS
)2
pTn pSnp

T
np

S pSn
(
pTn
)2

pSn
(
pS
)2

pSnp
SpTn

AAN pSpT pTn
(
pS
)2
pT pSpSnp

T
n

(
pS
)2
pSn pSnp

T pTn pSnp
T pS

(
pSn
)2
pTn

(
pSn
)2
pS

AAA pS
(
pT
)2

pSpT pSn pSpSnp
T pS

(
pSn
)2

pSn
(
pT
)2 (

pSn
)2
pT

(
pSn
)2
pT

(
pSn
)3

*The first, second and third letters correspond to the sector in period 0, period 1 and period 2, respectively.

Arrange in a column vector −→P d
2 the probabilities of all eight possible transition paths in the
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frictionless economy, i.e.:

−→
P d

2 =
[

Φ (−→r NNN ,ΣTT ) Φ (−→r NNA,ΣTW ) Φ (−→r NAN ,ΣWW ) Φ (−→r NAA,ΣWT ) . . .
Φ (−→r ANN ,ΣWT ) Φ (−→r ANA,ΣWW ) Φ (−→r AAN ,ΣTW ) Φ (−→r AAA,ΣTT )

]′

where −→r ss′s′′ ∀ s, s′, s′′ = N,A and ΣTT , ΣTW , ΣTW and ΣWW are as in the model with switching
costs, but with φAN = φNA = 1. Thus, the probabilities of observing any of the eight possible
transition paths can be written in a compact form as:

P
(
0 = s, 1 = s′, 2 = s′′

)
= −→F ss′s′′ ×

−→
P d

2 ∀ s, s′, s′′ = N,A

where −→F ss′s′′ is a row vector with the shares of workers displayed in the corresponding row of Table
D.2 of the observed transition from sector s in period 0 to sector s′ in period 1 and to sector s′′ in
period 2. Hence:

P (2 = s) =
(−→
F NNs +−→F ANs +−→F NAs +−→F AAs

)
×
−→
P d

2

for s = A,N . In a similar way to the cross sectional moments in period 1, the expressions for all
moments of the income distribution in period 2 can be obtained after substituting the probabilities
of transition derived above and the expressions for the conditional expectations of usi2, us2i2 and
us3i2 into the corresponding formulas for the cross sectional moments in period 2 of the model with
switching costs. Thus, define the column vectors:

−→
EA

2j =
[

M4(−→r NNN , ΣNNN |A, j) M4(−→r NNA,ΣNNA, j) M4(−→r NAN , ΣNAN |A, j) M4(−→r NAA,ΣNAA, j)...
M4(−→r ANN , ΣANN |A, j) M4(−→r ANA,ΣANA, j) M4(−→r AAN , ΣAAN |A, j) M4(−→r AAA,ΣAAA, j)

]′
−→
EN

2j =
[

M4(−→r NNN , ΣNNN , j) M4(−→r NNA,ΣNNA|N , j) M4(−→r NAN , ΣNAN , j) M4(−→r NAA,ΣNAA|N , j)...
M4(−→r ANN , ΣANN , j) M4(−→r ANA,ΣANA|N , j) M4(−→r AAN , ΣAAN , j) M4(−→r AAA,ΣAAA|N , j)

]′
for j = 1, 2, 3, where M4(· ) and Σss′s′′ ∀ s, s′, s′′ = N,A are as in the model with switching costs
(with φAN = φNA = 1), but now:

ΣNNN |A =
[

σ2
uA −ΛAAA

−Λ′AAA ΣTT

]
ΣNAN |A =

[
σ2
uA −ΛANA

−Λ′ANA ΣWW

]
ΣANN |A =

[
σ2
uA −ΛNAA

−Λ′NAA ΣWT

]
ΣAAN |A =

[
σ2
uA −ΛNNA

−Λ′NNA ΣTW

]
ΣAAA|N =

[
σ2
uN −ΛNNN

−Λ′NNN ΣTT

]
ΣNNA|N =

[
σ2
uN −ΛAAN

−Λ′AAN ΣTW

]
ΣNAA|N =

[
σ2
uN −ΛANN

−Λ′ANN ΣWT

]
ΣANA|N =

[
σ2
uN −ΛNAN

−Λ′NAN ΣWW

]
Additionally, define the (transition) event Ω ≡ {2 = s′, 1 = s} for any s, s′ = A,N . Thus, the
formulas for the first, second and third moments of the income of individuals in each transition Ω
are given by:

E
(
ys
′
i2|Ω

)
=rs′2 + E

(
us
′
i2|Ω

)
= rs

′
2 +

[(−→
F Nss′ +

−→
F Ass′

)
·
(−→
P d

2

)′]
×
−→
E s′

21(−→
F Nss′ +

−→
F Ass′

)
×
−→
P d

2
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V ar
(
ys
′
i2|Ω

)
=

[(−→
F Nss′ +

−→
F Ass′

)
·
(−→
P d

2

)′]
×
−→
E s′

22(−→
F Nss′ +

−→
F Ass′

)
×
−→
P d

2
− E

(
us
′
i2|Ω

)2
+ σ2

µ

E

([
ys
′
i2 − E

(
ys
′
i2|Ω

)]3
|Ω
)

=

[(−→
F Nss′ +

−→
F Ass′

)
·
(−→
P d

2

)′]
×
−→
E s′

23(−→
F Nss′ +

−→
F Ass′

)
×
−→
P d

2

− 3E
(
us
′
i2|Ω

) [
V ar

(
ys
′
i2|Ω

)
− σ2

µ

]
− [E (usi2|Ω)]3

Combining those formulas with the probabilities of each transition group, it is straightforward to
derive the expressions for the expected income of the pool of workers in each sector in period 2.

Finally, we need to derive the expressions for the first and second moments of the growth of
income for switchers. Since we already have the mapping of probabilities between the actual and
the desired transitions, we only need to find the expected values of the differences uNi2 − uAi1 and
uAi2−uNi1 for individuals in all desired transitions groups. For this, in a similar way as we did above,
define the (column) vectors:

−→
EAN

2j =
[

M4(−→r NNN , Σ̃NNN|AN , j) M4(−→r NNA, Σ̃NNA|AN , j) M4(−→r NAN , Σ̃NAN , j) M4(−→r NAA, Σ̃NAA|AN , j)...
M4(−→r ANN , Σ̃ANN|AN , j) M4(−→r ANA, Σ̃ANA|AN , j) M4(−→r AAN , Σ̃AAN , j) M4(−→r AAA, Σ̃AAA|AN , j)

]′
−→
ENA

2j =
[

M4(−→r NNN , Σ̃NNN|NA, j) M4(−→r NNA, Σ̃NNA, j) M4(−→r NAN , Σ̃NAN|NA, j) M4(−→r NAA, Σ̃NAA|NA, j)...
M4(−→r ANN , Σ̃ANN|NA, j) M4(−→r ANA, Σ̃ANA, j) M4(−→r AAN , Σ̃AAN|NA, j) M4(−→r AAA, Σ̃AAA|NA, j)

]′
for j = 1, 2, where M4(· ) and Σ̃NAN , Σ̃AAN , Σ̃NNA, Σ̃ANA, are as in the model with switching
costs (with φAN = φNA = 1), but now:

Σ̃ss′s′′|AN =
[
σ2
uA + σ2

uN − 2σθAN Λ̃ss′s′′|AN
Λ̃
′

ss′s′′|AN Σ̃ss′s′′(2, 2)

]
, Σ̃ss′s′′|NA =

[
σ2
uA + σ2

uN − 2σθAN Λ̃ss′s′′|NA
Λ̃ss′s′′|NA Σ̃ss′s′′(2, 2)

]

∀ s, s′, s′′ = N,A (that is, the matrix in the position (2,2) of Σ̃ss′s′′|AN and Σ̃ss′s′′|NA is the same
matrix of the position (2,2) of Σ̃ss′s′′ in the model with switching costs), where:

Λ̃AAA|AN =
[
σ̃2
uN + σ̃2

θA, σ̃2
uA + σ̃2

θN , σ̃2
θN + σ̃2

θA

]
Λ̃AAA|NA =

[
−σ̃2

uA − σ̃2
θN ,−σ̃2

uN − σ̃2
θA,−σ̃2

θN − σ̃2
θA

]
Λ̃ANA|AN =

[
σ̃2
uN + σ̃2

θA,−σ̃2
uA − σ̃2

θN , σ̃2
θN + σ̃2

θA

]
Λ̃AAN |NA =

[
σ̃2
uA + σ̃2

θN ,−σ̃2
uN − σ̃2

θA,−σ̃2
θN − σ̃2

θA

]
Λ̃ANN |AN =

[
−σ̃2

uN − σ̃2
θA,−σ̃2

uA − σ̃2
θN , σ̃2

θN + σ̃2
θA

]
Λ̃ANN |NA =

[
σ̃2
uA + σ̃2

θN , σ̃2
uN + σ̃2

θA,−σ̃2
θN − σ̃2

θA

]
Λ̃NAA|AN =

[
σ̃2
uN + σ̃2

θA, σ̃2
uA + σ̃2

θN ,−σ̃2
θN − σ̃2

θA

]
Λ̃NAA|NA =

[
−σ̃2

uA − σ̃2
θN ,−σ̃2

uN − σ̃2
θA, σ̃2

θN + σ̃2
θA

]
Λ̃NNA|AN =

[
σ̃2
uN + σ̃2

θA,−σ̃2
uA − σ̃2

θN ,−σ̃2
θN − σ̃2

θA

]
Λ̃NAN |NA =

[
σ̃2
uA + σ̃2

θN ,−σ̃2
uN − σ̃2

θA, σ̃2
θN + σ̃2

θA

]
Λ̃NNN |AN =

[
−σ̃2

uN − σ̃2
θA,−σ̃2

uA − σ̃2
θN ,−σ̃2

θN − σ̃2
θA

]
Λ̃NNN |NA =

[
σ̃2
uA + σ̃2

θN , σ̃2
uN + σ̃2

θA, σ̃2
θN + σ̃2

θA

]
Using the definitions of −→EAN

2j and −→ENA
2j for j = 1, 2 is straightforward to derive the expressions

for the first and second moments of the growth in income for switchers. For example, defining the
(transition) event ΩNA ≡ {2 = A, 1 = N}, the corresponding expressions for switchers from N to
A are:

E
(
yAi2 − yNi1 |ΩNA

)
= rA2 −rN1 +E

(
uAi2 − uNi1 |ΩNA

)
= rA2 −rN1 +

[(−→
F NNA +−→F ANA

)
·
(−→
P d

2

)′]
×
−→
ENA

21(−→
F NNA +−→F ANA

)
×
−→
P d

2
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(
yAi2 − yNi1 |ΩNA

)
=

[(−→
F NNA +−→F ANA

)
·
(−→
P d

2

)′]
×
−→
ENA

22(−→
F NNA +−→F ANA

)
×
−→
P d

2
− E

(
uAi2 − uNi1 |ΩNA

)2
+ 2σ2

µ

Similar expressions apply for switchers from N to A. As in the cases of the frictionless economy
and the economy with switching costs, with the explicit formulas for the set of 22 moments of
interest we numerically verified that the system has an unique solution for the 12 elements of Θ.

E Proofs
Proof of Proposition 1

Under the assumptions of Proposition 1, the expression for expected log income growth of switchers
to from agriculture to non-agriculture given in (A.13) simplifies to:

E
(
yNi2 − yAi1| 2 = N, 1 = A

)
= M3(−→0 , Σ̃AN , 1),

and where Σ̃AN can be simplified to

Σ̃AN =

 σ∗2θ + σ2
εA + σ2

εN −
(
σ∗2θ + σ2

εN

)
σ∗2θ + σ2

εA

−
(
σ∗2θ + σ2

εN

)
σ∗2θ + σ2

εA + σ2
εN −σ∗2θ

σ∗2θ + σ2
εA −σ∗2θ σ∗2θ + σ2

εA + σ2
εN

 .
Re-write Σ̃AN in terms of the correlation matrix CAN :

CAN =


1 −(σ∗2θ +σ2

εN)
σ∗2
θ

+σ2
εA+σ2

εN

σ∗2θ +σ2
εA

σ∗2
θ

+σ2
εA+σ2

εN

−(σ∗2θ +σ2
εN)

σ∗2
θ

+σ2
εA+σ2

εN
1 −σ∗2θ

σ∗2
θ

+σ2
εA+σ2

εN
σ∗2θ +σ2

εA

σ∗2
θ

+σ2
εA+σ2

εN

−σ∗2θ
σ∗2
θ

+σ2
εA+σ2

εN
1


and denote ρANij the (i, j) element of CAN . Using our definition of M3 (·) and explicit formulas for
the moments of the upper-truncated multivariate normal distribution in the trivariate case (derived
from recurrence relations) from Kan and Robotti (2017), M3(−→0 , Σ̃AN , 1) can be re-written as:

M3(−→0 , Σ̃AN , 1) = −
√
σ∗2θ + σ2

εA + σ2
εNφ(0)

ρAN12 Φ2
(
[∞, 0] ; ρAN13·2

)
Φ3 ([∞, 0, 0] ;CAN ) +

ρAN13 Φ2
(
[∞, 0] ; ρAN12·3

)
Φ3 ([∞, 0, 0] ;CAN )


with ρANij·k = ρANij −ρ

AN
ik ρANjk√(

1−(ρANik )2
)(

1−
(
ρAN
jk

)2
) . Noticing that in our case Φ2

(
[∞, 0] ; ρANij·k

)
= 1

2 ∀ i, j, k, we

have
M3(−→0 , Σ̃AN , 1) = φ(0)

[
σ2
εN − σ2

εA

]
2
√
σ∗2θ + σ2

εA + σ2
εNΦ3 ([∞, 0, 0] ;CAN )

,
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which is positive if and only if σ2
εN > σ2

εA. Following the same steps we find the expected log income
growth of switchers to from non–agriculture to agriculture as:

M3(−→0 , Σ̃NA, 1) = − φ(0)
[
σ2
εN − σ2

εA

]
2
√
σ∗2θ + σ2

εA + σ2
εNΦ3 ([∞, 0, 0] ;CNA)

.

Furthermore, it can be verified that Φ3 ([∞, 0, 0] ;CNA) = Φ3 ([∞, 0, 0] ;CAN ), which implies that
M3(−→0 , Σ̃AN , 1) and M3(−→0 , Σ̃NA, 1) have the opposite sign but the same magnitude. QED.
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